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Editorial on the Research Topic
 Biomarkers in Pulmonary Diseases



The incidence of pulmonary diseases such as asthma, chronic obstructive pulmonary disease (COPD), and different types of lung cancer are on the rise worldwide and will most likely continue to do so with ubiquitous air pollution and climate change, including extreme weather conditions. According to the World Health Organization, pulmonary diseases like COPD are among the leading causes of death. Lower respiratory infections are the third and fourth leading causes of death, especially in low-income countries. These diseases present themselves as highly complex and heterogeneous concerning diagnosis, treatment, or even prevention. Therefore, elucidating the disease etiology is essential to identify biomarkers for early detection, treatment, relapse, and a personalized approach to disease management.

This Research Topic gathers different contributions highlighting novel ways of clinical stratification of patients, gathering molecular markers for disease based on molecular diagnostics, novel omics, imaging, and screening technology. These approaches allow us to shed light on clinical outcomes and putative treatment schemes in the future.

Novel molecular markers for asthma, respiratory syndromes, and lung cancer have been proposed through cohort studies. Two case reports suggest novel molecular markers for rare types of lung cancer, which might be ideal proxies for more extensive cohort studies. In five cases of pulmonary sclerosing pneumocytoma, Aramini et al. found elevated levels of ALDH and SOX-2 and provided the first hint at their usefulness as a biomarker. The authors further present two cases of primary angiosarcoma of the lung in which they report on ALDH as a marker for poor outcome as well, which should be confirmed in a larger study.

In a retrospective study of 308 patients, Lu et al. proposed the albumin to globulin ratio as a prognostic factor for non-small cell lung cancer, while Yu et al. correlated PD-L1 expression based on tumor location and TTF-1 expression with poor outcome and potential for immunotherapy.

Molecular markers for respiratory diseases from larger cohort studies were proposed by Zhang R. et al. who present the analysis of a study of 133 pulmonary arterial hypertension (IPAH) patients, in which they found a significantly lower extracellular SOD in patients with BMPR2 mutations and propose this to be a vital antioxidant enzyme in the pathogenesis of IPAH.

Zhang W. et al. confirmed the neutrophil to lymphocyte ratio in a cohort of more than 1100 patients as a predictor for short-term survival in acute respiratory distress syndrome (ARDS).

Using seven clinical variables, Liu et al. developed a survival predictor with online access to evaluate acute respiratory distress syndrome.

Several manuscripts used omics approaches to identify novel markers, as such Kim et al. investigated metabolic fingerprinting for tuberculosis and smoking-induced COPD. In a transcriptome analysis of 60 blood samples from 30 asthmatics vs. healthy controls, Elena-Pérez et al. identified IL5RA as a pharmacogenetic biomarker in asthma. Hachim et al. measured Amphiregulin mRNA and protein in the blood, saliva, and bronchial biopsies samples from asthmatic patients and found its expression to be highly correlated with the disease.

Two papers demonstrate the usefulness of genetic association studies in the detection of novel genes and mechanisms. Raita et al. used genotype data from two large population studies, the INTERVAL and the UK Biobank, comprising more than 500,000 people, and the recent Mendelian randomization approach to confirm a causal effect with a significantly higher risk of asthma with soluble IL6 receptors. Gandhi et al. found a complex genetic association with mutations in surfactant proteins with hypersensitivity pneumonitis in the Mexican population.

With the recent worldwide SARS-CoV-2 pandemic, several papers developed novel diagnostic tools for COVID-19 based on either molecular or imaging data. For example, Chen et al. suggested carcinoembryonic antigen (CEA) in evaluating the severity and prognosis of COVID-19 in a cohort of 46 death and 68 discharged cases from the hospital. Yoo et al. developed a classifier for COVID-19 diagnosis from chest X-ray imaging, while Carvalho et al. derived radiological imaging patterns to quantify the extent of pulmonary involvement in COVID-19.

Imaging has also proven helpful for the diagnosis of the lung and respiratory organs in a clinical context. For this Ye et al. proposed a novel speckle-tracking algorithm for right diaphragm deformation analysis to detect abnormalities in respiratory movement.

Beyond genetic and transcriptomic information, also exosomes, membrane-bound extracellular vehicles (EVs) have moved into the focus of research as putative modulators of respiratory disease. Wang et al. reviewed the potential roles of exosomes in COPD as intercellular communication devices, which will probably gain more attention soon. Zhang R. et al. commented on the role of circulating serum exosomes and their role in inducing pulmonary inflammation during acute lung inflammation.


CONCLUSION THOUGHTS

Over the past 5 years, health sciences and medicine have progressed rapidly and swiftly by the wealth of information coming from understanding mechanisms of diseases.

Most of the advances happened because disease presentations rely on omics, which understand that the genetic makeup of the human being will transform into the transcription of specific messages carried by mRNA to be finally present as protein.

Proteins usually show themselves as a clinical phenotype in a patient with a particular disease presentation.

This wealth of big data was difficult to navigate without using the power of computing sciences and mainly machine learning with artificial intelligence.

When biology meets mathematics, great advances in understanding and progression in problem-solving will happen.

I hope readers will enjoy this unique issue, which touches the surface of what current and future medicine of pulmonary disease looks like.
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The global pandemic of coronavirus disease 2019 (COVID-19) has resulted in an increased demand for testing, diagnosis, and treatment. Reverse transcription polymerase chain reaction (RT-PCR) is the definitive test for the diagnosis of COVID-19; however, chest X-ray radiography (CXR) is a fast, effective, and affordable test that identifies the possible COVID-19-related pneumonia. This study investigates the feasibility of using a deep learning-based decision-tree classifier for detecting COVID-19 from CXR images. The proposed classifier comprises three binary decision trees, each trained by a deep learning model with convolution neural network based on the PyTorch frame. The first decision tree classifies the CXR images as normal or abnormal. The second tree identifies the abnormal images that contain signs of tuberculosis, whereas the third does the same for COVID-19. The accuracies of the first and second decision trees are 98 and 80%, respectively, whereas the average accuracy of the third decision tree is 95%. The proposed deep learning-based decision-tree classifier may be used in pre-screening patients to conduct triage and fast-track decision making before RT-PCR results are available.

Keywords: chest X-ray radiography, COVID-19, deep learning, image classification, neural network, tuberculosis


INTRODUCTION

Coronavirus disease 2019 (COVID-19) caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) has spread from Wuhan to the rest of China and to several other countries since December 2019. More than 2 million cases were confirmed by April 18, 2020. Worldwide, more than 150,000 deaths due to COVID-19 have been reported1.

COVID-19 is typically confirmed by reverse transcription polymerase chain reaction (RT-PCR). However, the sensitivity of RT-PCR may not be high enough for early detection, complicating the treatment of presumptive patients (1, 2).

Chest radiography imaging such as X-ray or computed tomography (CT), which is a routine technique for diagnosing pneumonia, can be easily performed, and it provides a quick, highly sensitive diagnosis of COVID-19 (1). Chest X-ray (CXR) images show visual indexes associated with COVID-19 (3), and several studies have shown the feasibility of radiography as a detection tool for COVID-19 (4–8).

To date, there have been no detailed studies on the potential of artificial intelligence (AI) to detect COVID-19 automatically from X-ray or chest CT images due to the lack of availability of public images from COVID-19 patients. Recently, some researchers have collected a small dataset of COVID-19 CXR images to train AI models for automatic COVID-19 diagnosis2 (9). These images were taken from academic publications reporting the results of COVID-19 X-ray and CT imaging. Minaee et al. published a study on COVID-19 prediction in CXR imaging using transfer learning (10). They compared predictions of four popular deep convolutional neural networks (CNN), which are ResNet18, ResNet50, SqueezeNet, and DenseNet-161. They trained the models using COVID-19 and non-COVID datasets, including 14 subclasses containing normal images from the ChexPert dataset (11). The models showed an average specificity rate of ~90% with a sensitivity range of 97.5%. This strongly encourages the hope that COVID-19 can be distinguished from other diseases and normal lung conditions by CXR imaging.

Tuberculosis (TB) is the fifth leading cause of death worldwide, with ~10 million new cases and 1.5 million deaths every year (12). Since TB caused by the bacteria that most often affect the lungs can be cured and prevented, the World Health Organization recommends systematic and broad screening to eliminate the disease. Despite its low specificity and interpretational difficulty, posteroanterior (PA) chest radiography is one of the preferred TB screening methods. TB is primarily a disease of poor countries; therefore, clinical officers trained to interpret these CXRs are often lacking (13, 14).

Several computer-aided diagnosis (CAD) researches dealing with CXR abnormalities do not focus on other specific diseases (non-TB). Most CAD systems specializing in TB detection have been reported (15–20).

TB and non-TB images are mixed in actual examination of lung disease. For diagnostic purposes, images should be classified as normal, TB, or non-TB. Several studies have been conducted on the automatic detection of various kinds of lung disease, which are not restricted to TB (21–25). In particular, the detection of anomalies, including non-TB ones, has been investigated with a multi-CNN model (26). Using an algorithm that only learns TB and normal data can result in lower accuracy when applied to examinations involving non-TB images.

In this study, we propose a deep learning-based decision-tree classifier comprising three levels. Each decision tree is trained by a deep learning model with a PyTorch frame-based convolution neural network. Using the proposed classifier, we investigate whether the detection of COVID-19 is feasible in CXR images. Furthermore, we quantify the accuracy of detection rates for normal, TB, COVID-19, and other non-TB diseases to see if the proposed classifier is a good candidate for clinical purposes.



METHOD


Workflow

In this study, we suggest a three-level decision-tree classifier for dividing CXR from the hospital or examination bus into four clinical states (normal, TB, non-TB, and COVID-19). Each step involves a binary classification, as shown in Figure 1. The image quality of each CXR is checked by the radiographer when it is taken, before the CAD model makes any predictions. In our suggested workflow, there are four automated X-ray imaging radiography systems (AXIRs). AXIR1 and AXIR2 are for the classification of images into abnormal/normal and TB/non-TB, respectively. If a good quality CXR is taken by AXIR1 and classified as an image of the normal state, no further action is taken. However, if the image is classified as abnormal, the next step (using AXIR2) is to determine whether it is TB or non-TB. AXIR3 and AXIR4 are used in the third step of the process, where the image is classified as COVID-19 or non-COVID-19, with or without TB. Finally, a medical doctor reviews the images and their classifications before making decisions about further investigation for clinical assessment.


[image: Figure 1]
FIGURE 1. Workflow for determining whether chest X-ray image shows a normal, tubercular (TB), or COVID-19 infected lung. AXIR (Automated X-ray Imaging Radiography system).


In each step, the prediction model is trained with a data group optimized for its intended purpose. AXIR1 is trained with a combination of normal and abnormal data, the latter including both TB and non-TB data. The NIH ChestX-ray14 dataset was used in this study. AXIR2 is trained on TB and non-TB cases taken from the ChestX-ray14 dataset. In AXIR3, COVID-19 data, and non-COVID TB data are used for training, whereas in AXIR4, COVID-19, and non-COVID non-TB data are used. Each of the classifiers in the three-step system is designed for binary classification.



Patient Data and Augmentation

In an effort to provide sufficient training data for the research community, allowing benchmark tests, the U.S. National Library of Medicine has made two datasets of posteroanterior (PA) chest radiographs available: the MC set and the Shenzhen set, Both datasets contain normal and abnormal chest X-rays with manifestations of TB and include associated radiologist readings. The categorization of TB is based on the final pathological diagnosis. The Shenzhen set was used in this study for TB dataset. The open-source Shenzen data comprise 326 TB and 226 normal cases (https://lhncbc.nlm.nih.gov/publication/pub9931). The average image size for Shenzen data is 3000 × 3000.

Also, the NIH (National Institutes of Health, US) Clinical Center recently released over 100,000 anonymized chest x-ray images and their corresponding data to the scientific community. The database from NIH is available online at https://nihcc.app.box.com/v/ChestXray-NIHCC/folder/36938765345. The size of each image is 1024 × 1024. This dataset is categorized into 14-lung disease sub-patterns which are based on pathological diagnosis. However, this dataset does not show TB or non-TB classification with pathological confirmation.

In addition to above open dataset, we used Eastern Asia Hospital dataset (which is based on cooperation with Radisen) for TB and non-TB disease. This dataset is based on pathological diagnosis. In the case of the non-TB data, NIH 14 based categorization was applied with pathological diagnosis. The images were taken by a Vicomed system and viewed with a Radisen Detector (17” × 17”). The average image size is 2484 × 3012. The image acquisition conditions were as follows: voltage = 105 kVp, current = 125 mA, charge = 10 mAs, time = 80 ms, source-to-image distance = 130–150 cm. For the correct collection of the data, two radiologists review dataset and only data which is agreed by two radiologists were used in this study.

Finally, we used the recently published COVID-Chest Xray-Dataset, which contains a set of images from publications on COVID-19 topics (7, 8). We used 162 images of COVID-19 infected lungs and transferred them all to image size 1,024 × 1,024 before training and testing. The original COVID-19 image sizes are various (not the same), because the images were taken from multiple institutions. Therefore, the different image sizes were normalized to 1,024 × 1,024, which is the smallest image size of the obtained images, to avoid image size effect on the performance. Moreover, COVID-19 dataset is based on pathological diagnosis (7–9)2.

In the case of the AXIR1, among the 1,170 patients' CXRs in the total dataset (Table 1), 85 normal and 85 abnormal CXR (total 170) scans were randomly selected from the data. The remaining 1,000 CXRs were split in a 50:50% ratio to make abnormal (500 patients) and normal (500 patients) cases for training. Among the 585 abnormal cases, 442 were from NIH data and 143 were from East Asian hospital data. The normal data images also came from the NIH and East Asian countries' data.


Table 1. Data structure for AXIR1.

[image: Table 1]

In the case of the AXIR2, among the 984 patients in the total dataset (Table 2), 164 CXR scans (16.7%) were randomly selected for testing. Among these 164 CXR images, 82 were TB cases, and 82 were non-TB (other) cases. The remaining 820 images were split in a 50:50% ratio to make TB (410 patients) and non-TB cases (410 patients) for training. Among the 492 TB patients' images, 372 images were from East Asian data, and the remaining 120 TB cases were from Shenzhen data. All 492 non-TB lung disease images were taken from East Asian hospital data.


Table 2. Data structure for AXIR2.

[image: Table 2]

In the case of the AXIR3, of the 324 patients' CXRs in the total dataset (Table 3), 84 images (23.0%) were randomly selected for testing. Among these 84 images, 42 were COVID-19 cases and 42 were TB (non-COVID) cases. The remaining 240 scans were split in a 50:50% ratio to make COVID-19 (120 patients) and TB (non-COVID) cases (120 patients) for training.


Table 3. Data structure for AXIR3.

[image: Table 3]

In the case of the AXIR4, among the 324 patients' CXRs in the total dataset (Table 4), 84 images (23.0%) were randomly selected for testing. Of these 84 images, 42 were COVID-19 cases and 42 were non-TB (non-COVID) cases. The remaining 240 scans were split in a 50:50% ratio to make COVID-19 (120 patients) and others (non-COVID) cases (120 patients) for training.


Table 4. Data structure for AXIR4.

[image: Table 4]

We applied several data augmentation algorithms to improve the training and classification accuracy of the CNN model and achieved remarkable validation accuracy. For AXIR1, 1,000 images were used for the augmentation of 3,000 images (3 times). For AXIR2, 820 images were used to augment 3,000 images (3.7 times). For AXIR3 and AXIR4, 240 images were used for the augmentation of 1,216 images (5 times). We applied the augmentation method as shown in Table 5. During training, the images were randomly rotated by 10°, translated, and horizontally flipped. In some cases, two methods (translation and rotation) were used at the same time.


Table 5. Settings for the image augmentation of training data.

[image: Table 5]



Annotation and Classification

We further categorized abnormal patterns of the NIH data as TB or non-TB. TB patterns were then subcategorized into seven active TB pattern classes (consolidation, cavitation, pleural effusion, miliary, interstitial, tree in bud, and lymphadenopathy) and an additional inactive TB pattern class. These TB pattern classes are based on those used by the Centers for Disease Control and Prevention (CDC) of the USA (26, 27). Also, we subcategorized the Shenzhen TB data into sub-classes [according to the ChestX-ray14 dataset (NIH data)], which are infiltration, consolidation, pleural effusion, pneumonia, fibrosis, atelectasis, nodule, pneumothorax, pleural thickening, mass, hernia, cardiomegaly, edema, and emphysema. These additional categorizations are based on the radiological readings for the purpose of the detailed analysis for sub-patterns of false negative (FN) and false positive (FP). The resulting annotated data were reviewed by two radiologists independently. In the case of the TB data, most data are related with infiltration, consolidation, plural effusion, fibrosis, and nodule. These patterns are strongly related with TB patterns.

We also used East Asia countries' data (TB and non-TB disease) from our cooperating hospitals to diversify the trained dataset. Non-TB disease dataset for Easter Asia Hospital is categorized based on NIH-14 disease pattern related with final confirmed diagnosis. In the case of the TB data (Eastern Asian Hospital), we annotated more detailed sub-patterns according to radiological sub-TB patterns. However, these sub-TB patterns are categorized with only radiological readings.



Deep Learning Model and Training Technique

Herein, we used a two-dimensional CNN algorithm with a PyTorch frame for the training and testing for our two-step CAD process. Figure 2 shows the overall architecture of the proposed CNN model, which is based on the pre-trained ResNet18 (28, 29), using the ImageNet dataset. ResNet, the winner of the 2015 ImageNet competition, is one of the most popular CNN architectures, which provides easy gradient flow for more efficient training. The core idea of ResNet is the introduction of an “identity shortcut” connection, which skips one or more layers, thereby providing a direct path to the very early layers in the network, making the gradient updates for those layers much easier.


[image: Figure 2]
FIGURE 2. The architecture of the ResNet18 convolutional neural network model (28).


The verification of the model has been performed using an additional dataset. The performance of the model ResNet18 can be compared with previous work on neural nets and COVID-19 (9, 28) and verified as good matching with therein.




RESULTS


Accuracy of AXIR1 and AXIR2 (Identification of Normal, TB, and Non-TB Patterns)

The performances attained by AXIR1 and AXIR2 are listed in Table 6. The accuracies of the two decision trees were 0.98 and 0.80, respectively.


Table 6. Classification performance of AXIR1 (Normal/Abnormal) and AXIR2 (TB/non-TB).

[image: Table 6]

Furthermore, we investigated the classification capability of AXIR2 for normality using 100 normal test data. The normal data can be classified into TB and others with the ratio of 1:3 by AXIR2.

In addition, we analyzed detailed distribution of false negative (FN) and false positive (FP) classification errors in AXIR2. The decision tree made 9 FP and 23 FN predictions, as shown in Table 7. Atelectasis and plural thickening (67% of all FPs) and infiltration, consolidation, and fibrosis (NIH classification) (83% of all FNs) are the categories most likely to be involved in such errors. These three sub-patterns can be categorized as consolidation sub-pattern in CDC sub-TB classification.


Table 7. Sub-patterns for false positive (FP) and false negative (FN) results in AXIR2.

[image: Table 7]



Accuracy of AXIR3 and AXIR4 (Identification of COVID-19 and Non-COVID Patterns)

Table 8 shows the classification performance of AXIR3 and AXIR4. In the case of the AXIR3 (COVID-19/TB classification), all test data are classified correctly, and the accuracy is 100%. In the case of the AXIR4 (COVID-19/non-TB classification), accuracy was only 0.89 due to low specificity. Therefore, the average value of accuracy over both trees was 0.95, and the average values of sensitivity and specificity were 0.97 and 0.93, respectively.


Table 8. Classification performance of AXIR3 (COVID-19/TB) and AXIR4 (COVID-19/non-TB).

[image: Table 8]

We tested AXIR1 with 42 COVID-19 test data. Only one COVID-19 image was predicted as normal (FN) by AXIR1. Also, we investigated the classification results of 42 COVID-19 test data in AXIR2. COVID-19 data were classified by AXIR2 as TB and other in the ratio 4:1.

In addition, we analyzed the detailed distribution of FN and FP results in AXIR4. There are six FPs (annotated as non-TB (non-COVID) but predicted as COVID-19) and three FNs [annotated as COVID-19 but predicted as non-TB (non-COVID)]. Figure 3 shows the images that produced these results. Two of the three FNs were predicted as TB by AXIR2, whereas one image was predicted as non-TB.


[image: Figure 3]
FIGURE 3. Images showing four FPs predicted as COVID-19 and two FNs predicted as non-TB lung disease in AXIR4 results: infiltration (A–C), pleural thickening (D), and COVID-19 (E, F) symptoms.





DISCUSSION

The accuracy of AXIR1 (i.e., the binary decision-tree for classification of images as normal or abnormal) is 0.98. This prediction result shows that the ResNet18 model can be used clinically for the screening of abnormality. However, the accuracy of AXIR2 (i.e., the binary decision-tree for classification of images as showing TB or a different disease) is much lower (0.80), as shown in Table 6. The sensitivity and specificity for AXIR2 are 0.72 and 0.89 respectively. Table 7 shows the detailed distribution among these classes for 9 FP and 23 FN predictions of AXIR2. Atelectasis and plural thickening show a higher portion of FP (67%) and infiltration, consolidation and fibrosis are higher potion for FN (83%). In atelectasis and plural thickening, the region can be similar to plural effusion in lower lobe in both side of lung. Thus, the algorithm's prediction results can show larger portion of FP due to atelectasis and plural thickening specifically. Clinically, plural effusion is strongly associated with TB, but atelectasis or plural thickening is not. Moreover, infiltration, consolidation and fibrosis, as defined by the NIH, are strongly associated with TB; however, some of these radiological sub-patterns can be predicted as non-TB. When these sub-patterns are annotated as TB, the position of occurrence was frequently in the upper apex region. The most of cases of FP show that the locations of occurrence are middle or lower lobe area. TB screening is not only limited to the normal/abnormal classification, but can also locate its location in CXR with abnormalities (30, 31). The clavicle region is known to be a difficult area to detect TB because it can obscure the manifestations of TB at the apex of the lung. The automatic suppression of the ribs and clavicles in the CXR could significantly improve the decision of radiologists in the detection of nodule (32, 33). Therefore, applying position-based feature filtering in the algorithm might improve the accuracy. For the analysis of sub-pattern, the data were categorized with only radiological readings. However, all training data structure for the prediction results of TB and non-TB is based on pathological diagnosis.

We analyzed the performance of the classification into COVID-19 and non-COVID through the binary decision trees AXIR3 and AXIR4. We tested AXIR1 and AXIR2 with COVID-19 images. Among the COVID-19 test images, 98% (41 images of 42) were predicted as abnormal in AXIR1. Also, 80% of the COVID-19 images were predicted as TB in AXIR2. However, we tested the AXIR3 and AXIR4 step using all the 42 COVID-19 images for each AXIR. Table 8 shows that the accuracy of AXIR3 is 100%, although the accuracy of AXIR4 is only 89%. The average sensitivity (97%) is almost same as the 98% reported in (9), whereas the average specificity (93%) is slightly higher than 89%. We think that this is because normal images were excluded already by AXIR1. Also, if we recall that some FN images in AXIR4 (annotated as COVID-19) were categorized as TB in AXIR2, then those images are predicted as COVID-19 in AXIR3, and the accuracy could be improved in the real process.

Both COVID-19 and TB cause respiratory symptoms (cough and shortness of breath). One of the biggest differences is the speed of onset. TB symptoms do not tend to occur immediately after infection, but gradually appear, unlike COVID-19, which can occur within a few days. In this regard, we have combined the detection of TB or COVID-19.

There are practical considerations that require further investigation. First, this study used a suitable data group as training data for each step, but training data should be confirmed with pathological data. Without the use of pathologically confirmed data, the results of the model are unreliable. Therefore, prediction of new cases requires new pathological data. Second, the proposed three-level decision tree classifier takes three times longer than a one-step process using multiple classifiers. Third, there are many data augmentation strategies for image data. We added more training data to our deep learning model using easy-to-implement methods such as horizontal flip, rotations, and shifts. Image processing techniques using stochastic region sharpening, elastic transforms, randomly erasing patches, and many more to augment data can be considered to improve the performance of the resulting model. Further studies are thus needed on advanced augmentation techniques for building better models and creating a system that does not require gathering a lot of training data to get a reliable statistical model.



CONCLUSIONS

Herein, a deep learning-based three-level decision-tree classifier for detecting TB and non-TB lung diseases, including COVID-19, has been presented and validated using patient data. For each level, a two-dimensional CNN algorithm (ResNet18 model) with PyTorch frame was used with optimized trained data. Accuracies of 98 and 80%, respectively, were achieved for AXIR1 (abnormal vs. normal data) and AXIR2 (TB vs. non-TB data). The lower accuracy of AXIR2 is due to FP atelectasis and plural thickening predictions and FN infiltration, consolidation, and infiltration. An average accuracy of 95% was achieved with AXIR3 (COVID-19 vs. TB) and AXIR4 (COVID-19 vs. other non-TB). We believe that this study will have significant clinical applications, allowing fast follow-up decision making and pre-screening in suspected COVID-19 cases prior to the availability of RT-PCR results.
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Background: Pulmonary sclerosing pneumocytoma (PSP) is a rare benign pulmonary tumor that derives from primitive respiratory epithelium of the pulmonary alveolus. The etiology and pathogenesis are still unclear. Histopathological diagnosis focuses on cells that are positive for TTF1, EMA, cytokeratin-7, and CAM 5.2. The aim of our study is to highlight the elevated expression of ALDH and the presence of SOX-2 in pulmonary sclerosing pneumocytoma.

Methods: We report five cases of pulmonary sclerosing pneumocytoma undergone surgery at our Division of Thoracic Surgery, during a period between 1994 and 2011. ALDH and SOX-2 markers were also tested for positivity in all the patients.

Results: Patients showed elevated expression of ALDH during immunohistochemistry and mild expression of SOX-2, although in two cases in which SOX-2 was highly expressed. Among these two patients, one presented with lymph node recurrence while the other had no recurrence with a PET-positive nodule. In particular, the patient who had developed recurrence had an ALDH score of 4 and a SOX-2 score of 3, whereas the patient with the PET-positive nodule showed an ALDH score of 4 with a mild SOX-2 expression of score 1.

Conclusions: This is the first attempt demonstrating the elevated expression of ALDH in this disease. SOX-2 expression was noted in both the patient who developed recurrence and the patient with a PET-positive nodule. We believe that further investigation may be highly useful to better characterize these two markers as well as understand their function.

Keywords: pulmonary slerosing pneumocytoma, benign disease, lung rare disease, ALDH, SOX-2


INTRODUCTION

Pulmonary sclerosing pneumocytoma (PSP) is a rare benign tumor in the lung (1). This disease was firstly described by Liebow and Hubell1 as sclerosing hemangioma of the lung owing to prominent sclerotization and vascularization of the tissue. Pathologically, sclerosing hemangioma (SH) is typically composed of solid, papillary, sclerotic, or hemangiomatous components (2). The term “sclerosing hemangioma” was recently changed in 2015 by the WHO Classification of Lung Tumors as “pulmonary sclerosing pneumocytoma” (3). PSP was thought to be a vascular tumor but greater knowledge of this disease has led scientists to reconsider PSP as derived from primitive respiratory epithelium of the pulmonary alveolus, principally in type II alveolar cells (4). However, vascularization of this tumor is one of the main characteristics (4). PSP is difficult to recognize due to the lack of significant clinical or imaging features and at first glance appears to be a benign nodule such as hamartoma, tuberculoma, bronchial cysts, or certain lung cancer nodules (5). Although the etiology and pathogenesis of PSP are still unclear, recently it has been clarified that PSP is derived from the epithelial part of the lung, which gives rise to the name sclerosing pneumocytoma of the lung (6). PSPs are composed of four major histologic patterns, which are hemangiomatous, papillary, sclerotic, and solid, as well as different radiological characteristics made apparent by computed tomography (CT) findings according to their composition (6–14). It has been described that PSP typically presents as a well-defined, juxta-pleural nodule with strong and homogeneous enhancement (14–16) on CT, while several studies have analyzed CT findings of PSP and its pathologic correlation (14, 15). However, there is a limitation due to the small number of patients and the preoperative imaging modalities used in clinical practice to diagnosis PSP (16–18). In addition, a few studies investigated PSP using 18F-fluorodeoxyglucose positron emission tomography (FDG PET) (19, 20). The interval between the PET and CT study was a mean of 3.2 months (5–10); however, the hypermetabolism in pneumocytoma has not yet been defined or correlated with the possibility of developing into a malignant disease.

Patients are usually asymptomatic in which the PSP is detected coincidentally. Moreover, a cough, chest pain, and haemoptysis may also occur (6). PSP is often a solitary, well-defined, round or oval, homogeneous nodule, or mass (14–16); however, there are also cases of metastases to the lymph nodes, pleura, and bones (14, 17, 18). Patients may present with a mass lesion of up to 7 cm although 73% of lesions measure under 3 cm (8, 10). Marginal pseudocapsules (50%), overlying vessels (26.3%), air gap (2.6%), and halo sign (17.1%) are among thoracic CT findings (12). Occasionally, pleural-based, polypoid lesions may mimic a solitary fibrous tumor. Often the tumor consists of superficial cuboidal and round interstitial cells with a combination of four patterns. In the case of a biopsy with a predominance of papillary components of the sclerosing pneumocytoma, diagnosis may be difficult. In addition, both superficial cuboidal cells and round interstitial cells are positively immunoreactive for TTF1 and EMA (10, 19). TTF1 is used in the diagnosis of lung adenocarcinoma and may be misleading for diagnosing PSP. Napsin A, a human aspartic proteinase, shows immunohistochemical reactivity in type II pneumocytes with a granular and cytoplasmic staining pattern (18). It has been widely used in the panel for diagnosis of lung adenocarcinoma along with TTF-1 (17). Recently it has been demonstrated that Napsin A preferentially stains cuboidal surface cells, rather than stromal round cells, in sclerosing pneumocytoma (20, 21). Round cells are generally uniformly negative for pan-cytokeratin and positive for cytokeratin-7 and CAM 5.2 in few cases (10). However, markers related to possible malignancy transformation have not yet been identified.

The idea to test ALDH and SOX2 markers derives from the consideration of the pathological characteristics of this tumor constituted by an abundant vascularized component, and for the roles that ALDH and SOX2 may have in the process of endothelial vascular tumor progression. In particular, it has been shown that ALDH is able to detect endothelial stem-like cells in tumor with a role into the angiogenetic process (22), although SOX2 is involved into the endothelial differentiation process since this transcription factor have been shown to be essential mediators in vascular development (23, 24).

For these considerations, the aim of our study is to highlight the elevated expression of ALDH in the pneumocytoma of the lung as described, as well as the presence of SOX-2 markers in patients with a lymph node recurrence, and in one with a PET-positive nodule. However, we are conscious of the limitation of our study for the low number of patients. If the presence of these two markers will be confirmed in a larger cohort, it would be helpful for the setting of future target therapies, which may avoid the patient from lung resection for a benign disease.



MATERIALS AND METHODS

We describe five patients (all female with a mean age of 54 years) who underwent surgery in our department between 1994 and 2011 for a pulmonary sclerosing pneumocytoma of the lung. All patients were subjected to major lung resection. The diagnosis of pneumocytoma has been carried out by morphological evaluation and immunostaining of transcription termination factor 1 (TTF-1), pan-citocheratine (MNF116), and epithelial membrane antigen (EMA) (3). No postoperative complications were noted. Patients have been checked by the oncologist for the definition of signs or symptoms for the disease and for the follow-up. Data analysis was carried out by reporting descriptive statistics of the study sample.


Immunohistochemistry and Microscopic Evaluation

Immunohistochemical stains were performed on formalin-fixed, paraffin-embedded 5 μm sections. The sections were first deparaffinized in xylene and further heated for 15 min in a 95°C water bath with a 10 mM sodium citrate buffer, then washed in PBS until the buffer had cooled. Incubation in 3% H2O2 at room temperature for 10 min was performed. Slides were then blocked with 10% goat serum in TBS for 15 min in order to reduce non-specific background. Sectional incubation with rabbit monoclonal mouse anti-ALDH (1:100) (ab−134188; Abcam, Cambridge, MA, USA) and mouse monoclonal anti-SOX-2 (1:200) (MA1-014 Thermo Fisher Scientific, Meridian Road Rockford, IL, USA) was performed overnight at 4°C. Specimens were washed in PBS and incubated with a biotinylated secondary antibody (PK-4001; Vector Labs, USA) for 30 min at room temperature and then stained with 3,3'-Diaminobenzidine tetrahydrochloride (DAB) after which tissue sections were counterstained with Mayer's Hematoxylin. A secondary antibody-only staining sample was used as a background control to evaluate positivity for ALDH and SOX-2, respectively. Images were collected and positivity was evaluated by a Zeiss AxioCam ICc 3 High-Resolution through an Axioskop microscope camera. For the assessment, section samples were investigated employing a semi-quantitative method using a score value for the positivity of the markers. Shown here are the score classes: 0 (<5% positive), 1 (5–25% positive), 2 (>25–50% positive), 3 (>50–75% positive), and 4 (>75% positive) (25). Sections were scored by two trained investigators who were blinded to the outcome of the patient and other clinical findings.




RESULTS


Clinical Results

All patients were free from the disease after surgery and received a follow-up by chest and abdomen CT after 3, 6, 12, 18, 24, 36, 48, and 52 months. No recurrence was noted in four patients, although one patient had local lymph node recurrence at station 9, 11, and 12 and therefore underwent chemotherapy. PET-CT FDG was positive in only one patient (SUV max 2.3) for the lung nodule.



Identification of Tumor Endothelial Cells With High Aldehyde Dehydrogenase Activity

To evaluate ALDH and SOX-2 positivity in these five cases of pneumocytoma, immunohistochemistry was performed and a score value was then assigned, as previously described (25). Tissue sections were examined at 10, 20, and 40x magnification to assign the appropriate values. ALDH-positive cells from tissue slides, represented by brown cytoplasm, and SOX-2 positive cells by brown nuclei, were both analyzed at 10, 20, and 40x magnification (Figures 1, 2). Three of the five cases of pneumocytoma showed an ALDH score value of 4, while the other two cases had a score value of 3. On the other hand, for three of the five cases of pneumocytoma, SOX-2 score value was 0, despite one case having a score value of 3 while the last case had a score value of 1.


[image: Figure 1]
FIGURE 1. Immunohistochemical analysis of ALDH positive cells in five cases of pneumocytoma of the lung. Tissue sections were stained with anti-ALDH antibody to detect the positivity in these five different cases of pneumocytoma of the lung. (A–O) Case 1, (B–P) Case 2, (C–Q) Case 3, (D–R) Case 4, (E–S) Case 5. Semi-quantitative method was used to assess the ALDH positivity of the tumor cells: 0 (<5% positive), 1 (5–25% positive), 2 (>25–50% positive), 3 (>50–75% positive), and 4 (>75% positive). Representative images of the five cases, stained for ALDH, are shown at 10, 20, and 40x magnification. Representative images corresponding to each tumor samples stained with hematoxylin and eosin (U, V, X, W, Z) are shown at 10x magnification. Isotype control for ALDH antibody was shown (F, N, T). Scale bar = 100 μm.



[image: Figure 2]
FIGURE 2. Immunohistochemical analysis of SOX-2 positive cells in five cases of pneumocytoma of the lung. Tissue sections were stained with anti-SOX-2 antibody to detect the positivity in these five different cases of pneumocytoma of the lung. (A–O) Case 1, (B–P) Case 2, (C–Q) Case 3, (D–R) Case 4, (E–S) Case 5. Semi-quantitative method was used to assess the SOX-2 positivity of the tumor cells: 0 (<5% positive), 1 (5–25% positive), 2 (>25–50% positive), 3 (>50–75% positive), and 4 (>75% positive). Representative images of the five cases are shown at 10, 20, and 40x magnification. Isotype control for SOX-2 antibody was shown (F, N, T). Scale bar = 100 μm.


To analyze whether ALDH is expressed in human pneumocytoma, an immunohystochemical staining was performed on the paraffin-embedded sections of the tumor patient. Tissue sections were examined at 10, 20, and 40x magnification to assign the appropriate values. ALDH staining was strongly positive in three of the five patient cases, which had a score value of 4 (Figures 1B–R, Table 1). Regarding the other two patients, ALDH was strongly positive, with a score value of 3 (Figures 1A–O,S, Table 1).


Table 1. Patients characteristics.
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Identification of Cells Expressing Stem Cell Factor SOX-2

To evaluate SOX-2 positivity in these five cases of pneumocytoma, immunohistochemistry was performed, and a score value was assigned as previously described (25). Tissue sections were examined at 10, 20, and 40x magnification to assign the appropriate values. SOX-2 positive cells were represented by brown nuclei and were analyzed at 10, 20, and 40x magnification (Figure 2). Three of the five patient cases of pneumocytoma had a SOX-2 score value equal to 0 (Figures 2A-S, Table 1), while the remaining two patients had a score value of 3 (Figures 2C–Q) and a score value of 1 (Figures 2B–P, Table 1).




DISCUSSION

Pulmonary sclerosing pneumocytoma (PSP) is a rare benign tumor typically occurring in women with a favorable prognosis. Recurrence for this disease is infrequent, although not impossible to find. The nomenclature for this benign disease (8–10) has recently been renamed “pulmonary sclerosing pneumocytoma” (6).

It is extremely difficult to obtain an accurate diagnosis for PSP due to its low incidence and the impossibility of establishing a clinical and radiological differential diagnosis from other diseases. This is well-documented in the scientific literature where surgery is the gold standard treatment and the most common immunohistochemistry markers are used for diagnosis (Table 2) (15). Moreover, due to the frequent expression in females, estrogen receptors have been studied using immunohistochemistry, which has revealed an overexpression of ERbeta in 91.9% of patients affected by the disease (19, 20). The frequent markers used for diagnosis indicate positivity for EMA (epithelial membrane antigen), TTF-1 (transcription termination factor 1), and CK-7 (cytokeratin-7) staining (Table 2) (18, 26–35). However, currently no specific markers in this type of benign tumor have been identified.


Table 2. Review of the literature regarding PSP of the lung.

[image: Table 2]

Our study is the first attempt to show the presence of ALDH and SOX-2 in pulmonary sclerosing pneumocytoma of the lung. In particular, we decided to test ALDH and SOX2 in our PSP samples for the well-known vascular aspect of this tumor which may be associated with the role that these two markers have into the tumor vascularization process. Recently, it has been revealed that tumor endothelial cells were different from normal endothelial cells in various aspects such as gene expression profiles and for the activities of the ALDH, enzyme that plays a key role in the metabolism of aldehydes. Several studies showed that different type of stem cell types including hematopoietic stem cells and neural stem cells possess high ALDH activities. Thus, ALDH is used extensively as a stem cell marker, also for endothelial stem-like cells (22). Scientific advantages have shown that ALDH is upregulated in human endothelial cells in vivo and may be involved in tumor angiogenesis in cancer patients (36). There is likely an important role for ALDH in the formation of this tumor, which derives from vascular endothelial cells. On this marked trail, our results show a very high expression of ALDH (score of 4) in three patients and a high expression (score of 3) in the other two patients. Additionally, we found that the positivity of ALDH was sparsely distributed within the tumor, which may support endothelial cell heterogeneity. This concept may be attributed to the fact that ALDH expression levels are linked to the tumor microenvironment or tumor malignancy, which may affect ALDH expression in the endothelial cells themselves (37). Furthermore, the evaluation of SOX-2 in our patients' tumors derived from the knowledge that SOX-2 is known to play an important role in vascular development and disease, since its transcription factors have been shown to be essential mediators in vascular development, and in the developing endothelium (23). The involvement of SOX-2 may be crucial also for the angiogenesis in this type of tumor, synergistically participating with ALDH positive cells in the vascular impairment of pneumocytoma (22). Interestingly, SOX-2 was found to be highly expressed (score of 3) in only one patient: the same patient showing an ALDH score of 4 and lymph node recurrence, which is highly uncommon for this disease (24).

Although we are conscious of the fact that our study focuses on a small number of patients, due to the rarity of this benign disease of the lung, we strongly believe that the presence of ALDH and SOX-2 in pneumocytoma of the lung requires deeper analysis, especially in patients who show recurrence. This will be helpful for understanding the molecular mechanisms behind the phenomenon, and for developing future targeted therapies, which may be more effective than surgery in removing or controlling the disease.
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A Commentary on
 Peripheral Circulating Exosome-Mediated Delivery of miR-155 as a Novel Mechanism for Acute Lung Inflammation

by Jiang, K., Yang, J., Guo, S., Zhao, G., Wu, H., and Deng, G. (2019) Mol. Ther. 27, 1758–1771. doi: 10.1016/j.ymthe.2019.07.003



Acute lung injury (ALI) is a devastating respiratory disorder characterized by clinically significant hypoxemia, diffuse bilateral pulmonary infiltration, pulmonary edema, decrease in pulmonary compliance, and decrease in functional residual capacity (1). Macrophages, the cells that play a central role in the inflammatory microenvironment of ALI, have been shown to contribute significantly to the inflammatory process of this disease (1). Although the interactions between macrophages and other cells in the inflammatory responses of lung have been well-described previously, the function of exosomes as a mediator of signal transmission in ALI has not been fully elucidated. In a previous issue of Molecular Therapy, Jiang et al. described the serum exosomes derived from ALI mice serum that delivered miR-155 to naive mice or naive macrophages to induce inflammation (2). The communicational role of exosomes to carry proinflammatory signals and mediate inflammation was demonstrated by using the adoptively transfer method that involves transferring of immunoreactive molecules from donor to recipient, as was applied in previous research (3).

Exosomes are one kind of extracellular vesicles (EVs) with a diameter of 30–100 nm. Although the regulatory role of microRNAs (miRNAs) in ALI has been corroborated in plenty of studies, their tendency of being degraded in body fluids has been an obstacle to their long-distance delivery. Luckily, exosomes could provide a shelter for these degradable molecules and increase their biological stability. With pleiotropic biological functions, exosomes are natural carriers of protein and nucleic acids, including messenger RNAs (mRNAs) as well as miRNAs. They could be released by various types of cells and are significant mediators in intercellular communications. These vesicles have also been reported to play important roles in pulmonary diseases, including ALI and acute respiratory distress syndrome (4).

Previous research has demonstrated that exosomal miRNAs could promote M1 macrophage polarization and trigger pro-inflammatory effects in ALI (4). Previous studies have also reported that miR-155 could promote lipopolysaccharide (LPS)-induced ALI through the down-regulation of SOCS-1 (5). The findings of Jiang et al. have added to the understanding of the roles of exosomes and exosomal miRNAs in ALI. In their study, exosomal miR-155 played an important regulatory role in the pathogenesis of ALI. Through a series of experiments, including the co-incubation of macrophages with exosomes and a dual luciferase reporter gene assay, they discovered that exosomal miR-155 could mediate cell proliferation via targeting SHIP1. Furthermore, their research revealed that exosomal miR-155 could mediate inflammation through suppressing the expression of SOCS1. The proinflammatory effect of the exosomes was also confirmed by in vivo experiments in mice. The conclusion was convincing. However, the origin of these regulatory exosomes and their exact recipient cells had not been further clarified.

In humans, ALI could be developed when an individual is exposed to infectious pathogens or to non-infectious noxious stimuli. Thus, it could be divided into an infectious type and a sterile type according to the etiology (3). While non-infectious or sterile ALI is modeled experimentally by hypoxia, acid inhalation, and ventilator-induced baro-trauma, infection-induced ALI could be induced by bacteria, viruses, or various components of these agents, such as LPS or lipoteichoic acid (3). In sterile ALI, the major derivation of exosomes is the epithelial cells. These epithelial cell-derived exosomes could promote macrophage recruitment and lung inflammatory responses via their containing miRNAs (3). In contrast, in LPS or gram-negative bacteria-induced infectious ALI, exosomes are mainly secreted by macrophages (6). A further study by Lee et al. showed that, after a bacterial infection, macrophage-derived EVs were dominant in amount (7). Although epithelial cell-derived EVs constituted only a small proportion of the total EVs, they contained rich miRNAs; they could be delivered to alveolar macrophages (AMs) to play important regulatory roles and promote innate immune responses in bacterial lung infections (7). Since exosomes are important mediators of intracellular communication, addressing the question on what the origins of these exosomes are will help to further understand their regulatory mechanisms in ALI. The origin of exosomes could be determined by detection of their surface proteins because exosomes possess the same surface markers as their parent cells do. This approach has been taken in plenty of similar research such as that by Ye et al. (8).

In addition, macrophages are heterogeneous immune cells. There are various subtypes of macrophages in the lungs, with different distributions. The macrophages with the widest distribution are AMs. They are generally located on the luminal surface of the alveolar space and express MerTK, CD64, CD68, CD206, CD11c, MARCO, SiglecF, and F4/80 on the membrane surface. AMs could be easily separated from the bronchoalveolar lavage fluid and constitute the first line of the innate immune system. They are important bactericidal and antigen-presenting cells secreting IL-6 to regulate the immune response (9). In comparison, interstitial macrophages (IMs) are less populous and reside mainly in lung parenchyma or in the vicinity of the bronchi. They have different surface markers, such as MerTK, CD64, CD11b, CD86, CX3CR1, and CD169 and secret IL-1, IL-6, TNF-α, and IL-10, in their steady state (9). IMs could respond to LPS and thus might also be activated in the research by Jiang et al. They could possibly be one of the origins of EVs in the peripheral blood. Previous research has reported that the counts of IMs had been significantly increased in the injured lungs and that IMs were the major subsets of cells in the lung of mice with LPS-induced ALI (10). Thus, it is also interesting to know whether it is IMs or AMs that are the exact target cells of these peripheral blood exosomes.

In summary, the study by Jiang et al. provided further evidence for the concept that exosomes are mediators of intercellular signal transduction, with their cargo miRNAs targeting various pathways (2). The demonstration that ALI mice serum-derived exosomes could target pulmonary macrophages is consistent with the fact that macrophages play a central role in the pathogenesis of ALI. While the origin of these exosomes and the exact subtype of their recipient cells remain unknown, which is partly acknowledged in the study, there is little doubt that circulating serum exosomes play an important part in the induction of pulmonary inflammation during ALI. Overall, the authors have provided enough experimental evidence to support their conclusions.
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Background and Objectives: Corona Virus Disease 2019 (COVID-19) has become a serious pandemic disease worldwide. Identification of biomarkers to predict severity and prognosis is urgently needed for early medical intervention due to high mortality of critical cases with COVID-19. This retrospective study aimed to indicate the values of carcinoembryonic antigen (CEA) in evaluating the severity and prognosis of COVID-19.

Methods: We included 46 death cases from intensive care unit and 68 discharged cases from ordinary units with confirmed COVID-19 of Wuhan Jin Yin-tan Hospital from January 1 to March 22, 2020. Laboratory and radiologic data were analyzed retrospectively. All patients were followed up until April 10, 2020.

Results: COVID-19 patients in the death group had significantly higher CEA levels (ng/ml) than discharged group (14.80 ± 14.20 vs. 3.80 ± 2.43, P < 0.001). The risk of COVID-19 death increased 1.317 times for each additional 1 ng/ml CEA level (OR = 1.317, 95% CI: 1.099–1.579). The standardized and weighted receiver operating characteristic curve (ROC) analysis adjusted to age, sex, and ferritin levels suggested that the area under the curve (AUC) of the serum CEA levels was 0.808 in discrimination between death cases and discharged cases with COVID-19 (P < 0.001). We found mortality of COVID-19 is associated with elevated CEA levels increased (HR = 1.023, 95% CI: 1.005–1.042), as well as age (HR = 1.050, 95% CI: 1.016–1.086) and ferritin levels (HR = 1.001, 95% CI: 1.001–1.002) by survival analysis of Cox regression model. Among discharged patients, CEA levels were significant lower in moderate cases compared to the severe and critical cases (P = 0.005; OR = 0.488, 95% CI: 0.294–0.808) from binary logistic regression analysis. The AUC of CEA levels was 0.79 in distinguishing moderate cases from discharged COVID-19 patients by standardized and weighted ROC analysis (P < 0.001). A positive correlation between CEA levels and CT scores existed in discharged patients (Correlation Coefficient: 0.687; P < 0.001).

Conclusions: Elevated CEA levels increased the risk of death from COVID-19 and CEA levels were related to CT scores of the discharged patients positively.

Keywords: corona virus disease 2019, severe acute respiratory coronavirus 2, carcinoembryonic antigen, biomarker, prognosis


INTRODUCTION

Corona Virus Disease 2019 (COVID-19) is a disease caused by severe acute respiratory coronavirus 2 (SARS-CoV-2) (1). It has developed into a serious pandemic disease worldwide and become a burden borne by health care systems in many countries since its first outbreak in Wuhan, China in December, 2019 (2, 3). According to the latest COVID-2019 situation reports released by World Health Organization (WHO) (4), there were over 23 million patients with confirmed COVID-19 globally, along with over 806,000 death cases by August 24, 2020. It was reported that the case-fatality rates of critical cases were about 24-fold higher than those of confirmed cases with COVID-19 (49.0 vs. 2.3%) (5). In view of high mortality of critical cases, identifying specific biomarkers for estimate severity and prognosis of COVID-19 is in urgent need, especially when local health systems are overwhelmed. A few inflammatory factors, coagulation parameters or cytokines were considered as potential biomarkers of COVID-19 progression or severity (6–9). However, it is a long way to identify a simple biomarker with higher sensitivity or sensitivity for better comprehensive evaluation.

Carcinoembryonic antigen (CEA), also known as CEA-related cell adhesion molecule 5 (CEACAM5) or CD66e, is a kind of glycophosphatidylinositol-linked membrane glycoprotein anchored in a specific cell membrane microdomains (10). As a cell adhesion molecule, CEA functioned as a bridge linked to pathogens or stromal cells with other members of epithelial CEACAMs, triggers CEACAM-mediated signal communication and activated integrin signaling pathways in human endothelial cells (10–12). CEA is not only related to respiratory or digestive cancers but also some infectious diseases like gonorrhea or chronic inflammatory diseases like interstitial lung diseases (ILD) (13, 14). Immunohistochemical analysis of lung specimens from patients with pulmonary fibrosis indicated that strong expression of CEA in metaplastic bronchiolar and type II alveolar epithelia (15, 16). Formation of abnormal epithelial proliferation and renewal was seen as a possible source to elevated CEA levels in patients with pulmonary fibrosis (15). Similar to pathological changes of ILD, significant hyperplasia of type II alveolar epithelial cells and interstitial fibrosis were referred to from several reports of COVID-19 autopsies and biopsies (17, 18). To our knowledge, only one study about the serum cancer biomarkers including CEA levels of COVID-19 patients have been published (19). Whether elevated CEA levels are associated with poor prognosis or severity of COVID-19 remains unclear nevertheless.

Therefore, we conducted this study to present the serum CEA levels of COVID-19 patients and indicate the relation between serum CEA levels and prognosis or severity of COVID-19, which may be of great value for effective treatment.



MATERIALS AND METHODS


Data Sources and Extraction

A total of 46 death cases with confirmed COVID-19 were included in our study, which were admitted to an intensive care unit (ICU) for COVID-19 of Wuhan Jin Yin-tan Hospital from January 1 to March 22, 2020. Respectively, 68 discharged patients (13 from ICU, 55 from ordinary units) were included during the same period. All medical records of the patients we included were reviewed and related raw data were collected by the two authors independently. A senior investigator reviewed the raw data if there were any discrepancies. The following data of each patient we included were extracted: age, sex, smoking history, length of stay, comorbidities, white blood cell count, white blood cell count, lymphocyte count, neutrophil count, monocyte count, C-reactive protein (CRP), ferritin, interleukin 6 (IL-6), alpha fetoprotein (AFP), and CEA; radiology data including chest computed tomography (CT) or chest X-rays (for patients in ICU). Comorbidities of all patients were collected on admission. We only included the baseline data on admission if patients have the same kind of laboratory tests or radiology examination more than once. The survival time were defined as the time (days) from admission date to observation endpoint (death or April 10, 2020). Our study was approved by the Ethics Committee of Wuhan Jin Yin-tan Hospital (No. KY-2020-59.01).



Inclusion and Exclusion Criteria

All patients included met the following inclusion criteria: Confirmed COVID-19 cases was diagnosed by real-time fluorescent reverse transcription-polymerase chain reaction (RT-PCR) based on “Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” published by the National Health Commission of the People's Republic of China (20). Exclusion criteria were followed below: (1) Patients with a history of any cancer or any chronic disease related to elevated CEA levels like chronic kidney disease. (2) Patients infected with other viruses or bacteria.



Clinical Classification of COVID-19

The clinical classification of COVID-19 in our study was based on “Diagnosis and Treatment Protocol for Novel Coronavirus Pneumonia (Trial Version 7)” published by the National Health Commission of the People's Republic of China (20). Patients with COVID-19 are divided into four types: mild cases, moderate cases, severe cases, and critical cases (detailed descriptions on Supplementary Material).



Radiological Assessment by CT Scores

The CT scans of all discharged COVID-19 patients were assessed by two radiologists with more than 10 years of experience in a semi-quantitative way established by Xie et al. (21). Details of the criteria for the CT scores can be found on Supplementary Material. The definitions of lung lesions were specified in another study (22).



Statistical Analysis

Continuous variables were analyzed by Student's t-test while categorical variables were analyzed by Chi-square test. Binary logistic regression was applied for analysis of survival parameters. The variables with P-values < 0.05 in the univariate analysis were included in the binary logistic regression. The detailed descriptions of the model development and evaluation were mentioned in the previous study (23). We applied Nagelkerke R2 to measure overall model performance and the area under the receiver operating characteristic curve (AUC) to evaluate discriminative ability of each model (24). Hosmer–Lemeshow Test was used for Goodness of Fit Test. Only one inflammatory factor and one tumor marker were included in the same logistic model to avoid multicollinearity of interactive variables. We used standard and weighted receiver operating characteristic (ROC) curve analysis to assess the sensitivity and specificity of different parameters as biomarkers of COVID-19 prognosis or severity. The weighted ROC curve analysis was defined and performed as descriptions in a published article by the way of inverse probability weighting (25). The survival analysis was conducted by Cox regression model (proportional hazard model) and Kaplan–Meier analysis with Mantel–Cox Test. The relation between CEA levels and other factors in discharged cases was evaluated by Spearman's correlation coefficient. P-values < 0.05 in our study were statistically significant. We performed statistical analysis with IBM SPSS Statistics (Version 24.0).




RESULTS


Demographic and Clinical Characteristics of the Patients

According to the inclusion and exclusion criteria, we totally included 114 patients with COVID-19 (46 death cases and 68 discharged cases) in our study, with two patients with cancers, one with chronic kidney disease, and one without CEA levels excluded. All demographic and clinical characteristics of the patients we included were demonstrated in Table 1. The mean age of all patients included was 61.74 ± 13.57. The patients in death group were older than those in discharged group (65.93 ± 8.49 vs. 58.60 ± 15.47, P = 0.002). There were 15 females in death group, which were less than those in discharged group (32.61 vs. 55.88%, P = 0.015). Death cases spent shorter time in hospital than discharged cases (11.48 ± 8.79 vs. 25.28 ± 17.34, P < 0.001). In complete blood count, white blood cell count (14.21 ± 8.18 vs. 5.87 ± 2.70, P < 0.001) and neutrophil count (13.04 ± 8.51 vs. 4.09 ± 2.66, P = 0.001) was increased significantly in death cases with COVID-19, while lymphocyte count decreased significantly (0.77 ± 0.35 vs. 1.25 ± 0.59, P < 0.001). We found CRP (P < 0.001) and ferritin levels (P < 0.001) were significantly higher in the death group than discharged group among inflammation indicators included in our study. No differences were found in IL-6 levels between the two groups (P = 0.381). Compared with the discharged group, the serum CEA levels were higher in the death group (14.80 ± 14.20 vs. 3.80 ± 2.43, P < 0.001).


Table 1. Demographic and clinical characteristics of the COVID-19 patients included.
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Association Between CEA Levels and COVID-19 Prognosis

For multivariate analysis, we used binary logistic regression to build four models (Table 2). Variables with P-values < 0.05 in univariate analysis were included in our logistic regression models including demographic factors (sex, age, and smoking history), inflammatory factors (CRP or ferritin), and tumor markers (CEA or AFP). We found Model 3 including age, sex, smoking history, ferritin levels, and CEA levels showed the most discriminative ability among the four models we built in Figure 1 (Nagelkerke R2 = 0.729; AUC = 0.940). The Goodness of Fit Test of Model 3 was 0.408 by Hosmer–Lemeshow Test. From the binary logistic regression analysis of Model 3, age (P = 0.009), sex (P = 0.041), ferritin levels (P < 0.001) and CEA levels (P = 0.003) were significantly related to the prognosis of COVID-19. After adjustment to age, sex, and smoking history, the binary logistic regression equation (Model 3) demonstrated that the risk of COVID-19 death increased 1.002 times for each additional 1 mg/L ferritin level (OR = 1.002, 95% CI: 1.001–1.003) and 1.317 times for each additional 1 ng/ml CEA level (OR = 1.317, 95% CI: 1.099–1.579). The ROC curve analysis suggested that AUC of the serum CEA levels was 0.808 by standardized and weighted ROC curve analysis adjusted to other cofounding factors (age, sex, and ferritin levels). From survival analysis of proportional hazard model, we also found elevated CEA levels increased mortality of COVID-19 (HR = 1.023, 95% CI: 1.005–1.042), as well as age (HR = 1.050, 95% CI: 1.016–1.086) and ferritin levels (HR = 1.001, 95% CI: 1.001–1.002). The COVID-19 patients were divided into two groups (high CEA levels group and low CEA levels group) based on the cutoff value of CEA levels (5.2 ng/ml) calculated by time-dependent ROC curve. The COVID-19 patients with high CEA levels had higher risk of death than those with low CEA levels by Kaplan–Meier survival analysis (Figure 2). The Mantel–Cox Test of Kaplan–Meier survival analysis was P < 0.001.


Table 2. Binary logistic regression analysis of factors related to covid-19 prognosis.
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FIGURE 1. The ROC curve analysis of different binary logistic regression models for the prediction of COVID-19 prognosis.
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FIGURE 2. Kaplan–Meier survival analysis of COVID-19 patients with different CEA levels.




Relation Between CEA Levels and COVID-19 Severity in Discharged Patients

A significant difference in CEA levels (P < 0.001) was found between the discharged patients with different clinical classifications, while age (P = 0.001) and other laboratory test including white blood cell count (P = 0.008), neutrophil count (P = 0.012), monocyte count (P = 0.031) and ferritin levels (P = 0.039) in Table 3. The results of binary logistic regression analysis (Table 4) revealed that CEA levels were lower (P = 0.005; OR = 0.488, 95% CI: 0.294–0.808) in moderate cases compared with the severe and critical cases after adjusted to age and the laboratory tests, which were statistic significantly in the univariate analysis. At the same time, moderate COVID-19 patients were younger than severe and critical cases from binary logistic regression analysis (P = 0.039; OR = 0.858, 95% CI: 0.742–0.993). Figure 3 shows the ROC curves of CEA levels with the AUC of 0.790 (P < 0.001) in distinguishing moderate cases from discharged COVID-19 patients after considering age as a cofounding factor by weighted ROC analysis. The results of Spearman's correlation analyses (Figure 4) indicated that there was a positive correlation of CEA levels with CT scores in discharged patients (Correlation Coefficient: 0.687; P < 0.001). The Figure 5 showed chest CT scans and CEA levels of three female patients in similar old age (69, 70, 71).


Table 3. Characteristics of 68 discharged patients with different disease severities.
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Table 4. Binary logistic regression analysis of factors related to COVID-19 severities.
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FIGURE 3. ROC curve analysis of CEA levels in distinguishing moderate cases from discharged COVID-19 patients.



[image: Figure 4]
FIGURE 4. Correlation of CEA levels with CT scores in discharged COVID-19 patients (the gray area on the figure means 95% confidence intervals).



[image: Figure 5]
FIGURE 5. Chest CT scans and CEA levels of three female patients. (A) Four points CT scores and 0.9 ng/ml CEA levels. (70 years old). (B) Sixteen points CT scores and 3.1 ng/ml CEA levels (70 years old). (C) Twenty two points CT scores and 7.7 ng/ml CEA levels (69 years old).





DISCUSSION

In our study, we found the serum CEA levels increased in non-survivors with COVID-19 compared to discharged patients statistically. Moreover, increasing levels of serum CEA were associated with more CT involvement scores in discharged COVID-19 patients. Till now, only one study reported the elevated serum CEA levels in COVID-19 patients (19). In that retrospective study, the authors found significant increases of CEA levels compared with health controls and a potential association between CEA and CRP levels. However, the role of CEA levels in clinical outcomes or CT involvements of COVID-19 patients was still unknown. This study validated the previous result that CEA levels were related to severity of COVID-19 reported by different research groups (Union Hospital of Tongji Medical College, Wuhan) (19). Furthermore, our study concentrated on different CEA levels in COVID-19 patients with different clinical outcomes (survivors or non-survivors) and potential correlations with CT involvement scores. We firstly found CEA levels are associated with prognosis and severity of COVID-19. We also calculated the value of CEA levels in evaluating the severity and prognosis of COVID-19.

Some hypotheses were formulated to explain the correlation between elevated CEA levels and poor prognosis or severity of COVID-19. Generally, CEA is considered to be a significant biomarker for adenocarcinoma in respiratory system or digestive system. Additionally, it should be noted that serum CEA levels were also significantly increased in some non-neoplastic lung diseases, especially in ILD or allergic bronchopulmonary aspergillosis (ABPA). In respiratory system, increased CEA expression of bronchiolar cells and type II pneumocytes (15) was responded to inflammation induced by mucus plug in ABPA (26) or atypical epithelial proliferation in idiopathic pulmonary fibrosis (IPF) (16). As human angiotensin-converting enzyme 2 (ACE2) is an entry receptor of SARS-CoV-2 (27, 28), bronchiolar epithelial cells and type II alveolar epithelial cells are the prime targets of SARS-CoV-2 in lung because of abundant expression on lung alveolar epithelial cells where SARS-CoV-2 particles were observed by electron microscopy (29, 30). Several autopsy studies have confirmed that bronchi were covered by mucus or mucus plug, as well as significant proliferating interstitial fibroblasts and type II pneumocyte hyperplasia (31) in COVID-19 patients. Since type II pneumocytes are considered as the stem cells or progenitors in alveoli (32), SARS-CoV-2 infection-induced massive alveolar epithelial cell death may lead to abnormal regeneration of type II pneumocytes for repair along with the production of CEA, which was similar to the uncontrolled proliferation of lung adenocarcinoma. Moreover, atypical epithelial proliferation and proliferating fibroblasts may also exacerbate obstruction of bronchioles and lung consolidation leading to refractory hypoxemia as well as worsen CT involvement scores. Therefore, it is reasonable that serum CEA levels correlate with the severity and prognosis of COVID-19.

Based on the relationship between CEA and type II pneumocyte hyperplasia and lung fibrosis, early medication focuses on atypical epithelial and fibrotic proliferation, such as Nintedanib, may be a potential therapeutic method to decrease the mortality of COVID-19. Nintedanib is an inhibitor of multiple tyrosine kinases including vascular endothelial growth factor (VEGF), platelet-derived growth factor (PDGF) and fibroblast growth factor (FGF) (33), which is approved for the treatment of progressive fibrosing interstitial lung diseases (PF-ILD) (34) in March, 2020. It was reported that infection of SARS-CoV-2 resulted in significant elevation of many cytokines such as IL-2, VEGF, PDGF and FGF (35, 36). Hence, some hypotheses based on the potential effects of antifibrotic drugs like Nintedanib on COVID-19 was proposed in a Personal View published in May, 2020 (37). As an antifibrotic drug, Nintedanib also proved to have antiproliferative activity in non-small-cell lung cancer (NSCLC) (38) and its efficiency combined with other anti-tumor drugs on NSCLC was confirmed in clinical trials (39). Moreover, Nintedanib was reported to inhibit transforming growth factor-β (TGF-β) signaling pathway by suppressing phosphorylation of Smad2/3 and type II TGF-β receptor in human lung fibroblasts (33) and A549 cells (alveolar epithelial-type II cells models) (40), which were considered as novel antifibrotic mechanisms of Nintedanib. Meanwhile, another study found the relation between expression of CEA (CEACAM5) gene and TGF-β pathway genes (TGFBR1, TGFBR2, and SMAD3) in colorectal adenocarcinoma cells (41). Though there were few publications about the association in alveolar epithelial cells, it is possible that similar mechanisms existed in human alveolar epithelial cells, especially when CEA on the cell membrane functioned as microbial receptors for bacteria or viruses. In fact, TGF-β pathway plays a role in the pathogenesis of SARS-CoV-2 (42). However, the detailed mechanisms of CEA or effects of Nintedanib remains unknown in SARS-CoV-2 infected alveolar epithelial cells. More in-depth studies of related molecular mechanisms need to be conducted in the future. Overall, considering significant elevated CEA levels originating from atypical epithelial proliferation in non-survivors with COVID-19 of our study, we think Nintedanib may be one of therapeutic options for antifibrotic therapy in addition to other basic treatment (oxygen therapy, antiviral therapy etc.) for COVID-19 patients especially those critical cases with elevation of CEA levels. It is possible that additional antifibrotic therapy might be an effective supplement for the present COVID-19 treatment strategy. More pilot studies can be performed to validate the effects of antifibrotic therapy on COVID-19 in the future.

A few limitations existed in our study. Firstly, the number of the participants was not very large relatively. The patients with COVID-19 were from the same hospital and selection bias of the patients may exist in our study. The association should be validated in another cohort with larger sample size. Secondly, the CT scores of death cases in ICU were missing because these patients were impossible to have CT examinations in view of their critical condition. Thus, we cannot analyze the CT scores in the death group with COVID-19. Finally, the complications of other organs besides lung cannot be analyzed in discharged patients with COVID-19 due to a lack of data.

In conclusion, our study suggested that the elevation of serum CEA levels increased the risk of death from COVID-19 and serum CEA levels were related to CT scores of the discharged patients positively. Serum CEA levels might be a potential biomarker to evaluate the severity and prognosis of COVID-19. More prospective and multicenter studies with validation cohorts are needed to be conducted in the future.
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Blood and Salivary Amphiregulin Levels as Biomarkers for Asthma
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Background: Amphiregulin (AREG) expression in asthmatic airways and sputum was shown to increase and correlate with asthma. However, no studies were carried out to evaluate the AREG level in blood and saliva of asthmatic patients.

Objective: To measure circulating AREG mRNA and protein concentrations in blood, saliva, and bronchial biopsies samples from asthmatic patients.

Methods: Plasma and Saliva AREG protein concentrations were measured using ELISA while PBMCs, and Saliva mRNA expression was measured by RT qPCR in non-severe, and severe asthmatic patients compared to healthy controls. Primary asthmatic bronchial epithelial cells and fibroblasts were assessed for AREG mRNA expression and released soluble AREG in their conditioned media. Tissue expression of AREG was evaluated using immunohistochemistry of bronchial biopsies from asthmatic patients and healthy controls. Publicly available transcriptomic databases were explored for the global transcriptomic profile of bronchial epithelium, and PBMCs were explored for AREG expression in asthmatic vs. healthy controls.

Results: Asthmatic patients had higher AREG protein levels in blood and saliva compared to control subjects. Higher mRNA expression in saliva and primary bronchial epithelial cells plus higher AREG immunoreactivity in bronchial biopsies were also observed. Both blood and saliva AREG levels showed positive correlations with allergic rhinitis status, atopy status, eczema status, plasma periostin, neutrophilia, Montelukast sodium use, ACT score, FEV1, and FEV1/FVC. In silico analysis showed that severe asthmatic bronchial epithelium with high AREG gene expression is associated with higher neutrophils infiltration.

Conclusion: AREG levels measured in a minimally invasive blood sample and a non-invasive saliva sample are higher in non-allergic severe asthma.


Clinical Implications

This is the first report to show the higher level of AREG levels in blood and saliva of non-allergic severe asthma.


Keywords: asthma, biomarkers, saliva, amphiregulin (AREG), non-invasive


INTRODUCTION

Asthma is characterized by chronic airway inflammation, mucus hyper-production, airway hyper-responsiveness, and variable airway obstruction (1). The prevalence of asthma has increased in the last few years, reaching alarming levels (2). Understanding the complexity of asthma will help in establishing management strategies aiming for better asthma patients stratification for personalized therapeutic options (3). Current biomarkers include eosinophil counts, a fraction of exhaled nitric oxide (Feno) values, periostin, IgE levels, and T-helper2 related cytokines (4). The identification of novel, cost-effective, reliable, and measurable non-invasive markers (5) is the goal for many research projects (6–8).

The epidermal growth factor receptor (EGFR) signaling is vital to epithelial cell physiology, and its dysregulation is involved in different pathologies (9), including pathogenesis of early stage of asthma (10). Many asthma triggers like allergens, viruses, and pollutants activate EGFR signaling, which seems to be a common pathway shared by different asthma phenotypes (11). EGFR signaling mediates airway hyper-responsiveness (AHR), tissue remodeling (12) and is implicated in lung fibrosis (10). Amphiregulin (Areg), an EGFR ligand, and a widely expressed transmembrane tyrosine kinase (13, 14), was shown to be upregulated upon inflammation, hormones, growth factors, and xenobiotics stimuli (13). Previously, high AREG expression was related to lung inflammation (15), specifically in damaged lung tissues in patients with chronic obstructive pulmonary disease (COPD) and asthma (16). AREG expression in structural cells (15) and sputum was associated with asthma severity (17), and it was shown to be increased in airways during an acute asthma attack (18).

Interestingly, hematopoietic cells that infiltrate inflamed lung tissue were shown to locally upregulate AREG expression and influence its local concentrations (15). While human monocytes were found to express AREG upon activation (19), eosinophils still represent the primary producers of AREG when compared to other types of blood cells (19) and can be reprogrammed to an inflammatory state by AREG- EGFR-mediated signaling (20). For all the above reasons, AREG was suggested to be linked to severe eosinophilic asthma with less response to asthma therapy (21). Such sensitized individual develops eosinophilic airway inflammation after the exposure to allergens through IgE antibody-mediated mast cell degranulation is labeled as allergic asthmatic. On the other hand, a non-allergic asthmatic is a non-sensitized individual who can develop eosinophilic inflammation without exposure to an allergen through the activation of ILC2 cells that do not need allergen-specific IgE (22). ILC2s and lung activated alveolar macrophages can control lung inflammation by producing AREG to promote repair of the airway epithelium, that is why depletion of these cells can result in diminished lung function after the loss of airway epithelial integrity which can be restored by adding AREG (23–26).

Non-allergic patients may have innate immunity or neutrophilic airway inflammation independent of Th2 cells (27). Triggers of asthma in non-allergic patients can vary from external triggers like viral infections, cigarette smoke, diesel particles, and ozone to patient's intrinsic factors like stress, exercise, and obesity (1). Following epithelial damage, the epidermal growth factor (EGF) can enhance the neutrophil accumulation to stimulate neutrophil defenses during acute injury (28).

Of note, T cells in peripheral blood mononuclear cells (PBMC) can also produce AREG in response to signals of tissue damage and repair (29). The association of a protective AREG with disease progression, and whether there is cell to cell variation in production and response to AREG remain unknown.

Some circulating plasma proteins originating from tissue leakage (30) and thus being detected in saliva and can reflect their upregulation in serum/plasma (31). Because saliva is easy to collect, innocuous, acceptable by patients, thus it represents a potential tool for measuring disease biomarkers (32). Therefore, measuring the expression of AREG in plasma and saliva from asthmatic patients can provide a minimally invasive approach for the assessment of AREG, which may provide a more reliable tool complementary to existing measures.



METHODS


Patient Population (Cohort 1)

From January 2017 to May 2019, individuals were recruited consecutively from the Asthma Clinic in Rashid Hospital, Pulmonary Medicine Department. Thirty-two asthmatic patients were included, 19 were non-severe asthmatic patients (mild to moderate), and 13 were severe asthmatic subjects (fulfilling the criteria for asthma as per American Thoracic Society) (Table 1). According to GINA and ERS/ATS Task Force on severe asthma, guidelines define asthma severity as “those who require continuous high-dose treatment, as their asthma is refractory or difficult-to-treat plus a second controller (and/or systemic corticosteroids) to prevent it from becoming uncontrolled or which remains uncontrolled despite this therapy” (33). Those patients were compared to 12 non-asthmatic volunteer subjects who had no recent infection of the respiratory tract and no histories of allergy or asthma. Participants completed the Asthma Control Test self-assessment. The Ethics Committee of Dubai Health Authority and the University of Sharjah approved the study with REC (Research Ethics Committee) approval number DSREC-11/2017_04, and each subject gave written informed consent after a thorough explanation by the treating physician and the researchers. This study was conducted in accordance with the Declaration of Helsinki. The demographic characteristics of the asthmatic patients and control subjects are shown in Table 4.


Table 1. Characteristics of the cohort 1 subjects with asthma and healthy controls.
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Patient Population (Cohort 2)

A matched cohort of severe asthmatics (n = 17) vs. non-severe asthmatics (n = 21) was recruited for fresh saliva collections and RNA extractions was performed to explore the feasibility of detecting AREG mRNA in the saliva.



Blood Collection Protocol and Plasma Isolation

Twelve milliliters of whole blood were collected from each sample in EDTA-containing blood collection tubes (3 mL each) and transferred immediately within 2 h to Sharjah Institute for Medical Research (SIMR), Sharjah for further processing to isolate PBMCs as previously described (34). Twelve milliliters of Histopaque-1077 (Sigma, #10771, Germany) were added to a 50 mL centrifuge tube and brought to room temperature (RT), then 12 mL of whole blood were carefully layered on top of the Histopaque and centrifuged at 400 × g for precisely 30 min at room temperature. After centrifugation, the plasma layer and the buffy layer interface were carefully collected with separate Pasteur pipettes and transferred to clean 15 mL conical centrifuge tubes separately, to be frozen at −80°C till future use.



Unstimulated Whole Saliva Collection Protocol

Participants were asked to fast for at least 1 h and not to brush their teeth or smoke for 30 min, accompanied by gargling and rinsing of the mouth with water 5 min before proceeding with saliva collection. One milliliter of unstimulated whole saliva via passive drool was collected in a pre-prepared 50 mL tube containing 1 mL of RNAlater (Invitrogen). Collected saliva samples were transported on ice and stored at – 80°C until analysis. Sample measurements were undertaken within 3 months of storage.



Primary Cell Lines and Bronchial Biopsies (Cohort 3)

Primary cells from healthy and asthmatic patients were isolated from bronchial biopsies in Meakins-Christie Laboratories, The Centre for Respiratory Research at McGill University and the Research Institute of McGill University Health Centre as previously described (35). In total, 17 primary cells were exploited: 7 healthy primary cells: epithelial (n = 3) and fibroblasts (n = 4), and 10 primary asthmatic cells: epithelial cells (n = 3), non-severe asthmatic fibroblasts (n = 4), and severe asthmatic fibroblasts (n = 3). Twelve bronchial biopsies were taken from control (n = 3) and asthmatic (n = 9, 3 in each clinical stage: mild, moderate, and severe) were used for immunohistochemical assessment. Epithelial cells were revived and maintained using epithelial growth medium PneumaCult™-Ex Medium (Stem Cell Technology, Canada), supplemented with 100 units/mL penicillin/streptomycin (Gibco, USA). Primary fibroblasts were maintained in complete Dulbecco's Modified Eagle's medium (DMEM) (Sigma-Aldrich, Germany) with 10% fetal bovine serum (FBS) (Sigma-Aldrich, Germany) supplemented with 100 units/mL penicillin/streptomycin (Gibco, USA).



mRNA Gene Expression Using qRT-PCR

RNA was extracted using RNAeasy mini kit (Qiagen, Germany) as per the manufacturer instructions. The purified RNA was reverse transcribed into cDNA using High Capacity cDNA Reverse Transcription (Applied Biosystems, USA) as per the manufacturer instructions. 5X Hot FIREPol EvaGreen qPCR Supermix (Solis BioDyne, Estonia) was used to quantify mRNA of the selected genes using QuantStudio3 (Applied Biosystems, USA). Details of used primers are in Table 2.


Table 2. List of forward and reverse primers for each of the genes assessed by qRT-PCR.
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Enzyme-Linked Immunoassay (ELISA) Quantification

Human amphiregulin was measured in plasma and saliva of healthy controls and asthmatic patients as well as the conditioned media of primary bronchial cells using the Human Amphiregulin Quantikine and Duoset ELISA Kits (R&D Systems, USA) according to the manufacturer's instructions. Periostin (POSTN) and IL-17A were assessed in plasma using human Periostin/OSF-2 and human IL-17A DuoSet ELISA Kits (R&D Systems, USA), respectively, according to the manufacturer's instructions.



Soluble Receptors Array

To assess any difference in the shedding of AREG in the conditioned media of the asthmatics vs. healthy primary fibroblasts, Non-Hematopoietic Array and the Common Analytes Array (R&D Systems, Catalog # ARY011) was used as per the manufacturer instructions. The conditioned media of healthy bronchial fibroblasts and non-severe asthmatic fibroblasts were collected, centrifuged and 1.5 mL of each were added to the array wells separately and incubated overnight on a rocking shaker. On the next day, the membranes were washed to remove any unbound material and incubated with the specific cocktail of biotinylated detection antibodies. Streptavidin-horseradish peroxidase and chemiluminescent detection reagents were added, and a chemiluminescent signal was produced in proportion to the amount of receptor-bound. Dot blots were registered with ChemiDoc Imaging System (BioRad, USA). The average pixel density of duplicate spots on the membrane was determined using ImageJ software (36). After background subtraction, the relative amounts of individual proteins were calculated as previously reported (37).



Immunohistochemical Assessment of Bronchial Biopsies

Immunohistochemical evaluation of bronchial biopsies from healthy and asthmatic patients was done on a 3 μm section of the tissue block mounted on positively charged slides. After routine deparaffination and rehydration, antigen retrieval using Tris EDTA buffer (pH 9.0) in a microwave oven at 95°C for 15 min was done. Horse radish peroxidase (HRP) kit (760-700, Optiview DAB IHC Detection kit, Ventana) was used as per the manufacturer instructions, along with neutralizing antibody for AREG (15 μg/mL) (R&D Systems, USA) for AREG detection.



In silico Validation in Lung and Blood Transcriptomic Datasets

Twenty-five publicly available transcriptomics datasets (n = 2,666) of Bronchial Epithelium, Bronchial Fibroblasts, Whole Lung, Bronchial Biopsy, Induced Sputum, Nasal, Bronchioalveolar lavage, Blood, Whole Blood, PBMCs, and CD4 cells from asthmatic patients vs. healthy subjects in different settings were downloaded from Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo). The raw data was extracted according to Hachim et al. (38) and the normalized gene expression of the AREG was compared between patients with different asthma severities as shown in Table 3.


Table 3. List of datasets extracted from GEO omnibus for the in silico analysis.
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In silico Prediction of the Percentage and Status of Immune Cells

We used the transcriptomic data to predict the percentage and status of immune cells in the bronchial epithelium or blood of severe asthmatics patients compared to the healthy controls using CIBERSORT computational method (https://cibersort.stanford.edu/) to quantify cell fractions from samples gene expression profiles as previously described (39).



Statistical Methods

GraphPad Prism version 8.00 for Windows (GraphPad Software, La Jolla, CA, USA) was used for statistical analysis. First, the D'Agostino-Pearson normality test was used to determine whether to perform parametric or non-parametric tests. One-way ANOVA test was performed to determine whether there are any statistically significant differences between the mean values of the controls and different asthma groups for the gene expression and protein levels. The same software was used to examine the correlations between the different parameters using Pearson correlation test in GraphPad Prism. Student t-test was used to look for the difference between two groups under a given experiment or treatment. A p < 0.05 is considered to be statistically significant.




RESULTS


Severe Asthmatic Patients PBMCs Express Less AREG mRNA but Higher Protein Compared to Non-severe Asthmatics

PBMCs AREG mRNA was lower in severe asthmatics compared to non-severe asthmatics (p = 0.05), (Figure 1A). PBMCs AREG mRNA correlated positively with IL17A plasma level (0.43, p < 0.05). Also, the expression correlated negatively with age (−0.38, p < 0.05), the use of oral corticosteroids (−0.58, p < 0.05), the number of exacerbations per year (−0.39, p < 0.05), and atopic status (−0.40, p < 0.05).


[image: Figure 1]
FIGURE 1. AREG mRNA expression as measured by RT qPCR in PBMCs and saliva of cohort of asthmatic vs. healthy control. (A) AREG mRNA level in PBMCs of the locally recruited cohort (cohort 1), healthy controls (n = 13), non-severe asthmatics (n = 20), and severe asthmatic (n = 18). (B) AREG mRNA gene expression in PBMC of a locally recruited cohort divided according to the ACT score into two groups: a well-controlled group (ACT > 20) and those with poor control (ACT < 20). (C) AREG mRNA gene expression in the saliva of independent validation locally recruited cohort (cohort 2), which includes non-severe asthmatics (n = 21) and severe asthmatic who are not on biological treatment (n = 17).




AREG Was Higher in Well-Controlled Asthma

Asthma Control Test (ACT) is a patient self-administered tool for identifying those with poorly controlled asthma. The scores range from 5 (poor control of asthma) to 25 (complete control of asthma), with higher scores reflecting greater asthma control. An ACT score > 20 indicates well-controlled asthma. When we divided our patients accordingly, AREG mRNA expression in PBMC correlated positively with higher ACT scores, as shown in Figure 1B.



AREG mRNA Was Higher in the Saliva of Severe Asthmatics Compared to Non-severe Asthmatics

A matched cohort of severe asthmatics (n = 17) vs. non-severe asthmatics (n = 21) was recruited for fresh saliva collections and RNA was extracted to detect AREG mRNA in the saliva. AREG showed significant upregulation in severe asthmatics compared to non-severe asthmatics, as shown in Figure 1C.



Asthmatic Patients' Plasma and Saliva AREG Protein Level Is Higher Than Healthy Controls

Plasma AREG level, as measured by ELISA, was higher in non-severe and severe asthmatic patients (333.24 ± 133.14 pg/mL, p < 0.01) compared to healthy controls (265.05 ± 29.49 pg/mL) as shown in Figure 2A. Interestingly, the saliva AREG level was also higher in severe asthmatic patients (247.35 ± 271.4 pg/mL, p = 0.02), as shown in Figure 2B. Indeed, plasma AREG correlated positively to saliva AREG level (r = 0.3671, p = 0.02), indicating the feasibility of using saliva to reflect the plasma level of AREG. AREG plasma level correlated negatively with PBMC AREG mRNA expression (r = −0.37, p < 0.05).


[image: Figure 2]
FIGURE 2. AREG protein level in (A) plasma and (B) saliva of the locally recruited cohort (cohort 1), including healthy controls, non-severe and severe asthmatic patients.




Blood and Saliva AREG Protein Levels Correlate With Patient's Atopy Status and Allergic Rhinitis

Plasma AREG levels had a positive correlation with ACT (r = 0.32, p < 0.05), allergic rhinitis status (r = 0.35, p = 0.03, Figure 3A), atopy status (r = 0.35, p = 0.03), neutrophil percentage in patients' blood (r = 0.45, p = 0.01), and the use of Montelukast sodium (Singulair) (r = 0.39, p = 0.04, Figure 3B). Interestingly, plasma AREG levels correlated positively with plasma POSTN levels (r = 0.34, p = 0.03). Correlation between Plasma AREG concentrations, and the cohort demographics and laboratory tests are listed in Table 4.


[image: Figure 3]
FIGURE 3. AREG protein levels in plasma and saliva. (A) in asthmatic with allergic rhinitits compared to those who are not and (B) in asthmatics currently on Montelukast sodium (Singulair) compared to those who are not on Singulair.



Table 4. Correlation between plasma AREG concentrations, and the cohort demographics and laboratory tests.

[image: Table 4]

On the other hand, saliva AREG levels correlated significantly with key clinical indicators for asthma assessment compared to plasma AREG, as listed in Table 5. Beside allergic rhinitis (r = 0.42, p = 0.02) and atopy status (r = 0.37, p = 0.02), saliva AREG level correlated positively with ACT score (r = 0.38, p = 0.04), FEV1 (% predicted) (r = 0.47, p = 0.001), FEV1/FVC (r = 0.48, p = 0.02) and eczema status (r = 0.35, p = 0.03). Interestingly, saliva AREG level correlated positively with the age of onset as adult asthmatics showed higher levels (r = 0.31, p < 0.05).


Table 5. Correlation between saliva AREG concentrations, and the cohort demographics and laboratory tests.
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AREG Protein Expression Was Higher in Bronchial Epithelial Cells of Mild Asthmatics Compared to Those of Moderate and Severe Patients as Well as Healthy Controls

AREG expression in lung tissue and its cellular localization were investigated using bronchial biopsies from asthmatic patients (n = 13) and healthy controls (n = 4), as shown in Figure 4. The asthmatic samples were from mild (n = 5), moderate (n = 4), and severe (n = 4) patients. Immunohistochemical expression of AREG was high in bronchial epithelial pseudostratified cells, while lower expression was observed in fibroblasts and other cells, including infiltrating immune cells. Interestingly, AREG expression in a healthy epithelium was nuclear while it was cytoplasmic in asthmatic samples. As expected, AREG expression was positive (6 out of 13, 46.15%) in asthmatic patient's samples compared to only 1 out of 4 samples in the control group (25%). Interestingly, AREG expression was positive in 4 out of the five mild asthmatic samples (80%) compared to only 1 case out of the four moderate (25%) and severe asthmatic samples (25%), p = 0.0495.


[image: Figure 4]
FIGURE 4. Immunohistochemical staining of AREG in bronchial biopsies of healthy, non-severe (mild and moderate) and severe asthmatic patients. (A) Arrows showing positively stained epithelial cells, (B) percentage of positive AREG IHC staining sample among all samples examined in each group.




AREG mRNA Level Was Higher in Non-severe Asthmatic Bronchial Epithelial Cells Compared to Healthy Controls and Severe Asthmatic

AREG mRNA and protein levels were measured in primary bronchial epithelial cells and fibroblasts from asthmatic patients and healthy controls. AREG mRNA expression was upregulated in non-severe asthmatic bronchial epithelial cells compared to healthy controls (p = 0.05), and severe asthmatics (p = 0.04), Figure 5A. Using ELISA, secreted AREG levels detected in the conditioned media of bronchial epithelium using ELISA showed no significant difference between asthmatics and healthy controls, as shown in Figure 5B. Nevertheless, asthmatic bronchial epithelial cells secrete higher amounts (more than five times) of soluble AREG in their conditioned media compared to their asthma severity matching fibroblasts, indicating that epithelial cells are the primary source of pulmonary AREG in asthma. Moreover, bronchial fibroblasts of severe asthmatics (n = 3) showed lower expression of AREG mRNA compared to healthy fibroblasts (n = 4) (p = 0.04), which goes in line with the ELISA results (p = 0.01), Figures 5C,D.
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FIGURE 5. AREG mRNA and secreted protein in bronchial epithelium cells and fibroblasts of healthy, non-severe, and severe asthmatic individuals. Assessment of AREG in asthmatic bronchial epithelium compared to the healthy epithelium on the (A) mRNA level measured by qRT-PCR, (B) secreted AREG protein levels by ELISA. Similarly, AREG was assessed in asthmatic fibroblasts compared to the healthy fibroblasts for the (C) AREG mRNA levels by qRT-PCR and (D) secreted AREG protein levels by ELISA.




Asthmatic Fibroblasts Secrete More AREG Ectoderm Shedders ADAM8, ADAM9, ADAM10 Compared to Healthy Fibroblasts

As the secreted levels of AREG matched its mRNA expression in severe asthmatic fibroblasts, we investigated the reason behind the low secreted levels of AREG in non-severe asthmatic fibroblasts despite of its high mRNA expression levels (Figure 6). We profiled the shredded proteins in their conditioned media and found that asthmatic fibroblasts secrete higher AREG ectoderm shedders ADAM8 (p = 0.01), ADAM9 (p = 0.001), ADAM10 (p < 0.0001) and ADAM17 (p < 0.0001) compared to healthy fibroblasts (Figure 6A). Another interesting finding is that non-severe asthmatic fibroblasts shed less ErbB1 (p = 0.003) and ErbB3 (p = 0.003) receptors compared to healthy fibroblasts (Figure 6B).


[image: Figure 6]
FIGURE 6. Levels of soluble receptors shed in the conditioned media of healthy and non-severe asthmatic fibroblasts using non-hematopoietic and the common analytes array. (A) Protein expression of AREG shredders: ADAM 8, 9, 10, 15, and 17 in non-severe asthmatic fibroblasts compared to healthy fibroblasts. (B) Protein expression of shed ErbBl-4/HER1-4 in non-severe asthmatic fibroblasts compared to healthy fibroblasts.





IN SILICO VALIDATION


AREG mRNA Expression Was Significantly Different in Asthmatic Bronchial Epithelium, Fibroblasts Using Biopsy or Brush

AREG showed consistent differential expression in asthmatic lung epithelium and fibroblasts using biopsy or brush in publicly available bronchial epithelium datasets and confirmed in vitro (Table 6).


Table 6. Summary of in silico and in vitro analysis of AREG mRNA expression in different settings of asthma.
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AREG mRNA Expression Was Significantly Different in Severe Asthmatic Compared to Severe Wheezing Children Only

In order to explore the correlation of AREG mRNA in wheezing in asthmatic vs. non-asthmatic children, (GSE123750) gene set was explored. AREG mRNA expression in whole blood of children with non-severe and severe wheezes was compared to non-severe and severe asthmatics. As shown in Figure 7A, AREG mRNA expression was only significantly higher in severe asthmatic compared to severe wheezing children (p = 0.03). However, there was no significant difference in the gene expression of AREG between non-severe and severe asthmatic, indicating it is asthma specific markers.


[image: Figure 7]
FIGURE 7. (A) AREG normalized gene expression in whole blood of children with non-severe and severe wheezes were compared to non-severe and severe asthmatics extracted from the expression profile of publically available datasets (GSE123750), where non-severe asthmatic (MAS_Asthma) and severe asthmatic (SAS_Asthma) patients were compared to patients presented with non-severe wheezes (MAS_Wheeze) and severe wheezes (SAS_Wheeze). (B) Normalized gene expression of genes identified in whole blood of eosinophilic asthma (>500 cells) compared to non-eosinophilic (eosinophils count less than 500) extracted from the expression profile of publicly available datasets (GSE137394). (C) Normalized Gene Expression of Genes Identified in PBMC5 taken from asthmatic patients during the acute/exacerbation phase and the convalescent phase extracted from the expression profile of publicly available datasets(6SE16032).




AREG mRNA Expression in Whole Blood of Eosinophilic Asthma Was Significantly Lower Compared to Non-eosinophilic

In order to explore the correlation of AREG mRNA to the eosinophilic phenotype of asthma, (GSE137394) gene set was, as shown in Figure 7B. AREG was significantly lower in eosinophilic asthmatics (p = 0.004). This indicates that AREG can identify a non-eosinophilic subtype of a severe asthma phenotype.



PBMCs of Asthmatic Patients During Exacerbation Phase Express Higher AREG Compared to Convalescent Phase

GSE16032 dataset was chosen to identify the differential expression of the selected genes in PBMCs taken from asthmatic patients during the acute/exacerbation phase and the convalescent phase, as shown in Figure 7C. Interestingly, AREG was upregulated in the acute/exacerbation phase of asthma and returned back to the basal level when the attack subsides. This highlights the possible use of AREG as a marker for this specific disease phase.




SUMMARY IN BLOOD

Since, PBMCs mRNA expression was associated with asthma control score and AREG saliva mRNA was upregulated in severe asthma compared to non-severe asthmatics, we decided to explore its dynamics to understand its role in initiating and progression of the disease. AREG mRNA in the blood of drug naïve asthmatics compared to healthy, can differentiate severe asthmatic wheezes from others, can differentiate eosinophilic from non-eosinophilic, can differentiate acute attacks from convalescent-phase, and its expression was not affected by viruses (Table 7).


Table 7. Summary of in silico analysis of the AREG genes in blood of asthmatic patients in different settings compared to healthy controls.
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AREG Has Never been Linked to SNPs in Asthma

Genome-wide association studies (GWASs) of asthma have identified many risk alleles and loci that can be a potential source for diagnostic biomarkers. NHGRI-EBI GWAS Catalog was explored to identify 1,174 SNPs with the strongest Asthma-related SNP-risk allele. Interestingly, none of these SNPs were reported in AREG.



Severe Asthmatics Epithelium and Blood That Showed Higher AREG Expression Showed Different Immune Cells Populations Than Healthy Controls

We investigated if immune cell populations are different between asthmatic and healthy controls using the transcriptomic expression of the bronchial epithelium to predict the cell type and their state of activation. CIBERSORT tool, a digital cytometry that can determine cell type abundance and expression from bulk tissues (40), was used for that purpose. We used CIBERSORT tool on Bronchial epithelium transcriptomic data of (GSE64913 and GSE67472) datasets and blood transcriptomic dataset (GSE69683) of a well-characterized and a large cohort of patients with different asthma severity compared to healthy controls to estimate the percentage of the immune cells (Figure 8).


[image: Figure 8]
FIGURE 8. Estimating immune cells populations in the bronchial epithelium of (c3SE64913) dataset in healthy controls (n = 36) compared to severe asthmatics (n = 22). Bronchial epithelium genes expression was loaded to CIBERSORT in silico flow cytometry.




Bronchial Epithelium of Severe Asthmatic With Higher AREG mRNA Expression Showed a Lower Percentage of Gamma Delta (γδ) T and T Regulatory Cells but Higher Percentage of Neutrophils

In severe asthmatic bronchial epithelium with higher AREG mRNA expression, the percentage of infiltrating Gamma Delta (γδ) T and Regulatory T cells was lower than healthy controls, while there was an increase in the percentage of neutrophils (Figure 8).



Peripheral Blood of Severe Asthmatics Showed a Higher Percentage of Eosinophils, Neutrophils and Activated NK Cells Compared to Healthy Controls

Estimating the immune cells population in the blood of a large cohort of asthmatic patients with different severities compared to healthy controls using the transcriptomics data from (GSE69683) dataset revealed a similar trend of cells abundance of that in bronchial epithelium in terms of neutrophils and macrophages. As shown in Figure 9, eosinophilia was more evident in severe asthmatic blood than in local bronchial epithelium. Severe asthmatic patients showed a higher percentage of eosinophils in their blood than healthy controls (p = 0.02). However, the percentages of monocytes and macrophages percentages were not statistically different between the groups. Surprisingly, memory B cells showed a significant difference in severe asthmatics compared to non-severe asthmatics (p = 0.04) and healthy controls (p < 0.01).


[image: Figure 9]
FIGURE 9. Estimating immune cells populations in blood of (GSE69683) dataset to compare healthy controls (n = 87), non-severe asthma (n = 77), and severe asthmatics (n = 334). Blood genes expression was loaded to CIBERSORT in silico flow cytometry and immune cells which showed significant differences between the groups are shown. (A) Eosinophils, (B) Neutrophils, (C) Monocytes, (D) Macrophages M0, (E) NK active, and (F) B cells memory.


Interestingly, peripheral neutrophilia and activated NK was consistent with airway findings. Blood neutrophils and activated NK percentages were higher in severe asthmatics compared to non-severe asthmatics and healthy controls (p < 0.05).




DISCUSSION

To our knowledge, no studies used saliva, while very few studies used blood levels to discover markers related to asthma pathogenesis. This is the first study to investigate AREG blood and saliva expression levels and associate them to asthma. Other studies focused on AREG expression in sputum (17), damaged bronchial epithelium (41), fibroblasts (42), smooth muscle cells (43, 44) from bronchial biopsies and hematopoietic cells such as eosinophils (19), and basophils (45) in asthma and allergic conditions.

As illustrated in Figures 1, 2, our results showed that AREG plasma and saliva levels were higher in asthmatic patients compared to healthy controls. AREG plasma level was significantly different between healthy and non-severe asthmatic (p < 0.0001).

Currently, in asthma research, there is a growing interest in replacing the available invasive bronchoscopy sampling and sputum induction with less invasive options like blood, urine, and exhaled gas biomarkers (4). These biomarkers can aid in a personalized and targeted approach to manage asthmatic patients, especially those with severe refractory asthma (46).

Our results confirmed that AREG level in plasma and saliva are simple, minimally invasive tools that can be used as biomarkers to assess asthma pathogenesis. Salivary marker measurements of various diseases is a new concept and currently is carried out mostly in head and neck cancers (47) and oral diseases (48). However, these assays are mostly DNA based. More recently, a predictive genetic assay measuring salivary mRNA was used to predict the onset of esophageal cancer (patent no: WO2017137427A1). As saliva sampling is non-invasive and is easy to collect, it represents an attractive tool for measuring asthma biomarkers (25).

This promising discriminating power of our results can be an additional bedside marker to help the managing physician in diagnosing early stages of asthma with borderline clinical criteria. As for plasma, AREG saliva level was not able to differentiate between different asthma severity indicating its association with asthma as a disease; this might be explained by the limitation of the sample size and the effect of aggressive asthma medication on AREG levels in severe asthmatics.

Determining the presence of eosinophilic inflammation, or high Th2 cytokines phenotype is essential for patient stratification for targeted asthma therapy (49). Currently, peripheral blood eosinophil count is considered as a surrogate marker for eosinophilic inflammation of the airways (50); hence, finding a new reliable biomarker to predict eosinophilic asthma is needed (4). Therefore, correlating AREG expression with other pathological parameters, specifically those related to eosinophilic inflammation or high Th2 cytokines phenotype is essential.

Our results showed that AREG protein level in asthmatic patients' plasma and saliva correlate with clinical allergic phenotypes such as allergic rhinitis and atopy. Patients with a history of allergic rhinitis showed specifically a higher plasma AREG level compared to those with no history of allergic rhinitis. Allergic rhinitis is a common comorbidity of asthma and contributes to asthma severity (51) and poor asthma control (52). Asthma and allergic rhinitis share similar local and systemic eosinophil inflammation (53). AREG was shown to be secreted by eosinophils to participate in some physiological and pathological conditions in vivo (19). Asthma specific memory Th2 cells were shown to induce AREG to reprogram eosinophils to produce osteopontin leading to enhanced airway fibrosis (20).

On the other hand, AREG protein level in plasma correlates with the level of periostin, a known marker for Th2 high asthma phenotype (54), which can predict airway eosinophilia in patients with severe asthma (55). Periostin was found to be involved in atopic conditions such as dermatitis, rhinitis/rhinosinusitis, allergic skin inflammations; and its upregulation was shown to induce extracellular matrix (ECM) tissue remodeling (56). Beside eosinophils and mast cells, increased levels of periostin have also been detected in relation to neutrophils (56). On the other hand, periostin, was shown to play a vital role in chemokines induction to recruit neutrophils and macrophages that participate in pulmonary fibrosis in mouse model (57). Positive correlation between AREG and periostin might augment the role of neutrophils in non-eosinophilic severe asthma.

Of note, plasma AREG levels correlated positively with neutrophil levels in patients' blood. It is known that neutrophilia correlates with asthma that is refractory to the mainstay of asthma treatment (corticosteroids) (58). It was shown that during epithelial damage and repair, neutrophils enhance AREG production by epithelial cells to promote tissue repair (59). It can be suggested that patients with high circulating AREG might be in need of that level to be used for the massive tissue repair process ongoing during asthma.

A non-allergic asthmatic is a non-sensitized individual who can develop eosinophilic inflammation without exposure to an allergen through the activation of ILC2 cells that do not need allergen-specific IgE (22). Non-allergic patients may have innate immunity or neutrophilic airway inflammation independent of Th2 cells (27). Triggers of asthma in non-allergic patients can vary from external triggers like viral infections, cigarette smoke, diesel particles, and ozone to patient's intrinsic factors like stress, exercise, and obesity (1).

The type and quantity of inflammatory cells in the airway of asthma is an attractive research area now as it can guide the selection of biological treatment (60). Differentiating neutrophilic asthma (usually characterized by acute severe asthma exacerbations and steroid-resistant) from the eosinophilic phenotype is very important as the later phenotype can respond to corticosteroids and targeted therapies (61).

During acute lung injury, AREG was shown to suppress ICAM-1 expression and neutrophil accumulation (62). However, if neutrophils infiltration occurs, their elastase can promote myofibroblast differentiation that ends up with lung fibrosis; thus, AREG can limit fibrosis by limiting neutrophil arrival earlier in inflammation (63). This model is opposite to the skin model of psoriasis, where AREG enhanced the transmigration of human neutrophils through epithelial cell monolayers (64).

Our results showed that in severe asthmatic bronchial epithelium, the percentage of infiltrating Gamma Delta (γδ) T and Regulatory T cells was lower than in those of healthy controls. The high content of neutrophils in severe asthmatic bronchial epithelium compared to healthy controls matches the decrease in γδ T and Tregs as it might indicate more inflammatory consequences of lack of the primary tolerogenic and regulators of an immune response.

Estimating the immune cells population in the blood of a large cohort of asthmatic patients with different severities compared to healthy controls revealed a similar trend of cells abundance of that in bronchial epithelium in terms of neutrophils and macrophages. Eosinophilia was more evident in severe asthmatic blood than in local bronchial epithelium.

Interestingly, peripheral neutrophilia was consistent with airway neutrophilia. Increased local airway neutrophils count in asthma in neutrophilic asthma is associated with steroid resistance, suggesting that the neutrophil plays a role in asthma pathophysiology (65). Increased airway neutrophils in severe asthma and Th2 low phenotype might indicate specific endotype of asthma that share neutrophilia and eosinophilia but not Th2-high phenotype. In response to allergens, activation of LPS receptor TLR4 on lung epithelial cells can stimulate CXCL8 chemokine secretion to recruit neutrophil to the lung in association with increased eosinophilic inflammation, IgE, Th2 cytokines and mucus secretion (66). TLR signaling activation during the sensitization phase recruit neutrophils and inflammatory monocytes, to attenuate allergic symptoms by promoting the Th1-associated cytokines (67).

High levels of IL17 are linked to both eosinophils and neutrophils infiltrates in the airways of severe asthmatics (68). In neutrophilic asthma, Th17 cells released interleukins can recruit macrophages, and lymphocytes alongside neutrophils (69). Despite being glucocorticoid sensitive in some autoimmune diseases, Th17 cells are glucocorticoid resistant in asthma (70).

During allergen exposure, the first immune cells arriving the airways are the neutrophils that usually have a short life before it undergoes apoptosis, except in severe asthmatics who showed defective neutrophil apoptosis and/or clearance (71).

Another interesting finding was the correlation between plasma AREG level and the use of Montelukast sodium (Singulair); a selective and orally active leukotriene receptor antagonist that inhibits the cysteinyl leukotriene CysLT1 receptor (72). Our results showed that asthmatic patients who are on regular Singulair treatment have a higher level of AREG in their plasma compared to those who are not using Singulair. CysLTs as a potent contractile agonist of airways smooth muscles can stimulate their amphiregulin release and enhance their proliferation (73). Moreover, cysteinyl leukotriene was recently found to activate human ILC2s to secrete amphiregulin (72). This can have an important translational impact on patients' stratifications and appropriate drug selection.

Immunohistochemistry staining of bronchial biopsies showed that AREG staining intensity was higher in non-severe mild asthmatic epithelium when compared to healthy controls (Figure 4). These findings confirm the role of AREG in the sequence of events in asthma pathogenesis involving both bronchial epithelial cells and fibroblasts. Our results agree with previous studies where AREG level in sputum was associated with asthma severity (17) and was found to be increased in airways during an acute asthma attack (18).

Our results confirmed that AREG is locally upregulated in the asthmatic lung. AREG is constitutively expressed during development and physiologic processes but rapidly upregulated in damaged epithelium to restore tissue integrity (15). Asthmatic bronchial epithelial cells had higher AREG mRNA expression and protein levels than healthy ones but no significant difference in the secreted levels. However, AREG secretion in conditioned media was higher in bronchial epithelial cells compared to their asthma severity matching bronchial fibroblasts confirming that epithelial cells are the primary source of local lung cells in asthma (Figure 5). The insignificant difference between AREG secreted levels of healthy and asthmatic epithelial cells despite the overexpression of its mRNA levels can be explained by the complex regulatory network controlling AREG synthesis and secretion.

AREG was reported to show the ability to restore tissue integrity (15), through the mechanism of shedding to bind to autocrine or paracrine EGF receptor family. AREG ectodomain shedding is mediated by ADAM17 (74) and under some conditions ADAM8 and ADAM15 that are called sheddases (75). Most of these enzymes are secreted proteins (76). This processing adds another layer of regulation of AREG (77). Our results showed that asthmatic fibroblasts showed higher shedding of AREG ectoderm shedders (ADAM8, 9, 10, and 17). This goes with previous reports that in asthmatics airways, ADAMs, and ADAMTSs and their inhibitors are involved in asthma development (76).

As illustrated in Figure 6A, asthmatic fibroblasts showed higher shedding of AREG ectoderm shedders (ADAM8, 9, 10, and 17). The loss of the shedders can decrease the amount of the shed protein in the conditioned media. These shedders can still act on the adjacent cells to shed more AREG and increase its soluble forms. ADAM8 plays a proinflammatory role in asthma airway inflammation, and ADAM8-deficient mice failed to develop an experimental model of asthma (78). Nevertheless, there is a controversy about its function in asthma, ADAM8 can induce or inhibit the transmigration of leukocytes in airway inflammation of asthma (79). Also, ADAM8 was shown to mediate the infiltration of eosinophils and Th2 lymphocytes to airways of asthmatic patients (80). On the other hand, some reports showed that ADAM8 facilitates neutrophil migration to the airways in severe asthma and COPD (81).

Moreover, as illustrated in Figure 6B, our results revealed that non-severe asthmatic fibroblasts shed less ErbB1 and ErbB3 EGFR receptors compared to healthy ones. The indispensability of ErbB1/EGFR for AREG-mediated responses was previously reported in lung structural cells, and it was suggested that ErbB1-ErbB3 and/or ErbB2-ErbB3 heterodimers are involved in the AREG-mediated responses (82). AREG soluble form can act in an autocrine fashion to increase the stability and accumulation of its active EGFR (83). Alternatively, it was recently documented that in stressed cells (like the case of asthma), mRNA concentrations can transiently escalate in pulse-like pattern and return to basal level, while protein concentrations establish a new steady-state (84). It was reported that upon stimulation, cells would release soluble ADAM17 in exosomes to reach more distant substrates or cells (85).

AREG can activate intracellular signaling network that controls cell survival, proliferation, and motility (13). AREG binding to EGFR induced EGFR homodimerization or heterodimerization with ErbB2, ErbB3, and ErbB4 to trigger intracellular signals (13). The membrane proteoglycan, CD44, is a cofactor for the interaction of AREG with EGFR (86).

In contrast to most of EGFR ligands, AREG did not generate nuclear translocation of EGFR but showed markedly different patterns of EGFR internalization and trafficking (87). The ubiquitination of pro-AREG accelerated its half-life on the cell surface with the subsequent trafficking to intracellular organelles (88). The remaining cytoplasmic carboxy-terminal domain of AREG plays a vital role in regulating autocrine growth through the EGFR (77). The released AREG can circulate in a recently discovered type of extracellular nanoparticle called exomeres can modulate EGFR trafficking and prolong EGFR downstream signaling in recipient cells (89). Cells lacking AREG showed growth arrest that is restored by proAREG and AREG-CTD (90). AREG has “geographically” specific and unique intracellular signaling pathways that can determine whether cells grow or differentiate (77).

Helminth-induced type 2 inflammation enhance EGFR expression and AREG production under the effect of IL33 cytokine; later, AREG-EGFR activation will stimulate IL13 secretion needed for host resistance (15, 91). The upregulated AREG can reprogram infiltrating eosinophils to an inflammatory phenotype that produces an excess of profibrotic immunomodulatory protein osteopontin (20). IL5 stimulated eosinophils can contribute to the progression of airway remodeling, through the production of AREG (19).

There is translational evidence indicating upregulated expression of EGFR appears in the airways of asthmatics and activity of this signaling pathway is enhanced in relation to asthma severity (92). Specifically mucus hypersecretion is induced by EGFR activation to promote goblet-cell metaplasia in severe asthma (12). EGFR signaling of the asthmatic epithelium has been reported to be increased in relation to disease severity through the capacity of driving neutrophil fate and function through elaboration of neutrophil-specific factors in relation to disease severity (28). Others have reported a strong correlation between EGFR expression and neutrophilic-specific chemokines in the epithelium of patients with severe asthma (93, 94).

The high AREG expression in blood and saliva of asthmatic patients can be linked to the local increase in AREG expression secreted by structural cells into the extracellular spaces. AREG will then enter the systemic circulation due to the increased microvascular permeability during tissue inflammation (95, 96). The increased AREG blood levels will most likely diffuse into saliva and hence used as a reflective marker for upregulated plasma levels (31).

One limitation of our study is the small size of the participants, although we tried to include all patients who fulfill the criteria, many of the patients refused to participate in the study. Since asthma is a heterogeneous disease, having larger cohort can be more informative about the applicability of the new biomarkers. The number of females in each group was higher than males, previous reports showed that mice males differentially produce and utilize AREG in their lungs in response to viral infections, with greater EGFR internalization and was linked to the combinational effect of testosterone and AREG, that can improve the repair and recovery of damaged tissue in males compared with females (97). On the other hand circulating AREG was undetectable with no significant variation during the menstrual cycle (98). On the other hand, AREG mRNA expression was peaked in the pregnant females and correlated positively with number of good-quality embryos under the induction by diverse luteinizing hormones (99).

In conclusion, our findings suggest circulating AREG expression level can be a reliable, non-invasive, and cost-effective biomarker that can provide additional discriminating power to the available clinical and laboratory tests of asthma.
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ALDH Expression in Angiosarcoma of the Lung: A Potential Marker of Aggressiveness?

Beatrice Aramini1*, Valentina Masciale1, Daniel Bianchi1, Beatrice Manfredini1, Federico Banchelli2, Roberto D'Amico2, Federica Bertolini3, Massimo Dominici3, Uliano Morandi1 and Antonino Maiorana4


1Division of Thoracic Surgery, Department of Medical and Surgical Sciences, University of Modena and Reggio Emilia, Modena, Italy

2Department of Medical and Surgical Sciences, Center of Statistic, University of Modena and Reggio Emilia, Modena, Italy

3Division of Oncology, Department of Medical and Surgical Sciences, University of Modena and Reggio Emilia, Modena, Italy

4Department of Medical and Surgical Sciences, Institute of Pathology, University of Modena and Reggio Emilia, Modena, Italy

Edited by:
Hauke Busch, University of Lübeck, Germany

Reviewed by:
Sheng-Ming Wu, Taipei Medical University, Taiwan
 Ralph Pries, University of Lübeck, Germany

*Correspondence: Beatrice Aramini, beatrice.aramini@unimore.it

Specialty section: This article was submitted to Pulmonary Medicine, a section of the journal Frontiers in Medicine

Received: 05 June 2020
 Accepted: 09 October 2020
 Published: 30 October 2020

Citation: Aramini B, Masciale V, Bianchi D, Manfredini B, Banchelli F, D'Amico R, Bertolini F, Dominici M, Morandi U and Maiorana A (2020) ALDH Expression in Angiosarcoma of the Lung: A Potential Marker of Aggressiveness? Front. Med. 7:544158. doi: 10.3389/fmed.2020.544158



Background: Primary angiosarcoma of the lung is a very aggressive rare malignant disease resulting in a severe prognosis (1). This type of cancer represents about 2% of all soft tissue sarcomas and has a high rate of metastasis through the hematogenous route. For the rarity of this malignant vascular tumor it is still challenging to set a diagnosis (1). The diagnostic features that have thus far been considered include primarily clinical and radiological findings. In some cases, immunohistochemical characteristics based on the most common markers used in pathology have been described. The aim of this report is to present two cases of angiosarcoma of the lung in which the aldehyde dehydrogenase (ALDH) marker was analyzed by immunohistochemistry.

Methods: We report two cases of angiosarcoma of the lung in patients underwent lung surgery at our Unit. In addition to the standard histopathological analysis for this disease, immunohistochemistry using an ALDH1A1 antibody was performed in both of the cases. For ALDH quantification, a semi-quantitative method based on the positivity of the tumor cells was used: 0 (<5%), 1 (5–25%), 2 (>25–50%), 3 (>50–75%), 4 (>75%).

Results: One patient with recurrent lung disease survived, achieving complete remission after chemo- and radiotherapy. The second patient died of recurrent disease within 5 years of diagnosis. ALDH1A1 was evaluated in both of these cases using an immunohistochemistry scoring system based on the positivity for this marker. The scores were consistent with the patients' clinical outcomes, as the lower (score 1) was observed in the patient with the better clinical outcome, while the higher (score 3) was seen in the patient with the worse outcome.

Conclusion: Our data suggest that ALDH may be an important clinical marker in angiosarcoma of the lung. Although further studies need to be performed in a larger cohort of patients, we believe that, if the results will be confirmed, ALDH1A1 may be used to stratify patients in terms of prognosis and for targeted therapy.

Keywords: target therapy, aldehyde dehydrogenase (ALDH), malignant rare lung tumor, rare tumor, angiosarcoma, marker, angiogenetic process, malignant vascular tumors


BACKGROUND

Angiosarcoma is a rare form of malignant vascular tumor occurring for the 2% of soft tissue sarcoma (1–3). Clinical symptoms are similar to those observed in other pulmonary tumors (2). The radiological presentation is highly variable, ranging from a solitary nodule to multiple bilateral lesions. In addition, due to its clinicopathological similarity to metastatic angiosarcoma of the lung, a diagnosis of primary disease requires a complete clinical and radiological examination of the body in order to ensure that there are no primary lesions outside of the chest. Therefore, immunohistochemistry is the gold standard technique to make a diagnosis of angiosarcoma of the lung; in particular, the most used markers are Factor VIII, CD31, CD34, and Fli-1 (4). There is not yet a standardized therapy for this disease; however, therapy usually consists of surgical treatment, chemotherapy, and radiotherapy, depending on the clinical presentation and the number of lesions.

However, aldehyde dehydrogenase (ALDH) which is an enzyme able to detect normal and malignant stem/progenitor cells (5) is now used as marker in tumor initiating cells (TICs) especially for the two ALDH isoforms, ALDH1A1 and ALDH1A3 (6–8). In particular, ALDH1A1 has been considered the most effective markers in consideration of poor prognosis for lung cancer and it is considered a marker of stemness, promoting angiogenesis, which is one of the main characteristics in high vascularised tumor as the angiosarcoma (9–11). Moreover, ALDH1A3, which is another ALDH isoform, is mainly enrolled in the regulation of matricellular proteins promoting the vascular smooth muscle cell proliferation (12).

ALDH has also the capacity to regulate the most important cells functions as self-renewal, expansion, differentiation and drug resistance (13). A deeper knowledge of the ALDH molecular pathways will be useful in many specialties, as regenerative medicine and oncology. In particular, a current clinical trial demonstrates the importance of comparing the effects of the ALDH inhibitor dimethyl ampal thiolester (DIMATE) on normal and malignant hematopoietic cells and stem cells (9, 13). In particular, it has been shown that DIMATE could potentially be used to selectively eliminate cancer cells (9). Although these results were obtained in hematological disease, they demonstrated the importance of ALDH in oncology and suggested that ALDH may be considered not only a marker, but also a target.

In this report, we present our experience with two cases of primary angiosarcoma of the lung that had completely different clinical presentations and, therefore, completely different treatments. In particular, we found that, while both of the angiosarcomas showed ALDH expression, high and low ALDH scores were associated with worse and better prognosis, respectively. Further studies on the presence of this marker in angiosarcomas of the lung may highlight the importance of ALDH as a prognostic factor and as a potential biomarker for targeted therapies.



METHODS


Case 1

A 27-year-old man arrived at our Department in June 2016 after multiple episodes of hemoptysis followed by intense chest pain. He referred only previous episodes of inflammatory bowel disease (IBD). Chest X-rays showed multiple bilateral lesions in the lungs that were confirmed by the computed tomography (CT) scan in which multiple pseudonodular features surrounded by a ground glass halo were identified in both lungs (Figure 1A). The abdomen and brain CT scan were negative for atypical lesions. A PET scan was performed, revealing evidence of multiple active sites in the lungs (Figure 1B). In June 2016, transbronchial biopsies were non-diagnostic and the patient underwent surgical left lung biopsies performed using a video-assisted thoracic surgery (VATS) approach. The pathological exam revealed spindle cells of endothelial origin that stained positive for CD31 and partially positive for cytokeratin AE3/AE4. Staining for CD34, TTF1, and CD30 were found to be negative. An angiosarcoma of the lung was diagnosed.


[image: Figure 1]
FIGURE 1. (A) Chest CT in case 1 before treatment. The lungs showed bilateral nodules. (B) Total body 18F-FDG PET. No hypermetabolic lesions other than the lesions in the lungs.


The patient was sent to the oncologist. A new chest CT performed in July 2016 showed a recurrence at the level of the thoraco-abdominal passage at the cardiophrenic angle and caudally to the right lower lobar pulmonary vein; after positioning of a port-a-cath (PORT device), patient started first-line chemotherapy with epirubicin and ifosfamide. The revaluation after three cycles revealed an excellent response in the parenchymal lung lesions, a net reduction of bilateral pleural effusion, and a reduction in the lesion at the level of the D5 soma in net volumetric evolution. On October 2016, radiosurgery (18 Gy in single dose) on the D5 lesion was performed. Another three cycles with the same scheme followed. In January 2017, due to lung progression, the patient was started on second-line chemotherapy with docetaxel plus gemcitabine associated with radiotherapy until April 2017 (four total cycles given); starting in April, the therapy continued with only gemcitabine. After these treatments, in May 2017, the patient showed additional hemoptysis episodes, which drew attention to a recurrence at the level of the left lower lobe. In August 2017, he started weekly paclitaxel and achieved a complete remission of the disease, which has been confirmed in the subsequent follow-up examinations. The most recent chest CT (performed in January 2020) showed a complete remission of angiosarcoma (Figure 2).


[image: Figure 2]
FIGURE 2. Chest CT in case 1 after chemo- and radiotherapy treatment. After 1 year of treatment, the patient showed a complete remission of the disease.




Case 2

A 61-year-old woman came to our hospital for persistent cough in the last 2 years, initially treated as an allergic bronchiolitis without any improvement. Her medical history was notable only for a prior isterectomy due to fibromatosis. She denied smoking habit.

In August 2005, a chest X-ray showed a small single lesion in the left lung. At the same time, a CT scan of the chest showed evidence of hyper-dense tissue of ~2 cm around the lower left bronchus.

In September 2005, we performed a bronchoscopy with transbronchial biopsy, leading to the diagnosis of angiosarcoma. To ensure that it was not a metastatic lesion, we performed a magnetic resonance imaging (MRI) of the abdomen followed by an 18-fluorodeoxyglucose integrated with computed tomography (18F-FDG PET/CT). Neither showed evidence of any other atypical lesion. Primary angiosarcoma of the lung was diagnosed.

In October 2005, a left lower lobectomy was performed by thoracotomy, without any major complications after the surgical procedure.

The histological examination confirmed the initial diagnosis of angiosarcoma, with immunohistochemistry positive for myocyte nuclear factor (MNF116) and CD34 and partially positive for Factor VIII and CD31. A hilar lymph node was found positive for local invasion.

After 1 month from surgery, she was undergone chemotherapy with docetaxel plus gemcitabine (four total cycles given), associated with radiotherapy on the mediastinum (~50 Gy in 25 fractions). Patient performed 3 years follow up by chest and abdomen CT with contrast enhancement until 2008, which showed normal radiological findings, free from the tumor lung disease.

In 2009, the patient was admitted to our Unit for left thoracic pain and suspicious for rib fractures. She underwent to a chest CT with contrast enhancement showing a neoformation of 3.5 × 2 × 1.5 cm at the level of the left intercostal space, between the tenth and the eleventh rib. Due to the previous history of angiosarcoma of the lung, patient underwent surgery in general anesthesia to remove the mass and make a diagnosis. An excision was performed at the level of the chest neoformation with partial removal of the ninth and tenth left rib and a plastic reconstruction of the left thoracic wall. Patient stayed clinically stable and she was discharged from hospital after 6 days without complications. The oncologic team evaluated the patient after few weeks from surgery and a chemotherapy plan was set with only gemcitabine for other 4 months, with no complete remission. The patient died in early 2010 due to insufficient respiratory function caused by lung recurrence.


Immunohistochemistry

Paraffin was firstly removed from tissue section with the use of xylene, and subsequently a descending scale of ethyl alcohol (100, 90, 80, and 70°) was used to rehydrate the slices before the washing procedure with phosphate-buffered saline (PBS). The antigen retrieval was performed with a 10 mM sodium citrate buffer ad a high temperature water bath (95°C). After 15 min the slices were washed with PBS for 30 min. To suppress the interference of endogenous peroxidase a solution of 3% H2O2 was used to dip samples. Therefore, serum was necessary for blocking non-specific signal. At the end of this procedure primary antibodies were added for hours to tissue slices (ab-134188, Abcam, Cambridge, MA, USA), anti-CD34 (Ventana Medical Systems, Arizona, USA), and anti-CD31 (Cell Marque, California, USA). Furthermore, sections were incubated for 30 min with a secondary antibody (PK-4001; Vector Labs, USA) before three times washing with PBS. Samples were subsequently incubated with ABC-HRP (PK-4001; Vector Labs, USA), washed in PBS in order to remove the excess antibody, and stained with 3,3-diaminobenzidine (DAB). Finally, a secondary stain with Mayer's hematoxylin was applied to provide contrast in the section. At the end slices were dehydrated with an ascendant alcohol grade scale (70, 80, 90, and 100°), and then subsequently mounting media was added. Tissue sections were analyzed using a Zeiss Axioskop microscope, with a Zeiss AxioCam ICc 3 High-Resolution Microscope Camera, at 10 × and at 20 × magnification. Blinded a and independent evaluation of the sample were performed to assign the right score for the evaluation of positive cells, in accordance to a previous score (6–8). Immunoreactivity for ALDH marker was assess by a semi-quantitative method based on this range of positivity for the tumor cells: 0 (<5% positive), 1 (5–25%), 2 (>25–50%), 3 (>50–75%), and 4 (>75%) (7).





RESULTS


Clinical Results
 
Case 1

After 1 year of chemotherapy and radiotherapy cycles, the patient showed a complete remission of the disease. The last chest CT performed in January 2020 showed complete remission.



Case 2

After 5 years of treatments, the patient died in 2010 due to respiratory insufficiency caused by this malignant lung disease.




Immunohistochemical Evaluation of the ALDH Stem Cell Marker in Two Cases of Angiosarcoma of the Lung

The positivity to the ALDH marker was assessed for these pulmonary angiosarcoma cases, using a previous score system (10–12, 14). Samples were examined at 10 × and at 20 × magnification to assign the appropriate score value. In accordance with the literature, in the normal bronchial epithelium ALDH1A1 expression was assed (8). These two patient samples had a different expression of ALDH1A1 staining in the tumor fraction: for case 1, the score was 1 (<5–25% positive tumor cells), while in case 2 the score was 3 (>50–75% positive tumor cells) (Figure 3). The scores seem to be consistent with the clinical outcome of these two patients, as the lower score was observed in the patient with the better clinical outcome, while the higher score was measured in the patient with the worse clinical outcome.


[image: Figure 3]
FIGURE 3. Immunohistochemical analysis and quantification of ALDH-positive cells in two cases of angiosarcoma of the lung. Paraffin-embedded tissues were stained with an ALDH antibody to detect positive cells in these two different cases of angiosarcoma of the lung. (A,B) Case 1 and (C,D) Case 2. (E,F) Isotype control of anti-ALDH antibody. (G,H) Adenocarcinoma of the lung used as positive control of anti-ALDH antibody. Semi-quantitative method to measure ALDH based on the positivity of the tumor cells: 0 (<5% positive), 1 (5–25% positive), 2 (>25–50% positive), 3 (>50–75% positive), and 4 (>75% positive). Representative images are shown, with 10 × and 20 × magnification. Scale bar = 100 μm.





DISCUSSION

Angiosarcoma of the lung is an extremely rare tumor described in only a few case reports because of its low prevalence in the population. However, it is very interesting to study because of the aggressiveness of this disease which tends to be spread in different part of the body. The rate of recurrence is very high for the intrinsic properties of this tumor with a 5-year survival rate around 20–35% (15–17), which is in contrast to the 5-year survival for all types of soft tissue sarcomas, around 65% (18).

The approaches to treat this malignancy are primarily surgery (in operable patients) and chemoradiotherapy for advanced disease. Table 1 shows an updated information from the recent literature (10–12, 14–18, 20–29), highlighting the clinical and surgical approaches, as well as also the most frequently used markers for this disease.


Table 1. Angiosarcoma of the lung.
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It has been recently showed that ALDH identifies tumor cells with increased affinity for primary tumors, as well as a high capacity to disseminate in many organs (30–32). The scientists have recently found a correlation between ALDH and the capacity to calibrate the tumor cells dissemination into the body (30–33). In particular, different ALDH isoforms seem to be able to regulate the cells diffusion into several solid tumors (30–33). In an interesting study published in 2014 by Nicholas Greco et al. it has been demonstrated a significant correlation of aldehyde dehydrogenase (ALDH) activity and the presence/absence of distant metastases in ten consecutive cases of human bone sarcomas (34). Although angiosarcoma is more difficult to investigate for the rarity of this tumor into the population, it is important to understand the possible role that ALDH may have in this tumor for the possibility to set new target treatment against this aggressive malignant disease. Another interesting aspect recently described which needs to be considered regards the central role of ALDH into the angiogenetic process, detected into the endothelial stem-like cells in vascularized tumors (35, 36). This aspect may strongly confirm the possible presence of ALDH even in a vascularized tumor as the angiosarcoma of the lung.

In our report, we showed two cases of angiosarcoma of the lung with different scores of ALDH protein expression. In particular, in case 1, we noted a low ALDH expression (score 1). This patient had a very good outcome: he had recurrence, but achieved remission of the disease after chemo- and radiotherapeutic treatments. In case 2, the patient showed a higher ALDH expression (score 3), and the patient died due to disease recurrence. This may indicate that the severity of the ALDH score could link with the worst prognosis and viceversa. This is the first report showing the presence of the ALDH marker in angiosarcoma of the lung. Notably, this is a report of only two cases; however, although the publications in this field are limited, we believe that the current data on this marker in this disease support future studies in a larger cohort of patients to test the presence of this marker and, possibly, determine whether prognosis is correlated with the expression of this protein. If the results from this report will be confirmed in a larger population, it will be interesting to consider new targeted treatment based on ALDH, which is currently being tested in a clinical trial for hematological malignancies (9).


Limitations

Our study is the first report showing the presence of ALDH1A1 in lung angiosarcoma. We are conscious that this is a brief report of only two clinical cases, probably due to the rarity of this disease. Further multicentric studies will need to be set to confirm our data. However, we believe that our report is important to amplify the knowledge regarding possible markers which have been already studied in non-small cell lung cancer showing a high impact of this marker on the prognosis, as well as also in responses to cancer treatments (9, 10, 13, 33, 34).

In conclusion, although not confirmed in a larger cohort of patients for lung angiosarcoma, ALDH targeted therapy may be an effective treatment perspective for this malignancy, which usually appears at a high grade with an aggressive prognosis.
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Background: Superoxide dismutases (SODs) are an important family of antioxidant enzymes that modulate reactive oxygen species levels. It is largely unknown which SOD isoform(s) change in vivo in idiopathic pulmonary arterial hypertension (IPAH) patients.

Methods: A total of 133 consecutive adult IPAH patients who underwent bone morphogenetic protein receptor type 2 (BMPR2) genetic counseling were enrolled in this prospective study. The plasma activities of three subtypes of SOD [copper–zinc (Cu/Zn-SOD), manganese (Mn-SOD), and extracellular SOD (Ec-SOD)] were examined.

Results: The activities of SODs were significantly lower in IPAH patients than in healthy subjects. However, only Ec-SOD activity in BMPR2 mutation patients was significantly decreased compared to those in patients without a mutation. The reduced Ec-SOD activity was markedly associated with mean pulmonary arterial pressure, pulmonary vascular resistance (PVR), and 6-min walking distance (6MWD). The reduction of Mn-SOD activity was only associated with 6MWD. There was no association between Cu/Zn-SOD and hemodynamics. Patients with a lower Ec-SOD level had a worse survival compared to those with a higher baseline. The reduced Ec-SOD activity and the raised PVR increased the mortality risk.

Conclusions: Ec-SOD was correlated with BMPR2 mutation, hemodynamic dysfunction, and poor outcomes. Circulating Ec-SOD could be a potentially vital antioxidant enzyme in the pathogenesis of IPAH.

Keywords: idiopathic pulmonary arterial hypertension, superoxide dismutases, extracellular SOD, biomarkers, prognosis


INTRODUCTION

The enhanced production of superoxide anions and other reactive oxygen species (ROS) contributes to the pathogenesis of pulmonary arterial hypertension (PAH) (1). The superoxide or ROS inactivates endothelium-derived nitric oxide (NO) and promotes the progression of endothelial dysfunction. Accordingly, steady-state levels of superoxide are dependent on both its rate of production and the activity of various antioxidant enzymes (2, 3). Superoxide dismutases (SODs) are one family of important antioxidant enzymes that defend against superoxide radicals in vascular protection. The expression and the activity of SODs presumably have a profound effect on the responses of vascular cells to both acute and chronic oxidative stress (4).

Blood vessels express three isoforms of SODs: copper–zinc SOD (Cu/Zn-SOD, SOD 1), which locates in the cytosol, manganese SOD (Mn-SOD, SOD 2), which locates in the mitochondrial matrix, and an extracellular form of Cu/Zn-SOD (Ec-SOD, SOD 3) (4, 5). In mammals, different SOD isoforms are encoded by distinct genes but catalyze the same reaction. A reduction of SOD activity has been implicated in patients with PAH and in animal models of PAH (1, 6–12). For example, Cu/Zn-SOD knockout mice spontaneously displayed signs of elevated right ventricular systolic pressure and pulmonary arterial remodeling under normoxia (6). Mn-SOD deficiency was likewise evident in pulmonary arteries and plexiform lesions. Tissue-specific, epigenetic Mn-SOD deficiency initiated and sustained a heritable form of PAH by impairing redox signaling and resulting in proliferation and apoptosis resistance of pulmonary arterial smooth muscle cells (PASMC) (7). In a recent phase I and open-label clinical study in IPAH patients, the plasma Mn-SOD level change was used as a potential marker of drug effect (8). Remarkably, both Ec-SOD mRNA expression and activity were decreased in the lung tissue of idiopathic PAH (IPAH) (9). The loss of function or selective depletion of Ec-SOD exacerbated PAH (10, 11). The intratracheal delivery of adenoviruses overexpressing Ec-SOD could suppress monocrotaline-induced PAH in rats (12). Taken together, these data suggested that SODs are important antioxidant enzymes in the pathogenesis of PAH.

Identifying the link between defective SOD activity and clinical characteristics in IPAH patients is important, which, in turn, can be used as an epigenetic biomarker for a new and improved therapeutic strategy. Approximately 20% of patients with IPAH carried mutations in bone morphogenetic protein receptor type 2 (BMPR2), where a loss of BMPR2 function may compromise the integrity of the endothelial barrier and contribute to endothelial dysfunction by mediating endothelium-derived nitric oxide bioactivity (2, 13, 14). To date, there is limited information on plasma SOD alteration in IPAH patients with or without BMPR2 mutation. Thus, the objective of the present study was to prospectively determine whether (a) the abnormalities of SOD levels were related to hemodynamic dysfunction and clinical characteristics, (b) patients with BMPR2 mutation had a more severe reduction of SOD levels, and (c) plasma SOD level could be a predictor for prognosis and clinical outcome.



MATERIALS AND METHODS


Study Subjects

One hundred thirty-three consecutive adult IPAH patients (≥18 years of age at diagnosis) who underwent BMPR2 genetic counseling at the time of their first right heart catheterization were prospectively enrolled in this study between January 2010 and July 2013. One hundred thirty control subjects were selected from a cohort of healthy volunteers. The median age of the control subjects was 40 (20–57) years, and the ratio of women to men was 3:1. IPAH was diagnosed according to standard criteria: mean pulmonary artery pressure (mPAP) ≥25 mmHg and pulmonary vascular resistance (PVR) at rest >3 Wood units, in the presence of a normal pulmonary artery wedge pressure (PAWP ≤15 mmHg) (15). Patients were excluded if they have definite causes for PAH, such as connective tissue disease and congenital heart disease, and also those with portopulmonary hypertension, chronic pulmonary thromboembolism, pulmonary hypertension due to left heart diseases, and lung diseases and/or hypoxemia. Other exclusion criteria for the study included potential confounding factors associated with plasma antioxidant enzyme production: cigarette smoking and excessive alcohol consumption, hypertension, and type 2 diabetes mellitus (16, 17). We also excluded the participants who completed an acute exercise and were with vitamin C and E supplementation (18). We prospectively followed up these patients for a mean of 26 ± 9 months after enrollment, and no patient received lung or heart–lung transplantation. The major endpoint was defined as all-cause mortality.

The study was conducted according to the principles of the Declaration of Helsinki and was approved by the Shanghai Pulmonary Hospital Ethics Committee (number K16-055). Written informed consent was obtained from all the participants.



Blood Sampling and Plasma SOD Assay

Venous blood was collected from all subjects after fasting overnight (>12 h) to minimize the influence of foods and beverages on the plasma SOD concentrations. All the samples were collected directly into specially prepared sodium ethylene diamine tetra-acetic acid tubes containing a preservative to retard auto-oxidation. After centrifuging at 3,000 rpm at 4 for 15 min, the supernatant was separated for SOD activity immediate determinations. The whole procedure was completed within 20 min. For the oxidant test, the presence of 0.005% butylated hydroxytoluene (without glutathione) in plasma was allowed for anti-ex vivo oxidation and improving the stability, routinely. Each sample was measured within a month of collection, and at least two different dilutions of the same sample were tested. To minimize the inter- and the intra-assay coefficients of variation, each analyte was duplicated on three different days within 1 month. The plasma Cu/Zn-SOD and Mn-SOD activities were determined by an SOD assay kit (Cayman Chemical Company, item no. 706002) using a tetrazolium salt reaction (9). The method utilized tetrazolium salt for the detection of superoxide radicals generated by xanthine oxidase and hypoxanthine. Detection of only Mn-SOD activity needs the addition of potassium cyanide to inhibit both Cu/Zn-SOD and Ec-SOD. The samples can be assayed in the absence of xanthine oxidase to generate a sample background. This sample background absorbance (at 440–460 nm) was subtracted from the sample absorbance generated in the presence of xanthine oxidase, thus correcting for non-SOD-generated absorbance.

The plasma activity of Ec-SOD was performed based on the competitive ELISA assay kit (Lifespan Biosciences, NBP1-90377) according to the manufacturer's instructions (19). Each well of the supplied microtiter plate has been pre-coated with a target-specific capture antibody. Standards or samples are added to the wells as well as a fixed quantity of biotin-conjugated target antigen. The antigens in the standards or samples compete with the biotin-conjugated antigen to bind to the capture antibody. An avidin–horseradish peroxidase (HRP) conjugate is then added, which binds to the biotin. A 3,3′,5,5′-tetramethylbenzidine substrate was used for testing for Ec-SOD, and the optical density of the well is measured at a wavelength of 450 ± 2 nm.



Statistical Analysis

Results were expressed as numbers, percentages, means with corresponding standard deviations, or medians with corresponding 25th and 75th percentiles [interquartile range (IQR)]. Continuous variables were compared with baseline characteristics, hemodynamic parameters, and SOD levels using Student's t-test or Mann–Whitney U-test according to normality. The proportions were compared with Pearson chi-square test or Fisher's exact test, as appropriate. Continuous variables were assessed for linearity of their relationship with the outcome variable. Spearman's ρ was investigated for correlations, with a Bonferroni correction for each variable. If these variables were not found to be linearly related to the outcome, they were grouped into quartiles and modeled to avoid violating model assumptions. A univariate analysis of covariance adjusted for age and sex was carried out to compare the means among the three groups (control subjects, BMPR2 mutation carrier group, and BMPR2 wild-type group). Bonferroni method was applied to correct the p-value for multiple comparisons in post hoc tests.

For comparison of the prognostic values of SODs and selected hemodynamic parameters, receiver operating characteristic curves (ROC) were generated and the areas under the curves were calculated. The optimal thresholds for baseline Ec-SOD for death prediction was determined using Youden index (sensitivity + specificity−1). The value of Ec-SOD corresponding to the maximum value of Youden's index was considered as the optimal cutoff point for Ec-SOD. Survival analyses were performed using Kaplan–Meier method and were compared by means of log-rank test. Two steps were performed to analyze the survival. First, a univariable Cox proportional regression was used for time-to-event analysis to estimate hazard ratios (HR) and 95% confidence intervals (CI) for all-cause mortality according to the stratified covariates (SODs, hemodynamic parameters, 6MWD, WHO FC, female gender, and age). All variables with a p < 0.05 were then tested in a stepwise forward Cox regression analyses; the variables were entered at a p < 0.05. In the second step of the survival analysis, a multivariable stepwise forward Cox regression model was used to estimate the HR and the 95% CI for association in different SOD groups and outcomes adjusted for age and sex. For all analyses, p < 0.05 were considered as statistically significant. All calculations were performed using the SPSS 14.0 statistical software package (Statistical Package for Social Science, Chicago, IL, USA) or StatView 5.0.1 (SAS Institute, Cary, NC, USA).




RESULTS


SOD Levels and Characteristics of the Study Population

Among the 133 IPAH patients recruited, 28 (21%) were BMPR2 mutation carriers (BMPR2 mut); the other 105 patients were BMPR2 wild-type (BMPR2 wt). The clinical characteristics are summarized in Table 1. The patients with BMPR2 mut had a younger median age at diagnosis (28 years; IQR, 22–34 years) than those of with BMPR2 wt (39 years; IQR, 29–53 years; p < 0.001). The sex ratio of females to males was 2.4:1 (n = 94/39) in the total population. In BMPR2 wt patients, the female/male ratio was 3.0:1 (n = 79/26), whereas in the BMPR2 mut group, the female/male ratio was 1.2:1 (n = 15/13, p < 0.001). In patients with IPAH, plasma Cu/Zn-SOD (148 U/ml; 95% CI, 114–213), Mn-SOD (40 U/ml; 95% CI, 34–115), and Ec-SOD (85 U/L, 95% CI, 79–119) activities were significantly lower compared to those in the 130 control subjects (212 U/ml, 95% CI: 153–266; 144 U/ml, 95% CI: 114–157; and 175 U/L, 95% CI: 143–193, respectively; p < 0.01 or p < 0.001). Among the three comparison groups (control subjects, BMPR2 mut group, and BMPR2 wt group), plasma Ec-SOD activity was still lowest in the BMPR2 mut group, adjusted for female gender (F = 6.679, p = 0.010) and age (F = 1.420, p = 0.002). There was no difference of Cu/Zn-SOD and Mn-SOD in the multiple-comparison tests. Only Ec-SOD activity in patients with BMPR2 mut group was statistically decreased compared to those in the BMPR2 wt group (BMPR2 wt, p = 0.02, Figure 1). However, there was no significant difference regarding WHO functional class severity in both BMPR2 mut and BMPR2 wt groups as well as total patients.


Table 1. Baseline characteristics and SOD levels in patients with IPAH.
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FIGURE 1. Plasma superoxide dismutase (SOD) activity in patients with idiopathic pulmonary arterial hypertension (IPAH), control subjects, patients with BMPR2 mutation (BMPR2 mut), and those with wild-type BMPR2 (BMPR2 wt), associated with WHO functional class. (A) The plasma Cu/Zn level was significantly decreased in patients with IPAH compared to that in the control subjects. (B) The Mn-SOD activity was significantly lower in patients with IPAH compared to that in the control subjects. (C) The Ec-SOD activities in patients with IPAH were significantly lower compared to those in the control subjects. The Ec-SOD activity in patients of the BMPR2 mut group was statistically decreased compared to that in patients of the BMPR2 wt group. The line through the center of the boxes represents the median. BMPR 2, bone morphogenetic protein receptor type 2; Cu/Zn-SOD, copper–zinc superoxide dismutase; Mn-SOD, manganese superoxide dismutase; Ec-SOD, extracellular form of Cu/Zn superoxide dismutase.




Correlation of SOD Activity With Hemodynamic Variables

The BMPR2 mut patients had a more severe hemodynamic compromise, with a significantly higher mPAP and PVR in comparison with the BMPR2 wt patients (Table 1). The baseline plasma Ec-SOD activities were negatively correlated with mPAP (r = −0.22; p = 0.04) and PVR (r = −0.21; p = 0.02). The Ec-SOD and the Mn-SOD activities were correlated positively with 6MWD (r = 0.26; p = 0.003, r = 0.19; p = 0.04, respectively, Figure 2). The other baseline SOD activities did not correlate with age, mRAP, and mixed venous oxygen saturation (SVO2) (Supplementary Figures S1–S8).


[image: Figure 2]
FIGURE 2. Relationship between baseline plasma Ec-SOD activity with (A) mean pulmonary arterial pressure (mPAP), (B) pulmonary vascular resistance (PVR), (C) 6-min walking distance (6MWD), and (D) plasma Mn-SOD activity with 6MWD in patients with idiopathic pulmonary arterial hypertension (IPAH). The baseline plasma Ec-SOD activities were negatively correlated with mPAP and PVR. The Ec-SOD and Mn-SOD activities were correlated positively with 6MWD.




SOD Activities in Relation to Other Markers of Adverse Outcomes

A univariate analysis identified several factors related to mortality. An elevated mRAP, an increased PVR, and a reduced Ec-SOD were all significantly associated with an increased risk of death. By a stepwise multivariate Cox regression analysis, only the lower Ec-SOD and the higher PVR remained as significant predictors of adverse outcomes (Figure 3).
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FIGURE 3. Cox proportional hazards model of factors associated with survival in idiopathic pulmonary arterial hypertension (univariate and multivariate analyses). The lower Ec-SOD and the higher PVR remained as significant predictors of adverse outcomes. The asterisk indicates identification by the receiver operating characteristic analysis curve-derived cutoff value. BMPR 2, bone morphogenetic protein receptor type 2; CO, cardiac output; Cu/Zn-SOD, copper–zinc superoxide dismutase; Ec-SOD, extracellular form of Cu/Zn superoxide dismutase; Mn-SOD, manganese superoxide dismutase; mPAP, mean pulmonary arterial pressure; mRAP, mean right atrial pressure; 6MWD, 6-min walking distance; PVR, pulmonary vascular resistance; SvO2, mixed venous oxygen saturation.


The ROC curve analyses further illustrated that Ec-SOD was a strong indicator of adverse outcomes in IPAH. The best Ec-SOD cutoff level for predicting outcome was 83 U/L, giving a sensitivity rate of 69% and a specificity rate of 71%. The c-statistic for Ec-SOD level was 0.72 (95% CI, 0.64–0.85), which was similar to PVR (0.73; 0.60–0.86) but numerically superior to 6MWD (0.66; 0.55–0.76), mPAP (0.58; 0.44–0.71), Mn-SOD (0.54; 0.41–0.67), and Cu/Zn-SOD (0.47; 0.32–00.61, Figure 4A).


[image: Figure 4]
FIGURE 4. Extracellular form of Cu/Zn superoxide dismutase (Ec-SOD) activity in relation to other markers for an adverse prognosis according to (A) receiver operation characteristic analyses and (B) survival curves for the baseline cutoff plasma Ec-SOD activity in patients with idiopathic pulmonary arterial hypertension, adjusted by age and female gender. The best Ec-SOD cutoff level for predicting outcome was 83 U/L. Survival was significantly better in patients with Ec-SOD activity >83 U/L.




Survival Analysis

The observed cardiopulmonary mortality was 26% (35 patients) in the current cohort of IPAH patients. Twenty-five of the deaths were directly related to right ventricular failure; six had a sudden death, and the cause of death was not able to be ascertained in four cases. The total patients with IPAH were divided into two groups based on the cutoff levels for Ec-SOD calculated by ROC analysis to detect mortality.

In the group of 59 patients with Ec-SOD activity ≤83 U/L, 24 (41%) died, but only 11 of 74 (15%) patients were in the group with Ec-SOD activity >83 U/L (p < 0.001). The patients with Ec-SOD activity >83 U/L had a significantly lower mPAP and PVR than those with Ec-SOD activity ≤83 U/L. Moreover, the proportion of female gender and the severity of WHO functional class in the group with Ec-SOD ≤83U/L were higher than those with Ec-SOD >83 U/L (Table 2). Survival was significantly better in patients with Ec-SOD activity >83 U/L (Figure 4B). The 1- and 3- year survival estimates were 84 and 63%, respectively, in patients with Ec-SOD activity ≤83 U/L and 95 and 86%, respectively, in patients with Ec-SOD activity >83U/L (p = 0.004), adjusted by age and female gender.


Table 2. Baseline characteristics in relation to Ec-SOD activity.
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DISCUSSION

Antioxidant enzymes play prominent roles against oxidative damage and provide protective signals in pathological remodeling of the pulmonary vasculature during the development of PAH. Understanding the SOD pathway will greatly help in the clinical development of medications for PAH therapy. However, it is unclear whether an abnormality of SOD activity is associated with hemodynamic dysfunction and poor outcomes in patients with IPAH. Our results demonstrate that (a) the plasma SOD activity was markedly reduced in patients with IPAH compared to that in healthy subjects, (b) patients with BMPR2 mutation had a lower Ec-SOD level than the no-mutation subjects, (c) only Ec-SOD activity was correlated with hemodynamic abnormalities and survival, and (d) a decreased Ec-SOD activity was associated with an increased mortality risk, suggesting that the use of Ec-SOD may be superior to Cu/Zn-SOD or Mn-SOD for supplemental treatment if possible.

Oxidative stress in PAH is rather inescapable with the increased lipid peroxidation and reduced antioxidant defenses (20). The expression and the activity of SODs presumably have profound effects on the responses of vascular cells to oxidative stress (4). It is noteworthy that the plasma activity of all SODs' isoforms is statistically decreased in patients with IPAH compared with that in the healthy subjects in our study, especially for Ec-SOD activity. The decreases in Ec-SOD activities might not be attributed solely to superoxide or ROS level; the mechanisms of post-translation modification, genetic polymorphisms, and epigenetic regulation are included (21–23). For example, exogenous hydrogen peroxide (H2O2) inactivates Ec-SOD in persistent pulmonary hypertension of newborn lambs. Through oxidation of histidine residues in copper-containing catalytic sites, H2O2 has been shown to inhibit Ec-SOD activity (21). Moreover, Nozik-Grayck et al. have reported that histone deacetylation contributed to low Ec-SOD expression in PASMC from IPAH patients, specifically via class I histone deacetylase 3 (9, 23). There is also evidence that miR21 could inhibit Ec-SOD expression in lung epithelial cells in PAH (23). Collectively, Ec-SOD activity may be regulated by comprehensive processes in pulmonary hypertension; substantial work is geared on how to use Ec-SOD to evaluate the oxidative stress system.

Despite important advances in understanding the genetics of PAH (such as mutation in BMPR2 in familial PAH) and the recognition of somatic chromosomal abnormalities in sporadic PAH, the cause of most cases of PAH remains yet unclear (24, 25). It has been reported that patients with BMPR2 mutations exhibited a reduced level of NO production (26). Despite finding 21% of IPAH patients to have BMPR2 mutations, not all patients with a mutation in the present cohort had a corresponding lower activity of SODs. It has been shown that Ec-SOD is the only extracellular isoform and occurs in bodily fluids such as plasma, lymph, and synovial and cerebrospinal fluid in the human organism (27). Ec-SOD can bind to the surface of endothelial cells by a high abundance of heparin sulfate. Consequently, it is highly expressed in lung tissue (28). Notably, Ec-SOD is the predominant isoform responsible for up to 70% of all SOD activity in the cardiovascular system (29, 30). Xu et al. reported that Ec-SOD gene mutation (SOD 3E124D) in rats or SOD 3 knockout in mice aggravated the development of PAH under stress conditions (10). In addition, Ec-SOD preserves NO levels as it diffuses from the endothelium to its major target (soluble guanylate cyclase) in the vascular muscle (4, 31). The activity of Ec-SOD was markedly lower in BMPR2 mutation patients in our present study, possibly due to the decreased bioavailability of NO and/or decreased responsiveness to NO in PAH.

We found that the reduced Ec-SOD activity was closely associated with the severity of hemodynamic impairment in the study population as a whole, implying that antioxidant enzyme deficiency might partly reflect pulmonary vascular resistance under oxidative stress status. ROS could stimulate vasoconstriction or proliferation of PASMC through NO reduction, leading to the pathogenesis of PAH (12). Ec-SOD might halt the ROS cascade by disproportioning superoxide anion and maintaining NO bioavailability in pulmonary arteries (12). Our group has reported that patients with IPAH who carry the BMPR2 mutation had further reduced NO metabolites and worse hemodynamics (27). Sustained Ec-SOD expression in the pulmonary artery might exert a central role in extracellular antioxidative properties (32). Hence, the low NO availability perhaps disturbs the balance and the distribution of SODs.

The role of SODs in pulmonary vasculature has not been fully understood. In a competing reaction, superoxide reacts six times faster with NO than with any isoform of the SODs (33, 34). The endogenous Ec-SOD does not participate in the development of PAH under basal conditions but plays a role of protecting the lung from the development of PAH under stress conditions (9). Reports of the association of genes encoding the SOD enzymes in cardiovascular complications are scarce (35). One study found a rare functional variant rs1799895 (Arg213Gly) in the heparin-binding domain of Ec-SOD. The Gly allele was associated with reduced Ec-SOD affinity for heparin and decreased tissue binding (36). Accordingly, the associations of the Gly allele with cardiovascular risk factors, morbidity, or mortality have been reported (35, 37, 38). Although we did not design and detect the genetic variant of Ec-SOD in patients with IPAH, it is an important finding that Ec-SOD, but not Cu/Zn-SOD or Mn-SOD levels, could predict long-term outcomes in our study as the strength of risk prediction for Ec-SOD activity was robust. The vascular wall contains large amounts of Ec-SOD, implicating that reduced Ec-SOD activity might contribute to endothelial dysfunction and NO degradation. Thus, SODs, which are responsible for preventing oxidative damage, might be beneficial for the supplemental treatment for IPAH.

Several limitations of the present study must be noted while interpreting the results. First, since plasma SOD levels were only measured at baseline, it was difficult for us to evaluate the variability and the prognosis of level changes over time or the impact of different therapies. Second, blood samples for measuring the plasma SOD levels were collected after an overnight (>12 h) fast in all patients and subjects; the best time to collect samples for prediction remains unclear. However, there are studies reporting that SOD activities were stable in samples initially kept frozen, whose activities were not subject to protein alteration as a result of the freezing procedure (39). The difference between inter-batch and inter-operator variability was reasonable. Furthermore, another potential limitation is lack of race; the findings may be applicable to the Chinese Han population. It remains to be explained whether the results of this study are exclusive to the selected population. Finally, we had better to perform the sensitivity analyses in order to assess the validity and the robustness of the analyses based on the cutoff value.



CONCLUSION

In summary, we demonstrated that the baseline plasma SOD activities were significantly lower in patients with IPAH than in healthy control subjects. Only the Ec-SOD level was associated with the hemodynamic measures of disease severity and BMPR2 mutation. Patients with reduced Ec-SOD activity had increased risks for mortality independent of clinical characteristics and other risk factors. Decreased circulating Ec-SOD could potentially be used as a biomarker in the prognosis of IPAH patients.



WHAT IS ALREADY KNOWN ON THIS SUBJECT?

▶ Antioxidant enzymes play prominent roles against oxidative damage and protective signals in pathological remodeling of the pulmonary vasculature during the development of idiopathic pulmonary arterial hypertension (IPAH). Superoxide dismutases (SODs) are an important family of antioxidant enzymes that modulate reactive oxygen species levels.



WHAT MIGHT THIS STUDY ADD?

▶ This study adds to the present knowledge that plasma SOD activities were significantly lower in patients with IPAH than in healthy control subjects. Only Ec-SOD level was associated with the hemodynamic measures of disease severity and BMPR2 mutation. Patients with reduced Ec-SOD activity had increased risks for mortality, independent of clinical characteristics and other risk factors. Ec-SOD is a vital antioxidant enzyme and superior to the other two isoforms in PAH pathogenesis.



HOW MIGHT THIS IMPACT ON CLINICAL PRACTICE?

▶ Understanding the SOD pathway will greatly help in the clinical development of medications for PAH therapy. This study demonstrated that the use of Ec-SOD may be superior to the other two SOD isoforms for supplemental treatment.
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Purpose: This work aims to develop a computer-aided diagnosis (CAD) to quantify the extent of pulmonary involvement (PI) in COVID-19 as well as the radiological patterns referred to as lung opacities in chest computer tomography (CT).

Methods: One hundred thirty subjects with COVID-19 pneumonia who underwent chest CT at hospital admission were retrospectively studied (141 sets of CT scan images). Eighty-eight healthy individuals without radiological evidence of acute lung disease served as controls. Two radiologists selected up to four regions of interest (ROI) per patient (totaling 1,475 ROIs) visually regarded as well-aerated regions (472), ground-glass opacity (GGO, 413), crazy paving and linear opacities (CP/LO, 340), and consolidation (250). After balancing with 250 ROIs for each class, the density quantiles (2.5, 25, 50, 75, and 97.5%) of 1,000 ROIs were used to train (700), validate (150), and test (150 ROIs) an artificial neural network (ANN) classifier (60 neurons in a single-hidden-layer architecture). Pulmonary involvement was defined as the sum of GGO, CP/LO, and consolidation volumes divided by total lung volume (TLV), and the cutoff of normality between controls and COVID-19 patients was determined with a receiver operator characteristic (ROC) curve. The severity of pulmonary involvement in COVID-19 patients was also assessed by calculating Z scores relative to the average volume of parenchymal opacities in controls. Thus, COVID-19 cases were classified as mild (<cutoff of normality), moderate (cutoff of normality ≤ pulmonary involvement < Z score 3), and severe pulmonary involvement (Z score ≥3).

Results: Cohen's kappa agreement between CAD and radiologist classification was 81% (79–84%, 95% CI). The ROC curve of PI by the ANN presented a threshold of 21.5%, sensitivity of 0.80, specificity of 0.86, AUC of 0.90, accuracy of 0.82, F score of 0.85, and 0.65 Matthews' correlation coefficient. Accordingly, 77 patients were classified as having severe pulmonary involvement reaching 55 ± 13% of the TLV (Z score related to controls ≥3) and presented significantly higher lung weight, serum C-reactive protein concentration, proportion of hospitalization in intensive care units, instances of mechanical ventilation, and case fatality.

Conclusion: The proposed CAD aided in detecting and quantifying the extent of pulmonary involvement, helping to phenotype patients with COVID-19 pneumonia.

Keywords: COVID-19 pneumonia, radiomics, computer-aided diagnosis, deep learning, quantitative chest CT-analysis


INTRODUCTION

Chest computed tomography (CT) has been widely used to assess COVID-19 pneumonia and is a key tool for the detection of lung abnormalities and for evaluating the extension and severity of pulmonary involvement (PI) (1, 2).

Patients with COVID-19 usually exhibit radiological patterns classified as ground-glass opacity (GGO), crazy paving (CP), linear opacities (LO), and consolidation (1, 2). Reticular opacities (RO), characterized by coarse linear, curvilinear opacities, fibrotic streaks, and subpleural lines, may be seen in late phases, often associated with GGO and parenchymal distortion (1, 3, 4).

Some attempts have been made to achieve an automatic quantification of PI in chest CT, most of them based on texture analysis techniques. Classic statistical methods may include the parameters of first-, second-, and third-order statistics and other composite or custom-made texture parameters (5–7). Their disadvantages include the extensive training required before automated or semiautomated segmentation, evaluation of the potential usefulness of a particular parameter only after implementation, and cumbersome and time-consuming adaptation to new segmentation tasks.

In the present study, we propose a method for objective and automated quantification and classification of COVID-19-related pneumonia from chest CT using a simple computer-aided diagnosis (CAD) system, considering the different radiological CT lung patterns commonly used in clinical practice. Determining the quantity, type, and distribution of abnormalities by an automated tool should prove helpful in clinical practice by aiding in noninvasive diagnostic determination, detecting change in disease over symptom onset, and stratifying the risk of hospitalization in the intensive care unit (ICU), the necessity of mechanical ventilation, or case fatality.



MATERIALS AND METHODS


Study Design and Patients

One hundred thirty consecutive patients with COVID-19, confirmed with reverse-transcription polymerase chain reaction (RT-PCR) for COVID-19 in nasal-pharyngeal swab, admitted to three hospitals between April to June 2020, who underwent chest CT scans and presented with pneumonia, were retrospectively studied. Ten patients underwent more than one CT scan, totaling to 141 scans. The chest CTs of 88 healthy subjects served as controls. Scans with severe motion artifacts and contrast-enhanced scans were excluded. Figure 1 shows the patient enrollment and CT scan selection flow chart.


[image: Figure 1]
FIGURE 1. Flow chart diagram showing the patient enrollment and computed tomography selection process. CT, computed tomography; COVID-19, corona virus disease-19; RT-PCR, reverse-transcription polymerase chain reaction.


The Research Ethics Committee approved the study that complied with the current national and international standards.



Clinical and Laboratory Data, Definitions, and Outcomes

The clinical and laboratory findings of each patient were recorded at admission. CT was performed within 12 h after the clinical evaluation and laboratory findings.

Serum C-reactive protein concentration collected at the admission was used as a marker of systemic inflammation. ICU admission, invasive ventilation, and in-hospital case fatality were considered as our clinical outcomes.



Chest Computed Tomography Acquisition

CT scans were performed on a 64-channel multislice (Brilliance 40 scanner, Philips Medical Systems, Cleveland, OH, USA, and General Electrics Lightspeed VCT, Chicago, IL, USA), a 128-channel multislice dual-source CT system (Somatom Definition Flash, Siemens, Forchheim, Germany), or a 16-channel multislice (Emotion 16 CT, Siemens, Erlangen, Germany). The acquisitions were gathered with the patients in supine position with 120 kV and 120–300 mA, slice thickness ranging from 1 to 2 mm with 50% superposition, and 512 × 512, 768 × 768, or 1,024 × 1,024 voxels matrix.

Reconstruction algorithms were B50f (49 subjects), B60f (1), B70s (17), C (1), FC13 (5), FC86 (2), I50f2 (1), L (80), LUNG (69), and SOFT (4), depending on the CT manufacture.



Lung and Airway Segmentation

The lung parenchyma and the airways were segmented from chest CT scans using the Region Growing algorithm using the module Chest Imaging Platform (3D Slicer version 4.8.1). Then, the region of interest (ROI) selected by the algorithm was edited by visual inspection (8). Thereafter, all images were exported to an in-house-developed software (Quantitative Lung Image, QUALI) written in MATLAB® (MathWorks®, Natick, MA, USA), and airways were subtracted from the lung ROI.



Image Rescaling

After segmentation, CT images were rescaled so that images from different CT scans could be comparable. For that purpose, a circular ROI was positioned outside the body of the individuals (HUAir) and another, with the same shape and area, was positioned in the descending aorta (HUAorta).

Then, the average density value present within both ROIs was calculated, and a linear regression was performed, using the least squares method, using the mean HUAir and HUAorta values as dependent variables and −1,000 and +50 HU, respectively, as independent variables. Scaling was performed by multiplying all voxels present in the lung parenchyma by the angular coefficient together with the addition of the intercept (9, 10). Both the selection of the ROIs and the scaling of the voxels were carried out using QUALI Software.



Visual Classification of Radiological Patterns in COVID-19 CT Scans

Two chest radiologists blinded to patient identification, clinical data, and outcomes independently selected up to four ROI per COVID-19 patient visually classified as well-aerated regions, GGO, CP/LO, and consolidation. The ROI consisted of a circle with a fixed radius of 4 mm, with a spanning area of about 30 voxels in each CT section.



Development of the Supervised Neural Network Architecture

From all ROIs belonging to the same radiological pattern class, a density histogram was calculated, and the respective quantiles (2.5, 25, 50, 75, and 97.5%) were used to train a supervised artificial neural network (ANN). Initially, the number of ROIs consensually assigned to well-aerated regions (472 ROIs), GGO (413 ROIs), CP/LO (340 ROIs), and consolidation (250 ROIs), totaling 1,475 ROIs, were balanced by the lowest number of ROIs (250 ROIs). Thus, 1,000 ROIs were used for ANN training (700 ROIs), validation (150 ROIs), and test (150 ROIs). In order to keep the same ROIs for ANN architecture assessment, ROIs were drawn to undergo training, validation, and test only once since the same groups were used in each training, validation, and test session. No feature scale was necessary since all data are expressed in the same scale in Hounsfield units and the training algorithm used the scaled conjugate gradient backpropagation (11). The training stopped when the validation error increased for six iterations, and the best validation performance was obtained based on the minimization of the cross-entropy.

Several architectures were tested with a single hidden layer with 20 up to 100 neurons. The overall and intraclass agreement of the balanced test confusion matrix between each respective ROI quantile consensually classified by radiologists and by the ANN classifier was assessed and used to define the best ANN architecture.

To evaluate the ANN classifier's final performance, the confusion matrix, the receiver operator characteristic (ROC) curve for each class, and the relationship between cross-entropy and ANN epochs in training, validation, and test sets were assessed.

Having established the qualitative equivalence of ANN classifier and expert groupings, all results were verified with expert visual validation (Figure 2). Additionally, a grid of regular hexagons with radii of 2, 3, and 4 mm, accounting for 12 up to 42 voxels, was created. In the overlapping region of each radiologist ROI and hexagons (Figure 2C), the local histogram quantiles were computed from the voxels contained in the hexagon and served as an impute to ANN classifier. The best hexagon dimension was computed with the unweighted Cohen's kappa test between the ANN classification and their respective ROI classification attributed by the radiologist. In the assessment of the overlapped regions by radiologist's ROI, if there were hexagons belonging to different classes into a given ROI, the most prevalent classification would be used as the final classification of the voxels for comparison purposes (Figure 2D).
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FIGURE 2. A representative CT scan axial image of a COVID-19 patient (A), the region of interest (ROI), in green, classified by one radiologist as ground glass opacities (GGO) (B), and the overlapping of radiologist's ROI and the grid of regular hexagons with radii of 4 mm (C), with each grid already classified as well-aerated regions (blue), GGO (yellow), and CP/LO (orange) areas. (D) Amplification of the overlapped region marked with the white square in (C). Note that, within ROI, there are voxels of two different classes, GGO in yellow and CP/LO in orange. For comparison purposes, the ROI region is classified as the most prevalent voxel class, in this case as GGO class.




CT Scan Quantitative Analysis and CAD Report

The previously defined regular hexagon grid was used to group voxels in the whole-lung CT scan. The number of voxels belonging to each of the parenchymal classes was calculated across the whole lungs. The voxels identified as vessels were included as normal to account for the total lung volume.

Total lung volume (TLV), i.e., the sum of air plus tissue volume, was calculated as:

[image: image]

Lung weight, in grams, was calculated as:

[image: image]

where 1.04 mg/ml means lung tissue density, and HU is voxel density in HU scale (9).



Determination of PI

After CAD classification of parenchymal opacities, the extent of PI was calculated as the cumulative volumetric sum of GGO, CP/LO, and consolidation adjusted to TLV.

The threshold of parenchymal opacities between controls and COVID-19 was determined with a ROC curve from the histogram of parenchymal opacities in the control group and COVID-19 patients. The area under the ROC curve (AUC) was calculated, and the threshold sensibility, specificity, accuracy, positive and negative predictive values, F score (a measure of ANN's precision and recall balance), and Matthews correlation coefficient were also computed.

To evaluate the severity of PI in COVID-19, we used the Z score in relation to the average volume of lung parenchyma opacities in the control group. Thus, the Z score was used to describe the position of the calculated volume of pneumonia in COVID-19 patients in terms of its distance from the mean calculated volume of GGO plus CP/LO and consolidation in the control group. This distance is expressed in terms of standard deviation units. Accordingly, the Z score of COVID-19 patients is positive if the value lies above the mean volume of GGO, CP/LO, and consolidation in the control group and negative if it lies below it.

Thereafter, patients with COVID-19 were classified as having mild (PI < ROC threshold), moderate (ROC threshold ≤ PI < 3 Z score), or severe (PI ≥ 3 Z score) PI.



Statistical Analysis

The normality of the data (Kolmogorov–Smirnov test with Lilliefors' correction) and the homogeneity of variances (Levene median test) were tested. Since both conditions were always satisfied, all data are presented as mean and standard deviation.

A one-way ANOVA test followed by Bonferroni's post hoc test assessed the statistical differences among patients with mild, moderate, and severe COVID-19 pneumonia. A p-value < 0.05 was defined as statistically significant. All statistical analyses were performed using Matlab® software (MathWorks®, Natick, MA, USA).




RESULTS

The ANN architecture with a single hidden layer of 60 neurons showed the best agreement in the confusion test matrix among the other architectures tested, with an overall agreement of 86% being 100% for well-aerated regions, 76% for GGO, 72% for CP/LO, and 100% for consolidation (Figure 3A). The architecture with 40 and 100 neurons presented overall agreements of 66 and 74%, respectively. Despite that the architecture with 20 and 80 neurons presented a similar overall agreement, a reduction in the agreement of well-aerated regions (from 100 to 98 and 95%) and consolidation (from 100 to 95 and 94%) was observed in 60-, 80-, and 20-neuron architectures, respectively. No improvement in the performance of the ANN classifier was observed with the addition of a second neuron layer. The ROC curve from each radiological pattern is presented in Figure 3B. The classifier performance was much better for well-aerated regions and consolidation, with an AUC of 1.00 and 0.99, respectively. The performance for GGO and CP/LO, despite being lower, was quite acceptable with an AUC of 0.94 and 0.91, respectively. The best validation performance occurred at epoch 6 (Figure 3C).
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FIGURE 3. Evaluation of the artificial neural network (ANN) classifier performance. (A) Confusion matrix from the comparison between the ANN and radiologists' classification of well-aerated (blue line), ground glass opacities (GGO, yellow line), CP/LO (orange), and consolidation (gray) in training (first row and column), validation (first row, second column), test (second row, first column), and overall (second row, second column) sets. (B) Each respective receiver operator characteristic curve for well-aerated regions (blue line), GGO (yellow line), CP/LO (orange) and consolidation (gray) ANN classification in training (first row and column), validation (first row, second column), test (second row, first column), and overall (second row, second column) sets. (C) Cross-entropy at each epoch in training (blue line), validation (green line), and test (red line) sets. Dotted lines represent the best validation performance determined based on the minimization of the cross-entropy at epoch 6.


The CT density histogram of ROIs visually assigned as well-aerated regions, GGO, CP/LO, and consolidation in COVID-19 patients is depicted in Figure 4. Additionally, the histograms from overlapped regions with regular hexagons with radii of 2, 3, and 4 mm are also presented. The best overall agreement between the neural network and the radiologists' ROIs occurred with the 2-mm-radius hexagon with an unweighted Cohen's kappa of 81% (79–84%, 95% CI) when compared to the hexagons of 3-mm radius (76%, 79–84%, 95% CI) and 4-mm radius (72%, 79–84%, 95% CI). Thus, the 2-mm-radius hexagon presented an agreement of 98% for well-aerated regions, 81% for GGO, 70% for CP/LO, and 93% for consolidation (Table 1).


[image: Figure 4]
FIGURE 4. Frequency histograms of the densities expressed in Hounsfield units from all regions of interest visually assigned as well-aerated regions (colored in blue), ground glass opacities (GGO, yellow), crazy paving and linear opacities (CP/LO, orange), and consolidation (light gray). Note that, with the increase in the radius of the regular hexagon, there is an increase in the number of voxels and that, although there is no significant change in the average density values, there is an important increase in the dispersion of voxel densities. This appears to contribute to a reduction in the artificial neural network classifier performance.



Table 1. Agreement between all (1,475) consensual radiologists' regions of interest (columns) and the supervised neural network (ANN) classifier with the regular hexagon grid of radii 2 (rows) for the 1,000 ROIs used to train, test, and validate Quantitative Lung Image Deep Learning software.
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Figure 5A presents the histogram of parenchymal opacities in controls and COVID-19 patients. Accordingly, the ROC curve determined an optimal threshold of 21.5%, with sensitivity of 0.80, specificity of 0.86, AUC of 0.90, accuracy of 0.82, F score of 0.85, and Matthews' correlation coefficient of 0.65 (Figure 5B).
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FIGURE 5. Histograms of the frequency of occurrence of parenchymal opacities in the control group (light green) and in patients with COVID-19 (pink). Right panel: receiver operator characteristic curve with the area under the curve (AUC) hatched in light green and pink. The vertical lines mark the normality cutoff (equivalent to 21% of total lung volume represented by pulmonary opacities) and the Z score = 3 (equivalent to 33% of the total lung volume and used to classify SSc patients as with severe pulmonary involvement). Between the normality cutoff up to Z score < 3, COVID-19 patients were classified as with moderate pulmonary involvement. The use of parenchymal opacities as an indicator of pulmonary involvement presented 0.80 sensitivity, 0.86 specificity, with an AUC of 0.90, accuracy of 0.82, 0.90 positive predictive value and 0.73 negative predictive value, F score of 0.85, and Matthews correlation coefficient of 0.65.


In controls, the volume related to all parenchymal opacities was 16 ± 6%, with being 12 ± 6% classified as GGO, 3 ± 1% as CP/LO, and 1 ± 0.3% as consolidation that represent small bronchi and peribronchial vessels and possible partial volume effects of pleural or diaphragm interfaces as can be seen in Figure 6 (uppermost panels).
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FIGURE 6. The summary glyph (right column) to the underlying 3D scan data (middle column) and CT images in axial and coronal slices (left column) in a representative case from the control group (row A) and COVID-19 with mild (row B), moderate (row C), and severe (row D) pneumonia involvement. In the glyph (right column), the first letter (R/L) indicates the right and left lung, the second letter (U/M/L) denotes, respectively, the upper, middle, and lower lung zones.


The final CAD reports from four representative subjects (control, mild, moderate, and severe COVID-19 PI) are presented in Figure 6.

Seventy-seven chest CT images of COVID-19 patients were classified as presenting severe PI (55 ± 13% of the TLV with GGO + CP/LO + consolidation), while 36 (25%) and 28 (20%) were classified as just moderate (27 ± 4%) or mild (17 ± 3%) (Table 2). In patients with severe PI, pneumonia was mainly characterized by GGO (35 ± 10%) and CP/LO (14 ± 7%) with just 5 ± 4% of the TLV being assigned as consolidation. Furthermore, the degree of PI was fairly different from that observed in patients with moderate or mild PI (p < 0.001) (Table 2).


Table 2. COVID-19 and controls demographic and computer-aided diagnosis (CAD) quantitative data, laboratory parameters and clinical outcomes.
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COVID-19 patients classified as having a severe PI were older than those with mild PI (65 ± 16 vs. 54 ± 17 years, respectively) and presented a significant reduction in TLV (3,639 ± 931 vs. 4,890 ± 704 in moderate and 5,247 ± 1,067 ml in mild COVID-19 pneumonia), significant increase in lung weight (1,037 ± 251 vs. 935 ± 143 and 799 ± 159 g, respectively), and higher serum C-reactive protein concentrations at admission (62 ± 79 in severe vs. 23 ± 73 in moderate and 4 ± 5 mg/dl in mild COVID-19 pneumonia). Moreover, a higher prevalence of hospitalization in ICU (31 vs. 20 and 21%), necessity of mechanical ventilation (18 vs. 9 and 14%), and case fatality (11 vs. 6 and 0%) was observed when compared to moderate and mild PI, respectively (Table 2).

Figure 7 shows a glyph mosaic of 88 CT scans from the control group and 141 from the 130 COVID-19 patients. The regional distribution of well-aerated regions, GGO, CP/LO, and consolidation can be easily determined in each glyph. The division into the different classes of evolution since the onset of symptoms follows a previous report (4).
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FIGURE 7. Glyphs of all CT scans of 88 controls (upper panel) and 141 COVID-19 CT scans (lower panel). In the control group, glyphs were sorted by the extent of parenchymal opacities related to ground glass opacities (GGO), CP/LO, and consolidation. Note that just 11 (12%) subjects presented some parenchymal opacities, whereas in just one subject (1%) such opacities presented a Z score higher than 3. Also note that there is a clear predominance of GGO in controls. In COVID-19, glyphs were sorted by days of symptom onset and by the extent of pulmonary involvement with the three classified groups: severe (light red cluster), moderate (light yellow cluster), and mild (light green cluster). Patients' glyphs clearly demonstrate the spectrum of parenchymal abnormalities showing a variety of GGO, CP/LO, and consolidation. Note the predominance of yellow and orange (GGO and CP/LO, respectively) in patients classified as presenting severe pulmonary involvement and with longer time since symptom onset. There are few “normal” subjects (22%) in the COVID-19 database, and therefore only a minority of glyphs are predominantly blue all over the lung.




DISCUSSION

We developed a CAD to quantify the extent of PI and to identify the most frequent radiological patterns in COVID-19 pneumonia. For that, a classifier based on a supervised ANN was trained, validated, and tested to classify radiological patterns previously selected and consensually classified by two specialized chest radiologists.

Different ANN architectures were tested using the degree of agreement between the ANN and the radiologists. The best validation performance was determined based on the minimization of the cross-entropy, and the performance of the ANN classifier was evaluated with the confusion matrix of the test set as well as from the ROC curve of each radiological pattern between the ANN and the radiologists' classification (Figure 3).

After establishing the best ANN architecture and characterizing the classifier performance, a CAD was constructed to quantify different radiological opacity patterns in a group of voxels clustered into a regular hexagon grid. Thus, we tested the effect of hexagon dimensions on the performance of the classifier since increasing the dimension would represent more noise due to an expected increase in the dispersion of voxel densities and therefore of the quantiles used as input for the ANN classifier (Figure 4). In fact, such effect was demonstrated, and the hexagon with a radius of 2 mm seemed to be the best dimension for grouping voxels maintaining a good performance of the classifier, although there was a slight reduction in agreement both in overall and within classes (Table 1) when compared to ANN performance in the confusion matrix. However, there is still a very significant and promising agreement and, even with the simplicity of the neural network architecture, the performance of the proposed classifier was quite similar to other more complex classifiers already presented in the literature (5, 6, 12).

The extent of PI has been used to phenotype patients with COVID-19 in profiles with greater involvement, “H” profile, that in general presents with greater elastance and intrapulmonary shunt. These patients also have a higher lung weight and tend to require more aggressive clinical management (13–15).

Our CAD was able to determine the extent of the PI and separate controls from COVID-19 patients with great sensitivity and specificity based on the ROC curve (Figure 5). The most severe cases of COVID-19 patients were more prevalent in the later stages of the disease (symptom onset > 9 days; Figure 7), required care in an ICU and mechanical ventilation, and showed greater case fatality (Table 2). Lung weight was also greater in the most severe COVID-19 pneumonia (Table 2), with GGO, CP/LO, and consolidation representing, altogether, 76 ± 10% of the total lung weight.

The worst performance of our CAD was related to the differentiation between GGO and CP/LO, with the highest misclassification, when the 2-mm-radius hexagon was used, occurring between these two classes. Accordingly, 68 CP/LO cases were misclassified by the CAD as GGO and 76 GGO as CP/LO (Table 1). The overlapping zone between GGO and CP/LO and the important dispersion of voxel densities (Figure 4) are probably related to the presence of GGO in the background of CP/LO (3), contributing to reduced ANN performance between these classes. In addition, it is possible that the separation between GGO and CP/LO depends on the scale used for sampling purposes. In fact, a hexagon with a larger radius, therefore grouping a greater number of voxels, tended to reduce the agreement for GGO (from 81 to 61% for hexagons with 2-mm and 4-mm radii, respectively), whereas it increased the concordance for CP/LO (from 70 to 80% for hexagons of 2-mm and 4-mm radii, respectively).

However, it is important to stress that the classification errors between GGO and CP/LO do not seem to significantly influence the computation of the extent of PI. Thus, it is possible that only more complex methods that use the texture pattern of ROIs, such as convolutional neural networks, can precisely distinguish between GGO and CP/LO (16, 17). Since we opted for a simple and computationally less demanding method, we suggest that the neural network proposed herein may be sufficient to quantitate the extent of COVID-19 pneumonia. In addition, a 70% agreement level is considered to be reasonable in the classification of different radiological standards (5) and was achieved in all radiological patterns examined in our study (18–20).

The mosaic of the glyphs from 88 CT scans from the control group and 141 from the COVID-19 patients summarizes information from 35 gigabytes of CT scan data and clearly demonstrates the difference between these two groups in terms of pulmonary aeration and even severity of PI (Figure 7). Even at this resolution, the glyphs provide a succinct overview of the entire database of subjects and highlight the easiness of pinpointing the intra- and intersubject disease distribution.

Some characteristics of our CAD should be highlighted. The ANN classifier was trained with information extracted from the same database of the image to be processed. This likely mitigated possible bias related to reconstruction algorithms or even artifacts attributed to CT acquisition parameters, such as voltage, amperage, and field of view. In spite of that, the inclusion of more heterogeneous pulmonary opacification patterns in the database should be considered in future studies in order to improve the ANN classifier capacity.

Although the proposed ANN was not tested in the clinical practice scenario, the CT scan images used to train and test the ANN algorithm were quite heterogeneous, using several acquisition protocols and about eight kernels belonging to three different manufacturers. However, further studies evaluating the usefulness of the proposed ANN in radiological practice, as well as studies including non-COVID-19 pneumonia patients, are still necessary for the final assessment of the clinical viability of a CAD platform in the routine of radiology services. In fact, future studies using a similar ANN architecture could be performed to identify highly suspicious COVID-19 chest CT images. Certainly, samples from non-COVID-19 must be included in the database for new ANN training, validation, and test sets.

Furthermore, in the face of the high capacity for information synthesis and easy interpretation of quantitative results, the computational time required for processing a whole-lung CT image is quite low (no more than 60 s). Much of the time expense is still in the lung segmentation stage (2 min in most cases, but reaching more than 10 min in cases where there is consolidation in the subpleural regions). Accordingly, the proposed CAD still needs some improvements in imaging pre-processing to simplify the whole pipeline process and become feasible at the clinical scenario.

Finally, the CAD proposed in the present study seems to be able to identify and quantify the extent of pulmonary involvement, helping to phenotype patients with COVID-19 pneumonia. However, further studies are necessary to investigate the association between the extent of pulmonary involvement and the clinical outcomes or even inflammatory markers.



TAKE-HOME MESSAGE

• The proposed deep learning CAD seems to be able to identify and quantify the extent of pulmonary involvement, helping to phenotype patients with COVID-19 pneumonia.

• Patients with severe COVID-19 pulmonary involvement, as determined by the proposed CAD, presented higher lung weight and C-reactive protein at admission and more frequently required invasive ventilation and intensive care unit hospitalization with higher case fatality.
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Background: Hypersensitivity pneumonitis (HP) is an interstitial lung disease caused by inhalation of common environmental organic particles. Surfactant proteins (SPs) play a role in innate immunity and surfactant function. We hypothesized that single nucleotide polymorphisms (SNPs) or haplotypes of the SP genes associate with HP.

Methods: Seventy-five HP patients caused by avian antigen and 258 controls, asymptomatic antigen exposed and non-exposed were enrolled. SNP association was performed using logistic regression analysis and SNP-SNP interaction models.

Results: Based on odds ratio, regression analyses showed association of (a) rs7316_G, 1A3 (protective) compared to antigen exposed; (b) male sex, smoking, rs721917_T and rs1130866_T (protective) compared to non-exposed controls with HP; (c) compared to antigen exposed, 25 interactions associated with HP in a three-SNP model; (d) compared to non-exposed, (i) rs1136451 associated with increased, whereas rs1136450 and rs1130866 associated with lower HP risk, (ii) 97 interactions associated with HP in a three-SNP model. The majority of SNP-SNP interactions associated with increased HP risk involved SNPs of the hydrophilic SPs, whereas, the majority of interactions associated with lower HP risk involved SNPs of both hydrophilic and hydrophobic SPs; (e) haplotypes of SP genes associated with HP risk.

Conclusions: The complexity of SNPs interactions of the SFTP genes observed indicate that the lung inflammatory response to avian antigens is modulated by a complex gene interplay rather than by single SNPs.

Keywords: SNP-SNP interaction, surfactant protein gene polymorphism, SFTPA1, SFTPA2, SFTPB, SFTPC, SFTPD, genetic susceptibility


INTRODUCTION

Hypersensitivity pneumonitis (HP) is an interstitial lung disease caused by an abnormal immune response to a wide variety of inhaled environmental antigens, mainly small organic particles (<5 μm) that reach the alveoli (1). These antigens provoke an exaggerated immune response in susceptible individuals (1, 2). HP is seen worldwide, and the most common implicated antigens are actinomyces species, fungi, and bird proteins (1). The pigeon breeder's disease caused by proteins from avian serum, feces, and feathers is the most common form of HP in Mexico (3). Given the universal and wide distribution of the offending antigens, it is unclear why only few individuals develop the disease, indicating the complex interaction between environment and genetic factors. Nonetheless, the host genetic factors that may play a role in HP susceptibility are understudied (1, 2).

Although pulmonary surfactant or its components have the potential to be contributors to the pathogenesis of HP, very little to no work has been done in this regard. Pulmonary surfactant is a complex mixture of 90% lipids and 10% proteins. The surfactant specific proteins are SP-A1, SP-A2, SP-B, and SP-C. Though SP-D is not part of the functional surfactant complex, it is grouped with the other surfactant proteins because it coisolates with them. SP-B and SP-C are hydrophobic proteins and play a role primarily in lowering the surface tension and stabilizing alveoli (4), whereas, SP-A and SP-D are hydrophilic proteins and play a role in innate immunity and host defense (5, 6), although SP-A also contributes to surfactant-related function (6). The human SP-A locus includes two functional genes, SFTPA1 and SFTPA2, in opposite transcriptional orientation (7), encoding SP-A1 and SP-A2, respectively. Several genetic polymorphisms for each SFTPA gene are found frequently in the general population (8). SP-B, SP-C, and SP-D are each encoded by a single gene, SFTPB, SFTPC, and SFTPD, respectively (9), and several polymorphisms have been described for each (10–12).

Single nucleotide polymorphisms (SNPs) of the SP genes have been shown to associate with various acute and chronic pulmonary diseases, such as idiopathic pulmonary fibrosis (IPF) (13), chronic obstructive pulmonary disease (COPD) (14, 15), acute respiratory distress syndrome (10), cystic fibrosis (16), and neonatal respiratory distress syndrome (RDS) (17–20). More importantly, we have shown an association of SP gene polymorphisms with IPF (13), COPD (14), and tuberculosis (21) in the Mexican population. Furthermore, some of the common SP-A variants have been shown to differentially affect function (22, 23) and regulation (24–27) of alveolar macrophages in an animal model, as well as SP-A variants have been associated with differential lung function mechanics and survival of mice (28–30). For the current study, we selected from physiologically and biologically relevant genes, 17 well-characterized SP SNPs that have been shown to associate with various acute and chronic pulmonary diseases (12, 31). Previous studies have shown increased SP-A in bronchoalveolar lavage (BAL) and alveolar macrophages, and elevated serum SP-A and SP-D concentration in HP patients compared to controls (32–34). Though the exact mechanisms are unknown, HP pathogenesis may include alveolar epithelial injury by altered immune response and increased leakage of SP-A and SP-D from the alveolar to the vascular compartment. Moreover, previous research showed altered concentration of SP-A, SP-B, and phospholipids in IPF, HP, and sarcoidosis patients (34, 35). Taken together, it is likely that SPs play a critical role in HP.

HP is characterized by an abnormal immune response leading to chronic inflammation and abnormal lung function and is probably the result of complex interactions of genetic and environmental factors. Due to the importance of SPs in normal lung function, innate immunity and host defense of the lung, we hypothesized that natural genetic variants of SPs and their interactions are associated with HP in Mexican population.



SUBJECTS AND METHODS


Study Population

The study was conducted at the National Institute of Respiratory Diseases (INER) in Mexico City and the protocol was approved by the Ethics Committee. INER is a tertiary referral and one of the National Institutes of Health centers in Mexico. The study cohort compromised 3 groups (age > 18 years) and at least 3 generations of study participants were born in Mexico.

Group 1 (Cases) was composed of 75 consecutive unrelated patients 18 years of age or older with a diagnosis of HP (Table 1). HP was diagnosed as previously described using clinical characteristics, history of antecedent antigen exposure and specific antibodies against avian proteins, pulmonary function tests, high-resolution computed tomography, BAL findings (all 75 patients), and/or surgical biopsy when available (23 out of 75 patients) (1, 36). Attending clinicians systematically recorded the relevant data in every patient before making the final diagnosis and was confirmed by a multidisciplinary team. As per recently published official clinical practice guidelines from American Thoracic Society, all enrolled patients in the current study were classified to have a fibrotic HP (mixed inflammatory plus fibrosis) (37). Patients with other known interstitial lung diseases were excluded.


Table 1. Demographic and clinical characteristics of the study group.
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Group 2 (Exposed controls) was composed of 64 healthy individuals with a history of avian antigen exposure but remained symptom-free. Some of these individuals were relatives of HP patients.

Group 3 (Non-exposed controls) was composed of 194 healthy individuals without a history of antigen exposure. Out of 194, 91 subjects were recruited randomly from the Smoking Cessation program with more than 5 years of smoking history and normal pulmonary function tests (smoker controls), and the other 103 unrelated healthy blood donors (non-smoker controls) were recruited randomly from the INER, as noted previously (13).

We collected blood samples of study participants after obtaining informed consent from subjects.



Genotype Analysis

Genomic DNA was extracted from blood samples as described previously (8) and used as a template for polymerase chain reaction (PCR). A total of 17 targeted SNPs of surfactant protein genes, SFTPA1, SFTPA2, SFTPB, SFTPC, and SFTPD, were selected for the current study. The 17 SNPs include 5 SNPs from SFTPA1: rs1059047, rs1136450, rs1136451, rs1059057, and rs4253527; 4 SNPs from SFTPA2: rs1059046, rs17886395, rs1965707, and 1965708; 4 SNPs from SFTPB: rs2077079, rs3024798, rs1130866, and rs7316; 2 SNPs from SFTPC: rs4715 and rs1124; and 2 SNPs from SFTPD: rs721917 and rs2243639. The PCR-restriction fragment length polymorphism method was used to genotype the SFTPA1, SFTPA2, SFTPD (8, 10), SFTPB (10, 38), and SFTPC (13) gene polymorphisms, as described elsewhere in detail (8, 16). The PCR primer sequences used are reported in Supplementary Table 1. To avoid genotyping bias, each sample was given a sequential laboratory number without identifiers in the order they were received and all samples were genotyped together in a blinded fashion with those assigning genotype unaware of the group of subjects.



Statistical Analysis

To determine the frequency of each SNP, we used the Chi-squared test, or Fisher's exact test when the expected frequency was too small (<5) and compared the allele distribution between the case and two control groups (avian antigen exposed and non-exposed). Dummy variables for each allele or SP-A genotype were created and applied for univariate logistic regression analysis, assuming no dose-effect for the alleles (13, 21). The selected markers, which were significantly associated with HP in unadjusted univariate analysis (p-value < 0.1), were passed to the multivariate logistic regression analysis after adjusting for smoking status and sex. Variable selection was performed using the backward elimination method with staying significance level less than 0.05.

To detect the effects of SNP-SNP interactions, we used Wang et al.'s case-control approach to study associations of SP genes polymorphisms with HP in cases vs. exposed controls and cases vs. non-exposed controls (39). Compared to traditional logistic methods, this approach is more efficient (40) in the detection of different genetic effects. It decomposes the overall genetic effect of each SNP into different components: the additive (a), recessive (r), and dominant (d) effect in a single SNP model. For two- and three-SNP models, this approach can also detect pairwise and triad-wise (high-order) epistasis, as described previously (41). If a statistically significant difference between the groups was observed, the p-value was corrected for variables such as sex and smoking status. The false discovery rate was controlled at 5% to account for multiple comparisons using the Benjamini- Hochberg method (42, 43). We used the Cochran's and Mantel–Haenszel test to adjust for variables (sex and smoking status) and calculated odds ratios (OR) with 95% of confidence interval (95% CI) (44). All possible SNP-SNP interactions were tested for single-, two-, and three-SNP interaction model and those with p-value < 0.05 are reported.

SP-A1 and SP-A2 haplotypes were assigned as described (8) and the frequency analysis was done similar to that of SNP frequencies. For haplotype estimation, we used the two-SNP haplotype estimation model to study association of haplotypes with HP patients (45). The effect of haplotype was studied in a similar way to that of the SNP-SNP interaction model in a case-control setting.




RESULTS


Clinical Characteristics of HP Study Group

Table 1 shows the baseline characteristics of the HP patients, and exposed and non-exposed controls. Out of seventy-five HP patients, 92% (n = 70) were females compared to 30% (n = 19) of 64 exposed controls, and 36% (n = 70) of the 194 non-exposed controls (p < 0.00001). Only 19% (n = 14) of HP patients and 10% (n = 10) of exposed controls (p = NS) were current or former smokers compared to 47% (n = 91) of non-exposed controls (p = 0.00002). All HP patients demonstrated a significant reduction in FVC% and FEV1% on pulmonary function tests and hypoxemia at rest (Table 1).



Association of SP SNP Allele With HP in Univariate and Multivariate Analysis

The observed frequency distribution of the majority of SNPs did not deviate from Hardy-Weinberg equilibrium (data not shown). The univariate and multivariate logistic regression analysis was performed to study difference in frequencies of marker allele in HP patients compared to two control groups.


HP Group (n = 75) vs. Avian Antigen Exposed Controls (n = 64)

Marker allele that showed significant differences (p < 0.1) in the univariate analysis (Table 2) were included in the multivariate analysis. After multiple logistic regression analysis, the marker allele rs7316_G of the SFTPB is associated with increased risk for HP, p = 0.03, OR (95% CI) = 4.6 (1.3–22.0), whereas, male sex appears to be associated with decreased risk for HP, p < 0.01, OR = 0.02 (0.01–0.08).


Table 2. Hypersensitivity Pneumonitis (HP) vs. avian antigen exposed controls (univariate analysis).
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HP Group (n = 75) vs. Non-exposed Controls (n = 194)

Similarly, marker alleles that showed significant differences (p < 0.1) in the univariate analysis (Table 3) were included in the multivariate analysis. Based on the OR, marker allele (rs1130866_T of the SFTPB and rs721917_T of the SFTPD), as well as male sex and smoking appear to be associated with decreased risk of HP (Table 4).


Table 3. Hypersensitivity Pneumonitis (HP) vs. non-exposed controls (univariate analysis).
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Table 4. Hypersensitivity Pneumonitis (HP) vs. non-exposed controls (multivariate analysis).
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Association of SNP-SNP Interactions With HP

A particular SNP can have an additive (denoted as “a”), dominant (denoted as “d”) or recessive (not observed in our study) effect on the disease and the number that follows “a” or “d” indicates the position of the corresponding SNP. For example, a notation d1 x a2 x d3 means that SNPs in position 1 and 3 have dominant effect and SNP in position 2 has an additive effect on that particular interaction. These interactions could be intragenic, i.e., among SNPs of the same gene (shown in bold in the Tables), or intergenic, i.e., among SNPs of different genes. In general, each SNP exhibited either additive and/or dominant effect on HP in the single-, two-, and three-SNP model.


HP Group (n = 75) vs. Avian Antigen Exposed Controls (n = 64)

Since there was a statistically significant sex difference between the study groups, we adjusted for sex in the SNP analysis models. In the single- or two-SNP model, we did not observe significant association of SP genes SNPs with HP compared to exposed controls. Table 5 shows a total of 25 significant interactions associated with HP in the three-SNP model. Out of these 25 interactions, 16 were associated with increased risk for HP, p = 0.001–0.05, OR = 2.6–14.5, whereas 9 interactions were associated with lower risk for HP, p = 0.002–0.05, OR = 0.1–0.4. Out of those 25 interactions, 16 were with three dominant effects and 9 were with two dominant effects [d1 x a2 x d3 (n = 7), d1 x d2 x a3 (n = 2)]. We did not observe any significant interaction with additive effects only.


Table 5. Association of SP gene SNP interactions with HP compared to avian antigen exposed controls.
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Out of the 16 interactions associated with increased HP risk, 7 were among SNPs of the hydrophilic SPs (SFTPA1, SFTPA2, and SFTPD) alone, the rest (n = 9) were among SNPs of both the hydrophilic and hydrophobic (SFTPB and SFTPC) SPs. There were no interactions among SNPs of the hydrophobic SP genes alone. Of note, all but one interaction had SNPs of either the SFTPA1 or SFTPA2 gene. The exception was the interaction among two SNPs of SFTPB (rs2077079 x rs3024798) and the rs2243639 of SFTPD, p = 0.01, OR (95% CI) = 3.1(1.6–6.4).

All interactions (n = 9) associated with lower risk of HP were among SNPs of both hydrophilic and hydrophobic SPs. Moreover, SNPs of the SFTPB constituted the majority (~45%) of the SNPs in the significant interactions associated with lower risk of HP, whereas fewer than ~30% of the combined SFTPA1 and SFTPA2 SNPs in the interactions were associated with lower risk of HP.



HP Group (n = 75) vs. Non-exposed Controls (n = 194)

We observed a statistically significant difference of sex and smoking status between the groups, therefore for SNP analysis, we adjusted for both of these covariates. In the single SNP model, we observed that rs1136451 of the SFTPA1 was associated with increased HP risk, p = 0.02, OR = 11.4 (2.3–57.9), whereas rs1136450 of SFTPA1 and rs1130866 of SFTPB were associated with lower risk of HP, p = 0.02, OR = 0.2 (0.0–0.6) compared to non-exposed controls. Each of these SNPs exhibited an additive effect on HP risk, e.g., in rs1136451 (A/G), risk allele “G” exhibited an additive (GG>GA>AA) effect on increased HP risk rather than the recessive (GG>GA=AA) or dominant (GG=GA>AA) effect. We did not observe any significant interactions associated with HP in the two-SNP model. We observed a total of 97 interactions associated with HP in the three-SNP model. Out of the 97 interactions, 29 were associated with increased HP risk, p = 0.00009–0.05, OR = 1.9–13.3 (1.2–128.8), and the remaining 68 were associated with lower risk for HP, p = 0.0001–0.05, OR = 0.1–0.6 (0.0–0.9). Of the 97 interactions, (a) 3 interactions with additive effects (a1 x a2 x a3, no dominant effect of any SNP), (b) 8 interactions had one dominant effect (a1 x a2 x d3), (c) 51 interactions had two dominant effects [a1 x d2 x d3 (n = 9), d1 x a2 x d3 (n = 12), d1x d2 x a3 (n = 30)], and (d) 35 interactions had three dominant effects (d1 x d2 x d3) as shown in Supplementary Tables 2, 3.

Of the 29 interactions associated with increased HP risk, we observed (a) one intragenic interaction among SNPs of the SFTPA1 (rs1059047 x rs1136450 x rs1136451), where each SNP exhibited a dominant effect, p = 0.03, OR = 1.9 (1.2–3) (shown in Figure 1), and the remaining 28 interactions were intergenic. (b) out of the 28 intergenic interactions, seven were among SNPs of the hydrophilic SPs (SFTPA1, SFTPA2, and SFTPD) alone, and the rest were among SNPs of both hydrophobic and hydrophilic SPs. (c) all but four of the significant intergenic interactions had SNPs of either SFTPA1 or SFTPA2.
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FIGURE 1. Schematic representation of the SFTPA1 single nucleotide polymorphisms (SNPs). All the studied SNPs of the SFTPA1 are shown. The relative location of the gene is shown from centromere (C) to telomere (T) and the arrow indicates transcriptional orientation. The number above the black arrow indicates the amino acid (AA) number of the precursor molecule and the corresponding nucleotide change shown in parenthesis. The SNP id is shown below the black arrow. The SNPs (rs1059047 x rs1136450 x rs1136451) of the SFTPA1 involved in an intragenic interaction in the three-SNP model are shown in bold font and are associated with HP risk compared to non-exposed controls. The change for AA at the codon 19 is Val/Ala corresponding to the T/C alleles, respectively; for AA50 is Val/Leu corresponding to C/G alleles. The SNP at the codon 62 does not change the encoded amino acid. Of note, the physical location of the SNPs in this interaction is very close to each other as shown in Figure. On the basis of odds ratio, the interaction (rs1059047 x rs1136450 x rs1136451) exhibiting a dominant effect is associated with increased risk of HP (d x d x d). The dominant genotype for each SNP is shown above the black arrow. On the other hand, the same interaction is associated with decreased risk of HP when each SNP exhibited an additive effect (a x a x a). The additive genotype for each SNP is shown below the black arrow.


Of the 68 interactions associated with lower risk of HP, we observed (a) two intragenic interactions: (i) among SNPs (rs1059047 x rs1136450 x rs1136451) of the SFTPA1, which were the same as the ones with increased HP risk. However, in this case, each SNP exhibited an additive effect, p = 0.05, OR = 0.1 (0–0.5) whereas when this interaction was associated with increased risk, each SNP exhibited a dominant effect (shown in Figure 1), and (ii) among SNPs of the SFTPB (rs2077079 x rs3024798 x rs1130866 exhibiting dominant x dominant x additive effect, respectively), p = 0.001, OR = 0.2 (0.1–0.5). (b) the remaining 66 intergenic interactions included; (i) 12 interactions among SNPs of the hydrophilic SPs alone, (ii) 3 interactions among SNPs of the hydrophobic SPs alone, and (iii) the rest (n = 51) were among SNPs of both hydrophobic and hydrophilic SPs.



Interactions That Are Common With HP in the Three-SNP Model

We observed seven interactions associated with HP that were found to be in common in two separate comparisons, where cases were compared to either antigen exposed or to non-exposed controls (Figure 2). Out of the seven interactions: (a) five interactions were associated with lower risk of HP compared to antigen exposed and non-exposed controls (Panel A) and these interactions were among SNPs of both hydrophilic and hydrophobic SPs, p = 0.002–0.04, OR = 0.4–0.5 (0.3–0.8); (b) one was associated with increased risk of HP (Panel B – black dotted arrows) and this interaction was among SNPs of the hydrophilic SPs (rs1059046 x rs1059047 x rs2243639, SFTPA2 x SFTPA1 x SFTPD, d1 x a2 x d3), p = 0.009–0.05, OR = 3.5–5.4 (1.7–20.1); (c) In Panel B, one (red arrows) interaction (rs2077079 x rs3024798 x rs2243639, SFTPB x SFTPB x SFTPD, d1 x d2 x d3) was associated with increased risk of HP [p = 0.008, OR = 3.1 (1.6–6.4)] compared to antigen exposed controls, however, the same interaction was associated with lower risk of HP [p = 0.002, OR = 0.4 (0.3–0.7)] when compared to non-exposed controls.
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FIGURE 2. SNP-SNP interactions associated with HP compared to avian antigen exposed and non-exposed controls in the three-SNP model. Double head arrows represent common SNP-SNP interactions associated with HP and found to be significant in two sets of comparisons (HP vs. avian antigen exposed controls and HP vs. non-antigen exposed controls) in the three-SNP model. The SNPs of surfactant protein genes SFTPA1, SFTPA2, SFTPB, SFTPC, and SFTPD encoding SP-A1, SP-A2, SP-B, SP-C, and SP-D, respectively, are depicted within the green, pink, orange, blue, and yellow rectangles, respectively. (A) shows five significant interactions that were associated with lower risk of HP compared to antigen exposed and non-exposed controls. All these interactions were among SNPs of both hydrophobic and hydrophilic SPs and involve at least one SNP of SFTPB (n = 5) that interacts with SNPs of SFTPD (n = 4), SFTPA1 (n = 1), SFTPA2 (n = 2), and SFTPC (n = 1), p = 0.002–0.04, OR = 0.4–0.5 (0.3–0.8). Two cases of the three-SNP model involved two SFTPB SNPs interacting (rs3024798 and rs1130866, or rs1130866 and rs2077079) with the same SFTPD SNP (rs2243639). SNPs associated with lower risk of HP compared to non-exposed controls in the single-SNP model are shown in red bold font (rs1130866 of SFTPB and rs1136450 of SFTPA1). (B) shows two significant interactions associated with increased risk of HP compared to antigen exposed controls. One of the interactions, shown by the black dash double head arrow, is among SNPs of the hydrophilic SPs alone and was associated with increased risk of HP compared to antigen exposed and non-exposed controls, p = 0.009–0.05, OR = 3.5–5.4 (1.7–20.1). However, the other interaction, shown by red double head arrow among SNPs of the SFTPB and SFTPD, was associated with increased risk of HP compared to antigen exposed controls [p = 0.008, OR = 3.1 (1.6–6.4)]. Of interest, the same interaction was associated with lower risk of HP compared to non-exposed controls [p = 0.002, OR = 0.4 (0.3–0.7)].





Association of Haplotypes With HP

The univariate analysis (Supplementary Table 4) showed that the frequency of several haplotypes of the SFTPA1 and SFTPA2 differed between HP patients vs. each of the two control groups (p < 0.1). In the multivariate analysis, the 1A3 of the SFTPA2 and male sex were associated with decreased risk of HP compared to avian antigen control, p < 0.05, OR = 0.1 (1A3) and OR = 0.03 (male), whereas smoking and male sex, but none of the SFTPA1 and SFTPA2 haplotypes, appeared to decrease risk of HP compared to non-exposed healthy control, p < 0.01, OR = 0.13 (smoking) and OR = 0.03 (male).

Using the two-SNP haplotype model, Figure 3 shows associations of haplotypes with HP compared to avian antigen exposed and non-exposed controls. Compared to avian antigen exposed controls, six haplotypes of the SFTPA1, SFTPA2, and SFTPB were associated with HP. Of the six haplotypes, four were associated with decreased risk of HP (OR = 0.02–0.3) and the remaining were associated with increased risk of HP (OR = 4.26–13.19), Supplementary Table 5. As shown in Figure 3, the haplotype “CC” of the SFTPB (rs2077079 (A/C) x rs3024798 (C/A)) is associated with decreased risk of HP and exhibited an additive, OR = 0.02 (0.002–0.2) as well as a dominant effect, OR = 0.12 (0.07–0.39). In this example, each parent can transmit the risk haplotype in four forms: AC, AA, CC, and CA. The additive effect of the risk haplotype “CC” means that the presence of two copies of “CC/CC” decreases the risk of HP compared to the combination of two copies of any non-risk haplotypes (AC/AC, AA/AA, and CA/CA). Whereas the dominant effect of the same haplotype “CC” means that the presence of the risk haplotype “CC” in combination with any other haplotype (AC, AA, and CA) decreases the risk of HP compared to the presence of two copies of CC or any other combination of the non-risk haplotypes (AC/AC, AC/AA, AC/CA, AA/AA, AA/CA, and CA/CA). The dominant effect of a risk haplotype may have a non-linear interaction effect in which the combination of the risk haplotype “CC” with other non-risk haplotype (AC, AA, and CA) may produce a larger effect on the disease risk than the sum of two copies of the risk haplotype “CC.” This complexity (non-linear) of interactions is our challenge for the study of human disease. Unexpected and not readily understood phenomena may occur, and this finding is one of the examples of this phenomenon. In other words, 1 + 1 > 2 in this risk haplotype. The haplotypes “CC” of the SFTPA2 (rs1059046 x rs17886395), OR = 0.07 (0.02–0.26) and “AA” of the SFTPA1 (rs1136451 x rs1059057), OR = 0.30 (0.12–0.78), exhibited a dominant effect on decreased HP risk. The haplotypes “AC” of the SFTPA1 (rs1059057 x rs4253527), OR = 13.19 (4.44–39.17) and “CA” of the SFTPB (rs1130866 x rs7316), OR = 13.19 (4.44–39.17), exhibited a dominant effect on increased HP risk (Figure 3, red arrows).
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FIGURE 3. Association of haplotypes of the SFTPA1, SFTPA2, SFTPB, and SFTPD genes with HP compared to avian antigen exposed and non-exposed controls in the two-SNP haplotype estimation model. (A) is a schematic representation of SNPs of the SFTPA1 and SFTPA2 genes. The distance between the genes is ~50 kb shown with sign “//.” The studied SNPs are located within exons. (B) is a schematic representation of the SFTPB gene shown in 5' to 3' UTR direction. Only rs1130866 of the SFTPB shown in box, is located within an exon and the corresponding amino acid (AA) is shown above that. The SFTPB (1) rs2077079 is located 10 nucleotides downstream of TATAA box, in the 5′ regulatory region; (2) rs3024798 is located in the intron; and (3) rs7316 is located in the 3′UTR. Thus, no AA is shown for these SNPs. (C) is a schematic representation of SNPs of the SFTPD gene. The studied SNPs are located within exons. The gene direction is shown from centromere (C) to telomere (T) and the arrow above the color box indicates transcriptional orientation. The number above the black arrow indicates the AA number and the corresponding nucleotide change for that particular SNP is shown in parenthesis. The numbering of AAs in SFTPA2, SFTPA1, and SFTPB is based on the sequence of the precursor molecule, whereas, it is based on the mature protein (i.e., minus the signal peptide) in SFTPD. The numbers below the black arrow indicate the nucleotide number and the corresponding SNP ids. The transmitted haplotypes and nucleotide changes are shown in bold. The haplotypes associated with HP risk compared to avian antigen exposed and non-exposed controls are shown in red font with red line and black font with black line, respectively. The direction of the solid arrows besides haplotypes indicates increased or decreased HP risk compared to control groups. The superscript “a” and “d” after a given haplotype indicates additive and dominant effect, respectively, of that particular haplotype.


Compared to non-exposed controls, all four significant susceptibility haplotypes of the SFTPA1, SFTPB, and SFTPD were associated with decreased risk of HP, OR = 0.15–0.35, Supplementary Table 6 and Figure 3 (black arrows). The haplotypes “TG” and “GA” of the SFTPA1, rs1059047 x rs1136450 and rs1136450 x rs1136451, respectively, exhibited an additive effect, OR = 0.15 (0.04–0.54). The haplotype “TA” of the SFTPB (rs1130866 x rs7316) exhibited an additive effect, OR = 0.17 (0.05–0.64), whereas, the haplotype “TA” of the SFTPD (rs721917 x rs2243639) exhibited a dominant effect, OR = 0.35 (0.18–0.66) on decreasing the risk of HP.




DISCUSSION

Hypersensitivity Pneumonitis is an interstitial lung disease caused by an abnormal immune response to antigen exposure and most likely due to complex interactions between environmental and genetic factors (1, 2). Surfactant proteins play an important role in normal lung function as well as innate immunity and host defense (6, 46), and alterations in their function is central to several pulmonary diseases. Several genetic variants have been identified for SFTPA1, SFTPA2, SFTPB, SFTPC, and SFTPD that are associated with pulmonary diseases (12, 47). Taking advantage of the homogeneity of the Mexican population, in the current study, we tested the hypothesis that SP genetic variants are associated with susceptibility of HP. Our results showed that (a) in the multivariate analysis, the rs7316_G of the SFTPB and male sex were associated with increased and decreased risk of HP, respectively, compared to antigen exposed controls, whereas the rs1130866_T of the SFTPB, rs721917_T of the SFTPD, male sex, and smoking were associated with decreased risk of HP compared to non-exposed controls; (b) in the single-SNP model, the rs1136451 of SFTPA1 was associated with increased HP risk whereas the rs1136450 of the SFTPA1 and the rs1130866 of the SFTPB, each associated with lower risk and exhibited an additive effect on HP compared to non-exposed controls; (c) in the three-SNP model, when HP patients were compared to antigen exposed and non-exposed controls, the majority of SNP-SNP interactions associated with increased risk of HP involved SNPs of the hydrophilic SPs alone, whereas, the majority of the interactions with hydrophobic SPs were associated with lower risk of HP; (d) based on OR, the 1A3 and “CC” haplotypes of the SFTPA2, each associated with decreased risk and certain haplotypes of the SFTPA1 and SFTPB were associated with increased or decreased risk to HP compared to antigen exposed controls, whereas, certain haplotypes of SFTPA1, SFTPB, and SFTPD, each associated with decreased risk of HP compared to non-exposed controls. Thus, the SP genetic marker alleles, SNPs and haplotypes, either alone and/or via their interactions may contribute to the development of HP. These results also indicate that the use of multiple markers may better predict the risk of disease and be used as diagnostic and/or prognostic markers of HP.

For the current study, we used two statistical approaches: (1) a traditional logistic regression analysis, and (2) a newer SNP-SNP interaction models in case-control settings. Moreover, to avoid overestimation of an association of SNP and SNP-SNP interactions for HP patients and also to account for the heterogeneity secondary to genetic differences and environmental factors that could affect the case-control study, we used two distinct controls: (1) asymptomatic antigen exposed and (2) non-exposed healthy controls. The antigen exposed controls who did not develop disease can be classified as a resistant population and non-exposed controls represent the general population where the history of exposure is not known. Of note, 30–40% of confirmed HP patients do not have a history of antigen exposure (1) making this study clinically useful.

The regression analysis revealed a protective association of male sex and smoking with HP, although the duration and/or amount of smoking was unknown. Previous human and animal studies have shown a protective role of smoking in HP under similar antigen risk exposure (48, 49). Smoking has a paradoxical role in HP in the sense that HP develops more frequently in non-smokers than in smokers but when HP occurs in smokers, the outcome is poor (50). Similar to our study, a higher incidence of HP has been reported in females in a recent epidemiological study (49). Thus, modifiable and non-modifiable environmental factors may change the susceptibility of complex diseases. Adjusting for these significant variables and the use of two different statistical approaches could provide confidence in the observations made.

The rs7316_G of the SFTPB is shown to associate with increase HP risk compared to antigen exposed controls only in the multivariate regression analysis. Although the rs7316 is located in the 3′ untranslated region that frequently acts as a regulatory region affecting mRNA stability, the functional significance of this variant is unclear (51). In the single-SNP model and the univariate analysis, we found three SNPS, two of the SFTPA1 and one of the SFTPB, each associated with HP compared to non-exposed controls. The rs1136451_G of the SFTPA1 associated with increased risk of HP. This SNP at codon 62 of SP-A1 does not result in an amino acid change (proline). Moreover, the C allele of this SNP is previously shown to associate with increased risk of COPD (14) and decreased risk of TB (21) in Mexicans. Of note, the G allele of the same SNP was found to associate with decreased risk of COPD in a Chinese population (52). Though the biological effect of the variant is not known, collectively these data indicate that this variant is differentially associated with pulmonary diseases in various ethnic groups. Moreover, we observed that the rs1136450_G allele of the SFTPA1 is associated with decreased risk of HP compared to general controls. This SNP is known to change the encoded amino acid Leucine to Valine at codon 50, but its effect on structure, function and/or stability of the SP-A is not known. Though there are some similarities in the pathogenesis of the two types of interstitial lung diseases (IPF and HP), the C allele of rs1136450 is shown to associate with six-times higher odds of developing IPF in the Mexican population compared to general controls (13), but the same allele is associated with a decreased risk of HP. Whether this along with other markers could be used to differentiate between interstitial lung diseases in Mexicans remains to be determined. A previous study has shown a 3-fold increase in SP-A in BAL of HP patients (34), however, the question remains whether increased SP-A causes or contributes to HP or it is the result of the disease process. The level of SP-A1 and SP-A2 differs among individual as a function of age and lung health status (e.g., heathy vs. cystic fibrosis, culture positive vs. culture negative), as shown by differences in the protein ration of SP-A1 to total SP-A in human BAL samples (53). In addition, several studies have shown that SPs levels are influence by age, health, smoking status, lung health disease as well as by genetic factors (54–56), however, very few studies have correlated genetic polymorphisms with serum levels (57). For the current study, we did not measure the level of SPs in BAL; therefore, the effect of SP SNPs on surfactant protein concentration is unknown in healthy and/or in HP subjects. The N-terminal segment, the collagen-like region and the neck domain but not the carbohydrate recognition domain participate in SP-A oligomerization (6). Of interest, all the significant SNPs of the SFTPA1 and SFTPA2 associated with HP are located within regions that participate in oligomerization, whereas SNPs (rs1965707, rs1965708, and rs4253527) located in the carbohydrate recognition domain are not associated with HP. Currently it is unknown if and how any of the significant SNPs alone or in combination contribute to SP-A oligomerization.

The rs1130866_T allele of the SFTPB was also associated with lower risk of HP. This SNP is a missense mutation that changes the encoded amino acid Threonine to Isoleucine and eliminates an N-linked glycosylation site (58). The T allele of rs1130866 is protective against neonatal RDS (20) and systemic sclerosis associated interstitial lung disease in a Japanese population (59). On the other hand, the C allele that has the N-linked glycosylation site is associated with increased risk of COPD (15), acute respiratory distress syndrome (10), and IPF in Mexicans (13). The presence of N-linked glycosylation may interfere with SP-B processing and protein folding in disease conditions, hence the T allele, without the N-linked glycosylation somehow protects against HP. This has been shown in a transgenic mouse model of pneumonia and sepsis, where the C allele of rs1130866 of human SP-B resulted in a decreased number of lamellar bodies, SP-B concentration, and increase surface tension compared to the T allele of rs1130866 and compared to the wild type mice (60).

In summary, the fact that the marker alleles (rs1130866_T, rs1136450_G, and rs1136451_G) identified by logistic regression analysis and SNPs identified (see below) by the single-SNP model (i.e., the additive effect of the T, G, and G alleles of the rs1130866, rs1136450, and rs1136451, respectively) are identical, based on the calculated OR (regardless of the statistical approaches used), associate with HP provide confidence that these associations are true rather than spurious.

It is known that a genetic variant in the presence of another variant can alter the susceptibility of an individual to certain diseases (61). By studying SNP-SNP interactions, we can better understand the role of genetics in complex diseases such as HP. It is possible that networks of additive and/or epistatic interactions among surfactant protein genetic variants may alter functional capabilities of certain SPs, more importantly, alveolar integrity and/or host defense at the cellular, molecular or tissue level (61). In the three-SNP model, we observed 96 interactions (HP vs. non-exposed) compared to 25 interactions (HP vs. avian antigen exposed), with only 7 interactions being in common between them. The observed difference in the number of interactions could be due to the difference in the patient population, statistical approach and/or sample size. For the current study, we enrolled HP patients, exposed and non-exposed controls from a homogeneous Mexican population and used similar statistical approach to compare HP patients with two different control groups. Therefore, the observed difference in the number of interactions is likely due to the sample size difference.

We observed 44 interactions associated with avian-antigen controls compared to non-exposed controls in a three-SNP model after adjusting for smoking status (data not shown). This indicates that although the demographics of the two control groups (antigen-exposed and non-exposed) appear identical except for the smoking status (Table 1), genetically the two control groups differ. This difference between the two control groups may be in part due to the fact that 25% of the antigen exposed controls were relatives to the cases or other. However, despite genetic differences between the two control groups, we observed seven interactions associated with HP that were found to be in common in the two separate comparisons, where HP cases were compared to either antigen exposed or to non-exposed controls (Figure 2). The association of these interactions with HP is likely robust given the two different controls and considering the baseline genetic differences between the two control groups and should be investigated further in the future.

The complex three SNP model identified various significant interactions among the hydrophilic and hydrophobic SPs associated with HP after adjusting for sex and smoking status of study participants. Interestingly, we noted that one of the common interactions, involving the SFTPB (rs3024798 and rs2077079) and the rs2243639 of the SFTPD, was associated with increased risk of HP compared to the homogeneous antigen exposed control group, however, the same interaction was associated with decreased risk of HP compared to the heterogeneous non-exposed control group, in which the history of exposure and living conditions were unknown. Heterogeneity due to differences in genetic background and/or environmental conditions is probably one of the sources of apparent discrepancies in case-control study results. Therefore, the differences indicate that caution should be exercised in the definition of cases and control groups and that findings should be interpreted within the context of experimental design.

The intragenic interaction (rs1059047 x rs1136450 x rs1136451) of the SFTPA1 is associated with increased or decreased risk of HP depending on dominant or additive effects of each SNP, respectively, in the three-SNP model compared to non-exposed controls (Figure 1). Although the study population remained the same, the susceptibility to disease changes based on the effect the particular SNP exhibits in a particular interaction. It is possible that either too much or too little of a gene product and their interactions could lead to either over or under function, of genes in a disease state (62). Of note, the concentration and biochemical properties of surfactant proteins are altered in HP patients compared to controls (32–34). This may explain the change in HP risk based on the effect of a particular SNP in that interaction. Moreover, the majority of previous associations studies have assumed only additive effects of SNPs, without considering non-additive effects (63). By studying non-additive effects (i.e., dominant or recessive) of SNPs and their interactions in the present study, we identified associations that could change the disease risk as shown in this SFTPA1 intragenic SNP interaction. Conversely, the same SFTPA1 intragenic SNP interaction (rs1059047 x rs1136450 x rs1136451) with dominant effects of each SNP was associated with decreased risk of pediatric acute respiratory failure (41). The clinical outcome of a quantitative or qualitative imbalance of a given gene product in a given microenvironment, may differ among individuals. The fact that enrolled subjects in that study (41) were predominantly white children aged less than 2 years and admitted with viral infections, the contrasting effect of the same interaction on disease risk is not surprising.

Interactions of the SFTPB and SFTPD SNPs had a variable susceptibility to HP (Figure 2). For example, the rs1130866 of the SFTPB is associated with lower risk of HP in the single-SNP model. Interactions of that particular SNP with other SFTPB SNPs (rs3024798 and rs2077079); and with the rs2243639 of the SFTPD associated with a decreased risk of HP. These findings likely highlight the protective role of rs1130866 of the SFTPB in HP. However, the interaction of two other SNPs of the SFTPB (rs3024798 and rs2077079) with the rs2243639 of the SFTPD was associated with increased risk of HP. In addition, the rs1136451 of the SFTPA1 is associated with increased risk of HP in the single-SNP model but interactions of the same SNP with other hydrophobic SPs (SFTPB and SFTPC) SNPs were associated with decreased risk of HP in the three-SNP model. As shown in the current study, a given SNP could change the susceptibility of a disease depending on its interactions with other SNPs, and this highlights the importance of studying SNP-SNP interactions rather than a single SNP association to fully understand the role of genetics in complex diseases such as HP.

In general, the majority of interactions associated with increased HP risk involved SNPs of either the SFTPA1 and/or SFTPA2, whereas their interactions with the hydrophobic SPs (SFTPB and SFTPC) were associated with a decreased risk of HP. The significance for the SFTPAs association may be due to the differential effect of SFTPA gene variants in lung function parameters (29), which, in the case of HP, is also altered due to antigen-induced lung inflammation. Based on these, we speculate that the presence of the hydrophilic SP genetic variants, particularly of SFTPA1 and SFTPA2, in a susceptible population contribute to a dysfunction/poor functioning of the innate immune response to avian antigen exposure, alters lung function and this in turn may contribute to the pathogenesis of HP. However, interactions of these SNPs with the hydrophobic SP gene variants, particularly with SFTPB, may confer protection against HP. SP-B profoundly influences intracellular processing, secretion, and the pool size of surfactant (46). SP-A and SP-B have an interactive role in maintaining surface activity in vitro, and both are essential components of tubular myelin, an extracellular form of surfactant (64, 65). Together, these interactions among SNPs of SFTPA and SFTPB may alter the level and/or properties of SPs in HP patients that may provide protection against dysregulated inflammation. Moreover, interactions of the SFTPA with SFTPB have been previously shown to change susceptibility to neonatal RDS based on ethnic background, where certain variants increased risk of RDS in white neonates compared to black neonates (20). Nonetheless, the impact of these actual gene-gene interactions on levels and biophysical/biochemical properties of SPs need to be studied in biological experiments.

The study of haplotypes (SNPs that are inherited together) is shown to be a powerful tool to identify associations in complex diseases such as HP (66). The 1A3 and “CC” haplotypes of the SFTPA2 were associated with decreased risk of HP compared to avian antigen controls. Moreover, the 1A3 haplotype is shown to associate with increased risk of TB in a Mexican population compared to healthy controls. Of note, the 1A3 differs from most other SP-A2 haplotypes at amino acid 223 (Lys instead of Gly) located within carbohydrate recognition domain that is responsible for recognizing, binding and clearing foreign materials entering into the lungs (9). Previous studies of SP-A1 and SP-A2 variants using the transgenic mouse model showed that the 1A3 of the SFTPA2 was associated with better survival (28) and exhibited significantly higher lung function compared to other SP-A1 variants (29). Thus, findings of the current study, although it is an association study, are consistent with our previous animal data where a functional outcome was measured. How this haplotype alters the functional capabilities of SP-A remains to be determined, particularly in response to a potentially dysregulated inflammation and infection. It would be interesting, guided by the SNP-SNP interaction data, to generate additional SP-A cDNAs to use them to either generate stably transfected cell lines or transgenic mice for functional and regulatory studies as done with some of the common SP-A variants (65, 67). Similar to the SNP-SNP interaction model, a haplotype estimation model showed increased or decreased risk of HP based on the effect (i.e., dominant and recessive) of that particular haplotype. It is important to note that the significant haplotypes associated with HP are located very close to each other on the gene as shown in Figure 3 and biologically have a higher chance of transmitted together.

The strengths of the study includes, (1) some of the susceptibility SNPs and SNP-SNP interactions associated with HP were the same by two different statistical approaches as well as by multiple comparisons adjusting for variables; (2) use of physiologically and biologically relevant SP SNPs, which is prerequisite for the SNP-SNP interaction model to study complex diseases (39). The limitations of the present study are the moderate sample size and the homogeneous patient population. A previous simulation study of SNP-SNP interaction indicated that a sample size of at least 100 in both case and control groups is needed to detect all the possible interactions. The moderate sample size of the current study may have resulted in under-reporting of causative SNP-SNP interactions and haplotypes, since the power to detect small differences is limited by the sample size, particularly for comparison of HP patients (n = 75) with antigen-exposed controls (n = 64). Furthermore, the findings of the present study may not be generalized in heterogeneous non-Hispanic patients. These associations should be strengthened and validated by increasing the sample size and replicating the findings in other groups of heterogeneous non-Hispanic HP patients. In addition, we did not measure SP expression/level in BAL of HP patients, therefore, the impact of these SNPs on SP expression, and in turn, on HP is unknown.

In summary, this is the first study showing association of SP SNPs and haplotypes with HP using two different statistical approaches in a Mexican population. The rs1136451 of the SFTPA1 is associated with increased risk, whereas, the rs1136450 and the rs1130866 of the SFTPA1 and SFTPB, respectively, are associated with decreased risk of HP compared to non-exposed controls using logistic regression analysis and a single-SNP model. Moreover, SNPs that are significantly associated with HP in the multivariate analysis also remained significant in the three-SNP interaction model after adjusting for smoking and sex. The rs1965707, rs1965708, and rs4253527 located within the carbohydrate recognition domain of the SFTPA1 and SFTPA2 were not associated with HP. SNPs of the SFTPA1 and SFTPA2 were overrepresented in interactions associated with increased HP risk, and their interactions with SNPs of the hydrophobic SPs for the most part associated with decreased HP risk. These observations indicate that specific SP genetic variants play role in the susceptibility of Mexicans to HP. This study focuses on complex and unique interactions of the SP SNPs with HP and gives valuable information of possible functional role of surfactant proteins in innate immunity against antigens as well as in the pathogenesis of HP. This knowledge may be useful in specific marker development for diagnosis of HP.
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Currently, chronic obstructive pulmonary disease (COPD) is one of the most common chronic lung diseases. Chronic obstructive pulmonary disease is characterized by progressive loss of lung function due to chronic inflammatory responses in the lungs caused by repeated exposure to harmful environmental stimuli. Chronic obstructive pulmonary disease is a persistent disease, with an estimated 384 million people worldwide living with COPD. It is listed as the third leading cause of death. Exosomes contain various components, such as lipids, microRNAs (miRNAs), long non-coding RNAs(lncRNAs), and proteins. They are essential mediators of intercellular communication and can regulate the biological properties of target cells. With the deepening of exosome research, it is found that exosomes are strictly related to the occurrence and development of COPD. Therefore, this review aims to highlight the unique role of immune-cell-derived exosomes in disease through complex interactions and their potentials as potential biomarkers new types of COPD.
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INTRODUCTION

Chronic obstructive pulmonary disease (COPD) is a common chronic airway disease, characterized by irreversible, progressive airflow limitation, and repeated airway inflammation, which seriously affects the patient's breathing and interferes with the patient's life and work (1, 2). There are several viewpoints in COPD's pathogenesis, such as oxidative stress, epigenetics, cell aging, apoptosis, chronic inflammation, protease/antiprotease, and linear green body function (3). Environmental factors and genetic mutations play a role in it. Exposure to cigarette smoking(CS), whether active smoking or second-hand smoke, is the leading risk factor to get COPD (4, 5). Environmental pollution and occupational chemical exposure in some developing countries, are essential factors causing COPD (6). Exposure to indoor air pollution can affect unborn babies and is a risk factor for chronic obstructive pulmonary disease. According to the World Health Organization (WHO), COPD is the third leading cause of death globally. Statistical projections state that by 2040, the annual death toll will reach 4.4 million, and 90% of chronic obstructive pulmonary disease deaths will be more in both low-income and middle-income countries (7, 8). The airway epithelium CS events such as the first contact, long-term exposure to CS can induce epithelial cells to produce pro-inflammatory medium, senescence-associated secretory phenotype (MCP-1, IL-1, IL-6, IL-8), damage-associated molecular patterns (receptor for advanced glycation end-products, heat shock proteins, S100 proteins, high-mobility group box), the media which is released into the pulmonary and systemic circulation (9, 10), can stimulate the damage to the lung parenchyma, alveolar damage, and promote the development of COPD (11). Current treatment methods for COPD can only slow down the loss of lung function and cannot reverse the deterioration of lung structure and function. Therefore, it is essential to understand the molecular mechanism of COPD's occurrence and development and optimize the clinical treatment strategy. Various studies support the fact that exosomes containing miRNA, lncRNA, and proteins that are involved in the pathogenesis of COPD (12, 13), many exosomes, including miR-101, miR-223, miR-144, and miR-1274a act by influencing the molecular pathways associated with the pathogenesis of COPD which includes Kras, Notch, Smad, and TGF-β (14). Besides, these molecules are potential candidates for the early diagnosis and treatment of COPD. There are much-emerging shreds of evidence reporting that increased or decreased exosomes' expressions are a common feature of various lung diseases, including COPD (15). Takahashi et al. reported that changes in exosome numbers could predict a patient's physiological outcomes. For example, exosomes derived from bronchial endothelial cells were increased significantly in stable COPD (SCOPD), which were also increased in acute exacerbation COPD (AECOPD) (16).

Exosomes can maintain the stability of the intracellular environment (17). However, they can also get involved in different functions of the recipient cells (18). Direct exposure to a harmful stimulus (e.g., CS, air pollutants, and infection) may affect the nucleic acid load of lung-derived exosomes and participate in the progress of lung diseases (19). It was also found that exosomes may cause COPD pathological disturbances, that include chronic inflammation, oxidative stress, multiple organ dysfunction, epigenetic changes, cell apoptosis, aging, and diseases related to linear green body dysfunction (20, 21), and this proves that exosomes may act as a promising biomarker for the diagnosis of COPD (14). This is because, during the progression of COPD disease, COPD patients will produce a large number of exosomes, and can be isolated from sputum (22), plasma (23, 24), bronchial lavage fluid (BALF) (25), which suggests that exosomes considered as potential non-invasive diagnostic tools for COPD. This review first introduces the biological characteristics and functions of exosomes, introduces the role of exosomes in mediating intercellular communication and regulating immune cells in COPD, and finally clarifies the recent progress of exosomes in auxiliary clinical diagnosis and treatment of COPD.



MAIN COMPONENTS OF EXOSOMES


Biological Characteristics of Exosomes

Exosomes are membrane vesicles with a bilayer lipid of about 30–150 nm in diameter, produced by early and late endosomes, and eventually, form multivesicular bodies (MVB) (26). A variety of cells releases these vesicles, such as structure cells (epithelial cells, endothelial cells, and alveolar I and II, alveolar macrophages, fibroblasts), and immune cells (B and T lymphocytes, macrophages, dendritic cells) (3). CD9, CD63, CD81, and CD82 proteins from the peripheral membrane are fused during release into the extracellular space. These proteins are considered markers of exosomes (27). Besides, endosome markers also include heat shock 70 kDa protein 4 (Hsp70), MHC classes I and II, ALG-2 interacting protein X (Alix), and tumor susceptibility gene 101 (Tsg101) (28, 29).



The Genetic Material in Exosomes

The main components of exosomes are protein and lipid, genetic material including DNA, mRNA, miRNA, lncRNA, and metabolites (30, 31). Among them, miRNA is a highly studied regulatory molecule. It has found that a small non-coding RNA between 19 and 25 nucleotides in length together with silencing the 3′-untranslated region (3′UTR) of the target mRNA, negatively regulates its expression at the transcriptional and post-transcriptional levels, which in return affects various cellular functions such as proliferation, apoptosis, differentiation, and emergency resistance. The events mentioned above also affect biological processes that include autophagy, inflammatory response, cellular senescence, tissue remodeling, immune regulation, and angiogenesis (32, 33). These processes usually involve the level of multiple genes. Besides, the length of the lncRNA is over 200 nucleotides, and located in the nucleus, transcripted by RNA polymerase II, but cannot make reaction with proteins; lncRNA has been shown to participate in mRNA splicing after transcription and protein translation process, usually expresses the tissue specificity and cell specificity, and in the maintenance of steady-state (34). More information about these two types of RNA is summarized in Table 1.


Table 1. miRNA vs. lncRNA.

[image: Table 1]



Biological Functions of Exosomes

Exosomes can transmit information to target cells in three ways: (1) Interact with the cell surface through receptors; (2) Endocytosis; (3) The direct fusion of outer cell membrane and plasma membrane as it is shown in Figure 1. Briefly, exosomes' primary function is to transport essential substances and mediate communication between cells (35). This biological effect unit regulates the properties of target cells (36, 37). More evidence shows that exosomes are involved in different respiratory diseases, including COPD (38). In airway physiology, exosomes from alveolar macrophages, epithelial cells, and endothelial cells affect the disease's progress in controlling the stability of the intracellular environment and changing the function of receptor cells (39). Under normal circumstances, exosomes are highly stable in biological fluids due to the bilayer protection of lipids. High-throughput sequencing technology can detect highly sensitive and highly specific exosomes. A large amount of exosome secretion can be detected in various biological fluids, such as sputum, blood, BALF, urine, pleural effusion, ascites, synovial fluid, and breast milk (40). This makes exosomes potentially valuable for the diagnosis, prognosis, and treatment of respiratory diseases.


[image: Figure 1]
FIGURE 1. Exosome in cell communication. Exosomes are nanovesicles (30–150 nm) that originate formed by early endosomes, late endosomes, and ultimately multivesicular bodies (MVB). Exosomes contain a variety of proteins, lipids, DNA, RNA, and metabolites. The cell body's surface includes major histocompatibility complex (MHC I/II), Tetraspanins (CD9, CD63, CD81, CD82), cell surface proteins ligand. This confers them with functional features. Exosomes can transmit information to target cells by: (1) binding to the cell surface by ligand, (2) endocytosis, (3) direct fusion of extracellular with plasma membranes.





THE CLINICALLY RELEVANT ROLES OF EXOSOMES IN COPD

Chronic obstructive pulmonary disease is a chronic inflammatory respiratory disease characterized by irreversible airflow limitations caused by prolonged exposure to cigarette smoke or harmful irritants. Multiple studies have demonstrated that exosomes play an essential role in the occurrence and progression of COPD, including inflammation of the lung parenchyma and surrounding small airways (chronic bronchitis), degeneration of lung tissue (emphysema), and remodeling of small airways, leading to decreased lung function (41). The related exosomes miRNAs and lncRNAs involved in COPD's development and progression are summarized in Figure 2.


[image: Figure 2]
FIGURE 2. COPD's pathological features are chronic inflammation of the lung parenchyma and surrounding airways, emphysema, and narrowing. Remodeling of the small airways, and exosomes are closely related to the course of this cases. List of previously reported miRNA associated with COPD. COPD, chronic obstructive pulmonary disease. Summary data are based on the following references (4, 14, 15, 42–52) for miRNAs and (53–56) for lncRNAs.



The Role of Exosomes in the Pathogenesis of COPD
 
Exosomes and Chronic Airway Inflammation

Cordazzo et al. reported that cigarette smoke extract (CSE) could induce exosomes to be released from mononuclear cells, induce bronchial epithelial cells to produce IL8, monocyte chemoattractant protein-1, and up-regulate CD542, thereby promoting inflammation (57). Also, Tan et al. believe that inflammation and exosomes increase in patients with COPD Relevant, they used Exo ELISA kits to compare the levels of CD9+ exosomes in COPD patients and healthy controls, and found that the levels of COPD patients were significantly higher (58). Moon et al. believe that exosomes rich in COPD-related protein cysteine-rich angiogenic protein 61 (CCN1) can be cleaved after CS exposure. CCN1 allows inflammatory signaling to the far end of the lung. Interaction with integrin 7 in pulmonary epithelial cells activates the secretion of matrix metalloproteinase protein (MMP-1) in pulmonary epithelial cells, thereby promoting the release of vascular endothelial growth factor and IL-8.Il-8 promotes neutrophil infiltration into the lung parenchyma and causes inflammation (59). Besides, after CSE treatment, MEG3 up-regulated in 16HBE cells of COPD patients can release the expressions of inflammatory factors IL1, IL6, and TNF by regulating HSA-Mir-218, thus inducing inflammation and cell apoptosis.



Exosomes and Emphysema

Emphysema is characterized by decreased airway elasticity, hyperinflation, and swelling of the terminal bronchioles (60). Ezzie et al. believe that transforming growth factor β (TGF-β) suggested changes in miRNA expression, such as miR-223 and miR-15b. After knocking out the transforming growth factor TGF R-II in mouse lung epithelial cells, they showed emphysema signs (14). Van Pottelberge et al. analyzed miRNA expression in sputum samples from 32 subjects using qPCR. The results showed that the expression of miR-125b and let-7C in PATIENTS with COPD was lower than that in healthy non-smokers. Low let-7C expression was negatively correlated with the concentration of tumor necrosis factor receptor 2(TNFR2) (42).

Furthermore, Stockley and Turne reported that glycoproteins alpha one anti-trypsin (A1AT) works by inhibiting the process of preventing excessive inflammation neutrophils and eosinophil enzymes work, and A1AT deficiency will lead to the development of emphysema (61). It was also found that in the evaluation of miRNA expression in lung tissue of patients with COPD patients with mild and moderate emphysema, moderate five miRNAs in lung samples of emphysema patients were significantly down-regulated, namely miR-34c, miR34b, miR-149, miR-133a, and miR-133b. Among them, the expression of miR-34c was significantly down-regulated (62).



Exosomes and Airway Remodeling

Long-term harmful stimuli lead to damage to airway epithelial cells, promote phenotypic changes of epithelial cells, and lead to fibrosis and airway remodeling. Fujita's research showed that CS-induced down-regulation of miR-210 could drive the differentiation of myofibroblasts in airway remodeling and inhibit the expression of ATG7 in LFS to control the autophagy process directly (63). This indicates that exosomes may contribute to the tracking of COPD differentiated fibers. miR-15b may be involved in airway remodeling by mediating TGF- related signaling pathways (15). Besides, it has also revealed that different microRNAs such as miR-224, miR-339-5p, and miR-382 are involved in COPD's pathogenesis (64), and particular pieces of information are presented in Table 2.


Table 2. List of miRNAs potentially associated with COPD pathogenesis.
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Gu's research shows that taurine-upregulated gene 1 (TUG1) expression is enhanced in COPD patients, and TUG1 inhibits the expression of miR-145-5pp/DUSP6 axis to promote airway remodelings such as TGF-β1, mucus hypersecretion, collagen 1 and α-SMA and inflammation such as increased IL-6 and pulmonary neutrophil infiltration (67). TUG1, combined with CDKN2B-AS1, can be used to predict acute exacerbation in COPD patients (68). It was found that the expressions of SAL-RNA2 and SAL-RNA3 (senescence-related genes) were significantly increased in COPD lung tissues, and the expressions of p53 and P21 were up-regulated. This shows that lncRNA in airway epithelial cells II type error control in the process of aging may be involved in the pathogenesis of COPD (53). In summary, exosomes influence COPD's occurrence and development by regulating inflammatory, emphysema, airway remodeling, and pulmonary fibrosis. MiRNAs and lncRNAs involved in the development of COPD are summarized in Figure 2.




Immune Cell-Derived Exosome Participate in COPD

Exosomes are recognized as tools for mediating intercellular communication and signal transduction and signaling to immune cells to regulate function. Various studies highlighted that exosomes are secreted by some types of cells, including immune cells, such as B lymphocytes (69), T lymphocytes (70), macrophages (Mϕ) (71), mast cells (MC) (30), dendritic cells (DC) (72), and 17 natural killer cells (NK) (73). Immune-cell-derived exosomes perform numerous physiological and pathological functions, including antigen presentation, immunosuppression, T-cell polarization toward Treg cells, and anti-inflammatory effects, to enhance or suppress immune activity (74). Infiltration of various immune cells, such as neutrophils and macrophages, into small airways, is a common phenomenon in COPD (75). For these reasons, in-depth research is needed to explore the role of immune-cell-derived exosomes in COPD.


Role of Macrophages and Exosomes in COPD

Alveolar macrophages (AM) form the first host defense line against infection/inhalation of harmful substances. They are one of the primary cells in the lung that produce exosomes (76). AM promotes inflammation of COPD. First, macrophage-derived exosomes induce differentiation of immature monocytes into macrophages by mediating miR-223 (77). Exosomes miR-17 and miR-221 then promote macrophage migration by mediating integrin β under sterility stimulation (78). Finally, exosomes miR-221 and miR-320 stimulate the secretion of pro-inflammatory cytokines, thereby activating AM (79). After a series of differentiation, migration, and activation, AM recruits neutrophils, Th1, and Tc1, to promote inflammation (32). The specific process is shown in Figure 3.
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FIGURE 3. Exosomes and macrophages promote alveolar inflammation in COPD.


After CS stimulation, miRNA mediated by endothelial cells, such as miR-125a, miR-126, miR-191, were transferred to macrophages to promote apoptotic cell clearance (80). A study reported that macrophages release outside secretes body with antigen-presenting ability lower associated macrophage transfer specific immune (81). Kulshreshtha et al. found that epithelial-derived exosomes extracted from BALF of mice with COPD induced undifferentiated macrophages and proliferative effects (82). During the pathogenesis of COPD, alveolar macrophages combine with suppressor of cytokine signaling (SOCS) protein, which is taken up by alveolar epithelial cells and inhibits IFN γ-induced signal transducer and activator of transcription (STAT) (58). Also, M1 macrophages (pro-inflammatory) are the predominant cells in the peripheral blood of COPD patients, leading to pro-inflammatory factors (IL-1β, IL-12, TNF-α) and lncRNA miR-155HG are up-regulated (83). As mentioned above, the studies show that the increase of exosomes in the regulation of lung inflammation by macrophages in the lung has practical significance.



Role of Neutrophils and Exosomes in COPD

Neutrophils are a crucial component of innate immune responses in COPD, and Kristopher described a new pathogen, activated PMN (neutrophil) source of NE-rich exosomes (84). These exosomes bind and degrade the extracellular matrix (ECM) involved in COPD's pathogenesis. Mac-1 and neutrophilic elastase (NE) play essential roles in this process. NE is the surface binding protease obtained by CD63+/CD66b+ nanovesicles during PMN degranulation, and NE is resistant to A1AT. It is because of the resistance of the A1AT. The ECM targeting, the outer body of the outer body, which is more potent than the free NE biology (85), and an imbalance of the proteinase-antiprotease system are typical in COPD (86). In this system, PMN-derived NE and lung suppressor A1AT are most prominent (87). Experiments have shown that injecting enough NE into an animal's airways can cause emphysema (88). These findings show that novel exosomes derived from neutrophils participate in disease progression by breaking ECM dynamic balance through NE activity in COPD.



Role of Other Cells and Exosomes in COPD

Among mast cells, the exosomes of human mast cell line-1 overlapped with the proteins of the exosomes inhaled by the patient, suggesting that mast cells also contribute to the lung exosome pool (89). It is worth noting that exosomes from NK cells can react against NK cells and increase the cytotoxic activity and NK cells' targeting (90). Besides, exosomes released by macrophages, NK cells, and dendritic cells through a paracrine act as pro-inflammatory mediators of the innate immune system (81). Exosomes secreted by DC are associated with amplification of the immune response, and DC-based exosomes induce specific humoral responses and activation of CD4+T cells and CD8+T cells (91). As mentioned above, immune cell-derived exosomes are involved in the development and progression of COPD. Exosomes derived from circulating immune cells have immunomodulatory effects. Therefore, it has been reported that immune-cell-derived exosomes can be delivered to target cells by small molecule drugs or specific molecules to stimulate the immune system in patients to recognize and destroy lesions (90). Also, exosomes derived from circulating immune cells can serve as specific biomarkers for the severity of inflammation, which has been demonstrated in liver inflammation (92, 93). The application of exosomes derived from immune cells in immunotherapy is now considered a promising tool in COPD treatment. In conclusion, there are still many questions to be answered about the relationship between immune cells and exosomes involved in lung inflammation and injury in COPD.





CLINICAL APPLICATION OF EXOSOMES IN COPD


Exosomes as Potential Biomarkers for the Clinical Diagnosis of COPD

The study results compared healthy exosomes and exosomes released by bronchial epithelial cells in COPD patients, especially in the AECOPD, and the study reported that exosomes from AECOPD were significantly increased. Moreover, they found that by detecting exosomes' content, pulmonary endothelial cell apoptosis can be analyzed. The degree of activation and the dysfunction of endothelial cells is directly related to the severity of COPD. It is usually evaluated by forced expiratory volume in 1 s (FEV1) to track the disease's advancement (16). Lacedonia and his research team reported that the number of exosomes in sputum is negatively correlated with FEV1, similar to changes in exosome levels related to inflammation. It shows that senescent cells accumulated with age in COPD may affect the release and competition of circulating exosomes (94). Moreover, Shi et al. reported that miR-203 might be a new biomarker for COPD diagnosis; it is just because miR-203 targets P13KCA to inhibit nuclear factors light chain enhancers, which activate B cell signaling pathways significantly involved in COPD (95). Another critical study showed that evidence suggests that miR-21 has potential value in the diagnosis and treatment of COPD. The level of miR-21 in the serum of smokers and patients with COPD is significantly increased. The increased level of miR-21 is associated with the percentage of forced expiratory volume in 1 s/forced vital capacity (FEV1/FVC) (18).

Besides, comparing miR-4455 and miR-4785 in smokers and non-smokers in COPD patients, there was a significant expression difference (96). This made the two exosomal microRNAs to be considered as a potential biomarker for early diagnosis of COPD. Chronic obstructive pulmonary disease, early diagnosis, and patient monitoring are other essential factors. Based on that, researchers conducted a study. They found that miR-218-5p is another essential miRNA that plays an essential role in COPD pathogenesis and promises to be a successful candidate for diagnosing and controlling COPD patients (65). Moreover, other essential study findings showed that miR-29c and miR-126 were up-regulated in Stage III COPD patients relative to stable controls. Such results indicate that all these miRNAs may be used as screening biomarkers for COPD patients (97). As mentioned above from different studies, the findings show that exosomal miRNAs can be used as potential biomarkers for the diagnosis of COPD.



Application of Exosomes in COPD Prognosis

Studies have shown that exosomes with CD144, CD31, and CD62E are more abundant in patients with AECOPD than in patients with SCOPD, suggesting that COPD patients tend to deteriorate can be used as an indicator of prognosis (16). Ge et al. detected the expression of ANRIL in SCOPD patients, AECOPD, and the whole group. They found that the expression of ANRIL in AECOPD patients was the lowest. The expression of ANRIL in SCOPD patients was not related to the GOLD stage. In contrast, the expression of ANRIL in patients with AECOPD was negatively correlated with the GOLD stage. Most importantly, ANRIL expression in patients with AECOPD and stable COPD is negatively correlated with inflammatory cytokines such as IL1B, IL17A, TNF, and LTB4 (98). They finally concluded that lncRNA ANRIL (antisense non-coding RNA at INK4 locus) is associated with chronic diseases' occurrence and prognosis.

It is well-known that skeletal muscle weakness is a severe systemic complication of COPD, which seriously affects patients' quality of life and mobility. Lewis et al. showed that exosome miR-1 plays a crucial role in skeletal muscle dysfunction in patients with COPD, associated with smoking history, function, defatted body mass index, 6-min walking distance, and percentage of quadriceps type I muscle fibers (66). Besides, compared with healthy COPD patients with fat-free body mass index (FFMI), H19 is expressed by demethylation isolation of has-miR-519a after up-regulation increases patients' susceptibility with COPD to low FFMI (99). So far, researchers have used exosomes as a potential non-invasive biomarker for COPD that has never stopped. In short, these studies are mainly used to identify the role of exosomes in the diagnosis of COPD, providing a new basis for the early clinical diagnosis of some exosomes in COPD. Through continuous efforts, new diagnostic tools and more complete treatment methods may appear.



Exosomes Are Essential in the Treatment of COPD
 
COPD Treatment Using Exosomal miRNA

At present, the drugs used to treat COPD are mainly bronchodilators, which are borrowed from medications used to treat asthma. Inhalation corticosteroids (ICSs) are added to LAMA/LABA combination therapy (triple therapy), and the risk of exacerbation and death in COPD patients. However, most patients are not sensitive to steroids, and the use of large doses increases the risk of pneumonia (100). Therefore, COPD patients urgently need critical target treatment. There is also a great need for drugs to prevent the aggravation of the disease and pulmonary hypertension, plus many other COPD complications.

Sun's study reported that miR-206 expression in human pulmonary microvascular endothelial cells (HPMECs) exposed to CS was up-regulated. They also noted that both Caspase3 and HPMEC apoptosis activities were increased. There was a negative correlation between the expression levels of miR-206 and Notch3 and VEGFA mRNA levels. During their study, they concluded that miR-206 could directly target Notch3 and VEGF-A to regulate the process of COPD vascular remodeling (101). It was reported that anti-miR-27-3p could effectively reverse the inflammatory process and reduce the infiltration of neutrophils and macrophages in the lungs and the level of inflammatory cytokines in BALF. Another study aimed to determine miRNA-3202 in COPD noted that the overexpression of miR-3202 could significantly inhibit the increase of T lymphocyte IFN-γ and TNF-α levels induced by CSE while increasing the expression of Fas and FasL. The study also revealed that the high levels of miR-3202 pass target gene Fas apoptosis inhibitory molecule (FAIM) 2 to inhibit T cell apoptosis and protect human bronchial epithelial cells (HBECs). FAIM2 plays a central role in COPD's pathogenesis, inhibits T cell death, and participates in CS-induced cell apoptosis and cell wall destruction (64). Besides, it has also been found that the high levels of miR-145-5p alleviate CS-induced apoptosis and the production of pro-inflammatory cytokines by inhibiting the lytic expression of p53 and caspase339. Besides, some miR-145-5p and KLF5 inhibits CSE-induced NF-κB signal activation, thereby reducing participation in the pathogenesis of COPD (102).

Du et al. tested the expression rates of miR-181c in 34 COPD (smoking cases) patients relative to safety controls, and findings showed that miR-181c might be slightly less controlled in COPD patients than healthy control patients had never smoked. They also demonstrated that the upregulation of miR-181c might be correlated with several consequences, such as inflammatory response reduction, neutrophil invasion, reactive oxygen species formation, and inflammatory cytokine development. MiR-181c downregulation may be correlated with different consequences. They also found that miR-181c exerts its impact by attacking CCN1. The downregulation of the miR-181c could contribute to the increase in CCN1 expression in the pulmonary tissues of patients with COPD relative to stable controls. The results mentioned above show that miR-181c might be used as a therapeutic target to treat COPD patients (103). Another study also reported that the deregulation of miR-126 is correlated with ATM kinase activation, and they have also demonstrated that miR-126 levels have been decreased in the smoker and COPD endothelial blood cells relative to non-smoker subjects. These findings indicated that the reduction of miR-126 through ATM targeting might facilitate tissue aging and dysfunction in smokers and COPD subjects. This miRNA may also be seen as a new therapeutic target for treating COPD patients (104). Taken together, it is clear that exosomes play an essential role in the treatment of COPD patients.



The Treatment of COPD by Synthetic siRNA

Synthetic siRNAs' potential to treat COPD by transcriptionally down-regulating target genes' expression has been successfully validated in multiple animal models (105). For example, mitogen-activated protein kinase kinase kinase (MAP3K) 19 phosphorylates the nucleus of Smad2/3 Translocation and activation of NF-κB reduces lung neutrophil infiltration and BALF levels of KC (a mouse homolog of human IL-8) (106). A recent study has shown that it is caused by infection of the upper respiratory tract. Among the causes of worsening COPD, human rhinovirus (HRV) and non-typeable Hemophilus influenza (NTHI) is the most common. The combined HRV/NTHI response increased IL-17C production, and IL-17C-specific siRNA could block IL-17C and CXCL1 and neutrophil migration induced by HRV/NTHI (107). Trophoblast cells' surface antigen (Trop) 2 expressed on the basal lung compartment's multipotent progenitor cells in preventing COPD airway remodeling Surface antigen. Its specific siRNA reverses cell movement and migration of basal cell hyperplasia. Epithelial-mesenchymal transition (EMT) (108), COPD combined pulmonary hypertension is a common complication of patients, which is closely related to the high expression of the neuron-derived orphan receptor (NOR)1.NOR1 plays a role in regulating inflammation and vascular remodeling. Its specific siRNA inhibits hypoxia-induced cyclin D1 level, cell proliferation, and DNA synthesis in primary human pulmonary artery smooth muscle cells (PASMCs) (109) SI00A4, a secretory member of S100 calcium-binding protein, is highly expressed in COPD patients and mouse models and is involved in the proliferation, migration, and EMT of smooth muscle cells. HIF-1α or HIF-2α siRNA can inhibit the high expression of S100A4 (110). Based on the above facts, exosomes play a crucial role in the treatment of COPD. However, COPD is a disease caused by a variety of factors.





FUTURE DIRECTION AND THE LIMITATION

The study of exosomes vs. COPD is an emerging and rapidly evolving field where we can use exosomes to develop therapeutic tools to prevent and stop lung injury caused by COPD. However, there are still many problems to be solved, such as the lack of uniformity and standardization of exosome detection, isolation, and purification technologies. The advantages and disadvantages of exosome isolation methods are shown in Table 3. Secondly, the mechanism of exosome uptake by recipient cells is not fully understood. Also, collecting tissue samples from the lungs is more complicated. More in-depth studies are needed to fully understand the pathogenesis of exosomes in COPD and fully reveal the role of miRNA and lncRNA in the disease.


Table 3. Principle, advantages and disadvantages of common exosome isolation methods.
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CONCLUSION

Chronic obstructive pulmonary disease is a heterogeneous disorder marked by airway inflammation, lung tissue damage, and airflow restriction consistent with airway remodeling. Exacerbations are a significant cause of disease development, morbidity, and death, and novel therapies and medications for COPD remain particularly crucial due to a lack of effective drugs. Exosomes are incredibly durable and practical packages of cellular material. They can transfer their bioactive loads to receiver cells across the body, influencing physiological and pathological conditions. Exosomes have considerable clinical value due to their capacity to be controlled and optimized to guide treatment. Although this review tried to highlight the latest evidence of exosomes from various cell sources as biomarkers and their potential for application in COPD treatment, in-depth researches are needed to be used in daily early diagnosis and treatment of COPD.
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Background: Central and peripheral location as well as thyroid transcription factor-I (TTF-1) expression was reported to be associated with different characteristics and prognosis of small-cell lung cancer (SCLC). This study aimed to investigate differential expression of PD-L1 in different SCLC subtypes, and in biopsy and resection specimens.

Methods: We retrospectively analyzed 142 SCLC tumor samples using immunohistochemistry to correlate PD-L1 (22C3) expression with clinicopathologic features and survival data.

Results: PD-L1 expression was found in 19.7% SCLCs (28/142) and was more frequent in females than in males (32%, 16/50 vs. 13%, 12/92, p = 0.009), in central type than in peripheral type SCLCs (26%, 26/100 vs. 4.8%, 2/42, p = 0.003), and in TTF-1 positive than in negative SCLCs (23.8%, 25/105 vs. 8.1%, 3/37, p = 0.039). PD-L1 expression was associated with vascular (p = 0.001) and lymphatic invasion (p = 0.001). There was no significant difference in PD-L1 expression between biopsy and resection specimens. On univariate analysis, patients with PD-L1 expression had significantly shorter progression-free survival (PFS; p = 0.026) and overall survival (OS; p = 0.012). Multivariate analysis revealed that PD-L1 expression was an independent prognostic factor for OS (HR, 2.317; 95% CI 1.199–4.478; p = 0.012) and PFS (HR, 1.636; 95% CI 0.990–2.703; p = 0.051) in SCLC.

Conclusions: PD-L1 expression was more frequent in central type, TTF-1 positive SCLCs, and predicted a poor clinical outcome in these patients. Therefore, tumor location and TTF-1 expression could predict expression status of PD-L1, and could potentially serve as clinical response to immunotherapy.

Keywords: small-cell lung cancer, PD-L1, central and peripheral, immunohistochemistry, clone 22C3, TTF-1


INTRODUCTION

Small-cell lung cancer (SCLC) is an aggressive malignant disease with early development of metastasis. Surgery generally benefits only about 1% of the patients (1). The first-line therapy for SCLC is platinum-based systemic chemotherapy which has a good initial response rate. However, the vast majority of patients relapse and become resistant within a year (2). Immunotherapy, especially the one based on programmed death 1/programmed death-ligand 1 (PD-1/PD-L1) checkpoint inhibitor has generated significant breakthrough in the treatment of SCLC recently (3, 4).

The expression of PD-L1 on tumor cells has demonstrated good correlation with response in some clinical trials, but positive responses were only observed in a relatively small section of the patients with PD-L1 expression. Moreover, evidence suggests that patients with PD-L1–negative tumors may also respond to immunotherapy (2, 5, 6). This has prompted many researchers to seek out the subtype of patients who could benefit from immune treatments that has not yet been identified in SCLC.

The morphological features of small-cell carcinoma are relatively consistent between different tumors and different areas of an individual tumor. However, studies have shown inter-and intratumoral heterogeneity of SCLC, and the impact of these differences on the response to specific therapeutic agents in both patients and animal models (7–10). SCLC tumors have been grouped into distinct subgroups based on a few factors including tumor location, expression of immunohistochemical markers, and genetic profiles. Previous evidence suggest that the central and peripheral type SCLCs show different immunohistochemical phenotypes (TTF-1 and some neuroendocrine markers) and prognosis (11, 12). In a mouse model of SCLC, central and peripheral tumors showed different response to cisplatin treatment (7). TTF-1 was expressed in 81–97% of SCLCs and TTF-1–negative SCLCs exhibited decreased neuroendocrine differentiation, but the prognosis and treatment efficacy of its expression remains unclear because of the limited number of reports (8, 11, 13). These facts raise the questions as to whether PD-L1 expression differs in different types of SCLC and what may be the prognostic significance of its expression?

Although few studies have evaluated the expression of PD-L1 and its prognostic role in SCLC, the results are inconsistent (14, 15). No study has evaluated PD-L1 expression in different SCLCs based on tumor location, TTF-1 expression, and specimen types so far. Therefore, to address the above questions, we investigated the expression of PD-L1 in different types of SCLCs in terms of clinicopathologic characteristics and prognosis in this study, with the objective of finding more specific candidates for immunotherapy.



MATERIALS AND METHODS


Patients and Data Collection

In this study, a total of 2,524 SCLC patients (24%, including 71 resection cases) were selected from 10,458 lung cancer patients who were admitted at The Second Hospital of Jilin University (Jilin, China) between January, 2009 and December, 2018. A total of 142 SCLC patients with follow-up data were finally selected. Patients who had received preoperative neoadjuvant chemotherapy or radiotherapy were excluded in this study. A total of 54 resection cases with medical record were enrolled in this study. The median follow-up period was 21.3 months. The overall 3-year survival rate of the patients was 10.8%, and 5-year survival was 0%. Smoking status was obtained from the electronic medical records or through telephone surveys. Tumors involving segmental or more proximal bronchi were defined as central type, whereas tumors involving subsegmental or more distal bronchi were defined as peripheral type. A few cases were excluded from the study because of the difficulty in grouping them into the central or peripheral types. This study was approved by the Ethics Committee of The Second Hospital of Jilin University.



Definition of Central- and Peripheral-Type SCLC

Definition of central-and peripheral-type SCLC based on previous reports (8, 16, 17), primary tumors involving segmental or more proximal bronchi were defined as central-type tumors. Primary tumors involving subsegmental or more distal bronchi were defined as peripheral-type tumors.



Immunohistochemistry (IHC)

Immunohistochemistry was performed on formalin-fixed, paraffin-embedded tissue sections using the FDA (Food and Drug Administration) and NMPA (National Medical Products Administration) approved PD-L1 IHC 22C3 pharmDx kit on the Dako Autostainer Link 48 platform according to manufacturer recommendations. PD-L1 positivity was defined as membranous staining of any intensity in at least 1% of the tumor cells and inflammatory cells (tumor associated lymphocytes and macrophages) with more than 1% membrane and/or cytoplasm staining of any intensity was defined as positive. The slides were examined independently by two observers (P-LS and SY) blinded to both the clinical and pathologic data.



Statistical Analysis

All statistical analyses were performed using SPSS version 22.0 for Windows (Inc., Chicago, IL). Categorical variables were compared using Fisher's exact test or Chi-square test. Kaplan-Meier analysis was performed for survival curves, and statistical significance was assessed by the log rank test. To evaluate whether a biomarker was an independent prognostic factor of OS, multivariate analysis using the Cox proportional hazard regression model was performed. All tests were two sided, and p < 0.05 was considered statistically significant.




RESULTS


Patient Characteristics

The clinicopathologic features of the 142 patients are summarized in Table 1. The cohort consisted of 92 (64.8%) men and 50 (35.2%) women with a median age of 61.72 years (range, 41–87), and included 102 (71.8%) smokers and 40 (28.2%) non-smokers. Of the 142 tumor samples obtained, 88 were biopsy and 54 were resection samples, and among these 86 (60.6%) were limited-stage and 56 (39.4%) were extensive-stage cases. Further, 26.8% (38/142) of the patients presented with distant metastatic disease at the time of diagnosis, and the metastatic sites included supraclavicular lymph node, liver, and contralateral lungs among others. Of the 54 resected SCLCs, eight cases were available with paired preoperative bronchoscopic biopsy specimens.


Table 1. PD-L1 status in 142 small-cell lung cancer according to clinicopathologic characteristics.
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Regarding the tumor location, 100 cases (70.4%) were of the central type and 42 (29.6%) cases were of the peripheral type. TTF-1 was expressed in 73.9% (105/142) of the SCLC cases. Moreover, 72.0% (72/100) of the central type tumors and 78.6% (33/42) of the peripheral type tumors showed positivity for TTF-1. There was no significant correlation between TTF-1 expression and tumor type. Most of the cases showed positive expression of the common neuroendocrine markers including chromogranin A (82.1%, 115/140), synaptophysin (92.1%, 129/140), and CD56 (93.5%, 129/138). The Ki-67 labeling index was high (>70%) in almost all cases (99.3%, 141/142).



Expression and Clinicopathologic Correlation of PD-L1 in Total SCLC

PD-L1 protein expression was not detected in peribronchial mucus glands and bronchial epithelium, non-neoplastic type I pneumocytes, type II pneumocytes, and mesenchymal cells. Some inflammatory cells in the lung cancer microenvironment including T cells, macrophages, and mast cells showed weak to moderate PD-L1 cytoplasmic and membrane immunoreactivity (Figures 1A–F). PD-L1 expression was detected in the membrane and/or cytoplasm of tumor cells (Figures 1G–I). Tumor cells with more than 1% membrane staining of any intensity was defined as positive and a total of 19.7% (28 of 142) of the SCLC cases were found to express PD-L1. Tumor associated lymphocytes and macrophages with more than 1% membrane and/or cytoplasm staining of any intensity was defined as positive and the total percentage is 41.5% (59/142). The intensity of staining ranged from weak to moderate and strong, and majority of the cases showed moderate staining. The stained tumor percentage of the positive cases was between 2 and 35% with a mean value of 16%.


[image: Figure 1]
FIGURE 1. Hematoxylin-eosin (HE) staining and PD-L1 immunohistochemical (IHC) staining in small-cell lung cancer (SCLC). (A) HE stained images of SCLC tumor (×100). (B) IHC stained images of PD-L1 negative in SCLC tumor cells (EnVision, ×100). (C) IHC stained images of PD-L1 expression in SCLC tumor cells (EnVision, ×200). (D) Lymphocyte infiltration around tumor cells (HE, ×100). (E) IHC stained images of PD-L1 negative in tumor infiltrating lymphocytes (EnVision, ×100). (F) IHC stained images of PD-L1 positive cell membranes of tumor infiltrating lymphocytes (EnVision, ×200). (G) Macrophages infiltration around tumor cells (HE, ×100). (H) IHC stained images of PD-L1 negative in tumor-associated macrophages (EnVision, ×100). (I) IHC stained images of PD-L1 positive cell membranes of tumor-associated macrophages (EnVision, ×200).


Among the 142 patients, PD-L1 expression was more commonly observed in females than in males (32%, 16/50 vs. 13%, 12/92, p = 0.009), in central type than in peripheral type SCLC (26%, 26/100 vs. 4.8%, 2/42, p = 0.003), and in TTF-1 positive than in negative cases (23.8%, 25/105 vs. 8.1%, 3/37, p = 0.039). There was a significant correlation between PD-L1 expression and the presence of vascular (p = 0.001) and lymphatic (p = 0.001) invasion. No significant difference of PD-L1 expression was observed between smokers (19.6%, 20/102) and non-smokers (20.0%, 8/40), biopsy (19.3%, 17/88) and resected specimens (20.4%, 11/54), limited-stage (19.8%, 17/86), and extensive-stage cases (19.6%, 11/56). Correlation between PD-L1 expression and neuroendocrine markers was also evaluated and no correlation was found between PD-L1 expression and any of the neuroendocrine markers (Table 1).



PD-L1 Expression in Different Types of SCLCs

To investigate whether PD-L1 was differentially expressed in different types of SCLCs, we analyzed the association of PD-L1 expression and some clinicopathological parameters including tumor location (central and peripheral), TTF-1 expression (positive and negative), and sample types (biopsy and resection).

There was a significant correlation between PD-L1 expression and female sex (p = 0.035), the presence of vascular invasion (p < 0.001), the presence of lymphatic invasion (p = 0.004), and TTF-1 expression (p = 0.001) in central type SCLC. There were no significant correlations between PD-L1 expression and the clinicopathologic characteristics except a negative correlation with TTF-1 expression (p = 0.042) in the peripheral type SCLC (Table 2).


Table 2. Correlation between PD-L1 expression and clinicopathologic features in central-type and peripheral-type SCLC.
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Significant differences in PD-L1 expression were observed between female and male sex (p = 0.035), and between central and peripheral SCLCs of the TTF-1 positive subtype. PD-L1 expression was positively correlated with the presence of vascular invasion (p = 0.003) and the presence of lymphatic invasion (p = 0.001) in TTF-1 positive SCLCs. Further, there were no significant correlations between PD-L1 expression and any of the clinicopathologic parameters in TTF-1 negative SCLCs (Table 3).


Table 3. Correlation between PD-L1 expression and clinicopathologic features in TTF-1-positive and TTF-1-negative SCLC.
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We subsequently evaluated PD-L1 expression in small biopsy and surgically resected specimens (Table 4). Among the 88 small biopsy specimens, PD-L1 expression significantly correlated with TTF-1 (p = 0.023) and chromogranin A (p = 0.034) expression. In the 54 resected cases, PD-L1 expression was positively correlated with female sex (p = 0.010) and central location of the tumor (p = 0.002). Of the 54 resected SCLC, eight cases were also available as biopsy specimens for the comparison of PD-L1 expression between small biopsy and surgical resected specimens from the same patients. Of the eight paired cases, PD-L1 expression was observed in one case in which the biopsy and paired resected specimen showed the identical results with the similar intensity and percentage staining of the tumor cells (weak to moderate, 10% for resection and 8% for biopsy). The overall concordance rate of PD-L1 expression between resected and their corresponding biopsy specimens was 100%.


Table 4. Correlation between PD-L1 expression and clinicopathologic features in biopsy specimen and resection specimen of small-cell lung cancer.
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Survival Analysis

Survival analysis was performed among the entire SCLC cohort and then among the different subtypes. In univariate analysis, PD-L1 expression was associated with a significantly poorer PFS and OS (p = 0.026 and p = 0.003, respectively) in entire SCLC cohort (Figures 2A,B). Multivariate Cox analysis confirmed that PD-L1 expression was an independent poor prognostic factor for OS (HR, 2.317; 95% CI 1.199–4.478; p = 0.012) and tended to be an independent prognostic factor for PFS (HR, 1.636; 95% CI 0.990–2.703; p = 0.051) (Table 5). In TTF-1 positive and central type SCLCs, PD-L1 expression was associated with poorer PFS (p = 0.014 and p = 0.042, respectively) and OS (p = 0.009 and p = 0.019, respectively), and in peripheral type SCLC, with poorer OS (p = 0.005).
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FIGURE 2. Kaplan-Meier survival estimates of progression-free survival (PFS) and overall survival (OS) based on the expression of PD-L1. (A) Kaplan-Meier plot showing PFS. (B) Kaplan-Meier plot showing OS.



Table 5. Univariate and multivariate analyses of factors associated with PFS and OS in small cell lung cancer patients.
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DISCUSSION

To the best of our knowledge, this is the first study to investigate the correlation among tumor location, TTF-1 expression, and sample type and PD-L1 expression in SCLCs. In this study, the clinicopathologic and prognostic significance of PD-L1 expression were assessed in 142 cases of SCLC and different SCLC subsets. We demonstrated that PD-L1 expression was more frequent in females than males, in central type than peripheral type SCLCs, and in TTF-1 positive than negative SCLCs. PD-L1 expression was positively associated with vascular and lymphatic invasion, which have been implicated in unfavorable prognosis. PD-L1 expression was associated with a significantly poorer PFS and OS in all SCLCs as well as in TTF-1 positive and central type SCLCs. Multivariate analysis revealed that PD-L1 expression in SCLC was an independent prognostic factor for OS and tended to be an independent prognostic factor for PFS.

So far, there is no study on the relationship between the expression of PD-L1 and gender by using 22C3 antibody in patients with small cell lung cancer. There are some studies on the relationship between the expression of PD-L1 and gender in non-small-cell lung cancer (NSCLC). One of the result showed that there is no significant correlation between gender and the expression of PD-L1 (18). However, the other literature results showed that the expression rate of PD-L1 is higher in male patients (19). Some animal studies and emerging clinical evidence suggested a role for estrogens in upregulation of PD-1 and PD-L1 expression, this may be a factor in the high expression level of PD-L1 in women, but further research is needed to confirm the above results (20, 21).

Multiple clinical trials have defined PD-L1 as a biomarker for PD-1/PD-L1 checkpoint inhibitor treatment in NSCLC, and PD-L1 is expressed in ~50–70% of NSCLC as reported in the previous studie (22–25). However, the immunotherapeutic efficacy of PD-L1 in SCLC is far lower than that in NSCLC, and PD-L1 expression is relatively low in SCLC compared to NSCLC. Limited number of studies have evaluated PD-L1 expression in SCLC. PD-L1 expression was found in 19.7% of SCLCs in our study, and this result is consistent with two previous studies in which the expression rates were 18 and 25%, respectively (26, 27). Two other studies showed relatively lower rates of PD-L1 expression in SCLCs (2.5 and 10%), but the sample sizes in those studies were small (39 and 30, respectively) (28, 29). The reason of the variable expression in PD-L1 positivity in our study compared to the other studies may be the use of different types of antibodies as well as the variable definitions of PD-L1 positivity. However, Yasuda et al. (29) used the same antibody and same scoring criteria, they found positivity of only 2.5%. Except for the sample size, the heterogeneity of the study population and interpretation criteria may be responsible for the differences in PD-L1 expression levels. First of all, according to the interpretation criteria, PD-L1 protein expression is determined by using Tumor Proportion Score (TPS), which is the percentage of tumor cells showing partial or complete membrane staining with any extent (1+ - 3+). Specimens with a 1+ result in routine immunohistochemical staining are sometimes judged negative, but in the latest criteria, as long as there is a positive cell membrane, it should be judged as positive. All the samples we selected were not treated with chemotherapy, which can avoid the effect of chemotherapy on the expression level of PD-L1, which may also be a reason. Further large-scale investigations or multicenter studies are warranted to determine the actual rate of expression of PD-L1 in SCLCs. PD-L1 was identified as a poor prognostic factor in the current study. The prognostic role of PD-L1 in SCLC is still unclear due to the relatively small number of reports available and the different antibody clones used in the reports (14, 15, 30). Besides tumor cells, lymphocytes, and macrophages in the stroma were also included in the evaluation in several studies (26) which showed PD-L1 expression rates ranging between 31.7 and 45.7%, which were similar to the results from our study (41.5%, 59/142) (28, 31). In our study, PD-L1 expression on the inflammatory cells was also analyzed in terms of clinicopathological parameters and prognosis, but no positive correlations were noted.

Although the implementation of anti-PD-1/PD-L1 therapy in SCLC has improved the clinical outcome for a small percentage of patients, the majority of patients show little to no response to the treatment even in cases with high PD-L1 expression. Conversely, clinical benefit from immunotherapeutic agents has also been observed in patients with PD-L1-negative tumors (5, 31). These data support the notion that PD-L1 expression cannot be considered as a unique criterion to predict which population will benefit from anti-PD-1 antibodies. Therefore, identification of additional predictors is imperative to improve the response to immune checkpoint inhibitors. Association analysis between the expression of PD-L1 and clinicopathological factors demonstrated high frequency of PD-L1 expression in both central type and TTF-1 expressed SCLC. Primary tumor location has been reported to predict prognosis of SCLC (12, 32). A previous study using a mouse model of SCLC reported that centrally located tumors showed better response to cisplatin than peripheral lesions (7). Based on the differential expression of PD-L1, we speculate that peripheral and central SCLCs may show different therapeutic reactivity to immunotherapy. TTF-1 is a master regulator of lung morphogenesis and an important marker for SCLC. TTF-1 expression in SCLC has been reported to be associated with neuroendocrine differentiation and aggressive biology (8, 13). However, TTF-1 is not a marker specific for SCLCs, a significant proportion of extrapulmonary SCLCs are positive for TTF-1. In other studies, TTF-1 has been proposed to be a candidate lineage lung oncogene, knockdown of it reduced growth, and cell viability of lung cancer containing the TTF-1 amplicon (24). A study by Takahashi et al. also demonstrated that TTF-1 stimulated the AKT pathway by directly regulating the expression of a tyrosine kinase-like receptor (22), and AKT pathway has been reported to regulate the expression of PD-L1 in lung cancer (31). The high expression of PD-L1 in TTF-1 positive cases may due to activated oncogenic pathway which was mediated by TTF-1. The positive association between PD-L1 and TTF-1 expression has been reported in pulmonary sarcomatoid carcinomas (33). Furthermore, TTF-1 expression was shown to predict the response to immune checkpoint inhibitors in NSCLC (34). So it can be speculated that high TTF-1 expression could be a predictive marker for anti-PD-1/PD-L1 therapy in SCLC. Further studies are needed to elucidate this possibility and the underlying mechanisms.

Discordances between surgically resected and biopsy specimens have been reported in several studies in NSCLC (35, 36). However, there is no relevant research in SCLC at present, and this may be because most SCLC cases are unresectable, and only a small number of patients receive surgery owing to the lack of preoperative biopsy results. To investigate whether expressional heterogeneity of PD-L1 exists between biopsy and resection specimens, our study evaluated the PD-L1 expression in the two types of samples and revealed no heterogeneity of PD-L1 expression between the two type of samples. This may due to the relatively lower intratumoral (within a tumor) heterogeneity of SCLCs compared to NSCLCs.

The above findings provide the first evidence of an association between PD-L1 expression, central location, and TTF-1 expression in SCLC. Nevertheless, this study has a few limitations. Firstly, we only included those resected cases that had follow-up data and sufficient specimen, which may have introduced a bias into the analysis. Secondly, the data were collected retrospectively, including some of the information on smoking history which was obtained by telephonic enquiry. It is plausible that some of the patient families may not have provided particularly accurate information, which may explain why there were relatively more non-smokers in our cohort. Another possible reason is that indoor air pollution or secondhand smoking at home or at work may have contributed to the increased risk of developing lung cancer.

In conclusion, our results revealed a significant association of PD-L1 expression with female sex, central tumor location, TTF-1 expression, and prognosis of the patients with SCLC. Our study provides compelling evidences which can help guide future research and clinical trials in SCLC. However, further studies are needed before drawing definitive conclusions and implementing them clinically.



SYNOPSIS

This study retrospectively analyzed the effect of PD-L1 expression in different types of small-cell lung cancers (SCLCs), in terms of the clinicopathologic features and survival, with the objective of identifying more specific candidates for immunotherapy.



DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author/s.



AUTHOR CONTRIBUTIONS

P-LS designed the review. SY collected the data and prepared the draft. YL and MJ participated in data interpretation. P-LS and HG provided research fund. All authors read and approved the final manuscript.



FUNDING

This work was supported by Science and Technology of Jilin Province, Jilin Province Key Laboratory (3D517K363429), The Role and Molecular Mechanism of EMT in the Resistance of ROS1-positive Lung Cancer (20180101014JC/3D518PS23429), Jilin Province Department of Finance Project (3D5197398429, 3D5197464429), and Youth Program of National Natural Science Foundation of China (3A4197642429).



ACKNOWLEDGMENTS

We would like to thank Xianliang Sha for technical support.



REFERENCES

 1. Waqar SN, Morgensztern D. Treatment advances in small cell lung cancer (SCLC). Pharmacol Ther Dec. (2017) 180:16–23. doi: 10.1016/j.pharmthera.2017.06.002

 2. Gazdar AF, Bunn PA, Minna JD. Small-cell lung cancer: what we know, what we need to know and the path forward. Nat Rev Cancer. Dec. (2017) 17:725–37. doi: 10.1038/nrc.2017.87

 3. Ott PA, Elez E, Hiret S, Kim DW, Morosky A, Saraf S, et al. Pembrolizumab in patients with extensive-stage small-cell lung cancer: results from the phase Ib KEYNOTE-028 study. J Clin Oncol. (2017) 35:3823–9. doi: 10.1200/JCO.2017.72.5069

 4. Horn L, Mansfield AS, Szczesna A, Havel L, Krzakowski M, Hochmair MJ, et al. First-Line atezolizumab plus chemotherapy in extensive-stage small-cell lung cancer. N Engl J Med. (2018) 379:2220–9. doi: 10.1056/NEJMoa1809064

 5. Armstrong SA, Liu SV. Immune checkpoint inhibitors in small cell lung cancer: a partially realized potential. Adv Ther. (2019) 36:1826–32. doi: 10.1007/s12325-019-01008-2

 6. Gelsomino F, Lamberti G, Parisi C, Casolari L, Melotti B, Sperandi F, et al. The evolving landscape of immunotherapy in small-cell lung cancer: a focus on predictive biomarkers. Cancer Treat Rev. (2019) 79:101887. doi: 10.1016/j.ctrv.2019.08.003

 7. Böttger F, Semenova EA, Song JY, Ferone G, van der Vliet J, Cozijnsen M, et al. Tumor heterogeneity underlies differential cisplatin sensitivity in mouse models of small-cell lung cancer. Cell Rep. (2019) 27:3345–58.e4. doi: 10.1016/j.celrep.2019.05.057

 8. Miyauchi E, Motoi N, Ono H, Ninomiya H, Ohyanagi F, Nishio M, et al. Distinct characteristics of small cell lung cancer correlate with central or peripheral origin: subtyping based on location and expression of transcription factor TTF-1. Medicine. (2015) 94:e2324. doi: 10.1097/MD.0000000000002324

 9. Park HS, Harder EM, Mancini BR, Decker RH. Central versus peripheral tumor location: influence on survival, local control, and toxicity following stereotactic body radiotherapy for primary non-small-cell lung cancer. J Thorac Oncol. (2015) 10:832–7. doi: 10.1097/JTO.0000000000000484

 10. Shue YT, Lim JS, Sage J. Tumor heterogeneity in small cell lung cancer defined and investigated in pre-clinical mouse models. Transl Lung Cancer Res. (2018) 7:21–31. doi: 10.21037/tlcr.2018.01.15

 11. Ito M, Yamashita Y, Miyata Y, Ohara M, Tsutani Y, Ikeda T, et al. Prognostic impact of the primary tumor location based on the hilar structures in non-small cell lung cancer with mediastinal lymph node metastasis. Lung Cancer. (2012) 76:93–7. doi: 10.1016/j.lungcan.2011.07.015

 12. Kanaji N, Sakai K, Ueda Y, Miyawaki H, Ishii T, Watanabe N, et al. Peripheral-type small cell lung cancer is associated with better survival and higher frequency of interstitial lung disease. Lung Cancer. (2017) 108:126–33. doi: 10.1016/j.lungcan.2017.03.013

 13. Iida Y, Masuda S, Nakanishi Y, Shimizu T, Nishimaki H, Takahashi M, et al. Clinicopathological characteristics of thyroid transcription factor 1-negative small cell lung cancers. Hum Pathol. (2018) 79:127–34. doi: 10.1016/j.humpath.2018.05.009

 14. Inamura K, Yokouchi Y, Kobayashi M, Ninomiya H, Sakakibara R, Nishio M, et al. Relationship of tumor PD-L1 (CD274) expression with lower mortality in lung high-grade neuroendocrine tumor. Cancer Med. (2017) 6:2347–56. doi: 10.1002/cam4.1172

 15. Chang YL, Yang CY, Huang YL, Wu CT, Yang PC. High PD-L1 expression is associated with stage IV disease and poorer overall survival in 186 cases of small cell lung cancers. Oncotarget. (2017) 8:18021–30. doi: 10.18632/oncotarget.14935

 16. Bandoh S, Fujita J, Ueda Y, Fukunaga Y, Dohmoto K, Hojo S, et al. Expression of carcinoembryonic antigen in peripheral- or central-located small cell lung cancer: its clinical significance. Jpn J Clin Oncol. (2001) 31:305–10. doi: 10.1093/jjco/hye067

 17. Nobashi T, Koyasu S, Nakamoto Y, Kubo T, Ishimori T, Kim YH, et al. Prognostic value of fluorine-18 fludeoxyglucose positron emission tomography parameters differs according to primary tumour location in small-cell lung cancer. Br J Radiol. (2016) 89:20150618. doi: 10.1259/bjr.20150618

 18. Pan ZK, Ye F, Wu X, An HX, Wu JX. Clinicopathological and prognostic significance of programmed cell death ligand1 (PD-L1) expression in patients with non-small cell lung cancer: a meta-analysis. J Thorac Dis. (2015) 7:462–70. doi: 10.3978/j.issn.2072-1439.2015.02.13

 19. Zhang M, Li G, Wang Y, Wang Y, Zhao S, Haihong P, et al. PD-L1 expression in lung cancer and its correlation with driver mutations: a meta-analysis. Sci Rep. (2017) 7:10255. doi: 10.1038/s41598-017-10925-7

 20. Polanczyk MJ, Hopke C, Vandenbark AA, Offner H. Estrogen-mediated immunomodulation involves reduced activation of effector T cells, potentiation of Treg cells, and enhanced expression of the PD-1 costimulatory pathway. J Neurosci Res. (2006) 84:370–8. doi: 10.1002/jnr.20881

 21. Wang C, Dehghani B, Li Y, Kaler LJ, Vandenbark AA, Offner H. Oestrogen modulates experimental autoimmune encephalomyelitis and interleukin-17 production via programmed death 1. Immunology. (2009) 126:329–35. doi: 10.1111/j.1365-2567.2008.03051.x

 22. Yamaguchi T, Yanagisawa K, Sugiyama R, Hosono Y, Shimada Y, Arima C, et al. NKX2-1/TITF1/TTF-1-Induced ROR1 is required to sustain EGFR survival signaling in lung adenocarcinoma. Cancer Cell. (2012) 21:348–61. doi: 10.1016/j.ccr.2012.02.008

 23. Gandhi L, Rodríguez-Abreu D, Gadgeel S, Esteban E, Felip E, De Angelis F, et al. Pembrolizumab plus chemotherapy in metastatic non-small-cell lung cancer. N Engl J Med. (2018) 378:2078–92. doi: 10.1056/NEJMoa1801005

 24. Kwei KA, Kim YH, Girard L, Kao J, Pacyna-Gengelbach M, Salari K, et al. Genomic profiling identifies TITF1 as a lineage-specific oncogene amplified in lung cancer. Oncogene. (2008) 27:3635–40. doi: 10.1038/sj.onc.1211012

 25. Paz-Ares L, Luft A, Vicente D, Tafreshi A, Gümüş M, Mazières J, et al. Pembrolizumab plus chemotherapy for squamous non-small-cell lung cancer. N Engl J Med. (2018) 379:2040–51. doi: 10.1056/NEJMoa1810865

 26. Bonanno L, Pavan A, Dieci MV, Di Liso E, Schiavon M, Comacchio G, et al. The role of immune microenvironment in small-cell lung cancer: distribution of PD-L1 expression and prognostic role of FOXP3-positive tumour infiltrating lymphocytes. Eur J Cancer. (2018) 101:191–200. doi: 10.1016/j.ejca.2018.06.023

 27. Yoshimura A, Yamada T, Miyagawa-Hayashino A, Sonobe Y, Imabayashi T, Yamada T, et al. Comparing three different anti-PD-L1 antibodies for immunohistochemical evaluation of small cell lung cancer. Lung Cancer. (2019) 137:108–12. doi: 10.1016/j.lungcan.2019.09.012

 28. Gadgeel SM, Pennell NA, Fidler MJ, Halmos B, Bonomi P, Stevenson J, et al. Phase II study of maintenance pembrolizumab in patients with extensive-stage small cell lung cancer (SCLC). J Thorac Oncol. (2018) 13:1393–9. doi: 10.1016/j.jtho.2018.05.002

 29. Yasuda Y, Ozasa H, Kim YH. PD-L1 expression in small cell lung cancer. J Thorac Oncol. (2018) 13:e40–1. doi: 10.1016/j.jtho.2017.10.013

 30. Xu Y, Cui G, Jiang Z, Li N, Zhang X. Survival analysis with regard to PD-L1 and CD155 expression in human small cell lung cancer and a comparison with associated receptors. Oncol Lett. (2019) 17:2960–8. doi: 10.3892/ol.2019.9910

 31. Han Y, Liu D, Li L. PD-1/PD-L1 pathway: current researches in cancer. Am J Cancer Res. (2020) 10:727–42.

 32. Liu S, Zhang G, Li C, Chen X, Wang S, Wang M, et al. Prognostic factors and survival of patients with small cell lung cancer in a northeastern Chinese population. Thorac Cancer. (2013) 4:143–52. doi: 10.1111/j.1759-7714.2012.00149.x

 33. Vieira T, Antoine M, Hamard C, Fallet V, Duruisseaux M, Rabbe N, et al. Sarcomatoid lung carcinomas show high levels of programmed death ligand-1 (PD-L1) and strong immune-cell infiltration by TCD3 cells and macrophages. Lung Cancer. (2016) 98:51–8. doi: 10.1016/j.lungcan.2016.05.013

 34. Baraibar I, Roman M, Castañón E, García MÁ, Rolfo C, López-Picazo JM, et al. Lymphocytes and neutrophils count after two cycles and TTF1 expression as early outcome predictors during immunotherapy (IT) in stage IV non-small cell lung cancer (NSCLC) patients. J Clin Oncol. (2017) 35:e20553. doi: 10.1200/JCO.2017.35.15_suppl.e20553

 35. Ilie M, Long-Mira E, Bence C, Butori C, Lassalle S, Bouhlel L, et al. Comparative study of the PD-L1 status between surgically resected specimens and matched biopsies of NSCLC patients reveal major discordances: a potential issue for anti-PD-L1 therapeutic strategies. Ann Oncol. (2016) 27:147–53. doi: 10.1093/annonc/mdv489

 36. Jin Y, Shen X, Pan Y, Zheng Q, Chen H, Hu H, et al. Correlation between PD-L1 expressionand clinicopathological characteristics of non-small cell lung cancer: a real-world study of a large Chinese cohort. J Thorac Dis. (2019) 11:4591–601. doi: 10.21037/jtd.2019.10.80

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Yu, Jia, Li, Sun and Gao. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.












	
	ORIGINAL RESEARCH
published: 11 February 2021
doi: 10.3389/fmed.2020.624576






[image: image2]

Molecular Analysis of IL-5 Receptor Subunit Alpha as a Possible Pharmacogenetic Biomarker in Asthma

Sandra Elena-Pérez1, David Hansoe Heredero-Jung1, Asunción García-Sánchez2,3,4, Miguel Estravís2,3,4, Maria J. Martin2,4, Jacinto Ramos-González5, Juan Carlos Triviño6, María Isidoro-García1,2,4,7, Catalina Sanz2,4,8* and Ignacio Dávila2,3,4,9


1Department of Clinical Biochemistry, University Hospital of Salamanca, Salamanca, Spain

2Allergic Disease Research Group IIMD-01, Institute for Biomedical Research of Salamanca, Salamanca, Spain

3Department of Biomedical Sciences and Diagnostics, University of Salamanca, Salamanca, Spain

4Network for Cooperative Research in Health - RETICS ARADyAL, Carlos III Health Institute, Madrid, Spain

5Department of Pneumology, University Hospital of Salamanca, Salamanca, Spain

6Sistemas Genómicos, Paterna, Spain

7Department of Medicine, University of Salamanca, Salamanca, Spain

8Department of Microbiology and Genetics, University of Salamanca, Salamanca, Spain

9Department of Allergy, University Hospital of Salamanca, Salamanca, Spain

Edited by:
Bassam Mahboub, Rashid Hospital, United Arab Emirates

Reviewed by:
Ubaldo Martin, AstraZeneca, United States
 Jose Antonio Cañas, Health Research Institute Foundation Jimenez Diaz (IIS-FJD), Spain

*Correspondence: Catalina Sanz, catsof@usal.es

Specialty section: This article was submitted to Pulmonary Medicine, a section of the journal Frontiers in Medicine

Received: 31 October 2020
 Accepted: 30 December 2020
 Published: 11 February 2021

Citation: Elena-Pérez S, Heredero-Jung DH, García-Sánchez A, Estravís M, Martin MJ, Ramos-González J, Triviño JC, Isidoro-García M, Sanz C and Dávila I (2021) Molecular Analysis of IL-5 Receptor Subunit Alpha as a Possible Pharmacogenetic Biomarker in Asthma. Front. Med. 7:624576. doi: 10.3389/fmed.2020.624576



Background: Asthma is a heterogeneous syndrome with a broad clinical spectrum and high drug response variability. The inflammatory response in asthma involves multiple effector cells and mediator molecules. Based on asthma immunopathogenesis, precision medicine can be a promising strategy for identifying biomarkers. Biologic therapies acting on the IL-5/IL-5 receptor axis have been developed. IL-5 promotes proliferation, differentiation and activation of eosinophils by binding to the IL-5 receptor, located on the surface of eosinophils and basophils. This study aimed to investigate the expression of IL5RA in patients with several types of asthma and its expression after treatment with benralizumab, a biologic directed against IL-5 receptor subunit alpha.

Methods: Sixty peripheral blood samples, 30 from healthy controls and 30 from asthmatic patients, were selected for a transcriptomic RNAseq study. Differential expression analysis was performed by statistical assessment of fold changes and P-values. A validation study of IL5RA expression was developed using qPCR in 100 controls and 187 asthmatic patients. The effect of benralizumab on IL5RA expression was evaluated in five patients by comparing expression levels between pretreatment and after 3 months of treatment. The IL5RA mRNA levels were normalized to GAPDH and TBP expression values for each sample. Calculations were made by the comparative ΔΔCt method. All procedures followed the MIQE guidelines.

Results:IL5RA was one of the most differentially overexpressed coding transcripts in the peripheral blood of asthmatic patients (P = 8.63E-08 and fold change of 2.22). In the qPCR validation study, IL5RA expression levels were significantly higher in asthmatic patients than in controls (P < 0.001). Significant expression differences were present in different asthmatic types. In the biological drug study, patients treated with benralizumab showed a significant decrease in IL5RA expression and blood eosinophil counts. A notable improvement in ACT and lung function was also observed in these patients.

Conclusions: These results indicate that IL5RA is overexpressed in patients with different types of asthma. It could help identify which asthmatic patients will respond more efficiently to benralizumab, moving toward a more personalized asthma management. Although further studies are required, IL5RA could play a role as a biomarker and pharmacogenetic factor in asthma.

Keywords: asthma, pharmacogenetic biomarker, transcriptomic, IL5RA, benralizumab, precision medicine


INTRODUCTION

Asthma is a chronic inflammatory disease of the airways affecting more than 300 million people worldwide, and its prevalence is increasing, becoming a health and economic problem (1). It is defined by variable expiratory airflow limitation and respiratory symptoms such as wheeze, cough and shortness of breath, which vary in frequency and intensity (2). Asthma is recognized as a heterogeneous syndrome with different underlying disease processes, determined by complex interactions between genetic and environmental factors. This variety of interactions results in different clinical presentations, phenotypes and response to treatment (3).

Despite the broad clinical spectrum of asthma, the presence of inflammation of the airway is a common pathologic feature and the primary treatment target. Nevertheless, the relationship between the intensity of inflammation and the severity of asthma has not been consistently established (4). The characteristic inflammatory pattern in most asthmatic patients includes an increase in type 2 helper T (Th2) lymphocytes, eosinophils, basophils, mast cells and type 2 innate lymphoid cells (ILC2). These effector cells release numerous mediating molecules that cause disease symptoms (5). Type 2 inflammation is characterized by an increase in type 2 cytokines, particularly IL-4, IL-5, IL-9, and IL-13, involved in eosinophil activation and immunoglobulin E production (6).

Asthma comprises different phenotypes with similar clinical manifestations but probably involving different underlying mechanisms (7). These phenotypes have been characterized based on the age of onset of disease, clinical presentation, severity and presence of other disorders such as atopy and eosinophilia (8–10). Eosinophilic asthma is the best-studied inflammatory phenotype and is characterized by elevated eosinophils in peripheral blood and sputum. Patients in whom eosinophilic inflammation persists despite treatment with high doses of corticosteroids are often associated with more severe asthma and a higher risk of exacerbations (11, 12). Therefore, phenotype characterization in patients with severe uncontrolled or poorly controlled asthma could help in guiding specific treatments (13).

Asthma management aims to achieve and maintain control of the disease and reduce the risk of exacerbations. Understanding the underlying pathophysiologic mechanisms is necessary for stratifying patients toward individualized therapy. The implementation of precision medicine requires identifying specific biomarkers easily measurable in biological fluids, which can help in evaluating treatment effectiveness (14, 15). In this context, new biologic therapies are being developed targeting cytokines and their receptors. IL-5 plays a crucial role in eosinophilic asthma pathophysiology and has been proposed as a novel therapeutic target. This cytokine is involved in the proliferation, differentiation, survival and activation of eosinophils by binding to the IL-5 receptor, located on the surface of eosinophils and basophils (16, 17). The IL-5 receptor is a heterodimer comprising one alpha subunit (IL-5RA) and one beta subunit, also found in both IL-3 and GM-CSF receptors (18).

In recent years, new drugs based on monoclonal antibodies have been developed against the action of IL-5 in eosinophilic-mediated inflammation. Benralizumab is a humanized IgG1κ monoclonal antibody that binds to IL-5RA via its Fab domain with high affinity and specificity, blocking IL-5 signaling (19). Besides, this antibody can bind through its afucosylated Fc domain to the Fcγ receptor IIIa, expressed on the surface of natural killer cells, macrophages and neutrophils, thus inducing antibody-directed cell-mediated cytotoxicity of eosinophils and basophils. As a result, the administration of benralizumab results in a dramatic depletion of eosinophils counts in blood, sputum, airway mucosa and bone marrow (20). In this context, benralizumab has proved effectivity in treating patients with severe eosinophilic asthma, improving lung function and asthma control and reducing the rate of exacerbations (21).

The present study aims to investigate the expression of IL5RA in patients with different types of asthma and its role as a possible biomarker of response to treatment with benralizumab.



MATERIALS AND METHODS


Study Population

The study involved 347 unrelated Caucasian individuals, 130 controls and 217 asthmatic patients, from the Allergy Department of the University Hospital of Salamanca. The study was approved by the Clinical Research Ethics Committee of the Institute for Biomedical Research of Salamanca (IBSAL) (PI 2020-02-433) and all participants signed a written informed consent. Controls had to fulfill the following criteria: (i) no symptoms or history of asthma, rhinitis or other pulmonary diseases; (ii) no symptoms or history of allergic diseases; (iii) negative skin prick tests with a battery of locally adapted common aeroallergens; (iv) absence of family history of asthma, rhinitis or atopy; and (v) age >16 years old. Asthmatic patients were recruited if they met all the following criteria: (i) at least two symptoms consistent with asthma (cough, wheeze and dyspnea); (ii) either a positive bronchodilator or methacholine test; and (iii) absence of other pulmonary disorders; and (iv) age >16 years old.

Lung function was measured by spirometry according to the American Thoracic Society (ATS) criteria (22). Asthma severity was established following the Spanish Guide for the Management of Asthma (GEMA) guidelines (7) and severe asthma was diagnosed according to the ERS/ATS criteria (23). Skin prick tests were performed with a battery of common aeroallergens (24), according to The European Academy of Allergy and Clinical Immunology (EAACI) recommendations (25). Skin tests were considered positive if there was at least one wheal reaction of >3 mm of diameter. Patients were considered atopic if they had a positive skin prick test to at least one allergen. Patients were considered monosensitized if they had a positive skin prick test result to only one group of aeroallergens (pollens, mites, molds or animal dander) and polysensitized if they had positive skin tests for two or more groups. Early-onset asthma was defined as the presence of asthma symptoms that appeared before 18 years, and late-onset asthma was defined as the presence after the age of 18 years (26). Asthmatic patients were classified into two subgroups, eosinophilic and non-eosinophilic asthma, according to the number of eosinophils (cut-off point of 150 cells per μl) (2). Blood cell counts were determined on the XN-1000 hematology analyzer (Sysmex Corporation, Kobe, Japan) and total serum IgE levels were measured using a fluoroenzyme immunoassay (Thermo Fisher Scientific, Waltham, MA, USA).



Transcriptomic RNAseq Study

A total of 60 peripheral blood samples, 30 from healthy controls and 30 from patients with pollen allergic asthma, were selected for a transcriptomic RNAseq study. Total RNA extraction was performed using the Ambion RiboPureTM-Blood kit (Thermo Fisher Scientific, Waltham, MA, USA). After Ambion DNAse I treatment (Thermo Fisher Scientific, Waltham, MA, USA), RNA was purified and concentrated with the RNeasy MinElute Cleanup Kit (Qiagen, Hilden, Germany). All purification protocols were performed with the modifications indicated by the manufacturers. RNA was quantified by Nanodrop 1000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA). The RNA integrity number (RIN) algorithm was used to determine RNA quality on the Agilent 2100 Bioanalyzer using the Eukaryote Total RNA Nano kit (Agilent Technologies, Waldbronn, Germany). RNA samples with a RIN value above 8 were used. Globin transcripts and ribosomal RNA were removed, and RNA was cleaved to prepare RNA strand-specific libraries. Finally, the generated libraries were sequenced on the Illumina HiSeq 2500 platform (Illumina, San Diego, CA, USA).



Bioinformatic Analysis

In the bioinformatic analysis of the transcriptomic data, the FastQC software (27) was used to analyze the quality of raw reads. Sequencing reads were mapped on the human reference genome (GRCh38) using the TopHat2 software (28). The low-quality readings were removed with Picard Tools (29) and the unmapped and non-properly paired reads were re-mapped using the BWA-MEM algorithm (30). Gene and isoform prediction were estimated using the Cufflinks method (31). The HTSeq software (v.0.6.0) (32) was used to calculate gene expression levels. Differential expression analysis was performed by DESeq2 package (33) and only the transcripts with a fold change value ≥1.5 or ≤ −1.5 and a FDR-adjusted P-value <0.05 were considered as differentially expressed genes. Potential interactions between selected proteins were examined by cluster analysis using the STRING software (34), a database which include functional and physical associations between known and predicted proteins.



qPCR Validation Assays

For the validation of the transcriptomic gene expression data, 287 peripheral blood samples were selected including 100 samples from controls and 187 from asthmatic patients. Total RNA was isolated using the RiboPure-Blood kit (Ambion, Thermo Fisher Scientific, Waltham, MA, USA). DNAse treatment was performed using Ambion DNAse I (Thermo Fisher Scientific, Waltham, MA, USA). Concentrations and RNA quality ratios were determined in a Nanodrop 1000 spectrophotometer (Thermo Fisher Scientific, Waltham, MA, USA). cDNA was generated from 500 ng of total RNA using Superscript III First-Strand Synthesis System for RT-PCR (Invitrogen, Thermo Fisher Scientific, Waltham, MA, USA), in a final volume of 20 μl. Conditions for PCR included a single cycle and incubation periods of 65°C for 5 min, 25°C for 10 min, 50°C for 50 min, 85°C for 5 min, and 37°C for 20 min.

qPCR reactions were performed in a LightCycler480 system (Roche Applied Science, Indianapolis, IN, USA). IL5RA primers were designed using Primer 3.0 (35) and the Beacon Designer (36) software. GAPDH and TBP reference gene primers were chosen from The Real Time ready Human Reference GenePanel (Roche Applied Science, Indianapolis, IN, USA). The sequence of the primers used are shown in Table 1. Primers efficacies were analyzed by amplifying serial dilutions of cDNA sample of known concentration and according to the following equation: E = (10−1/slope − 1) × 100. All efficiencies ranged from 90 to 110%. The reaction mixture in each well-contained a final volume of 15 μl based on 7.5 μl of Master Mix SYBR Green I (Roche Applied Science, Indianapolis, IN, USA), 10 μM of each primers and 20 ng of cDNA. All reactions were performed in triplicate. In each experiment, non-template controls and calibrator were included. The PCR conditions included 10 min at 95°C followed by 45 cycles of 10 s at 95°C for denaturation, 10 s at 60°C for annealing and 10 s at 72°C for polymerization. Finally, melting curve analyses were carried out to verify the specificity of the qPCR products. IL5RA mRNA levels were normalized to GAPDH and TBP expression levels using the formula 2−ΔΔCt by the comparative ΔΔCt method (37). All procedures followed the Minimum Information for Publication of Quantitative Real-Time PCR Experiment (MIQE) guidelines (38).


Table 1. Sequences of primers used in the qPCR assay.
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Pharmacogenetic Study

A proof-of-concept study of the IL5RA expression in peripheral blood before and after 3 months of treatment with benralizumab was performed in five severe eosinophilic asthmatic patients. Benralizumab was administered at a dose of 30 mg by subcutaneous injection once every 4 weeks. Asthma control test (ACT), fractional exhaled nitric oxide (FeNO) and lung function parameters were performed before and after 3 months of treatment. Patients were considered responders in the ACT score if they achieved a score of 25 or an increase of 3 or more points after 3 months of treatment. Also, they were considered FEV1 responders if they achieved a FEV1.0 ≥ 200 ml or FEV1.0 ≥ 12% after 3 months of treatment. As only three doses were evaluated, exacerbations were not considered. Blood samples were collected and lung function tests were performed at each time point. All patients provided their informed consent to receive benralizumab therapy.



Statistical Analysis

Descriptive analysis was carried out using central (mean and median) and dispersion tendency (standard deviation and interquartile range) measurements, followed by bivariate and multivariate analysis. The normality distribution was assessed by Kolmogorov-Smirnov test and the homoscedasticity was also tested before applying statistical tests. Continuous variables were evaluated using either ANOVA or Kruskal-Wallis test. Statistical significance was assessed by Wilcoxon's test for changes before and after treatment. A P-value <0.05 was considered statistically significant. All statistical analyses were performed using SPSS Statistics version 21 (IBM, Armonk, NY, USA). Graphs were plot using GraphPad Prism version 6 (San Diego, CA, USA).




RESULTS


Study Population

The phenotypic characteristics of the studied subjects of the RNAseq study and the validation analysis are shown in Table 2. In both assays, control individuals were older to permit a more extended period for asthma to have appeared. Thus, age was significantly higher in the control group than in patients (P < 0.001), except in the case of non-allergic and late-onset asthma groups, in which the disease had begun at older ages. According to the inclusion criteria, total IgE levels were significantly higher in all patient groups than in controls (P ≤ 0.001). Moderate persistent asthma was the most common type in both the RNAseq study and the validation analysis (43.3 and 45.7%, respectively), followed by intermittent asthma (33.3 and 26.3%, respectively). The most common aeroallergen sensitization in the validation analysis patients was pollen, followed by animal dander. No patient was receiving oral corticosteroids.


Table 2. Characteristics of the study population in the RNAseq study and the validation analyses.
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Transcriptomic RNAseq Study

Significant differences between control and asthmatic patients were observed in the transcriptomic assay (P < 0.05). Table 3 shows the top 26 most differentially expressed transcripts between controls and patients with allergic asthma, according to P-value and fold change. The main biological roles of these genes are described in Table 4, which highlights the biological processes related to the immune system. Among these genes, IL5RA attracted our attention as a putative asthma biomarker because it was the best positioned when considering both fold change and P-value data, and because of its role in different immune processes.


Table 3. The 26 protein-coding transcripts most differentially expressed (P < 0.025) between the group of controls and patients with allergic asthma, listed by their fold change value.
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Table 4. Gene Ontology term enrichment analysis of the more differentially expressed genes.
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A protein-protein interaction network analysis was performed with the selected transcripts to analyze the interactions among them. Four main clusters were obtained, referred to as clusters A, B, C, and D (Figure 1). IL5RA was found in cluster A, which included seven genes: IL5RA, IL5, FLT3 (receptor-type tyrosine-protein kinase), PTGDR2 (prostaglandin D2 receptor 2), HRH4 (histamine H4 receptor), TIMP1 (metalloproteinase inhibitor 1) and IDO1 (indoleamine 2,3-dioxygenase 1). Regarding the role of IL5RA in biological processes, the most significant terms were “immune system process” (FDR 1.74E-07) and “response to stimulus” (FDR 2.52E-06) (Table 4), as well as in Reactome pathways, such as “signaling by interleukins” and “RAF/MAP kinase cascade.”


[image: Figure 1]
FIGURE 1. Protein interaction network of proteins encoded by differentially expressed genes between controls and asthmatic patients using STRING software. The strength of data support is indicated by line thickness. The four main clusters are shown in blue (A), yellow (B), red (C), and green (D).




qPCR Validation Assays

A validation qPCR analysis was performed to confirm the differences observed in the RNAseq study. Patients were classified according to the presence of atopy and nasal polyposis (NP), the severity of asthma and the age of onset of asthma. As summarized in Table 5, asthmatic patients had significantly higher levels of peripheral blood eosinophil counts and IL5RA expression than controls (P < 0.001). That also occurred in all subgroups except for non-eosinophilic asthma (P = 0.707). Interestingly, the lower increase in IL5RA expression levels was observed in patients with non-allergic asthma (NAA) without NP (10.3 ± 11.2; P = 0.037). Significant differences were observed when comparing these patients with the subgroup of patients who had NAA with NP (P = 0.047). These significant differences were not observed among the other subgroups, although IL5RA expression levels were significantly higher in eosinophilic asthma than in non-eosinophilic asthma (P < 0.001). Also, IL5RA expression levels were slightly higher in monosensitized patients to pollens.


Table 5. Blood eosinophil counts and IL5RA expression levels according to asthma diagnosis, sensitization and severity.
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In general, there was an association between asthma severity and increased levels of IL5RA expression (Table 5). Patients with intermittent asthma had the lowest expression levels of IL5RA (12.0 ± 13.7), while patients with severe asthma had the highest levels (19.9 ± 20.3; P = 0.056). In addition, there was a statistically significant association between asthma severity and the number of eosinophils (P = 0.015).

To discard a possible influence of anti-inflammatory treatments on the expression of IL5RA, patients receiving inhaled corticosteroids or allergen immunotherapy were compared with patients not receiving these treatments. One hundred thirty-nine patients were receiving therapy with inhaled corticosteroids; 54 patients were receiving allergen immunotherapy. No statistically significant differences in the IL5RA expression levels were observed between patients receiving corticosteroid treatment or allergen immunotherapy and patients not receiving these treatments.

The relationship between IL5RA expression levels and peripheral blood eosinophil counts was also analyzed, observing some correlation with a Pearson's correlation coefficient of 0.520 (P < 0.001). Remarkably, as shown in Figure 2A, there were patients with the same eosinophil counts and very different expression levels of IL5RA. In addition, an eosinophil count-dependent increase in both IL5RA expression levels and dispersion was observed when the eosinophil counts were divided into quartiles (Figure 2B). This fact was also observed according to asthma severity. The more severe the asthma was, the greater the IL5RA levels were (Figure 3).


[image: Figure 2]
FIGURE 2. (A) Correlation between IL5RA expression levels and peripheral blood eosinophil counts of controls and asthmatic patients from the validation analysis. Four quadrants were obtained by dividing according to the normality values for eosinophil counts (300/μl) and IL5RA expression (7-fold). The green arrows indicate a constant value of eosinophils at which a wide range of expressed IL5RA values is observed, and vice versa. (B) IL5RA expression levels (mean ± SD) in eosinophil count quartiles.



[image: Figure 3]
FIGURE 3. (A) Correlation between IL5RA expression levels and peripheral blood eosinophil counts according to asthma severity of patients from the validation analysis. Four quadrants were obtained by dividing according to the normality values for eosinophil counts (300/μl) and IL5RA expression (7-fold). (B) IL5RA expression levels (mean ± SD) in eosinophil count quartiles according to asthma severity.




Pharmacogenetic Study

The clinical parameters of the patients included in the proof-of-concept study are shown in Table 6. Three of the patients had NP, and three were sensitized to pollens, without present clinical relevance. All patients were in treatment with high dose inhaled corticosteroids and tiotropium bromide at entry, although no patient was treated with oral corticosteroids. Before treatment with benralizumab, IL5RA expression levels and eosinophil counts were high in two patients, intermediate in two, and lower in another one. After 3 months of treatment, a dramatic reduction (90–100%) of peripheral eosinophil count was observed in all patients (P = 0.042) (Figure 4A). IL5RA expression levels were reduced between 70–96% after treatment (P = 0.043) (Figure 4B). A strong correlation was found between IL5RA levels and peripheral blood eosinophil counts at pretreatment (Figure 4C) with a Pearson's correlation coefficient of 0.940 (P = 0.017). In addition, all patients achieved an ACT score >20 and a mean increase of 30% in FEV1, except patient 4. This patient had the highest pretreatment levels of IL5RA expression, and the improvement of FEV1 reached 50% (Figure 5).


Table 6. IL5RA expression levels and clinical parameters in pretreatment and after 3 months of benralizumab treatment.
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[image: Figure 4]
FIGURE 4. (A) Peripheral blood eosinophil counts and (B) IL5RA expression levels in pretreatment and after 3 months of benralizumab treatment. The median of each group is also shown. (C) Correlation between IL5RA expression levels and peripheral blood eosinophil counts at pretreatment and after 3 months of benralizumab treatment. Pearson's correlation coefficient in the pretreatment is also shown. Each symbol represents a patient ([image: yes] Patient 1; [image: yes] Patient 2; [image: yes] Patient 3; [image: yes] Patient 4; [image: yes] Patient 5). The filled symbols correspond to the pretreatment and the empty symbols to after 3 months of benralizumab treatment.



[image: Figure 5]
FIGURE 5. Percentage of FEV1 value variation in each patient between pretreatment and after 3 months of treatment with benralizumab. The dotted line shows the mean of all patients.





DISCUSSION

Novel biological therapies have increased clinical treatment options for asthma. The necessity of identifying biomarkers to achieve a proper selection of these expensive compounds has led to the application of transcriptomic methods as a starting point for discovering new genes involved in the disease. In a previous transcriptomic study, increased expression of interleukin-4 receptor (IL-4R) on B cells was observed in allergic asthma patients (39). In the present study, we have focused on another type 2 cytokine, IL-5, which is also involved in asthma pathophysiology. Thus, IL-5RA has been analyzed due to its implication with eosinophilic-mediated immunity.

In the RNAseq study, significant gene expression differences were observed between the peripheral blood samples of controls and allergic asthmatic patients, with a top 26 differentially expressed genes, as shown in Table 3. Interestingly, most of these genes are involved in biological processes related to the immune system, suggesting their potential implication in the pathophysiology of asthma. IL5RA turned out to be one of the genes with the highest differential expression, which is also supported by its relevant role in asthma (16, 17) and its interactions with other immune response effector molecules that were detected in the protein-protein interaction network analysis. All proteins of the IL5RA cluster had already been reported to participate in functions related to inflammatory response, signal transduction and eosinophil mediated immunity, such as eosinophil chemotaxis, regulation of type 2 cytokine production or cell differentiation and proliferation (40–44). These functions are consistent with the biological processes obtained in our transcriptomic study, described in Table 4. Furthermore, differential IL5RA expression levels have also been described in the literature, both between asthmatic patients and controls (45, 46) and pre and post-benralizumab treatment samples (47).

Following the results obtained in the RNAseq study, we decided to carry out a qPCR validation study to evaluate the performance of the peripheral blood IL5RA expression levels in the diagnosis of asthma. Levels were significantly higher in asthmatic patients than in controls, independently of the type of asthma (Table 5). This result suggests that it could be a potential marker in the diagnosis of asthma. One main limitation is its correlation with eosinophil counts, as a moderate correlation was observed (r = 0.520). Nevertheless, as shown by green arrows in Figure 2A, there was a notable dispersion of values, and some patients had high IL5RA expression levels compared to their eosinophil counts and vice versa. Also, we found that patients with the same eosinophil counts can show very different IL5RA expression levels. For example, IL5RA expression values ranging from 4 to 32 were observed for counts of 200 eosinophils/μl. This distribution was also found in controls, as variability in IL5RA expression levels was observed at low eosinophil counts. However, the dispersion was considerably more significant in patients with high eosinophil counts. This dispersion was also observed in all subgroups according to asthma severity. It can be speculated that differences could be due to different levels of expression of the IL5RA by eosinophils, caused by unknown elements, such as genetic or environmental factors driving the expression of the receptor. Besides, differences could reflect the expression by other cell types, such as basophils (20). In this sense, basophils have been involved in the immunology of eosinophilic asthma (48). Furthermore, this differential expression of IL5RA could be related to the different responses observed to biologics directed against IL5RA. In fact, in the proof-of-concept study, the patient with the highest levels of IL5RA expression was the best responder in terms of ACT and FEV1 (see below).

Concerning the different types of asthma, IL5RA expression levels were elevated in both allergic and non-allergic asthma. This finding is in agreement with the fact that responses to benralizumab are not influenced by the atopy status (49). In addition, we observed a progressive increase in the expression of IL5RA levels from intermittent to severe asthma, which could be related to the number of eosinophils to a great extent. One streaking feature was that IL5RA expression levels were significantly higher in non-allergic asthma patients with NP respect to non-allergic asthma patients without NP. In this sense, it has been described that IL5RA expression is increased in patients with NP, particularly those with Aspirin-Exacerbated Respiratory Disease (50). Whether this could be related to response to the treatment with biologics in patients with chronic rhinosinusitis with NP remains speculative.

In the proof-of-concept pharmacogenetic study, we selected peripheral blood because it is easily accessible, a crucial characteristic of an ideal biomarker (51). In addition, as we were trying to check the IL5RA expression as a biomarker, we selected benralizumab treatment as it is directed against IL5RA (21). All patients were good responders, as demonstrated by the increase of ACT and FEV1. It is known that anti-IL-5 and anti-IL-5RA treatments do not significantly modify FeNO levels (52), as it happened in most of our patients. The increase observed in some of them could be due to acute exposure to allergens (53) because adherence to inhaled corticosteroids seemed to be appropriated. Due to the short follow-up period, exacerbations were not considered, although no patient had an exacerbation after treatment with benralizumab; even more, they almost did not require rescue bronchodilators. All patients showed a dramatic decrease in peripheral blood eosinophil counts with values between 0 and 10 eosinophils/μl, as observed in the phase III studies (21). The pretreatment levels of IL5RA were highly variable in patients, ranging from 1.8 to 62.5, and were strongly correlated with pretreatment peripheral blood eosinophil counts (r = 0.940). Thus, we believe that IL5RA expression level could add value to peripheral blood eosinophil counts. Accordingly, the patient with the highest IL5RA expression levels showed the best lung function response and reached an ACT of 25. In a very recent study, Nakajima et al. (54) described a group of super responder to benralizumab patients that had higher expression of genes related to eosinophils in peripheral blood, together with significant reductions in the expressions of genes associated with eosinophilic inflammatory responses after treatment with benralizumab, with IL5RA among them. So, the expression of IL5RA could be a useful biomarker of response, as it seems to be more discriminant than eosinophil counts.

This study is not without limitations since it is a unicentric study, and the number of patients is low. Nevertheless, this fact gives uniformity to the study. Additionally, we have mainly focused on IL5RA, and other genes may also be relevant in response to treatment. Nevertheless, we selected IL5RA by its crucial implication in the immunology of T2-asthma and because benralizumab is directed against this molecule. Finally, the proof-of-concept study has a limited number of patients and a short period of follow-up.



CONCLUSION

There is an urgent need for biomarkers of response to biologics in asthma. In this study, we have explored the peripheral blood IL5RA expression levels as a possible useful biomarker for several reasons. First, IL5RA is a plausible etiopathogenic target and a biologic target for the treatment of asthma. Second, peripheral blood is easily accessible. Third, its expression is easily measurable and reproducible. Fourth, it varies in different types of asthma. And, finally, although it has a moderate correlation with eosinophils, IL5RA expression levels probably do not reflect the same, as these levels vary for a particular count of peripheral blood eosinophils. Further studies are required for confirming the findings of the present study.
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Background: The aim of this study was to construct and validate a simple-to-use model to predict the survival of patients with acute respiratory distress syndrome.

Methods: A total of 197 patients with acute respiratory distress syndrome were selected from the Dryad Digital Repository. All eligible individuals were randomly stratified into the training set (n=133) and the validation set (n=64) as 2: 1 ratio. LASSO regression analysis was used to select the optimal predictors, and receiver operating characteristic and calibration curves were used to evaluate accuracy and discrimination of the model. Clinical usefulness of the model was also assessed using decision curve analysis and Kaplan-Meier analysis.

Results: Age, albumin, platelet count, PaO2/FiO2, lactate dehydrogenase, high-resolution computed tomography score, and etiology were identified as independent prognostic factors based on LASSO regression analysis; these factors were integrated for the construction of the nomogram. Results of calibration plots, decision curve analysis, and receiver operating characteristic analysis showed that this model has good predictive ability of patient survival in acute respiratory distress syndrome. Moreover, a significant difference in the 28-day survival was shown between the patients stratified into different risk groups (P < 0.001). For convenient application, we also established a web-based calculator (https://huangl.shinyapps.io/ARDSprognosis/).

Conclusions: We satisfactorily constructed a simple-to-use model based on seven relevant factors to predict survival and prognosis of patients with acute respiratory distress syndrome. This model can aid personalized treatment and clinical decision-making.

Keywords: acute respiratory distress syndrome, LASSO regression, nomogram, model, survival


INTRODUCTION

Acute respiratory distress syndrome (ARDS) is a clinically and pathophysiologically complex syndrome characterized by rapid progression and devastating hypoxemic respiratory failure (1). Many risk factors, such as sepsis, pneumonia, pancreatitis, and major trauma, are associated with the development of ARDS (2). Although there has been some progress in ARDS treatment in the last several decades, the prognosis of patients with ARDS are still not satisfactory. The in-hospital mortality rate of ARDS patients remains between 34 and 60% (3). At present, the treatment of ARDS predominantly includes mechanical ventilation therapy (4). Therefore, identification of novel and effective treatment strategies is crucial for patients with ARDS. Moreover, a simple-to-use clinical prediction model is also required to provide adequate care to patients with ARDS.

The severity of ARDS is often assessed using the PaO2/FiO2 ratio, although this variable has a low-to-moderate prognostic value (5). Recently, several biomarkers including inflammation cytokines, epithelial or endothelial damage, and coagulation have been established to evaluated prognosis and therapeutic response of patients with ARDS. For example, a meta-analysis reported that elevated plasma levels of angiopoietin-2 strongly correlate with diagnosis and mortality in populations at high risk of ARDS (6). Moreover, various clinical biomarkers including lung inflammatory mediators (soluble suppression of tumorigenicity-2 and interleukin-6) (7) and products of epithelial and endothelial injury (the soluble form of the receptor for advanced glycation end products) (8, 9) were developed to monitor pathophysiologic changes and outcomes of ARDS. Unfortunately, although several lung-specific biomarkers have been validated to assess ARDS; however, none of them have been applied into clinical practice. Currently, there is no favorable prognosis prediction model for ARDS.

Nomograms (visualized graphs of a predictive model) are widely applied for prognosis and prediction of various diseases (10, 11). To date, no nomogram and corresponding web-based calculator has been developed to predict the prognosis of ARDS patients. Therefore, a refined model is needed to predict the prognosis of ARDS and guide clinical treatment. In this study, we aimed to construct a web-based calculator to predict the 28-day survival of patients with ARDS using several clinical parameters that are routinely used and readily available. This simple-to-use calculator might serve as an early warning and prediction system for patients with ARDS.



METHODS


Patients

A total of 197 patients with ARDS were extracted from the Dryad Digital Repository (http://www.datadryad.org/), which was shared by Anan et al. (12). All ARDS patients were diagnosed according to the Berlin definition (5). Patients with chronic interstitial lung disease (idiopathic pulmonary fibrosis), vasculitis or alveolar hemorrhage, hypersensitivity pneumonitis were excluded. All eligible patients were randomly stratified into two groups in a 2:1 ratio (training set and validation set, respectively). The extracted clinical data included age, gender, white cell count (WBC), C-reactive protein (CRP), lactate dehydrogenase (LDH), albumin (Alb), platelet count (PLT), PEEP, SOFA score, high-resolution computed tomography (HRCT) score, McCabe score, PaO2/FiO2, ARDS etiology, survival time, and survival status. Institutional ethical approval was not necessary because all the data were obtained from an online database.



Development of the Nomogram

To obtain the subset of predictors, the LASSO regression analysis was used to select the optimal predictors from the risk factors in the training cohort. The “glmnet” package was used to perform the LASSO regression analysis (13, 14). Finally, using the selected predictors from the LASSO regression, a nomogram was developed using the “rms,” “survival,” “foreign,” and “openxlsx” R packages (15–18). A dynamic web-based calculator was constructed using “DynNom” package (19).



Validation of the Nomogram

To validate the constructed nomogram, the corresponding calibration map and receiver operating characteristic (ROC) analysis were performed in the training and validation sets to assess the prognostic accuracy of the nomogram by using the “rms,” “survival,” “foreign,” and “timeROC” R packages (20). In addition, decision curve analysis (DCA) was performed to quantify the clinical applicability of the nomogram.



Statistical Analysis

The raw data were expressed as mean ± standard deviation when normally distributed, while expressed as median (interquartile range) when non-normally distributed. Differences between two groups were analyzed using chi-square tests for categorical variables and t-tests for continuous variables. The Kaplan–Meier method and the log-rank test were used to estimate survival. All statistical analyses were performed using R software (Version 3.6.2; http://www.Rproject.org). A two-sided P-value < 0.05 was considered to indicate statistical significance.




RESULTS


Baseline Characteristics

In total, 197 eligible ARDS patients with integrated information were randomly stratified into two independent cohorts (training set, n = 133; validation set, n = 64). Patients' baseline clinical characteristics are shown in Table 1. A total of 123 male patients and 74 female patients were enrolled in this study. The average age of the patients was 73.94 ± 11.92 years. After 28 days of follow-up, 69 (35.0%) patients died during the entire study population.


Table 1. Baseline characteristics of included patients in training and validation sets.

[image: Table 1]



Construction of the Model

A total of 13 parameters were used for LASSO regression, and seven parameters were selected as the optimal predictors by LASSO (Figures 1A,B). The seven retained variables were then used to construct the predictive model. The risk-score for each individual was calculated based on the model coefficients combined with the corresponding value of the identified seven clinical parameters. Thereafter, the patients were classified into low- and high-risk groups in both cohorts according to the median risk-score. Figures 1C,D show the risk-score distribution and the survival status of individual in the high- and low-risk cluster. The variables including Age, Alb, PLT, PaO2/FiO2, LDH, HRCT, and etiology were incorporated into the nomogram (Figure 2). To facilitate the clinical application of our findings, we developed a web-based calculator (https://huangl.shinyapps.io/ARDSprognosis/) to predict prognosis of ARDS patients according to the nomogram (Figures 3A,B). The estimated 28-day survival probabilities could be obtained by drawing a perpendicular line from the total point axis to the outcome axis.


[image: Figure 1]
FIGURE 1. Parameter selection using LASSO regression. (A) LASSO coefficient profiles of the 13 features. A coefficient profile plot is produced against the log(λ) sequence. (B) Variables selected through LASSO with 10-fold cross-validation. (C) Distribution of the risk score. (D) Relationships between survival status and survival times of ARDS patients ranked by risk score. The black dotted line represents the optimum cut-off point dividing patients into low- and high-risk groups. LASSO, least absolute shrinkage and selection operator.



[image: Figure 2]
FIGURE 2. Construction of a nomogram with clinical indices to predict ARDS-related survival (based on the training set). The score for each value is assigned by drawing a line upward to the points line, and the sum of the seven scores is plotted on the Total points line. ARDS, acute respiratory distress syndrome.



[image: Figure 3]
FIGURE 3. A dynamic web-based calculator to predict ARDS-related survival (https://huangl.shinyapps.io/ARDSprognosis/). (A) Web survival rate calculator. (B) 95% confidence interval of the web survival rate calculator.




Performance of the Model

The Kaplan–Meier survival curves revealed significantly poor overall survival in the high-risk group (p = 3.872e-04; Figure 4A). Thereafter, we performed ROC analysis to assess the discriminability of the model. The area under the ROC curve (AUC) indicative of the 28-day survival prediction was 0.75 (Figure 4B), which implied an efficacious performance of the model to predict prognosis. The calibration plots based on the training set showed that the model could accurately predict the 28-day survival (Figure 4C). The results of DCA also exhibited that the model could help clinicians to obtain maximum benefit when making clinical decisions (Figure 4D).


[image: Figure 4]
FIGURE 4. Assessment of the model in the training set. (A) Kaplan–Meier survival analysis between the high- and low-risk groups. (B) ROC curves of predictive models at 28 days. (C) Calibration plot for the training set that show the predicted and observed (with 95% confidence intervals) overall survival rates at 28 days. Model performance is shown by the plot, relative to the 45-degree line, which represents perfect prediction. (D) Decision curve of the model. The gray line represents the treat-all-patients scheme. The dotted line represents the treat-none scheme. The red line represents prediction nomogram scheme in training dataset. The X axis represents threshold probability. The Y axis represents net benefit. ROC, receiver operator characteristic.


To further study the predictive value of each parameter included in the model, we performed ROC analysis for each of them (Figures 5A–G). The AUC values of all parameters were lower than that of the complete nomogram model. These results demonstrated that the model had superior predictive performance and clinical value than any single factor.


[image: Figure 5]
FIGURE 5. Predictive value of the seven parameters included in the model from the training set. ROC analysis of (A) Age, (B) Alb, (C) PLT, (D) PaO2/FiO2, (E) LDH, (F) HRCT score, and (G) ARDS etiology. ROC, receiver operator characteristic; Alb, albumin; PLT, platelet; LDH, lactate dehydrogenase; HRCT, high-resolution computed tomography; ARDS, acute respiratory distress syndrome.




Performance Validation of the Model

To verify the reliability of the constructed novel model, risk-scores were calculated in the validation set with the same formula that was used for calculating the risk-scores of patients in the training set. In the validation set, the distribution of risk-scores and the survival status (Figures 6A,B) had a trend similar to that in the training set between high- and low-risk groups. Also, survival analysis indicated that low-risk patients had significantly favor prognosis than high-risk patients (Figure 6C). ROC curves were used to assess the prognostic value of the risk-scores; the analysis results suggested that risk-scores could accurately predict the survival rate in patients (AUC = 0.776, Figure 6D). The calibration plot in the validation set also showed that the model could accurately predict the 28-day survival (Figure 6E).


[image: Figure 6]
FIGURE 6. Verification of the model in the validation set. (A) Distribution of the risk score. (B) Relationships between survival status and survival times of ARDS patients ranked by risk score. The black dotted line represents the optimum cut-off point dividing patients into low- and high-risk groups. (C) Kaplan–Meier survival analysis between high- and low-risk groups. (D) ROC curves of predictive models at 28 days. (E) Calibration plot for the training set that show the predicted and observed (with 95% confidence intervals) overall survival rates at 28 days. Model performance is shown by the plot, relative to the 45-degree line, which represents perfect prediction. ROC, receiver operator characteristic.





DISCUSSION

ARDS, one of the main critical diseases encountered in intensive care units, is a clinically and pathophysiologically complex syndrome of acute lung inflammation. Despite substantial progress in respiratory support strategies for critically ill patients, including the incorporation of a small tidal volume (21), high positive end-expiratory pressure (22), prone position ventilation (23), lung recruitment (24), use of neuromuscular blockers (25), high-frequency oscillatory ventilation (26, 27), and extracorporeal membrane oxygenation (28, 29), the mortality rate among patients with ARDS remains unacceptably high (30). However, to our knowledge, no study has previously developed a nomogram to predict the prognosis of patients with ARDS.

Herein, we first developed a nomogram using simple and easily available variables to evaluate the 28-day survival probabilities of ARDS patients whose information were extracted from an online database. Thereafter, we tested the performance of the nomogram in training and validation cohorts. Seven risk factors were identified in this model: age, Alb, PLT, PaO2/FiO2, LDH, CT score, and ARDS etiologies. Additionally, our results showed that PaO2/FiO2, and CT score could, albeit less accurately, predict the survival probability of ARDS patients compared to our novel model. These results suggest that the nomogram could be used as a cost-effective tool to predict the prognosis of ARDS and assist with clinical decision-making.

In 2012, the Berlin ARDS Society defined the severity of ARDS according to the oxygenation index (5). The oxygenation index (PaO2/FiO2) was helpful to categorize ARDS patients with different severity, and the mortality was reported to be higher in more severe stages of ARDS (mild, moderate, or severe) (5, 31). However, these severity categories have a low-to-moderate prognostic value to predict respiratory failure (32). Kamo and colleagues (33) reported that the severity stratification of the Berlin ARDS criteria may have a low capacity to differentiate between mild and moderate ARDS. In this study, the results of ROC curve analysis also indicated that the oxygenation index had low prognostic power (AUC, 55.3204%), which was consistent with previous studies.

CT or other lung imaging techniques have been used as diagnostic tools to optimize lung assessment and ventilator management in patients with ARDS; however, it is still controversial whether CT findings can predict ARDS outcomes (34–36). HRCT scores have been reported to correlate with the pathological stage of diffuse alveolar damage (37). Ichikado and colleagues (38) noted that HRCT score was one of the independent predictors of death and ventilator dependency in ARDS patients. Simultaneously, HRCT score was also found to be associated with multiorgan failure and ventilator-associated complications (38). In the present study, to increase model accuracy, HRCT score was incorporated into the nomogram. To evaluate the performance of HRCT score as a prognostic biomarker for the survival of ARDS patients, we performed ROC analysis. Our results showed that the model fit was significantly better than that of the one-factor HRCT model.

APACHE II score can be used as indicators to evaluate the prognosis among critically ill patients; it has been used worldwide to measure ICU performance (39). As APACHE II score included age and other factors in the calculation process, and repeated operations would be generated if the model was built again, APACHE II was not included in the LASSO regression analysis. The APACHE II score is calculated based on acute physiological parameters and chronic health conditions, all of which have significant effects on the predictive prognosis of ICU patients (40). Hwang and colleagues (41) revealed that APACHE II score was a mortality predictor for ARDS patients, but that the accuracy was not high. Lesur and colleagues (42) reported that APACHE II score may be less predictive value when applied for ARDS patients, and that in those patients, it might be less accurate than other indicators, such as age. In the present study, it was also found that the prediction accuracy of this model was better than APACHE II score when compared to the results of precious study (AUC = 0.623) (41).

Certain drugs have also been reported to have the potential to cause ARDS. It has been proved that molecular targeted therapy, such as methotrexate and certain herbal medicines, can cause severe respiratory failure or ARDS (43–45). However, only few studies have focused on the prognostic role of different etiologies of ARDS. In the present study, our results indicated that there is a lower risk of death if ARDS is caused by drugs. However, these discrepancies may be partly related to differences in the dose and duration of drug treatments.

Our study has some limitations. Firstly, the model was developed mainly based on the seven variables. As these factors were unstable throughout the whole follow-up period, which may partly influence the precision of the model. Secondly, only 197 patients were included in this study; further studies with bigger sample sizes are needed. Thirdly, the lack of external validation may limit the extrapolation of the nomogram.

To summarize, we identified eight variables and developed a novel model to predict prognosis in patients with ARDS. These results may help to further improve clinical decision-making and individualized treatment of ARDS patients. Also, this model could distinguish patients with high-risk of ARDS, and further help to perform a careful follow-up among those patients.
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Objective: The serum albumin-to-globulin ratio (AGR) may be a useful prognostic factor for various cancers. This study aimed to evaluate the prognostic value of the AGR in patients with metastatic non-small-cell lung cancer (NSCLC).

Methods: A retrospective study was conducted on patients with stage IV NSCLC diagnosed in Hubei Cancer Hospital from July 2012 to December 2013. The formula for calculating the AGR was serum albumin/total protein-serum albumin. The chi-square test or Fisher's exact test was used to analyze the classified variables. The Kaplan-Meier method was used to analyze the overall survival (OS) rate, which was plotted with the R language. The impact of the AGR on OS and progression-free survival (PFS) was analyzed by a multivariate Cox proportional hazard model.

Results: A total of 308 patients were included in the study population. The optimal cutoff values for the AGR in terms of OS and PFS were 1.12 and 1.09, respectively, as determined by X-Tile software. Kaplan-Meier curve analysis showed that the difference in survival rate between patients with different AGR levels was statistically significant (p = 0.04). The OS of patients with a high AGR (≥1.12) was longer than that of patients with a low AGR (<1.12). PFS in the high AGR group were better than those in the low AGR group (16.90 vs. 32.07months, p = 0.008). The univariate and multivariate models proved that the AGR was an independent prognostic factor in metastatic NSCLC patients in terms of both OS (p = 0.009, hazard ratio [HR] = 0.55, 95% confidence interval [95% CI] = 0.35–0.86) and PFS (p = 0.004, HR = 0.55, 95% CI = 0.37–0.83).

Conclusion: The AGR, which is measured in routine clinical practice, is an independent prognostic factor in terms of OS and PFS in metastatic NSCLC and can serve as a prognostic tool for metastatic NSCLC.

Keywords: serum albumin, albumin to globulin ratio, prognosis, metastatic non-small-cell lung cancer, overall survival, progression-free survival


INTRODUCTION

As a result of early screening and treatment, as well as the aging of the population, the ratio of cancer survivors to cancer cases continues to increase (1). Over the past few decades, the overall incidence of cancer among women has been basically stable. It is estimated that there will be 1,762,450 new cancer cases and 606,880 cancer-related deaths in the United States in 2019. The incidence of lung cancer has continuously declined, and the incidence of lung cancer in men is declining twice as fast as that in women (2). Data from 2008 to 2014 indicate that among all cancers, pancreatic cancer (9%), esophageal cancer (19%), liver cancer (18%) and lung cancer (19%) have the lowest 5-year relative survival rates (2).

Although a variety of markers have been shown to predict the prognosis of cancer patients, the value of these markers in clinical practice is limited because they require invasive detection methods and/or are difficult to assess before treatment. The prognostic assessment of patients is crucial for the selection of better treatment strategies. In view of this, it is necessary to find prognostic indicators that are affordable, convenient and highly clinically feasible to predict and distinguish the prognosis of tumor patients according to their clinical characteristics (3).

Albumin and globulin have attracted wide attention as non-invasive prognostic factors of tumors. Albumin can be used to reflect the nutritional and systemic inflammatory status of cancer patients and can be used as a prognostic marker for diverse cancers, such as lung cancer (4), lymphoma (5), renal cell carcinoma (6), breast cancer (7, 8) and gastrointestinal cancers (9). Globulin, as one of the main cortisol-binding proteins, can participate in immune and inflammatory responses (10). Furthermore, the albumin-to-globulin ratio (AGR) has been widely recognized as a prognostic indicator of various cancers. Therefore, we retrospectively studied the clinical significance of the AGR in predicting the overall survival (OS) and progression-free survival (PFS) of patients with stage IV non-small-cell lung cancer (NSCLC).



METHODS


Study Design

After approval by the Hubei Provincial Ethics Committee, this study retrospectively analyzed patients with stage IV lung cancer who were pathologically diagnosed in our hospital from June 2012 to December 2013. Fluorodeoxyglucose (FDG) PET/CT, contrast-enhanced MRI, contrast-enhanced CT and exfoliative cytology were used to identify the tumor stage according to the eighth edition of the TNM staging standard for non-small cell lung cancer. A total of 399 patients who met the inclusion requirements were initially identified. After applying the exclusion criteria, 91 patients were excluded. Patients with obvious infection within 2 weeks (n = 3); patients with other chronic infectious diseases, including tuberculosis (n = 25), chronic obstructive pulmonary disease (n = 23), chronic liver disease and/or severe liver insufficiency (n = 21), patients with chronic kidney disease and/or severe renal insufficiency (n = 11), autoimmune diseases (n = 2); and patients with other primary malignant tumors (n = 6) were excluded.



Demographic and Clinical Variables

The clinicopathological data of patients, including age, sex, smoking, and drinking status, tumor location, family history of cancer, histology, local or distant metastases distant metastatic sites. Patients with one or more metastatic sites in the contralateral lobe, malignant tumor nodules in the pericardium or pleura, and malignant pericardial effusion or pleural effusion are considered stage M1a. M1b is used to describe patients with a single extrathoracic metastasis of a single organ. M1c is used to describe patients with multiple extrathoracic metastatic lesions. Therapeutic data were collected through medical records. Treatment options include chemotherapy, radiotherapy, anti-VEGF-therapy and EGFR-TKI therapy. The chemotherapy regimen mainly includes platin-vinorelbine, platin-gemcitabine, platin-pemetrexed and others. Other relevant laboratory indicators, such as alkaline phosphatase (ALP), lactate dehydrogenase (LDH), triglycerides (TG), AGR, prognostic nutritional index (PNI), lymphocyte-to-mononuclear cell ratio (LMR), neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR), were measured at baseline before treatment and recorded in the patient information system. The calculation formula for the AGR was serum albumin (g/l)/(total protein–serum albumin), and that for PNI was 10 × serum albumin (g/dl) + 0.005 × lymphocyte count (per mm3).



Follow-Up

The follow-up period was from the time of diagnosis in Hubei Cancer Hospital to December 2013 or last contact. The average follow up duration is 39.53 months (38.70–40.37). During this period, the patient underwent routine reexamination, such as blood tests and imaging examinations.



Statistical Analysis

The optimal cutoff values of relevant laboratory indicators were determined through X-tile and converted into two categorical variables. The chi-square test and Fisher's exact test were used to analyze the relationship between categorical variables expressed as frequencies and percentages. The Kaplan-Meier method was used to analyze OS and PFS rates, and the R language was used to draw survival curves including 95% confidence intervals (95% CIs). Univariate and multivariate Cox regression models were used to analyze the hazard ratio (HR) and 95% CI. All tests were bilateral, and the differences were only considered statistically significant when P < 0.05. Statistical analysis was performed using SPSS Statistics 25.0 software.




RESULTS


Patient Characteristics

The clinical and demographic characteristics of the patients pathologically diagnosed with stage IV NSCLC are summarized in Table 1. The majority of them (n = 216) were younger than 65 years old. Overall, 64.0% (n = 197) of the patients were male, while 36% (n = 111) were female. Of the 308 patients, 159 (51.6%) and 149 (48.4%) were never and current/ever smokers, respectively; 60.4% (n = 186) of patients were pathologically diagnosed with lung adenocarcinoma. 76 patients were M1a (24.7%), 65 patients were M1b (21.1%), 167 patients were M1c (54.2%). Treatment options include chemotherapy (n = 236, 76.6%), radiotherapy (n = 109, 35.4%), anti-VEGF-therapy (n = 18, 5.8%) and EGFR-TKI therapy (n = 86, 27.9%). The chemotherapy regimen mainly includes platin-vinorelbine (n = 100, 32.5%), platin-gemcitabine (n = 147, 47.7%), platin-pemetrexed (n = 111, 36.0%) and others (n = 68, 22.1%). Some of these patients received more than one chemotherapy regimen. 228 patients received chemotherapy as first-line treatment. The median number of first-line chemotherapy cycles was 4 [interquartile range (IQR): [2, 5] (not shown in the table)]. The median AGR was 0.87 (IQR: [0.77, 1.00]), and the median ALP was 75.6 (IQR: [63.7, 98.0]).


Table 1. Clinical parameters in 308 patients with metastatic NSCLC.
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Cutoff Values for the Parameters

The median of the AGR is 0.87 (0.77–1.00). For OS analysis, X-tile determined the significant cutoff value of the AGR to be 1.12. Then, the patients were divided into two groups (AGR <1.12, AGR ≥ 1.12). Through this method, the optimal cutoff values for ALP, LDH, TG, PNI, LMR, NLR and PLR for OS analysis were determined, as shown in Table 2. We compared the AGR values based on clinical and demographic characteristics such as age, sex, smoking and drinking status, tumor location, family history of cancer, histology, local or distant metastases, distant metastatic sites and therapy regimens. The AGR was only significantly related to gender. The AGR was significantly related to certain laboratory indicators (such as the ALP, PNI, LMR, PLR, and NLR). For the PFS analysis, the cutoff value of the AGR was set to 1.09, and patients were divided into low AGR and high AGR groups. Similarly, the cutoff values of ALP (70.3), LDH (179.8), TG (0.87), PNI (53.2), LMR (1.92), NLR (2.1), and PLR (145.6) were identified for the PFS analysis.


Table 2. Statistical cutoff values for demographic and clinical variables.
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Univariate Survival Analysis and Survival Curve Analysis

In the univariate analysis, age, sex, smoking and drinking status, tumor location, family history of cancer and histology were not associated with OS or PFS (Table 3). Local or distant metastases and some distant metastasis sites are related to prognosis. Compared with M1a category disease, patients with M1b category had poorer OS (HR = 1.83, P = 0.01) and PFS (HR = 2.05, P = 0.001) (Figure 1A). Compared with M1a category, M1c category disease had poorer OS (HR = 2.20, P < 0.001) and PFS (HR = 2.76, P < 0.001) (Figure 1B). Cerebral metastasis was associated with poor OS (HR = 1.76, P < 0.001) and PFS (HR = 1.91, P < 0.001) in univariate analysis. Bone metastasis was associated with poor OS (HR = 1.38, P = 0.03) and PFS (HR = 1.55, P = 0.001). Adrenal metastasis was only associated with poor PFS (HR = 1.69, P = 0.05). Patients who received chemotherapy as a first-line treatment seemed to have a longer OS (HR = 0.62, P = 0.04). However, specific chemotherapy regimens, epidermal-growth-factor receptor tyrosine-kinase inhibitors (EGFR-TKI) and anti-vascular endothelial growth factor (anti-VEGF) were not significantly associated with OS in patients with stage IV lung cancer (Table 3). EGFR-TKI was associated with PFS (HR = 1.37, P = 0.03) in univariate analysis. A low AGR was significantly associated with poor OS and PFS (Figure 2). The difference in survival rate between patients with different AGR levels was statistically significant (p = 0.04). The OS of patients with a high AGR (≥1.12) was longer than that of patients with a low AGR (<1.12). The PFS of patients with a high AGR (≥1.09) was longer than that of patients with a low AGR (<1.09) (16.9 vs. 32.07 months, respectively). In addition, LDH (P = 0.04) has also been shown to be associated with the prognosis of patients. TG (P = 0.03), PNI (P = 0.02) and LMR (P = 0.05) were predictive of OS but not PFS (Table 4, Figure 3).


[image: Figure 1]
FIGURE 1. Different distant metastasis stages presented significant associations with (A) OS (P < 0.001) and (B) PFS (P < 0.0001) of patients with metastatic non-small-cell lung cancer in univariate analyses.



Table 3. Univariate survival analysis of baseline characteristics for OS and PFS.
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FIGURE 2. High levels of AGR presented significant associations with (A) OS (P = 0.04) and (B) PFS (P = 0.008) of patients with metastatic non-small-cell lung cancer in univariate analyses.



Table 4. Univariate survival analysis of inflammatory biomarkers for OS and PFS.
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FIGURE 3. (A) TG (P = 0.028), (B) PNI (P = 0.016), (C) LMR (P = 0.048) presented significant associations with OS of patients with metastatic non-small-cell lung cancer in univariate analyses.




Multivariate Cox Regression Model

The influence of variables on OS and PFS was analyzed by a multivariate Cox proportional hazard model. Local or distant metastases, cerebral metastasis, bone metastasis, radiotherapy and chemotherapy, as well as laboratory indicators that were statistically significant in the univariate analysis model, were included in the multivariate Cox regression model (Table 5). Local or distant metastases (M1b, HR: 1.66; 95% CI: 1.00–2.75; P = 0.05. M1c, HR: 1.84; 95% CI: 1.10–3.08; P = 0.02), first-line chemotherapy treatment (HR: 0.60; 95% CI: 0.43–0.84; P = 0.003), AGR (HR: 0.55; 95% CI: 0.35–0.86; P = 0.009), TG (HR: 1.40; 95% CI: 1.02–1.94; P = 0.04) and PNI (HR: 0.56; 95% CI: 0.39–0.80; P = 0.02) were independent prognostic factors for OS. Furthermore, local or distant metastases (M1b, HR: 1.87; 95% CI: 1.18–2.97; P = 0.08. M1c, HR: 2.36; 95% CI: 1.50–3.71; P < 0.001), and the AGR was an independent prognostic factor for PFS (HR: 0.55; 95% CI: 0.37–0.83; P = 0.004).


Table 5. Multivariate analysis of baseline characteristics and inflammatory biomarkers for the prediction of OS and PFS.
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DISCUSSION

Inflammation plays an important role in lung cancer and contributes to its occurrence and development (11–13). The AGR, which accounts for the values of both albumin and globulin, can be used as one of the inflammatory parameters to evaluate the systemic inflammatory status of the host (14). In addition to reflecting the nutritional status of the host, serum albumin can also be affected by inflammatory factors, which in turn reflects the level of inflammation in the body (15). Albumin production can be regulated by proinflammatory cytokines such as tumor necrosis factor (TNF) and interleukin-6 (IL-6). For example, TNF can inhibit the transcription of the albumin gene, leading to a low level of albumin in the host, which is conducive to tumor progression (16). Globulin levels may increase with the accumulation of acute phase proteins, including C-reactive protein and serum amyloid A. Some studies have found that the common variants of TNF receptor superfamily member 13B and other genes are strongly correlated with the increase in immunoglobulin, which suggests that globulin may be related to apoptosis and cancer progression (17). As mentioned above, both albumin and globulin could be involved in cancer progression in a variety of ways and play important roles. Based on this, it is reasonable to suggest that AGR, an index derived from albumin and globulin, can be used as one of the prognostic factors for cancer. A low AGR can reflect low albumin and/or high globulin levels in the host. In fact, the prognostic value of the AGR has been confirmed in many cancers, including NSCLC.

In this study, we investigated the prognostic value of the AGR, an index based on inflammation, in 308 patients with advanced metastatic NSCLC. In our study, we found that the AGR was not significantly associated with demographic characteristics but was significantly correlated with some laboratory indicators, such as the PNI, LMR, PLR and NLR. The patients were divided into two groups based on the best AGR cutoff value determined by X-Tile. In both the univariate and multivariate analysis models, the AGR was found to be significantly associated with the prognosis of patients with IV stage NSCLC. A low AGR predicted poor OS and PFS (HR: 0.55; 95% CI: 0.35–0.86; P = 0.009; HR: 0.55; 95% CI: 0.37–0.83; P = 0.004, respectively). Our results suggest that the AGR can be used as an index to predict the OS and PFS of patients with advanced metastatic NSCLC. In the future, more studies, especially prospective randomized studies, are needed to confirm the importance of the AGR in NSCLC.

For the specific clinical implementation of this inflammatory biomarker, the appropriate method for determining the optimal cutoff value will need to be considered. However, there is no consensus method for determining the cutoff value of the AGR. Different studies have used different methods to calculate the cutoff value of the AGR. Some studies used the median as the cutoff value; some studies used receiver operating characteristic (ROC) curve analysis to find the best cutoff value; and some studies even selected the appropriate cutoff value according to the quartiles. The cutoff value of the AGR ranges from 1.01 to 1.71 (18–20). In this study, using X-tile software, we determined the best cutoff value of the AGR to be 1.13. In the future, more verification cohorts are needed to determine whether these thresholds can be applied to other independent cohorts to further confirm the clinical prognostic value of the AGR.



CONCLUSION

We report that a low AGR independently predicts poor OS and PFS in patients with IV NSCLC. The OS and PFS rates of patients with a low AGR are worse than those of patients with a high AGR. Therefore, the AGR is an important index for predicting the survival outcome of NSCLC and could assist in the selection of different treatment strategies.
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Objectives: To develop a two-dimensional normalized cross-correlation (NCC)-based ultrasonic speckle-tracking algorithm for right diaphragm deformation analysis.

Methods: Six healthy and eight mechanical ventilation patients were enrolled in this study. Images were acquired by a portable ultrasound system in three sections. DICOM data were processed with NCC to obtain the interframe/cumulative vertical and horizontal displacements, as well as the global strain of the right diaphragm, with continuous tracking and drift correction.

Results: The NCC algorithm can track the contraction and relaxation of the right diaphragm by following the respiratory movement continuously. For all three sections, the interframe and accumulated horizontal displacements were both significantly larger than the corresponding vertical displacements (interframe p values: 0.031, 0.004, and 0.000; cumulative p values: 0.039, 0.001, and <0.0001). For the global strain of the right diaphragm, there was no significant difference between each pair of sections (all p > 0.05), regardless of whether the horizontal interval of the initial diaphragm point was 1, 3, 5, or 10 times in the sampling interval.

Conclusions: This study developed a novel diaphragm deformation ultrasound imaging method. This method can be used to estimate the diaphragm interframe/accumulated displacement in the horizontal and vertical directions and the global strain on three different imaging planes, and it was found that the strain was not sensitive to the imaging plane.

Keywords: diaphragm, deformation, ultrasound, speckle tracking, strain


KEYPOINTS

• We developed a two-dimensional normalized cross-correlation-based ultrasound speckle-tracking algorithm as a novel method for diaphragm deformation analysis.

• The interpolation of both the radiofrequency signals and cross-correlation function algorithm can be used to track the contraction and relaxation of the right diaphragm with respiratory movement continuously in the horizontal and vertical directions.



INTRODUCTION

The diaphragm is a thin (2–4 mm), movable, dome-shaped, muscular-fibrous structure with a central tendon that separates the thorax from the abdomen and maintains the pressure gradient between those two cavities (1). It is also a vital organ that plays a major role in maintaining ventilation for mammals, as it provides ~80% of the volume capacity for respiration (2). Diaphragm contractility and relaxation occur throughout an individual's life span without resting, not even during sleep; its importance is almost equal to that of the heart, if without normal movement of the diaphragm, life as it is currently known would not be possible (2). The phrenic nerve (PhN), which emerges mainly from the fourth cervical nerve root and partly from the third and fifth nerve roots, maintains the function of the human diaphragm (3). Unilateral PhN injury in most young people without lung pathology is well-tolerated, but in patients with chronic obstructive pulmonary disease, emphysema, or other lung disease may produce symptoms even with mild exertion. Bilateral diaphragmatic paralysis is usually always symptomatic, and the patient may be symptomatic even at rest (4), due to accessory muscles for respiration can compensate only in the short term (5, 6). Protecting the PhN is important because ipsilateral PhN damage significantly reduces the expiratory lung volume, gas exchange, and exercise capacity (7–9). There are various causes of PhN injury, such as cardiac or neck surgery, trauma, pneumonectomy, lung tumors, lung or liver transplantation, metabolic disorders, chronic lung diseases, as well as many systemic diseases, such as multiple sclerosis, that can lead to diaphragm paralysis and ultimately respiratory failure. The use of ice slush is an independent risk factor for PhN dysfunction in patients undergoing cardiac surgery with hypothermic cardiopulmonary bypass (10). Among intensive care unit (ICU) patients, 70% of those with sepsis and multiple organ failure will develop diaphragm dysfunction, which can lead to difficulty in weaning from mechanical ventilation and a prolonged ICU stay (11, 12). Although there are many clinical situations in which the diaphragm can be damaged, the assessment of diaphragm function is often fairly under-recognized (13, 14). The main reason is that there has never been a convenient and accurate method to evaluate the deformation and elastic characteristics of the diaphragm, and there is still a lack of real-time and non-invasive tools for monitoring diaphragm activity at the bedside (15), although such monitoring is sometimes necessary. Currently, Twitch transdiaphragm pressure following magnetic stimulation of the PhN is the gold standard for the non-volitional assessment of diaphragm function (16). Other methods to assess diaphragm function often have little diagnostic value, such as chest X-rays (17), or involve radiation exposure and are difficult to perform at the bedside, as is the case for computed tomography (CT) and magnetic resonance imaging (MRI). Ultrasound is the only non-invasive, radiation-free, portable, and safe diagnostic method with which to directly assess diaphragm motor function in various clinical departments (18–20). Accordingly, many related studies have been published in recent years based on M- and B-mode ultrasound, but the results of each study are quite different. Moreover, M-mode ultrasound provides a one-dimensional measurement of moving tissue along the ultrasound propagation beam. When tissue concurrently moves laterally, this vector cannot be captured (21); consequently, M-mode cannot reflect the true motion of locomotive organs. B-mode ultrasound can only reflect structural information and cannot provide details regarding the elastic characteristics of tissues. Furthermore, both B- and M-mode ultrasound depends on the angle of incidence of the ultrasound beam and requires the operator to have experience.

The ultrasound speckle-tracking imaging technique can provide tissue deformation and more dimensional motion information, such as radial, longitudinal, and circular vectors, which has been successfully used to assess myocardial strain. In 2013, we proposed the concept of diaphragm deformation analysis and used commercial myocardial speckle-tracking software to evaluate diaphragm strain in healthy volunteers (22). Hatam et al. (23) and Orde et al. (24) also used myocardial strain analysis software to evaluate diaphragm strain. All of the above studies were performed using the algorithm designed specifically for myocardium. Currently, in commercial myocardial strain analysis software, analysis of the region of interest is triggered by the R wave of the electrocardiogram, and the analytical process lasts until aortic valve closure. The entire duration of myocardial strain analysis is ~0.02 s, which is much shorter than the duration of inspiration in one respiratory cycle. It is obvious that for the direct analysis of diaphragm deformation using myocardial strain software, the mode of triggering and the duration of the analysis are not consistent with the physiological characteristics of respiration. One potential solution for this limitation is to develop a new specialized algorithm that makes the analytical process cover the entire breathing process or the inspiration phase to fully evaluate the dynamics of the diaphragm (22).

In this study, according to respiratory physiology, we developed a novel speckle-tracking algorithm [i.e., normalized cross-correlation (NCC) algorithm (25)] to evaluate the kinetic characteristics (i.e., displacement and strain) of the right diaphragm first and then carried out a preliminary clinical study in 14 volunteers.



METHODS


Participants

Six healthy subjects and eight mechanical ventilation patients (a total of 14 participants) were prospectively enrolled in this study. The healthy subjects were examined in the supine position during normal quiet breathing, and the invasive mechanical ventilation patients were lying in bed at a 35-degree angle. The tidal volume of mechanical ventilation was measured with a spirometer for healthy subjects and was obtained from machine settings for mechanical ventilation patients. All of our mechanical ventilation patients were kept in an intubated state using a synchronized intermittent mandatory ventilation model. The ethics committee of the Shanghai University of Medicine & Health Sciences approved this study, and written consent was obtained from all participants.



Design of Diaphragm Ultrasound Scanning Sections

Movement of the diaphragm in three sections (Figure 1) was assessed by ultrasound using a 3–5-MHz convex-array probe and a LOGIQ V2 ultrasound machine (General Electric Healthcare, Horton, Norway). Twenty-second dynamic digital imaging and communications in medicine (DICOM) images were saved for subsequent ultrasound speckle-tracking imaging analysis. To achieve the desired high-quality boundary of the right diaphragm (26), the dynamic range (e.g., 45–65 dB) was selected based on the clinical application and the patient's condition.

1) Section I: Oblique section of the right costal arch through the second hepatic portal (Figure 1A).

2) Section II: Oblique section of the right intercostal passage through the first hepatic portal (Figure 1B).

3) Section III: Sagittal section of the liver and right kidney (Figure 1C).


[image: Figure 1]
FIGURE 1. (A) Section I: Oblique section of the lower right costal arch through the second hepatic portal with the left hepatic vein (LHV), middle hepatic vein (MHV), and right hepatic vein (RHV) as anatomical markers. (B) Section II: Oblique section of the right intercostal passage through the first hepatic portal with the inferior vena cava, hepatic vein, and gallbladder as anatomical markers. (C) Section III: Sagittal section of the liver and right kidney with the right kidney and hepatorenal space as anatomical markers.




Basic Process of Tracking Diaphragm Deformation

The specific process of diaphragm deformation can be found in Figure 2A. For the normalized cross-correlation-based speckle-tracking method (i.e., lateral interpolation of both the radiofrequency signals and cross-correlation function (Interp_Both), please kindly refer to the study by Liu Z and his colleagues (27).


[image: Figure 2]
FIGURE 2. (A) Flow chart of diaphragm speckle tracking. (B) ROI (initial point) of the diaphragm based on 1- (a), 3- (b), 5- (c), and 10-fold (d) horizontal sampling spacing.




Establishment of the Region of Interest (ROI) on Diaphragm Ultrasound

The ROI was set up with four initial points on the diaphragm with 1-, 3-, 5-, and 10-fold (a, b, c, and d) horizontal sampling spacing, as shown in Figure 2B.



Definition of Diaphragm Displacement and Strain
 
Diaphragm Displacement

The peak-to-peak value of the overall interframe/cumulative vertical and horizontal displacement was extracted as the displacement of the right diaphragm in one breathing cycle by taking the mean and median displacement of all points in the diaphragm ROI (Figure 3A).


[image: Figure 3]
FIGURE 3. (A) Vertical (left side) and horizontal (right side) of inter-frame and cumulative displacement of the right diaphragm in one breathing cycle and schematics of peak-to-peak value extraction. (B) Time-dependent global strain curves of the right diaphragm and schematic of peak-to-peak value extraction.




Global Diaphragm Strain

The Euclidean distance between each two adjacent points in the ROI was calculated, which can be considered to be approximately equal to the initial length of the diaphragm (i.e., the length of the green segment shown in Figure 3), and it is marked as L0. Continuous tracking of these initial points and calculation of the sum of their distances can yield the length of the diaphragm at a certain time, which is recorded as Lt (Figure 3B). The global strain (GS) of the diaphragm can then be calculated by the following formula (1).

[image: image]
 


Normalization of Interframe Displacement

To eliminate the influence of the frame rate on the estimation of the interframe displacement, the interframe displacement was normalized with the following formula (2).

[image: image]

D_norm and D denote the interframe displacement after and before normalization, respectively. FR is the acquisition frame rate of the data used to calculate the interframe displacement D, while FRmax refers to the maximum of all data acquisition frame rates.



Continuous Diaphragm Deformation Tracking Algorithm (Figure 4A)

1) When calculating the interframe displacement, the selected grid points are represented by black dots. The coordinates of the black dots are assumed to be (x, y), while the vertical and horizontal displacements are represented by V1 (U1) and V2 (U2), respectively, which are obtained from the N-1 and N frames and the N and N+1 frames, respectively.

2) Because the diaphragm is moving at all times during breathing, the selected grid point (i.e., black dot) in frame N-1 has moved to a new position (i.e., green dot) in frame N when calculating the displacement, and its coordinates are assumed to be (x', y'); here, x'= x + U1 and y'= y + V1.

3) We can interpolate linearly the vertical and horizontal displacements of the green dots based on the displacements of the black dots in frame N and express them as V2' and U2'.

4) Finally, when frame N-1 changes to frame N, the interframe vertical displacement of the diaphragm changes from V1 to V2' (instead of V2), the interframe horizontal displacement of the diaphragm changes from U1 to U2' (instead of U2), the cumulative vertical displacement of the diaphragm changes from V1 to V1 + V2', and the cumulative horizontal displacement of the diaphragm changes from U1 to U1 + U2'. Similarly, the GS of the diaphragm can be obtained by applying the above process to continuously track the position of the initial points of the diaphragm, followed by calculating the Euclidean distances between the adjacent points, summing the distances, and applying formula (1).


[image: Figure 4]
FIGURE 4. (A) Diagram of the continuous tracking algorithm. (B) Changes in the global strain curves of the diaphragm correction with time before (a) and after (b).




Drift Correction Algorithm

An unavoidable problem in continuous tracking is that the displacement or strain curve will drift with the increase in frame number (time), which occurs due to estimation error accumulation in the tracking process (28). Therefore, a drift correction algorithm is used to compensate for the drift in the displacement or strain curve. The process of drift correction is described as follows. First, the movement cycle of the diaphragm with respiration was determined by M-mode ultrasonography, which was assumed to be T. Then, the distribution of the displacement or strain of the diaphragm with time was assumed to be S (t). Displacement or strain begins to accumulate at t = 0, and S (T) should return to the original position when t = T [i.e., S (T) = 0]. However, due to error accumulation, S (T) is usually not zero. Therefore, to correct the drift of displacement or strain, we adopted formula (3), as follows.

[image: image]

In formula (3), S_corr(t), and S(t) represent the displacement or strain after and before correction, respectively. Figure 4B shows the drift correction effect of this algorithm for the GS of the diaphragm.



Data Analysis

After correcting the drift, the peak-to-peak values of displacement and strain were extracted to evaluate diaphragm function, and statistical analyses were performed using SPSS 19.0 software (SPSS, Inc., Chicago, IL, USA). All values are shown as the mean ± standard deviation. Descriptive analyses were performed for all investigated variables, and the D'Agostino-Pearson test was used to test for normality. The unpaired t-test and non-parametric tests were used to analyze the results of differences in the displacement or strain of the right diaphragm between the two groups, and one-way ANOVA was used for comparing three groups according to data characteristics.

Bartlett's test was used to analyze statistical significance, which was defined as P < 0.05.




RESULTS


Baseline Characteristics of the Subjects

Diaphragm ultrasound images were acquired from six healthy subjects during quiet spontaneous breathing and eight ICU patients under mechanical ventilation, all of whom were males. The baseline characteristics of all subjects are described in Table 1.


Table 1. Baseline characteristics of 14 subjects (mean ± SD).

[image: Table 1]



Continual Tracking of Diaphragm Movement

Figure 5 shows the results of continuous tracking of the diaphragm ROI during one breathing cycle based on lateral interpolation of both the radiofrequency signals and the cross-correlation function (Interp_Both) algorithm. The ROI of the diaphragm was obtained by manual segmentation at t = 0 s. In addition, the ROI of the diaphragm at t = 1.31 s was significantly shorter than that at t = 0 s, which indicates that the diaphragm was contracting during the inspiratory phase. Then, the diaphragm ROI began to stretch slowly from t = 1.31 s to t = 2.60 s, which indicated passive relaxation of the diaphragm during the expiratory phase. Most importantly, at the end of the expiratory phase (t = 3.03 s), the ROI of the diaphragm essentially returned to the initial position and shape (t = 0 s).


[image: Figure 5]
FIGURE 5. Movement of the diaphragm tracked during one breathing cycle based on the Interp_Both algorithm (red circle, ROI).




Displacement of the Diaphragm

On ultrasound imaging of the three different sections, there were no significant differences in the peak-to-peak values of the vertical or horizontal displacement and strain of the diaphragm based on the median and mean in the same section, and the P values were all >0.05. Therefore, the following results of this study were compared according to the median values.

Figure 6 depicts the horizontal and vertical interframe (Figure 6A) and cumulative (Figure 6B) displacements of the right diaphragm for the same sections. The red and blue boxes represent the horizontal and vertical displacements of sections I, II, and III, respectively. The interframe and cumulative horizontal displacements of sections I, II, and III were significantly greater than the vertical displacements. In terms of significant differences, the P values for the differences between the interframe horizontal and vertical displacements of sections I, II, and III were 0.031, 0.004, and 0.000, respectively, while those for the cumulative horizontal and vertical displacements of sections I, II, and III were 0.039, 0.001, and <0.0001, respectively.


[image: Figure 6]
FIGURE 6. Difference between inter-frame horizontal (red bar) and vertical (blue bar) displacement (A) and cumulative horizontal (red bar) and vertical (blue bar) displacement (B) of the right diaphragm for the same ultrasound imaging sections.




GS of the Diaphragm

Table 2 is based on the differential distribution of the GS of the right diaphragm for the three imaging sections estimated by selecting the initial point of the diaphragm at different sampling intervals. Table 2 shows that when different horizontal intervals were selected to estimate the GS of the diaphragm, the strain values were slightly different. However, after testing the difference in the strain between each pair of sections by one-way ANOVA, it was found that the GS of the diaphragm did not differ significantly by section (P >0.05), regardless of whether the horizontal sampling interval of the initial diaphragm point was 1, 3, 5, or 10 (Table 3).


Table 2. GS of the right diaphragm determined by selecting the initial point of the ROI based on the horizontal sampling spacing of 1, 3, 5, and 10 for three sections (N = 14).

[image: Table 2]


Table 3. GS of the right diaphragm determined by selecting the initial point of the ROI based on the horizontal sampling spacing of 5 for the three sections (N = 14).

[image: Table 3]




DISCUSSION

The diaphragm is widely distributed between the thoracic and abdominal regions as the main respiratory muscle pump, including the crural, dorsocostal, midcostal, and ventrocostal regions and the zone of apposition (29). The diaphragm has important physiological functions; thus, evaluating and monitoring changes in its function in the clinic is necessary (30, 31). In ultrasound strain imaging, the displacement and deformation of tissue are estimated using pre- and post-compression imaging data (32). The mechanics of the interaction between the diaphragm and the load are well-understood, but the force-length properties of the diaphragm are non-linear, and algebraic analysis of the interaction is ineffective (33). Ultrasound speckle is granular and textured in appearance due to the backscattered echoes of either randomly or coherently distributed scatterers in tissue. The statistical properties of the received echo speckle signals have been shown to depend on the density and spatial distribution of scatters.

In this study, we developed a new Interp_Both algorithm for ultrasound speckle-tracking imaging of the right diaphragm, and the deformation characteristics of the diaphragm were analyzed successfully by this method. Our previous research showed that Interp_Both with a small interpolation factor (e.g., 3–5) yields the best tradeoff between the estimation accuracy and the time required for computation, thus suggesting such a factor for lateral motion estimation in the case of a low line density (i.e., <2.8 lines/mm) (27). All of the ultrasound data of the right diaphragm that we collected had a low line density. The entire process of active contraction in the inspiratory phase and passive relaxation in the expiratory phase of the right diaphragm could be observed, as shown in Figure 5. The vertical and horizontal movements of the right diaphragm during one respiratory cycle could successfully be tracked continuously. The drift phenomenon could be completely removed from the corrected strain curve by applying the drift correction algorithm. To our knowledge, this is the first study in which a newly designed Interp_Both algorithm based on diaphragm anatomy and respiratory physiology was used to analyze diaphragm deformation. Referencing the standard sections used in liver ultrasonography, we defined three sections of the right diaphragm, which were marked by the three hepatic veins (section I), the inferior vena cava and gallbladder (section II), and the right kidney (section III). According to our newly developed algorithm, the deformation information of these three diaphragm sections was analyzed in 6 normal persons and 8 patients under mechanical ventilation. We used the peak-to-peak values of the instantaneous and cumulative horizontal and vertical displacements and the GS of the right diaphragm as indexes of diaphragm kinetics. The dynamic index of strain reflects the internal characteristics and provides insight into the elastic properties of tissues in either active or passive contraction processes.

This work yielded several interesting findings. First, the instantaneous horizontal displacement was larger than the vertical displacement at both the interframe and cumulative level for the same section, as shown in Figure 6, which indicates that the diaphragm moves horizontally more than vertically in the inspiratory period. Understanding regional diaphragm mechanics and kinematics is very important; however, no studies have shown how the diaphragm moves in different directions during the breathing cycle. Brooke Greybeck and his team studied four dogs and showed that the volume displacement of the diaphragm was heterogeneous and dependent on regional muscle shortening, posture and level of muscle activation (34). Another finding was that the GS of the diaphragm obtained for the three sections did not differ significantly (P > 0.05), regardless of whether the horizontal sampling interval of the initial diaphragm point was 1, 3, 5, or 10. This shows that for the diaphragm strain, the section selected has little effect. Furthermore, the initial points of the diaphragm ROI determined with different sampling spacings at different levels have little influence on the final results, which indicates that the selection of imaging sections may not be so strict when calculating the GS of the diaphragm. Although the concept of diaphragm strain in this study is consistent with previous studies (22–24), the results are not comparable due to the completely different algorithm used.

There are some limitations to this study. First, although we have established a new method for diaphragm deformation analysis, the number of samples used for verification was small. Second, the good contrast of the right diaphragm ultrasound images makes it possible to set the ROI, but ultrasound images are probably the most difficult medical images to use for segmentation during image recognition and tracking. Before the ROI set up, we manually segmented the diaphragm images according to the dynamic B- and M-mode ultrasound images, which led to a reduction in the tracking quality. In further research on diaphragm deformation, sensors could be added to display the respiratory waveform on the ultrasound equipment and allow automatic segmentation of the image with the starting point of the inspiratory phase curve as the trigger point for analysis. Because the left diaphragm does not have as nice an acoustic window as the right diaphragm (due to the liver), it is difficult to obtain an ideal image of the left diaphragm. We have not yet attempted to conduct a deformation tracking analysis on the left diaphragm but will in future studies.



CONCLUSIONS

In summary, a novel ultrasound algorithm for deformation (displacement and strain) imaging of the diaphragm based on cross-correlation was developed in our study, and the peak-to-peak values of instantaneous and cumulative displacement and GS were proposed as kinetic indexes of diaphragm function. Differences in the interframe and cumulative vertical and horizontal displacements of the right diaphragm and the GS among three different sections were analyzed. The results show greater horizontal than vertical movement of the diaphragm in each section, and the GS of the diaphragm was not sensitive to the imaging section, which will help reduce the difficulty of choosing the section when performing strain imaging of the diaphragm in the future. In subsequent studies, more clinical data need to be collected to further explore the value and significance of this new technology.
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Purpose: Emerging evidence suggests a potential role of interleukin-6 pathways—trans-signaling with soluble interleukin-6 receptors—in the asthma pathobiology. Despite the evidence for their associations with asthma, the causal role of soluble interleukin-6 receptors remains uncertain. We investigated the relations of soluble interleukin-6 receptors with asthma and its major phenotypes.

Methods: We conducted a two-sample Mendelian randomization study. As genetic instruments, we selected 33 independent cis-acting variants strongly associated with the level of plasma soluble interleukin-6 receptor in the INTERVAL study. To investigate the association of variants with asthma and its phenotypes, we used genome-wide association study data from the UK Biobank. We combined variant-specific causal estimates by the inverse-variance weighted method for each outcome.

Results: Genetically-instrumented soluble interleukin-6 receptor level was associated with a significantly higher risk of overall asthma (OR per one standard deviation increment in inverse-rank normalized soluble interleukin-6 receptor level, 1.02; 95%CI, 1.01–1.03; P = 0.004). Sensitivity analyses demonstrated consistent results and indicated no directional pleiotropy—e.g., MR-Egger (OR, 1.03; 95%CI, 1.01–1.05; P = 0.002; Pintercept =0.37). In the stratified analysis, the significant association persisted across asthma phenotypes—e.g., childhood asthma (OR, 1.05; 95%CI, 1.02–1.08; P < 0.001) and obese asthma (OR, 1.02; 95%CI 1.01–1.03; P = 0.007). Sensitivity analysis using 16 variants selected with different thresholds also demonstrated significant associations with overall asthma and its phenotypes.

Conclusion: Genetically-instrumented soluble interleukin-6 receptor level was causally associated with modestly but significantly higher risks of asthma and its phenotypes. Our observations support further investigations into identifying specific endotypes in which interleukin-6 pathways may play major roles.

Keywords: interleukin-6, soluble interleukin-6 receptor, trans-signaling pathway, asthma, Mendelian randomization, GWAS, UK Biobank


INTRODUCTION

Among many immune components involved in the pathobiology of asthma, recent research has suggested a potential role of interleukin-6 (IL-6) signaling—the classic and trans-signaling pathways (1). The trans-signaling pathway starts with coupling with IL-6 and soluble IL-6 receptor (sIL-6R), and formation of a complex with the ubiquitously expressed membrane-bound glycoprotein 130, thereby activating downstream pro-inflammatory cascades—e.g., Janus kinase-signal transducer and activator of transcription (JAK-STAT) pathway (1). This IL-6 trans-signaling pathway plays major roles in a range of inflammatory conditions (e.g., rheumatic diseases, inflammatory bowel diseases, obesity), and is the target of anti-IL-6 therapies (e.g., tocilizumab) (1).

Epidemiologic studies have found associations of an increased IL-6 level in the serum, sputum, and bronchoalveolar lavage fluid with asthma prevalence and its severity (2–4). Genome-wide association studies (GWAS) have also reported that the single nucleotide polymorphism (SNP) rs2228145 (Asp358Ala)—a variant in IL6R that increases IL-6R shedding and promotes IL-6 trans-signaling—is associated with asthma prevalence, asthma severity, and lower pulmonary function (5, 6). Moreover, rs4129267—which has a perfect linkage disequilibrium with rs2228145 above in European subjects—is also known as an asthma susceptibility locus (7). Despite the evidence on these associations which may suffer from unmeasured confounding, the causal role of sIL-6R in asthma (and hence the potential role of anti-IL-6R therapies) remains uncertain. To address the knowledge gap in the literature, we performed an instrumental variable analysis with genetic instruments (i.e., Mendelian randomization) to examine the effect of sIL-6R on asthma and its major phenotypes.



METHODS

This is a two-sample Mendelian randomization study using GWAS summary statistics from two large cohort studies—the INTERVAL study (8) and UK Biobank (9–12). Detailed Methods can be found in the Supplementary Material. In brief, Mendelian randomization can provide unbiased causal estimates in an observation study because the genetic polymorphisms associated with the exposure (sIL-6R levels) are allocated randomly at conception and its causal inference is less susceptible to confounding and reverse causation (13).



DATA SUMMARY


The Interval Study

The INTERVAL study is a prospective cohort study that recruited approximately 50,000 blood donors aged ≥18 years. For the proteomic profiling, randomly selected two non-overlapping sub-cohorts of 2,731 and 831 participants of European ancestry were enrolled. The levels of 2,994 plasma proteins were measured by the use of SomaLogic assays. A genome-wide protein quantitative trait loci (pQTL) analysis of 2,994 plasma proteins in 3,301 healthy adults of European ancestry was conducted (8). Overall, 1,927 significant (PGWAS <1.5 × 10−11) associations between 764 genomic regions and 1,478 proteins were identified. The summary statistics data are publicly available at http://www.phpc.cam.ac.uk/ceu/proteins/.



The UK Biobank

The UK Biobank is a prospective cohort study that enrolled approximately 500,000 adults (aged 40–69 years at enrollment in 2006–2010), and collected comprehensive phenotypic data and performed genome-wide genotyping (9). The current analysis restricted the sample to 394,256 subjects of European ancestry to minimize population stratification (46,799 cases with asthma and 347,457 controls). In the current study, the primary outcome was (overall) asthma (n = 46,799). The secondary outcomes were six major asthma phenotypes: (1) childhood asthma (defined as age of onset ≤ 12 years; n = 9,676) (12), (2) adult-onset asthma (defined as age of onset ≥26 years; n = 22,294) (12), (3) allergic asthma (defined as asthma with an allergic disease—eczema, food allergy, and/or allergy rhinitis [identified by data fields 6152, 20002, 41202, 41204]; n = 23,183) (10, 11), (4) non-allergic asthma (defined as asthma without any allergic disease; n = 23,616), (5) obese asthma (defined as BMI of ≥30 kg/m2; n = 13,550), and (6) non-obese asthma (defined as BMI of <30 kg/m2; n = 33,095). We also identified shared controls (n = 347,457) with high-quality genotyping and complete phenotype and covariate data for GWAS association analysis. All participants from this study provided UK Biobank-acquired informed consent and provided data according to the UK Biobank protocol. The institutional review board of Harvard University and Massachusetts General Hospital approved the study.



Statistical Analysis

As the genetic instruments, we identified 33 independent cis-acting variants strongly associated with plasma sIL-6R levels (PGWAS <5 × 10−6, r2 <0.1, 250kb from IL6R; Supplementary Table 1) in the INTERVAL study (mean age, 44 years; female, 49%) (8). All variants had an F-statistic of >10, without a significant association with major confounders (such as education status, smoking, and physical activity; Supplementary Table 1) nor a known pleiotropy in Ensembl, GWAS catalog, and PhenoScanner. Separately, using the UK Biobank data, we computed the GWAS statistics for asthma and six major asthma phenotypes, as previously described (10–12).

To investigate the association of variants with outcomes, we used GWAS summary statistics of the UK Biobank. We weighted the magnitude of association of each variant with outcomes by that with sIL-6R, and combined causal estimates of sIL-6R on each outcome by the inverse-variance weighted meta-analysis method with a random-effects model (14, 15) by using MendelianRandomization package (16).

In the sensitivity analyses, we first applied MR-Egger regression (17), MR Pleiotropy RESidual Sum and Outlier (MR-PRESSO) test (18), and MR weighted median method (19). MR-Egger regression detects pleiotropy based on the assumption that the pleiotropic associations are independent from the genetic associations with the exposure (i.e., the instrument strength independent of direct effect [InSIDE] assumption) and provides corrected estimates. MR-PRESSO test (18) detects violation of the restriction exclusion criterion assumption and provides corrected estimates by removing variants which exhibit pleiotropy. MR weighted median method provides consistent estimates even when 50% of the information comes from invalid variants. We conducted MR-Egger regression and weighted median method using MendelianRandomization package (16) and MR-PRESSO using MRPRESSO package (18). Second, we also used more-stringent PGWAS (PGWAS <5 × 10−8) and linkage disequilibrium (r2 <0.02) thresholds to select genetic instruments in order to examine the robustness of the inferences. We analyzed the data using R version 3.6.3 (R foundation for Statistical Computing, Vienna, Austria).




RESULTS

Higher genetically-instrumented sIL-6R levels were associated with a modestly but significantly increased risk of overall asthma (OR per one standard deviation increment in inverse-rank normalized sIL-6R level, 1.02; 95%CI, 1.01–1.03; P = 0.004; Figure 1) with the use of inverse-variance weighted meta-analysis method. Of the 33 genetic instruments, rs4129267—an asthma susceptibility locus7 with a linkage disequilibrium of r2=1 with rs2228145 (Asp358Ala) (6)—had the largest weight on the Mendelian randomization estimate. The sensitivity analysis (Table 1) not only demonstrated consistent results—MR-Egger (OR, 1.03; 95%CI, 1.01–1.05; P = 0.002), MR-PRESSOcorrected (OR, 1.03; 95%CI, 1.02–1.04; P < 0.001), and MR weighted median (OR, 1.03; 95%CI, 1.02–1.04; P < 0.001), but also indicated no directional pleiotropy in MR-Egger test (Pintercept =0.37). Although the sensitivity analyses using MR-PRESSO suggested potential pleiotropy (Pglobal =0.02), the corrected MR-PRESSO yielded an estimate that is consistent with the primary analysis (OR, 1.03; 95%CI, 1.02–1.04; P < 0.001) after removing variants with potential pleiotropy.


[image: Figure 1]
FIGURE 1. Mendelian randomization estimates for the effect of soluble interleukin-6 receptors on overall asthma outcome. The size of the squares is proportional to the weight of the Mendelian randomization estimate for each variant, with the horizontal lines indicating their 95% confidence intervals. The center of the diamond represents the combined Mendelian randomization point estimate with the lateral tips indicating its 95% confidence interval, estimated by the inverse variance weighted method. The odds ratios were estimated per one standard deviation increment in the inverse-rank normalized sIL-6R level. CI, confidence interval; IVW, inverse variance weighted.



Table 1. Sensitivity analysis using MR Egger, MR-PRESSO, and MR weighted median methods.

[image: Table 1]

In the stratified analysis, the significant association persisted across the asthma phenotypes (Figure 2)—e.g., childhood asthma (OR, 1.05; 95%CI, 1.02–1.08; P < 0.001) and obese asthma (OR, 1.02; 95%CI, 1.01–1.03; P = 0.007). Likewise, the sensitivity analysis also demonstrated consistent results (Table 1)—e.g., MR-Egger for childhood asthma (OR, 1.04; 95%CI, 1.00–1.08; P = 0.04), MR-PRESSO for obese asthma (OR, 1.02; 95%CI, 1.00–1.03; P = 0.001), and MR weighted median for childhood asthma (OR, 1.04; 95%CI, 1.02–1.07; P < 0.001). Although the sensitivity analyses using MR-PRESSO suggested potential pleiotropy for allergic asthma (Pglobal =0.02) and non-obese asthma (Pglobal =0.004), the corrected MR-PRESSO yielded an estimate that is consistent with the primary analysis—allergic asthma (OR, 1.03; 95%CI, 1.02–1.05; P < 0.001) and non-obese asthma (OR, 1.03; 95%CI, 1.02–1.04; P < 0.001)—after removing variants with potential pleiotropy.


[image: Figure 2]
FIGURE 2. Mendelian randomization estimates for the effect of soluble interleukin-6 receptors on asthma and its phenotypes. By using the inverse variance weighted method, the combined causal effect of sIL-6R on the asthma (overall) outcome and six asthma phenotypes was estimated. The odds ratios were estimated per one standard deviation increment in the inverse-rank normalized sIL-6R level. CI, confidence interval.


Lastly, the sensitivity analysis using 16 variants selected by the use of more stringent thresholds—PGWAS <5 × 10−8 and linkage disequilibrium (r2 <0.02)—also demonstrated significant associations with overall asthma (OR, 1.03; 95%CI, 1.02–1.04; P <0.001; Supplementary Figure 1) and its phenotypes—e.g., childhood asthma (OR, 1.05; 1.01–1.09; P = 0.01) and obese asthma (OR, 1.03; 95%CI, 1.01–1.05; P = 0.01; Figure 3).


[image: Figure 3]
FIGURE 3. Mendelian randomization estimates for the effect of soluble interleukin-6 receptors on asthma and its phenotypes using different thresholds. This sensitivity analysis used 16 variants selected with the use of more-stringent PGWAS (PGWAS <5 × 10−8) and linkage disequilibrium (r2 < 0.02) thresholds. By using the inverse variance weighted method, the combined causal effect of sIL-6R on the asthma (overall) outcome and six asthma phenotypes was estimated. The odds ratios were estimated per one standard deviation increment in the inverse-rank normalized sIL-6R level. CI, confidence interval.




DISCUSSION

In this two-sample Mendelian randomization study, we demonstrated that higher genetically-instrumented sIL-6R levels were associated with a modestly but significantly increased risk of overall asthma. The sensitivity analyses also showed consistent results. Our results are in line with recent findings that higher circulating IL-6 levels are associated with a greater exacerbation risk both in children (20) and adults (21, 22). Additionally, genetic studies showed the associations of IL6R-related polymorphisms with asthma prevalence and severity, and lower pulmonary function (5, 6). For example, the Severe Asthma Research Program (SARP) cohorts found that rs2228145 is associated with a higher serum sIL-6R level, greater asthma severity, and lower pulmonary function in patients with severe asthma (6). However, their subsequent study also reported discordant results—e.g., no association of sIL-6R level with severity or exacerbation risk (22). The apparent discrepancies between these reports may be attributable to the differences in study design, setting, sample, analytical assumptions, or any combination of these factors. Regardless, the validity of the current study is buttressed by the use of the Mendelian randomization design. This design can mitigate unmeasured confounding and reverse causation that occur with conventional observational studies (13). The current analysis meets the assumptions of Mendelian randomization design in that we identified the genetic variants that are strongly associated with the sIL-6R level (the relevance assumption) and do not share common causes with asthma (the independence assumption), and in that we ensured no effects of known or unknown pleiotropy (the exclusion restriction assumption) (23). The current analysis using the data of two large cohorts corroborates the earlier reports, and extends them by investigating potential causal effects of sIL-6R on asthma and its phenotypes.

The mechanisms underlying our findings remain to be elucidated. For example, inflammatory signals (e.g., C-reactive protein, chemokine ligand 1, IL-1β, IL-8, tumor necrosis factor, bacterial lipopolysaccharides) promote alternative mRNA splicing and shedding of IL-6R from the cell surface, thereby producing sIL-6R and activating the IL-6 trans-signaling pathway (24–29). An analysis of U-BIOPRED data reported that adult patients characterized by IL-6 trans-signaling-related epithelial gene signature had upregulated innate immune pathways, type 2 inflammation-independent eosinophilia, increased submucosal inflammation and airway remodeling, and higher asthma exacerbation rate (25). In patients with obese asthma, their airway inflammation is characterized by dominance of neutrophils and macrophages—major sources of sIL-6R in both lungs (5) and adipose tissue (30). Experimental asthma models also demonstrated that IL-6R inhibitors attenuate the airway inflammatory response characterized by mixed granulocytic infiltration with elevated IL-6 and IL-6R levels (31). These data collectively present a rationale for targeting the IL-6 trans-signaling pathway in asthma. We acknowledge that, in the current analysis, the observed magnitude of estimates was nominally small. Nevertheless, our findings encourage further investigations into identifying patients with specific asthma endotype(s) in which IL-6 pathways play major roles [e.g., patients with adiposopathy—“sick fat” (30)].

This study has potential limitations. First, misclassification of asthma and its phenotypes is possible, while it is unrelated to the measured sIL-6R levels in the current two-sample design. Therefore, this independent non-differential misclassification would have biased the inferences toward the null. Second, the small sample size of patients with moderate-to-severe asthma precluded us from robustly examining this specific group that may benefit more from anti-IL-6 therapies. Third, as with any Mendelian randomization study, survivor (selection) bias is possible. However, participants from the INTERVAL study (mean age, 44 years) and UK Biobank (mean age, 57 years) were not in age ranges where survivor bias imposes a substantial impact. Fourth, the current study design using summary statistics precluded us from evaluating a potential non-linear relationship of sIL-6R with the asthma outcomes. Fourth, the influence of genetic instruments may be abated or buffered by feedback mechanisms or developmental processes. Yet, such mechanisms would have diminished the genetic effects, thereby biasing the inferences toward the null. Lastly, to minimize the population stratification bias, we restricted the study sample to individuals of European ancestry. Therefore, the inferences may not be generalizable to other racial/ethnic populations.

In conclusion, the current Mendelian randomization study using two large cohort data demonstrated that higher genetically-instrumented sIL-6R levels are associated with a significantly but modestly increased risk of overall asthma. The observation was consistent across the asthma phenotypes and different assumptions. Our inferences support further research into delineating the roles of IL-6 pathways in the asthma pathobiology and identifying patients with a distinct endotype who would benefit most from anti-IL-6 therapies.
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Background: Two previous studies have shown that increased neutrophil to lymphocyte ratio (NLR) is associated with short-term prognosis in patients with acute respiratory distress syndrome (ARDS), but it is usually assessed as a single threshold value at baseline. We investigated the relationship between the baseline and the early change in NLR and 30-day mortality in patients with ARDS to evaluate the prognostic value of NLR baseline and NLR changes during the first 7 days after ICU admission.

Methods: This is a retrospective cohort study, with all ARDS patients diagnosed according to the Berlin definition from the Medical Information Mart for Intensive Care III (MIMIC-III) database. We calculated the NLR by dividing the neutrophil count by the lymphocyte count. The multivariable logistic regression analysis was used to investigate the relationship between the baseline NLR and short-term mortality. Then the generalized additive mixed model was used to compare trends in NLR over time among survivors and non-survivors after adjusting for potential confounders.

Results: A total of 1164 patients were enrolled in our study. Multivariable logistic regression analysis showed that after adjusting for confounders, elevated baseline NLR was a significant risk factor predicting 30-day mortality (OR 1.02, 95%CI 1.01, 1.03, P = 0.0046) and hospital mortality (OR 1.02, 95%CI 1.01, 1.03, P = 0.0003). The result of the generalized additive mixed model showed that the NLR decreased in the survival group and increased in the non-survival group gradually within 7 days after ICU admission. The difference between the two groups showed a trend of increase gradually and the difference increased by an average of 0.67 daily after adjusting for confounders.

Conclusions: We confirmed that there was a positive correlation between baseline NLR and short-term mortality, and we found significant differences in NLR changes over time between the non-survival group and the survival group. The early increase in NLR was associated with short-term mortality in ARDS patients.

Keywords: change, neutrophil to lymphocyte ratio, NLR, ARDS, 30-day mortality, intensive care unit


INTRODUCTION

Acute respiratory distress syndrome (ARDS) is a fatal form of acute respiratory failure requiring mechanical ventilation, which is caused by direct (pneumonia or aspiration) or indirect lung injury (sepsis or trauma) (1). It is a type of acute diffuse inflammatory lung injury that results in damage to the pulmonary endothelium, increased capillary permeability, pulmonary edema formation, and thus leads to decreased effective pulmonary ventilation area (2). Despite the efforts in early diagnosis and treatment, to our knowledge, there is no available treatment which can aim directly at the pathological mechanism of ARDS, and mechanical ventilation and supportive care are still the main approaches (1, 3). Approximately 35–46% of patients died consequently during hospitalization, making it one of the most common causes of death in intensive care units (ICU) (4). Therefore, it is urgent to find specific biological markers to accurately identify high-risk patients and adjust clinical treatment and nursing intervention to ultimately improve the prognosis of patients with ARDS.

Inflammatory response plays an important role in the development of ARDS, and is also an important factor affecting the prognosis of ARDS patients (2, 5). In vivo and in vitro studies have shown that inflammatory response can cause increased permeability of alveolar endothelium and epithelial cells, leading to the occurrence of pulmonary edema (5, 6). Neutrophil lymphocyte ratio (NLR) as a marker of systemic inflammation has been shown to be associated with the prognosis of a variety of diseases, including sepsis (7), COVID-19 pneumonia (8, 9), chronic obstructive pulmonary disease (COPD) (10), acute coronary syndrome (11), and several solid tumors (12–14). Two previous studies have shown that elevated baseline NLR was associated with short-term prognosis in ARDS patients (15, 16). However, these two studies only revealed the relationship between static NLR at baseline and short-term patient prognosis, which may not reflect the overall dynamics of the patient's condition. In this study, we investigated the relationship between baseline and early changes within the first week after ICU admission in NLR and short-term prognosis among ARDS patients.



PATIENTS AND METHODS


Data Sources

This is a retrospective cohort study of 1164 patients with ARDS according to the Berlin definition. We obtained all the data from the Medical Information Mart for Intensive Care III (MIMIC-III), which is a single-center and freely accessible database and contains more than 60,000 health-related hospitalizations from 2001 to 2012 in the ICU of Beth Israel Deaconess Medical Center in Boston. We have completed the online course and passed the online exams (no. 6182750) to gain access to the database. The establishment of the MIMIC III database was approved by the institutional review board of Beth Israel deacons Medical Center and Massachusetts Institute of Technology. Because hospitalization information is anonymous, the informed consent was not required.



Patients

We screened all the patients in the database. Our inclusion criteria were as follows: at least 16 years, ICU stay more than 72 h, ARDS diagnosis meeting Berlin standard at the time of ICU admission, had lymphocyte and neutrophil count within 24 h after ICU admission. We excluded patients with chronic hematologic disorders, lacked the baseline of lymphocyte and neutrophil records. If a patient was admitted repeatedly during the study period, we used only the record of his first ICU admission.

The Berlin standard included: acute onset, arterial oxygen partial pressure (PaO2)/fraction of inspired oxygen (FiO2) <300 mmHg and positive end-expiratory pressure (PEEP) ≥5 cm H2O on the first day of ICU admission, bilateral infiltrates on chest radiograph, absence of heart failure. According to the Berlin standard, ARDS were classified into mild (>200 mmHg, ≤300 mmHg), moderate (>100 mmHg, ≤ 200 mmHg), and severe (<100 mmHg) based on the PaO2/FiO2 ratio.



Data Extraction

We used the Structured Query Language to extract the data. We extracted or calculated the following variables, including the baseline characteristics (age, gender, ethnicity, admission type), the patients' comorbidity, the Elixhauser Comorbidity Index (SID30), the risk factors leading to ARDS, the vital signs within 24 h after ICU admission (heart rate, temperature, mean arterial pressure, Spo2), the severity of organ dysfunction (Simplified Acute Physiology Score, SAPS II; Oxford Acute Severity of Illness Score, OASIS; Sequential Organ Failure Assessment, SOFA), PaO2/FiO2 at diagnosis, PEEP at diagnosis and the treatment received (ventilation received; vasopressor therapy; renal replacement therapy; corticosteroids therapy; antibiotic therapy). The serious score of organ dysfunction was estimated for all patients within 24 h of ICU admission.

The baseline of NLR was determined by the absolute neutrophil count divided by the absolute lymphocyte count based on the first laboratory parameters after ICU admission. Repeated measurements of NLR were performed during the first 7 days after ICU admission. The repeated measurements of NLR were irregularly spaced over time.



Statistical Analysis

We processed and analyzed all the data by EmpowerStats software (www.empowerstats.com version R.3.4.3) and statistical software package R. We presented the continuous variables as the mean (SD) and compared them by Student's t-test (normal distribution) or Mann-Whitney test (non-normal distribution); we presented the categorical variables as percentages and compared them by chi-square test. A two-tailed P < 0.05 was considered statistically significant.

We first analyzed the relationship between the baseline NLR and short-term clinical outcomes in ARDS patients. We divided the patients into three groups according to the tertile of the baseline NLR values. We used multivariable logistic regression analysis and smooth curve fitting to test the independent effects of the baseline NLR and in-hospital and 30-day mortality with crude and full models. The adjusted variables included age, gender, ethnicity, smoking, admission type, COPD, hypertension, tumor, diabetes mellitus, renal failure, SID30, pneumonia, sepsis, aspiration, trauma/surgery, other non-pulmonary, PaO2/FiO2, SAPS II, OASIS, SOFA, corticosteroids therapy, antibiotic therapy, vasopressor therapy, ventilation received and renal replacement therapy. We selected those confounders based on their associations with the outcomes of interest or a change in effect estimate of more than 10%.

Then we analyzed the relationship between the early change of NLR and 30-day mortality. We showed the difference in NLR between survivors and non-survivors within the first 7 days after ICU admission. We used the generalized additive mixed model (GAMM) to investigate the early changes of NLR over time between survivors and non-survivors, with crude and full models. The GAMM is commonly used to analyze the results of repeated measurements, especially when the interval between repeated measurements is irregular and some data is missing (17, 18).




RESULTS


Characteristics of Patients

A total of 1164 patients with ARDS were included in this study, which contained 859 survivors and 305 non-survivors who were stratified on 30-day mortality. The flowchart of study cohort selection was shown in Figure 1. The characteristics of the study participants were displayed in Table 1.
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FIGURE 1. Flow chart of the current study.



Table 1. Baseline characteristics of total cohort, 30-day survivors, and 30-day non-survivors.
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The average age of the study participants was 60.27 ± 17.74 years and 40.87% of participants were female. The main risk factors of ARDS were non-pulmonary sepsis (N = 549 47.12%) and pneumonia (N = 345 29.64%). There were 208 (17.87%), 534 (45.88%), and 422 (36.25%) patients with mild, moderate and severe ARDS, respectively, upon ICU admission. The median values of NLR at baseline were 13.14 ± 10.66 in survivors and 16.78 ± 13.38 in non-survivors, respectively. We found that there was a significant difference between the two groups in terms of age, ethnicity, smoking and admission type; The SAPS II, OASIS, and SOFA scores within 24 h of ICU admission were significantly higher in non-survivors than that in survivors. There were also significant differences in vital signs (temperature, mean arterial pressure, Spo2, and PaO2/FiO2 at diagnosis) and treatment received (mechanical ventilation and antibiotic therapy).



Association Between Baseline NLR and Mortality

We divided all the patients into three groups according to the tertiles of baseline NLR and Table 2 displayed the clinical outcomes of the subjects across the tertile of baseline NLR. Patients with high NLR (NLR ≥14.8) had shorter days free of mechanical ventilation, higher in-hospital, and 30-day mortality.


Table 2. Outcomes of the patients with ARDS across tertile of the baseline NLR.
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We used the smooth curve fitting to show the association between baseline NLR levels and risk of in-hospital and 30-day mortality which was presented in Figure 2. Taking NLR on admission as a continuous variable, there was a significant positive association with the short-term mortality in the adjusted model.
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FIGURE 2. A smooth curve fitting for the relationship between the baseline NLR and the risk of in-hospital mortality (A) and 30-day mortality (B). The resulting figures show the risk of mortality in the y-axis and the NLR (continuous variable) in the x-axis. The red line shows the dose-response curve between NLR and probability of short-term mortality, the two blue lines refer to 95% CIs. A positive relationship between NLR and the risk of short-term mortality was observed after adjusting for age, gender, ethnicity, smoking, admission type, COPD, hypertension, tumor, diabetes mellitus, renal failure, SID30, pneumonia, sepsis, aspiration, trauma/surgery, other non-pulmonary, PaO2/FiO2, SAPS II, OASIS, SOFA, corticosteroids therapy, antibiotic therapy, vasopressor therapy, ventilation received, and renal replacement therapy by spline smoothing plot.


We further evaluated this finding by the multivariable logistic regression analysis, which was shown in Table 3. As a continuous variable, after adjusting for the clinical confounders listed, an SD increase in baseline NLR levels was associated with a 2% higher risk of 30-day mortality (OR 1.02, 95% CI, 1.01, 1.03, P = 0.0046), and there was a similar trend for in-hospital mortality (OR 1.02, 95% CI, 1.01, 1.03, P = 0.0004). When RDW was assessed as tertiles, we found that patients in high baseline NLR (NLR ≥14.8) also had significantly higher risks of in-hospital (OR 1.48, 95% CI 1.03–2.12, P = 0.0319) and 30-day (OR 1.48, 95% CI 1.02–2.16, P = 0.0409) mortality than patients in low group (NLR <7.5) in the adjusted model.


Table 3. Multivariable logistic regression analysis of baseline NLR for mortality.
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The subgroup analyses for the relationship between baseline NLR and mortality were presented in Supplementary Table 1, which were performed according to age, gender, race, smoking, type of admission, risk factor, comorbidity, Berlin classification, and treatment received. The results showed that in different subgroups the relationship between baseline NLR and the risk of mortality stably existed except for patients of other race.



Association Between Early Change in NLR and Mortality

We compared the difference in NLR between 30-day survivors and 30-day non-survivors on admission, on the 2–3th, the 4–5th, and the 6–7th day. We found that there were significant differences in NLR between the survival and the non-survival at the time points mentioned above. The result was shown in Table 4.


Table 4. The evolution of NLR after ICU admission between 30-day survivors and 30-day non survivors.
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We used GAMM to show the changes in NLR over time (the first week after ICU admission) between 30-day survivors and 30-day non-survivors after adjusted for clinical confounders listed. The result was presented in Figure 3. We found that, as time went on, NLR increased in the non-survival group. While the trend was reversed and it decreased in the survival group gradually within 1 week after ICU admission. And the difference between the two groups increased over time.
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FIGURE 3. Association between changes in NRL and 30-day mortality (A) and in-hospital mortality (B). A linear association between changes in NLR and mortality was found in a generalized additive mix model (GAMM). Smooth curve fitting graph illustrated the NLR in 1164 ARDS patients based on the days after admission to ICU. The red line represented the survivors. The blue line represented the non-survivors. All adjusted for age, gender, ethnicity, smoking, admission type, COPD, hypertension, tumor, diabetes mellitus, renal failure, SID30, pneumonia, sepsis, aspiration, trauma/surgery, other non-pulmonary, PaO2/FiO2, SAPS II, OASIS, SOFA, corticosteroids therapy, antibiotic therapy, vasopressor therapy, ventilation received, and renal replacement therapy.


Furthermore, we revealed the association between early changes in NLR and 30-day mortality in ARDS patients which was presented in Table 5. The results indicated that NLR in the non-survival group was significantly higher than that in the survival group, and more importantly the difference between the two groups showed an increasing trend within 1 week after ICU admission. This difference increased by an average of 0.69 per day, and the results were consistent in the adjusted model (β = 0.67, 95% CI 0.23 1.11, P = 0.0030). These trends were also observed for in-hospital mortality.


Table 5. Relationship between changes (0–7 days) NLR and short-term mortality in patients with ARDS derived from a generalized additive mixed model (GAMM).
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DISCUSSION

In this retrospective cohort study, we confirmed that there was a significant positive correlation between baseline NLR and short-term mortality of patients with ARDS. High NLR at ICU admission was associated with higher 30-day and in-hospital mortality. Moreover, the NLR dynamic during the first 7-days after ICU admission also appears to be a good prognostic factor in patients with ARDS. We found that NLR increased gradually within 7 days after ICU admission in the non-survival group, but decreased gradually in the survival group. Furthermore, this difference between the two groups increased significantly over time. The relationship remained stable after adjusting for clinical confounders. This might suggest that an early increase in NLR is associated with poor short-term prognosis in ARDS patients.

Previous studies have shown that increased NLR was associated with short-term prognosis in a variety of diseases, including tumors, cardiovascular disease, and inflammatory diseases (7, 8, 10–12, 14, 19, 20). To our knowledge, there are only two previous studies on the relationship between baseline NLR and clinical outcomes of ARDS. The results of these two studies both showed that increased NLR on admission was associated with poor outcomes of ARDS patients. Wang et al. suggested that NLR >14 can be used as the cut-off threshold for predicting the 28-day mortality in patients with ARDS (16). Li et al. found that combining NLR could improve the prognostic value of APACHE II score and Berlin classification than using any of them alone (15). Our results for the relationship between baseline NLR and short-term prognosis in ARDS patients were consistent with previous studies. However, there is no study to explore the association between an early change of NLR and mortality in ARDS patients, which may reflect the comprehensive dynamic changes of the patient's condition and the evolution of the disease.

Therefore, we first used the GAMM model to explore the temporal variation of NLR in ARDS patients and its relationship with short-term outcomes. First, our study showed that NLR changed over time in ARDS patients within the first 7 days after ICU admission. Second, we compared the different trends of NLR over time between survival and death groups. Finally, the GAMM model was used to investigate the relationship between early changes in NLR and short-term prognosis in ARDS patients. We found that the difference between the two groups showed an increasing trend (an average of 0.69 per day) within 1 week after ICU admission.

The systemic inflammatory response is closely related to the occurrence and development of ARDS (2, 5). Elevated levels of inflammatory markers were associated with poor clinical outcomes of ARDS patients (21). Previous studies have shown that increased NLR including neutrophils rising and lymphocytes apoptosis, can be used as a marker of systemic inflammation to reflect the relative degree of inflammation and host immune status (22). In the latest study, the increased NLR can be used as an indicator to predict the development of ARDS in patients with COVID-19 (8). However, the physiologic mechanism behind the association between elevated NLR and poor clinical outcomes in ARDS remains unclear. We can give some possible reasons.

The literature showed that neutrophil counts are positively correlated with the degree of inflammation in ARDS (23). It has been reported that neutrophils and neutrophil-derived particles are significantly increased in bronchoalveolar lavage fluid of ARDS patients (24, 25). Several studies have shown that during the occurrence of acute lung injury (ALI), neutrophils are the first immune cells to be recruited to inflammatory sites, after being stimulated by chemokines released from damaged lung tissue. Activated neutrophils can trigger oxidative stress, release proteases, and form neutrophils extracellular traps (NETs), which induce positive feedback and further enhance the inflammatory response to lung damage (5, 23, 26). Recent studies also showed that increased neutrophils and neutrophil extracellular traps are key pathological drivers of progressive lung injury in COVID-19 patients (27). Targeting neutrophil therapy may improve the clinical outcomes of ARDS caused by SARS-COV-2 infection (19). Previous studies have shown that lymphopenia was associated with high mortality in patients with systemic inflammatory response syndrome and ARDS caused by COVID-19 (28, 29). Lymphocytes play an important role in regulating appropriate inflammatory responses, and lymphopenia may perpetuate harmful inflammation (15). Moreover, in vitro experiments, when lymphocytes were cultured with neutrophils, their cytolytic activity was inhibited, and the degree of inhibition increased with the addition of neutrophils (30). NLR reflects the balance between lymphocytes and neutrophils and may reflect the immune status more comprehensively. Therefore, we speculated that the dynamic elevation of NLR may reflect the severity of inflammatory response in ARDS patients, which can be an important indicator for monitoring the clinical prognosis of ARDS.

Although many studies have assessed the prognosis of ARDS patients, none of the biomarkers is perfect (31). NLR is the ratio of neutrophil count to lymphocyte count that can be obtained through routine blood tests without any additional cost, which may make it more convenient for clinical use. Early changes in NLR can be a sensitive indicator of disease severity. Therefore, we believe that dynamic monitoring of NLR after ICU admission is helpful for the early detection of patients with poor prognosis and early adoption of different treatments and nursing measures.

There were some limitations in our study. First, this was a single-center retrospective cohort study, so there was the possibility of selection bias; Second, although we have shown that the increased baseline NLR and an increasing trend over time after ICU admission were related to the poor prognosis of patients with ARDS, the causal relationship between baseline elevated NLR, early change in NLR and mortality cannot be established. So further basic research is needed. Third, the accuracy of the results may be affected due to the lack of information on the active infection (bacterial infection or viral infection) and the medication which can alter NLR levels. Fourth, as a single-center study, the results should be interpreted with caution when implicating in other populations and areas.



CONCLUSION

In our study, there was a positive correlation between baseline NLR and short-term prognosis in ARDS patients. Furthermore, we found that there was a significant difference in the changes of NLR over time between non-survival and survival groups. The early increase in NLR was associated with higher short-term mortality in ARDS patients. These results suggest the potential benefit of monitoring early change in NLR for patients with ARDS. However, prospective studies are needed for further validation.
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Metabolic Fingerprinting Uncovers the Distinction Between the Phenotypes of Tuberculosis Associated COPD and Smoking-Induced COPD
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Background: Although smoking is considered the main cause of chronic obstructive pulmonary disease (COPD), several other risk factors, including pulmonary tuberculosis (TB), contribute significantly to disease causation, particularly in developing countries. However, the underlying pathogenesis of TB-associated COPD (T-COPD) is unclear. Moreover, the need for prompt diagnosis and treatment of T-COPD to decrease the future burden of inflammation is underestimated. This study aimed to identify distinctive endogenous metabotypes of T-COPD, compared to smoking-associated COPD (S-COPD).

Methods: Cross-sectional metabolomic analyses and clinical examinations of serum samples were performed for three groups of 168 male subjects: T-COPD (n = 59), S-COPD (n = 70), and healthy normal controls (n = 39). To retain a broad spectrum of metabolites, we performed technically distinct analyses (global metabolomic profiling using LC-QTOFMS and targeted analyses using LC-MS/MS).

Results: Higher levels of IL-6 and C-reactive protein and St. George Respiratory Questionnaire scores were seen in the T-COPD group, compared to those in the S-COPD group. Global metabolomic profiling showed elevated metabolites, including arachidonic and eicosanoic acids, in the T-COPD group. Typical changes in tryptophan catabolism were observed through targeted profiling. Additionally, in the T-COPD group, kynurenine was elevated, and serotonin levels were reduced; therefore, indoleamine dioxygenase (IDO)/tryptophan hydroxylase (TPH) activities were dysregulated. Correlation analyses showed that changes in oxylipins were positively correlated with serum levels of IL-6 and C-reactive protein.

Conclusion: Patients with TB-related COPD have enhanced inflammatory responses that may be linked to fatty acid pathways and tryptophan catabolism, which could be novel therapeutic targets for T-COPD.

Keywords: chronic obstructive pulmonary disease, tuberculosis, metabolomics, biomarker, smoking


INTRODUCTION

Chronic obstructive pulmonary disease (COPD) is a major global health problem that causes airflow limitation and increases patient vulnerability to exacerbations and serious inflammatory responses (1). Apart from smoking, several other risk factors, including biomass fuel smoke exposure, childhood lower respiratory tract infections, outdoor air pollution, and treated cases of pulmonary tuberculosis (TB) play a significant role in disease etiology, particularly in developing countries (2). Approximately 10 million people are infected with TB annually, and pulmonary system injury is the major effect of TB (3). Appropriate treatment can effectively cure TB. However, permanent COPD occurring after eradication of the organism is seen in more than 50% of the infected patients (3, 4). TB-associated COPD (T-COPD) develops at a younger age compared with smoking-associated COPD (S-COPD) (5–7). However, prompt diagnosis and treatment of T-COPD based on an understanding of the pathogenesis to decrease the future burden of chronic airflow obstruction and inflammation are seldom achieved (8).

T-COPD was previously considered a static disease causing only parenchymal destruction, and extensive research on the treatment and control of morbidities in these patients have not been conducted to the same extent as with S-COPD. However, lung remodeling and chronic inflammatory responses have recently been shown to persist in these patients after treatment completion (9, 10). The pathogenesis and inflammatory properties of T-COPD need to be investigated and compared with those of S-COPD, to evaluate the need for the treatment and management of T-COPD.

Global profiling of metabolites in biofluids and tissues has been popularized for identifying the underlying mechanisms, developing disease-specific or grade-specific biomarkers, and assessing therapeutic effects (11–13). The identification of numerous endogenous metabolites has been used to characterize patients with pulmonary diseases, and endogenous metabotyping is a useful technique to differentiate the characteristic features of diseases with very similar phenotypes, such as asthma and chronic airway obstructive disease (11, 14). In this study, we used metabolomics to characterize patients with S-COPD and T-COPD, and we investigated the associations of various metabolites with these disease groups.



METHODS


Study Population

This multi-center cohort study was performed to identify clinically useful biological markers in chronic airway diseases for the diagnosis and assessment of treatment response, conducted at the Korea University Guro Hospital, Seoul St. Mary's Hospital, and Chonbuk National University Hospital. The study protocol was approved by the institutional review boards (Korea University Guro Hospital: KUGH 13246; Seoul St. Mary's Hospital: KC15OIMI0553; and Chonbuk National University Hospital: 2015-01-018-005), and it fulfilled the tenets of the Declaration of Helsinki. The patients provided written informed consent.

The inclusion criteria for patients with T-COPD were: (1) history of TB with no change in the chest images over the past year; (2) at least one finding of destroyed pulmonary parenchyma on chest images (lung volume loss, bronchovascular distortion, fibrosis, or secondary bronciectasis), with the total volume of all lesions being greater than one-third of one lung, confirmed by a radiologist or pulmonologist; (3) airflow limitation (post-bronchodilator spirometry with forced expiratory volume in 1 second [FEV1]/forced vital capacity [FVC] < 70%) and no history of asthma or COPD before the diagnosis of TB; and (4) no history of respiratory infections within the previous 6 weeks.

S-COPD was diagnosed according to the American Thoracic Society and Global Initiative for Chronic Obstructive Lung Disease guidelines (post-bronchodilator spirometry with FEV1/FVC < 70%). Patients with a smoking history of > 10 packs per year were enrolled, and patients with bronchiectasis, sequelae from a prior TB infection, interstitial lung disease, or other diseases causing airflow obstruction, were excluded.

Blood samples and data from healthy normal controls (NC) with no history of COPD or respiratory symptoms, who had visited for general health assessments, were provided by the Biobank of Korea University Guro Hospital (KU Guro Gene Bank 2018-026). Data on age, sex, body mass index (BMI), and smoking status were collected. For patients with S-COPD and T-COPD, the variables collected at baseline were smoking amount, BMI, symptom scores, results of pulmonary function tests, rate of decline in FEV1, acute exacerbation history, and chest imaging data. Detailed protocol of measurements of clinical parameters is available in the Supplementary Material.



Global Metabolomics Profiling Using LC-QTOF-MS

The frozen samples of plasma and urine were briefly diluted with an acetonitrile:methanol:water (3:3:4) mixture (HPLC-grade, Millipore, Bedford, MA, USA) and 10% methanol, respectively. Each sample (5 μL) was loaded onto an Acquity UPLC BEH C18 (1.7 μm, 2.1 mm × 100 mm; Waters Corp., Milford, MA, USA) column and analyzed using an Agilent 6530 QTOF mass spectrometer (Agilent Technologies). The experimental procedure is described in detail in our previous studies (12, 15). All samples were examined simultaneously in a single run to avoid the batch effect and the overall quality of the analysis procedure was monitored using repeat extracts of a pooled plasma sample.



Targeted Metabolomics Using LC-MS/MS

The AbsoluteIDQ® p180 kit with an LC-MS/MS system was used to quantify 188 metabolites, allowing the concurrent high-throughput detection and quantification of metabolites in serum samples. The sample preparation and LC-MS/MS analytical procedure are described in detail in our previous reports (13). The average % coefficient of variance of analytes ranged between 15–30 % CV range and the concentrations of limit of detection are listed in Supplementary Table 1.



Statistical Analysis

Clinical data were presented as the median and interquartile range for continuous variables and as a percentage for categorical variables. Data were compared using the Mann–Whitney U-test or Kruskal–Wallis test for continuous variables, and Pearson's χ2 test or Fisher's exact test for categorical variables. ANCOVA was used to compare age, BMI, smoking and underlying diseases for IL-6 and CRP. Statistical significance was defined as P < 0.05. All statistics were analyzed using SPSS 20.0 software (IBM, Chicago, Illinois, USA). We performed logistic regression of discrimination of T-COPD and S-COPD for targeted metabolites. Variables with a P < 0.05 on univariate analysis and demographic factors including age, BMI, underlying diseases and smoking history were analyzed using multivariate logistic regression analysis. ROC analysis was done for significant metabolites by multivariate logistic regression.

Statistical analyses for the untargeted and targeted metabolic data and network analysis for visualization are available in the Supplementary Material.




RESULTS


Patient Demographics

The study included 168 patients (T-COPD, n = 59; S-COPD, n = 70; NC, n = 39). The median age of NCs was 55.0 years (50.0–65.0 years), and the median BMI, 23.7 (22.3–26.1) (Supplementary Table 2). Table 1 shows the baseline characteristics of patients with T-COPD and S-COPD. The patient-reported scores for symptoms and quality of life were similar in both groups, except for the St. George Respiratory Questionnaire (SGRQ) score, which was higher in the T-COPD group than in the S-COPD group. The rate of FEV1 decline and the percentage of acute exacerbations did not show significant differences among the groups. C-reactive protein (CRP) levels, erythrocyte sedimentation rate (ESR), and IL-6 levels were significantly higher in patients with T-COPD than in those with S-COPD (Table 1).


Table 1. Demographics of patients with S-COPD and T-COPD.

[image: Table 1]



Metabotyping of Patients: Global and Targeted Metabolic Profiling

The metabolic profiling workflow is shown in Figure 1. We used two different techniques to obtain a broad range of candidate metabolites. We performed global metabolomics profiling, which can screen thousands of unknown features in two conditions. The detected metabolic features were then subjected to statistical analyses. Supplementary Figure 1 shows the results of the unsupervised pattern recognition analysis. Supplementary Figures 1A–C shows the score plots describing variation and account for the varied influences of the NC and S-COPD groups, the NC and T-COPD groups, and the T-COPD and S-COPD groups. In the univariate analysis, FDR-adjusted values <0.05 with a 2.0-fold change were applied for marker selection. Sixty-nine metabolites remained after the univariate analysis compared the NC and S-COPD groups, and 58 metabolites remained after the comparison for the NC and T-COPD groups. Among these, 29 metabolites overlapped and their changes (increase or decrease) showed similar trends (Figure 2A). Volcano plots of each analysis are available in Supplementary Figure 2.


[image: Figure 1]
FIGURE 1. Schematic of the study. This study included 39 healthy subjects, 70 patients with S-COPD, and 59 patients with T-COPD. All patients underwent clinical examinations, including lung function tests and metabolic profiling. For the targeted analysis, a tandem mass spectrometry-based technique was used. The absolute quantification of 188 metabolites, including 21 amino acids, 21 biogenic amines, one monosaccharide, 40 acylcarnitines, 90 glycerophospholipids, and 15 sphingolipids, was performed. For global metabolomic profiling, a QTOF-MS-based technique was chosen. Metabolic biomarkers were selected by performing multivariate and univariate analyses. The correlations of the metabolic biomarkers with clinical parameters were then calculated. NC, normal control; T-COPD, TB-associated COPD; S-COPD, smoking-associated COPD.
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FIGURE 2. Venn diagram of metabolites identified in patients with T-COPD and S-COPD. (A) Comparison of the NC and S-COPD groups revealed that 8,183 ions and 69 metabolites were significantly altered. In the comparison of the NC and T-COPD groups, 5,193 ions were detected, and 58 metabolites were significantly different. Twenty-nine metabolites were shared by the two COPD groups. (B) Using the targeted analysis, 188 metabolites were quantified, 87 metabolites were significantly altered between the NC and S-COPD groups, and 68 metabolites were significantly altered between the NC and T-COPD groups. Fifty-nine metabolites overlapped in these two comparisons and their direction of regulation was also similar in the S-COPD and T-COPD groups, compared to the NC group. The blue circle indicates metabolic biomarkers obtained from the comparison of the NC and S-COPD groups, and the red circle represents metabolic biomarkers identified in the comparison of the NC and T-COPD groups. NC, normal control; T-COPD, TB-associated COPD; S-COPD, smoking-associated COPD.


For further analysis, targeted metabolic profiling was performed, which measures the absolute concentrations of molecules and the conversion rates from one molecule to another. For the targeted analysis, 188 metabolites were quantified based on the LC-MS analyses. This technique provided quantitative data for 40 acylcarnitines, 42 amino acids, biogenic amines, monosaccharides, 15 sphingolipids, and 90 glycerophospholipids in each sample. The absolute concentration in each sample was then adjusted for statistical analysis, with a P-value <0.05, indicating significance. We obtained 87 distinct metabolites that differentiated the NC and S-COPD groups, and 68 metabolites that differentiated the NC and T-COPD groups (Figure 2B).

Significantly altered metabolites are displayed in Figure 3. All the identified metabolites were mapped and linked to each other based on their biological interactions. In patients with S-COPD, we observed increased levels of long-chain fatty acids (specifically myristoleic acid, palmitic acid, and oleic acid), bile acid-related metabolites, and multiple glycerophospholipids and acylcarnitines (Figure 3A and Supplementary Table 3). All metabolites identified using global metabolomics are listed in Supplementary Table 4. In the T-COPD group, we observed specific changes in the arachidonic and eicosanoic acid metabolic pathways (Figure 3A and Supplementary Table 3). Similar changes in the levels of myristoleic acid, palmitic acid, oleic acid, ethyl arachidonate, and prostaglandin E, were observed in all the groups. However, there was more than a two-fold increase in the levels of arachidonic acid, eicosanoic acid, docosapentaenoic acid, dihomo-alpha-linolenic acid, dihomo-linoleic acid, hydroxyeicosatrienoic acid (HETrE), and hydroxyeicosapentaenoic acid (HEPE) in the T-COPD patients, compared to the healthy controls, whereas no gradual changes were observed in the S-COPD group.


[image: Figure 3]
FIGURE 3. Changes in metabolites seen in patients with T-COPD and S-COPD. (A) Significantly altered metabolites were observed between the NC and T-COPD groups. (B) Significantly altered metabolites were observed between the NC and S-COPD groups. The size of the circle indicates the relative fold change compared to the NC group. The red circle represents increased levels and the purple circle represents decreased levels of metabolites in patients, compared to healthy controls. NC, normal control; T-COPD, TB-associated COPD; S-COPD, smoking-associated COPD.




Changes in Tryptophan Catabolism

Among the 188 targeted metabolites subjected to absolute quantification, 59 were shared among the COPD groups and predominantly comprised acylcarnitines or glycerophospholipids. Notably, biogenic amines (kynurenine and serotonin) and amino acids (aspartate and threonine) were detected in the T-COPD group. Furthermore, the association between tryptophan catabolism and disease status was investigated (Figure 4). Although the total serum concentration of tryptophan did not change among the groups, we observed significant alterations in the kynurenine and serotonin levels in T-COPD patients (Figures 4A,C). Along with the changes in metabolite levels, the enzymatic activities of indoleamine dioxygenase (IDO) and tryptophan hydroxylase (TPH) were altered in the T-COPD group, which showed increased IDO activity compared with the control group (Figure 4D), and decreased TPH activity (Figure 4E). These changes were reversed in the S-COPD group. Although the total tryptophan level did not change, tryptophan catabolizing enzyme activities differed according to disease status, particularly in the T-COPD group. A categorical analysis was subsequently performed to determine whether the levels of these metabolites changed with disease severity (Supplementary Figure 3). Patients in each group were divided based on a FEV1 cut-off value of 50%. None of these markers, including tryptophan, kynurenine, serotonin, and IDO/TPH activity, were related to lung function. Thus, these metabolic biomarkers of T-COPD are unique phenotypes in the COPD population; however, they still have a limited ability to identify disease severity. Figure 5 reveals the distinct metabolic pathways that were specifically altered in patients with T-COPD. After excluding the metabolites that overlapped with those identified in patients with S-COPD, metabolic pathways related to arachidonic and eicosanoic acid, bile acid metabolism, and tryptophan catabolism, were identified in this study.


[image: Figure 4]
FIGURE 4. Alternation of tryptophan metabolism in patients with T-COPD. Serum concentrations of (A) kynurenine, (B) tryptophan, and (C) serotonin are shown in scatter plots. (D) and (E) indicate IDO and TPH activities, respectively. Data are presented as the mean ± standard error of the mean. *P-value <0.05, **P-value < 0.01, and ***P-value < 0.001. NC, normal control; T-COPD, TB-associated COPD; S-COPD, smoking-associated COPD; IDO, indoleamine dioxygenase; TPH, tryptophan hydroxylase.
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FIGURE 5. Distinct metabolic pathways identified in patients with COPD following a TB infection. The diagram shows a map of metabolic biomarkers exclusively selected in patients with TB-induced COPD. The red square indicates increased levels of metabolites in the serum of patients with COPD, whereas blue indicates decreased levels. The arrow indicates the possible direction of the metabolic pathway based on the KEGG database.




Discrimination of T-COPD and S-COPD by Targeted Metabolites

We further performed logistic regression of discrimination of T-COPD and S-COPD for targeted metabolites. Aspartate was the important metabolites associated with T-COPD diagnosis and serotonin and asparagine were the important metabolites associated with S-COPD (Supplementary Table 5). When we perform ROC analysis with aspartate, asparagine and serotonin, the AUC of T-COPD diagnosis was 0.780 (Supplementary Figure 4).




DISCUSSION

This is the first study to comprehensively profile serum samples from patients with COPD caused by smoking or a previous TB infection. The levels of IL-6 and CRP, and the SGRQ scores, were found to be higher in patients with T-COPD than in those with S-COPD. The multi-platform approach further discovered endogenous metabolites that distinguished these two disease groups. The metabolism of fatty acids, especially arachidonic acid and eicosanoic acid, and tryptophan catabolism were correlated, particularly in the T-COPD group. These results are consistent with the findings of our previous study, demonstrating an association between systemic inflammation and the COPD sub-phenotype in this cohort (16).

Overall, the metabolites identified in patients with T-COPD and S-COPD shared some common features, as shown in Figure 2. The presence of similar physiological symptoms such as dyspnea, sputum production, and acute exacerbation might result in similar metabolic changes, even though the etiology of S-COPD and T-COPD are different. We observed major changes in the levels of acylcarnitines and phospholipids in both COPD groups, with the levels being higher than that in healthy subjects. The close relationship between acylcarnitines and physiological activities is well-known as the evidence of energy metabolism. Circulating fatty acids are generally conjugated with carnitines to be utilized as an energy source in mitochondria, and their use is decreased in damaged lungs (17). Thus, increased serum acylcarnitine levels can be expected in COPD, and altered phospholipid levels could be another metabolic hallmark of COPD. The imbalance between phospholipids and lysophospholipids in COPD is controversial. However, multiple studies have reported a close association between increased levels of circulating phospholipids and the production of proinflammatory mediators during COPD exacerbations (18).

Changes in fatty acid metabolites indicate notable distinction between T-COPD and S-COPD. Here, the T-COPD group showed higher levels of some lipid metabolites, such as arachidonic acid or eicosanoic acids, than the S-COPD group did. Arachidonic acid, a polyunsaturated fatty acid (PUFA), is a member of the ω-6 fatty acid family and the primary target of cyclooxygenases (COX) and lipoxygenase (LOX). By-products such as prostaglandins and eicosanoids, well-known proinflammatory mediators, are generated following oxidization (17). Lipid metabolism in the lungs is associated with chronic respiratory failure, airway obstruction, bronchoconstriction, IL-6 generation, vascular permeability, airway remodeling, mucus secretion, and inflammation in COPD (19). Interestingly, excess levels of arachidonic acid and eicosanoids were observed in the T-COPD group. Additionally, oxylipins were positively correlated with IL-6 and CRP levels, and docosapentanoic acid, 15-HEPE, and long-chain fatty acids were associated with worsening lung function and acute exacerbation. As lipid metabolite levels were increased in both disease groups compared to the controls, being significantly higher in the T-COPD group than in the S-COPD group, T-COPD can be considered to have similar pathogenesis as S-COPD, but causes more severe local and systemic inflammation.

Moreover, tryptophan catabolism showed greater activation in the T-COPD group than in the S-COPD group. Tryptophan catabolism through the IDO pathway exerts antimicrobial and anti-inflammatory effects in certain infectious or inflammatory conditions (20, 21). Increased levels of inflammatory cytokines such as IL-6 induce IDO expression, and IDO induces regulatory T cells to regulate inflammatory responses (22). The effect of tryptophan catabolism on inflammation is known; several studies have already analyzed IDO and TPH activities in COPD patients. Although a study reported increased IDO activity during acute exacerbations of COPD (21), no apparent alterations in this biological process have been reported to date (23, 24). Similar to the results from previous studies, the levels of the associated metabolites were altered in the T-COPD group, but not in the S-COPD group. Furthermore, higher systemic levels of inflammatory mediators, such as IL-6 and CRP, were observed in the T-COPD group than in the S-COPD group. Based on these findings, coexisting bronchiectasis, destroyed lung parenchyma, and bacterial colonization may cause repeated infections and inflammation (25, 26). Activation of immunological mechanisms may also result in sustained systemic inflammation after TB, and elevated IL-6 levels may subsequently induce activation of the IDO pathway.

The contribution of the gut microbiota cannot be excluded. Tryptophan is a microbiome-derived amino acid catalyzed by three pathways: (1) direct conversion into ligands of the aryl hydrocarbon receptor via the gut microbiota; (2) entry into the IDO-mediated kynurenine pathway in immune and epithelial cells; and (3) serotonin production by tryptophan hydroxylase in enterochromaffin cells (27, 28). Although the role of functional microbiota in the pathophysiology of COPD is being investigated, alterations in the gut microbiome have been observed; its diversity decreases with increasing disease severity, compared to healthy subjects (29, 30). Nevertheless, the relationship between tryptophan catabolism and COPD is controversial, although the role of TB infection in tryptophan catabolism is well-known. According to previous in vivo and in vitro studies, TB induces potent activation of IDO, thereby inducing tryptophan catabolism for kynurenine production, which predominantly occurs in lung and immune cells (29, 31). IDO activity suppression has been shown to improve clinical symptoms of lung destruction and immune response in experimental studies (29). Although T-COPD patients were completely cured of TB, there could have been some irreversible continuous pathophysiological changes. Therefore, these patients might experience persistent effects of the resolved TB infection throughout their lifetime.

Smoking increases systemic neutrophil infiltration and sequesters leukocytes in lung capillaries by decreasing their deformability (32). Factors directly modulating the host immune system increase the production of inflammatory mediators such as interleukins, tumor necrosis factor-alpha (TNF-α), and CRP, resulting in tissue damage (33, 34). The irreversible destruction of alveolar walls induces a progressive decline in lung function and increases inflammation (2, 35). Thus, various therapies for S-COPD, including inhaled corticosteroids, bronchodilators (including β2-agonists and anticholinergics), theophyllines, and phosphodiesterase-4 inhibitors, are targeted to reduce airway inflammation (36, 37). Although recent studies have focused on anti-inflammatory treatment for S-COPD (38), the importance of managing the inflammatory features of T-COPD is usually underestimated. Considering that patients with T-COPD exhibited increased inflammatory responses that might be linked with fatty acid pathways and tryptophan catabolism, further studies should focus on treatment strategies to control the associated inflammatory consequences of TB-induced COPD. Following the treatment for TB, aggressive treatments for controlling inflammation should be considered along with the existing COPD treatment modalities, for patients with T-COPD.

This study has some limitations. First, the strengths of associations between the metabolic biomarkers and demographic parameters in healthy controls were not performed due to the absence of pulmonary function tests and cytokine measurements. Correlation analysis of metabolic biomarkers and clinical parameters was conducted only among COPD patients (Supplementary Figure 5). Consequently, we found a positive correlation between oxylipins and IL-6 and CRP levels, while diacylglyceride and colnelenic acid levels were negatively correlated with these parameters. Additionally, positive correlations were identified between lung function scores, such as the rate of FEV1 decline and acute exacerbation, and the levels of docosapentanoic acid, 15-HEPE, and long-chain fatty acids were identified. However, the absence of healthy control information resulted in a relatively small slope of the correlations. Second, the metabolomics data included only male patients, since the prevalence of S-COPD is remarkably low in Korean women (39). A validation study would require examinations of females to improve the generalizability of our findings. Moreover, we performed metabolic profiling within one batch and selected metabolites based on strict cut-off values, the FDR-adjusted P-value, and fold change, to minimize the output size of raw data and to avoid the batch effect. These processes might limit our ability to detect large changes in metabolites in the direct comparison of patients with S-COPD and those with T-COPD. Further examinations using a validation cohort are required to determine the reproducibility of our findings.

In conclusion, this is the first study to demonstrate increased levels of several inflammatory metabolites in patients with T-COPD compared to those with S-COPD. Lipid and tryptophan metabolism could be potential therapeutic targets for COPD, particularly in T-COPD.
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Methods

Ultracentrifugation
techniques (UC)

Density gradient
centrifugation

Polymer Precipitatio

Size-based isolation
techniques

Ultrafiltration

Immunoafiinity
chromatography
(AC)

Theory

The required components are obtained
according to the size and density
differences of each component in the,
sample.

Usually used in combination with the
overspeed centrifuge method

Using the method of virus extraction,
exosomes is obtained by reducing the
solubilty of exosomes, usually using
polyethylene glycol (PEG) as medium
Based on the size differences between
exosomes and other components of a
biological sample

Ultrafiltration membranes with different
molecular weight cutoffs (MWCO) were
used to selectively separate the samples
‘The specificity of antibodies and ligand is
combined to separate the required
exosomes from heterogeneous mixtures

Advantages

There is no need to mark the outer cut
body to avoid cross contamination

Improve the purity of exosomes

Simple operation, short analysis time,
suitable for large—dose sample treatment

Fast, simple, low-cost and separated
exosomes have complete structure and
uniform size, and their biological
characteristics wil not be significantly
affected.

The sample cost is low, the concentration
efficiency is high, and the activity of the
exosomes is not affected

The sample size required is smallt can be
used for the qualitative and quantitative
detection of exosomes.This method has
strong specifcity, high sensitivity, high
purity and high yield

Disadvantages References
High cost, Time consuming, structural (46

failure, aggregation and lipoprotein

separation are not conducive to

downstream analysis

‘The high viscosity of sucrose solution will ~(47)

redluce the settiing velocity of exosomes
and lead to long time consuming

Due to its low purity and recovery rate, the (48)
resulting polymer is difficult to remove and

may produce false positive

Other particies of similar size are difficult to (46)
separate, resulting in reduced purity

Low purity and poor binding of the (49)
exosomes to the ultrafitration membrane
resulted in low recovery rate.

The preservation condition of the (50)

exosomes obtained by this method is
harsh, and itis not suitable for large scale
‘separation of the exosomes. The
non-specific interference adsorption of
matrix produces interfering proteins, which
limits the wide application of this method.
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miRNA IncRNA

Source Pri-miRNA Multiple sources
Length 19-25nt >200 nt
Proteincoding  no no
Regulatory target  mMRANAS'UTR Proteins, RNAs, and DNAs
Effect Up-reguiate or downregulate  Up-regulate or
mRNA downregulate target
Mechanisms Inhibits gene expression at the Maintain the dynarmic
transcriptional and balance of cells and tissues
post-transcriptional levels  and regulate inflammation

mIRNA, microRNA; IncRNA, long non-coding RNASs.





OPS/images/fmed-07-618506/fmed-07-618506-t002.jpg
miRNA Expression

miR-210

miR-144
miR-101
miR-223
miR-15b
miR-218

miR-128-5p
miR-181d

miR-1274a
miR-1
miR-542-5p
miR-542-3p

tUpregulation; ydownregulation.

R

P

Target

ATG7

CFTR, IRF7
CFTR, MKP1
TGF-p
SMAD7
NF-«B

apoptotic processes
and growth factor
pathways

FOXO4

AKT

Function/pathogenesis

Promoted myofibroblast differentiation in primary lung
fibroblasts control autophagy

Regulate inflammatory and antiviral responses in COPD.

TGF-B signal activation is associated with emphysema
TGF-B inhibitory primary intracellular signal smad2/3/4

Up-regulates the expression of several pro-inflammatory
cytokines by AEC, including IL-6 and CXCLS.

Participate in the epithelial damage and remodeling in COPD

Probably related to oxidative stress or cellular aging in COPD
COPD-associated skeletal muscle dysfunction

References
(63)

@)

(14)
(14)
(65)

(44)
(43)

(14)
(66)
(45)
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Variable

Total
Age (year)
<60
=60
Sex
Male
Female
Smoking status
Smoker
Non-smoker
Tumor locations
Peripheral-type
Central-type
Stage
Limited-stage
Extensive-stage
TTF-1 expression
Positive
Negative
Chromogranin A
Positive
Negative
Synaptophysin
Positive
Negative
CcD56
Positive
Negative

n (%)

88

36(40.9)
52 (59.1)

57(64.8)
31(35.2)

66(75.0)
22(25.0)

74(84.1)
14(15.9)

38(43.2)
50 (66.8)

55 (62.5)
33(37.5)

70(81.4)
16(18.6)

76 (88.4)
10(116)

7701.7)
7@3

PD-L1 expression in biopsy specimen

Positive n (%)

17 (19.3)

7(19.4)
10(19.2)

9(158)
8(25.8)

14(21.2)
3(136)

16 (21.6)
1.1

7(18.4)
10(20.0)

15 (27.9)
2(6.1)

23(32.9)
1(63)

16(21.1)
1(10.0)

16 (20.8)
1(14.3)

Negative n (%)

7180.7)

29(80.6)
42(80.8)

48(84.2)
23(74.2)

52(78.8)
19(86.4)

58(78.4)
13 (92.9)

31(81.6)
40 80.0)

40 (72.7)
31(039)

47 (67.1)
15(93.8)

60(78.9)
9(90.0)

61(79.2)
6(85.7)

P-values

1.000

0.272

0.545

0.288

1.000

0.023

0.034

0.679

1.000

n (%)

54

31(57.4)
23(42.6)

35(64.8)
19(35.2)

34(63.0)
20(37.0)

26 (48.1)
28(51.9)

50(92.6)
4074

50(92.6)
407.4)

45(83.3)
9(16.7)

53(98.1)
101.9)

52(96.3)
2@3.7)

PD-L1 expression in resection specimen

Positiven n (%)

11(20.4)

9(29.0)
287)

3(86)
842.1)

5(14.7)
6(30.0)

10(38.5)
13.6)

11(22.0)
0(0.0)

10 (20.0)
1(25.0)

32(71.1)
3(33.3)

10(189)
1(100.0)

10(19.2)
1(500)

Negative n (%)

43(79.6)

22(71.0)
21(013)

32(91.4)
1(67.9)

29(85.9)
14 (70.0)

16 (61.5)
27(96.4)

39(78.0)
4(1000)

40 (80.0)
3(75.0)

13 (289)
6(66.7)

43(81.1)
0(0.0)

42(80.8)
1(50.0)

P-values

0.002

0.010

0.294

0.002

0.571

1.000

0.053

0.204

0.369
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Factor

TTF1
expression

Tumor
types

Vascular
invasion

Lymphatic
invasion

Pleural
invasion

PD-L1
expression

Stage

Category

Positive vs.
Negative
Central vs.
Peripheral
Present vs.
Absent
Present vs.
Absent
Present vs.
Absent
Positive vs.
Negative
Extensive vs.
Limited

Mean

17.82 +0.64
19.96 + 0.65
19.26 + 0.056
19.561 £0.97
20,07 +0.81
20.53 +£0.91
19.66 +£0.74
21.45+0.98
1923 +1.16
20.58 +£0.74
17.82 +£0.64
19.96 + 0.65
18.08 +0.91
19.85 + 0.58

P

0.311

0.6

0.808

0.026

0.051

PFS
Univariate

HR (95% CI)
1.259
(0.764-2.075)

0.600
(0.376-0.956)

1.066
(0.596-1.908)

1.430
(0.782-2.613)

1.344
(0.674-2.681)

1.640
(0.994-2.707)

1.745
(1.060-2.875)

P

0.056

0.087

Multivariate

HR (95% CI)

1.636
(0.990-2.708)

1.566
(0.937-2.616)

Mean

P

29.35 + 1.12 0.423
32.81+2.94
29.43 + 1.19 0.501
3193 +2.46
30.96 + 1.80 0.976
3249 £2.93
20.88 +1.81 0.377
33.40 +3.08
28.156+2.56 0.202
31.92+2.11
25.61 % 1.04 0.003
32.87 + 1.70
27.04 % 1.96 0.072
31.77 + 1.50

os
Univariate

HR (95% CI)
1.300

(0.662-2.562)

0.783
(0.430-1.425)

1.011
(1.464-2.204)

1.392
(0.636-3.045)

1.635
(0.715-3.741)

2514
(1.826-4.771)

1.020
(0.447-2.329)

P

0.012

0.265

Multivariate

HR (95% Cl)

2317
(1.199-4.478)

1.450
(0.754-2.786)
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Variable

Total
Age (year)
<60
=60
Sex
Male
Female
Smoking status
Smoker
Non-smoker
Specimen types
Biopsy
Reseotion
Tumor locations
Central-type
Peripheral-type
Stage
Limited-stage
Extensive-stage
Pleural invasion
Present
Absent
Vascular invasion
Present
Absent
Lymphatic invasion
Present
Absent
TTF-1 expression
Positive
Negative
Chromogranin A
Positive
Negative
Synaptophysin
Positive
Negative
CDs6
Positive
Negative

PD-L1 expression status

No. (%)

142

67 (47.2)
75 (52.8)

92(64.8)
50(35.2)

102 (71.8)
40(28.2)

83(62.0)
54(38.0)

100 (70.4)
42 (29.6)

86(60.6)
56(39.4)

13 (24.1)
41(75.9)

24(44.4)
30(55.6)

20(37.0)
34(63.0)

105 (73.9)
37 (26.1)

115 (82.1)
25(17.9)

129 (92.1)
11(7.9

129 (93.5)
9(65)

Positive
No. (%)

28(19.7)

16 (23.9)
12(16.0)

12 (13.0)
16 (32.0)

20(19.6)
8(20.0)

17 (19.3)
11(20.4)

26 (26.0)
248

17 (19.8)
11(19.6)

2(15.4)
9(22.0)

10(@1.7)
183

9(45.0)
2(59

25(23.8)
3(8.1)

26 (22.6)
2(80)

26(20.2)
2(18.2)

26(20.2)
2(22.2)

The bold values indicates significantly difference.

Negative
No. (%)

114(80.3)

51(76.1)
63(84.0)

80(87.0)
34(68.0)

82(80.4)
32(80.0)

71(80.7)
43 (79.6)

74 (74.0)
40(95.2)

69(80.2)
45 (80.4)

11 (84.6)
32(78.0)

14(583)
29(96.7)

11(55.0)
32(94.1)

80(76.2)
34(91.9)

89(77.4)
23(92.0)

103 (79.8)
981.8)

108 (79.8)
70178

P-value

0.293

0.009

0.958

1.000

0.003

0.985

1.000

0.001

0.001

0.039

0.165

1.000

1.000
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Variable

Total
Age (year)
<60
260
Sex
Male
Female
Smoking status
Smoker
Non-smoker
Stage
Limited-stage
Extensive-stage
Pleural invasion
Present
Absent
Vascular invasion
Present
Absent
Lymphatic invasion
Present
Absent
TTF-1 expression
Positive
Negative
Chromogranin A
Positive
Negative
Synaptophysin
Postive
Negative
CDs6
Positive
Negative

No. (%)

100

51(51.0)
49 (49.0)

61(61.0)
39(39.0)

70(70.0)
30(30.0)

57(57.0)
43(43.0)

8(30.8)
18(69.2)

12(46.2)
14(53.8)

18(50.0)
13 (50.0)

72(72.0)
28(28.0)

83(84.7)
15 (15.3)

90(01.8)
882)

89(02.7)
703

PD-L1 expression in central-type SCLC

Positive No. (%)

26 (26.0)

15(29.4)
11 (22.4)

11(18.0)
15(38.5)

17 (24.3)
9(30.0)

16 (28.1)
10(23.3)

2(25.0)
8(44.4)

9(75.0)
1.1

9(69.2)
102.7)

25(34.7)
)

2530.1)
16.7)

25(27.8)
1(12.5)

25(28.1)
1(14.3)

Negative No. (%)

74 (74.0)

36 (70.6)
38(77.6)

50(82.0)
24(615)

53(75.7)
21(70.0)

41(71.9)
33(76.7)

6(75.0)
10/(65.6)

3(26.0)
13(92.9)

4(308)
12(92.3)

47(65.9)
27(96.4)

58(69.9)
14(93.3)

65(72.2)
7(875)

64(71.9)
6(85.7)

SCLC, small-cell lung cancer. The bold values indicates significantly difference.

P-value

0.498

0.035

0.621

0.650

0.420

0.001

0.004

0.001

0.085

0.677

0.670

PD-L1 expression in peripheral-type SCLC

No. (%)

42

16(38.1)
26(61.9)

31(738)
11(262)

30(71.4)
12(286)

29(69.0)
13(30.9)

5(17.9)
23 (82.1)

12 (42.9)
16(67.1)

7(5.0)
21(75.0)

33(786)
9@1.4)

32(76.2)
10 (23.8)

39(92.9)
3(7.1)

40(95.2)
2(4.8)

Positive No. (%)

2(48)

163
138

132
101

2(67)
0(0.0)

1(3.4)
10.7)

0(0.0)
14.9)

183
0(0.0)

0(0.0)
104.8)

0(0.0)
2(222)

161
1(10.0)

1(2.6)
1(33.3)

125)
1(50.0)

Negative No. (%)

40(95.2)

15(93.8)
25(96.2)

30(96.8)
10 (909)

28(93.3)
12 (100.0)

28(96.6)
12 (923)

5(1000)
22(95.7)

191.7)
16 (100.0)

7(100.0
20(95.2)

33(100.0)
7078

31(969)
9(90.0)

38(97.4)
2(66.7)

39(97.5)
1(50.0)

P-value

1.000

0.460

1.000

0.528

1.000

0.429

1.000

0.042

0.424

0.139

0.004
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Variable

Total
Age (year)
<60
=60
Sex
Male
Female
Smoking status
Smoker
Non-smoker
Tumor locations
Central-type
Peripheral-type
Stage
Limited-stage
Extensive-stage
Pleural invasion
Present
Absent
Vascular invasion
Present
Absent
Lymphatic invasion
Present
Absent
Chromogranin A
Positive
Negative
Synaptophysin
Positive
Negative
D56
Positive
Negative

No. (%)

105

50 47.6)
55 (52.4)

68(64.8)
37(35.2)

69(65.7)
36(34.3)

72(68.6)
33(31.4)

67 (63.8)
38(362)

13 (26.0)
37 (74.0)

23 (46.0)
27 (54.0)

20 40.0)
30(60.0)

94(91.9)
987)

102 (99.0)
1(1.0)

97 (04.2)
6(5.8)

PD-L1 expression in TTF-1-positive SCLC

Positive No. (%)

25(23.8)

15 (30.0)
10 (18.2)

10 (14.7)
15 (40.5)

17 (24.6)
8(22.2)

25(34.7)
0(0.0)

15 (22.4)
10 (26.3)

2(15.49)
8(21.6)

9(30.1)
18.7)

9(45.0)
133)

25(26.6)
0(0.0)

25 (24.5)
0(0.0)

24(24.7)
1(16.7)

Negative No. (%)

80(76.2)

35(70.0)
45 (818)

58(85.3)
22(59.5)

52(75.4)
28(77.8)

47(65.3)
33(100.0)

52(77.6)
28(73.7)

11(84.6)
29(78.4)

14 (60.9)
26(96.3)

11(65.0)
29(96.7)

69 (73.4)
9(100.0)

77 (75.5)
1(100.0)

73(75.9)
5(83.9)

SCLC, small-cell lung cancer. The bold values indicates significantly difference.

P-value

0.175

0.004

1.000

0.000

0.643

0.688

0.003

0.001

0.109

1.000

1.000

No. (%)

37

17 45.9)
20(64.1)

24.(64.9)
18(35.1)

33(89.2)
4(108)

28(75.7)
9(243)

19 (51.4)
18 (48.6)

33(89.2)
4(108)

1(25.0)
3(75.0)

33(80.2)
4(108)

21(56.8)
16 (43.2)

27 (73.0)
10 (27.0)

32(91.4)
386

PD-L1 expression in TTF-1-negative SCLC

Positive No. (%)

3@.1)

16.9)
2(10.0)

2(83)
10.7)

3©.1)
0(0.0)

13.6)
2(222)

2(105)
1(5.6)

2(60)
1(25.0)

1(100.0)
0(0.0)

2(6.0)
1(25.0)

1(4.8)
2(12.5)

137)
2(200)

2(69)
1(383)

Negative No. (%)

34(91.9)

16/(04.1)
18 (90.0)

22(01.7)
12(92.3)

30(90.9)
4(100.0)

27 (96.4)
7(77.8)

17 89.5)
17 (94.4)

31(94.0)
3(75.0)

0(0.0
3(100.0)

31(04.0)
3(75.0)

20(95.2)
14.(87.5)

26/(96.3)
8(80.0)

30(93.8)
2(66.7)

P-value

1.000

1.000

1.000

0.141

1.000

0.298

0.250

0.208

0.568

0172

0.242
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COVID-19

N =130

Severe Moderate

N=71 N=32

Demographic data
Sex (maleffemale)  51/20  20/12

Mild
N=27

16/11
5417
2T+ 6
N=28

5,266 +
1,030

Age (years) 65416 5815
BMI (kg/m?) 2845 29%5
CAD data* N=77 N=36
Total lung volume 3,639 £ 4,905 £
() 931 782
Lung weight (o) 1,087 + 928+ 151 795 & 152
251
Pulmonary 55413 27+4

involvement (%)
Wellaerated (%) 4513 73:+4
GGO (%) 35410 2043
CP/LO (%) 147 62
Consolidation (%) 5044 15+05
Laboratorydata  N=71 N=232

17+3

833
1+3
4x1
1.0+£02
N=27

White blood count 6.4 £3.0 44+£19 56+15

(x10%/pl)

Lymphocytes 1211 1.0£07 13£06

count (x 10%pl)

Lactate 334 161260 & 159 266 + 112

dehydrogenase

oL

CRP (mg/L) 6480 23+£74 4%5

GOT (UA) 44430 34£22 3321

GPT (UL) 41+83 37+£33 31428

Creatinine (mg/d) 1004 12£16 1003
Clinical outcome ~ N=71 N=82 N=27

Symptomonset  7.7+46 51+34 60+4.4

(days)

10U (%) 27% 19% 22%

MV (%) 14% 9% 15%

Case fatality (%)~ 11% 6% 0%

aSovere vs, moderate.
bSevere vs. mild.
“Moderate vs. mil.

Controls
N=88

24/64
59 £ 21
26+4

4411 £
1,085

628 + 166

16+6

8416

12+6

31
1.0+£03

P value

0.006°

<0.00120

<0.001®
0.03%¢

<0,00125¢

<0.00120¢
<0.00130¢
<0.001%>
<0.00122

0.0022

0.08*
<0.001®

0.015%

Data are shown as mean  one standard deviation. Significant p-values (<0.05) are

shown in italics.

CRP, C-reactive protein; GOT, glutamic oxaloacetic transaminase; GPT, glutamic pyruvic
transaminase; TLV, total lung volume (in m); lung weight, whole lung tissue fraction (in
g); GGO, volume related to ground gless opacities adjusted to TLV: CP/LO, volume
related to crazy paving and linear opacities acjusted to TLV; consolidation, volume related
to consolidation adjusted to TLV: CRR serum C-reactive protein concentation; ICU,
intensive care unit; -MV, invasive mechanical ventietion.
*Data from COVID-19 refer to 141 CT scan series.
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Consensual radiologists’ classification

Well aerated GGO CP/LO Consolidation

Well aerated 464 (98%) 1 o o

ANN classifier GGO 7 385@81%) 68 2
CPILO 1 76 239 (70%) 16
Consolidation 0 1 38 202(98%)

The overal strength of agreement as evaluated by Cohen’s kappa test was 81% (79-84%,
95% Cl). Data between parentheses are the agreement for each radiological pattern. Bold
values represent concordance between consensus radiology and ANN classifier.
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SNP #1
1* rs1059046
2 rs1059046
3 rs1069046
a rs1059046
5 rs1069047
6" rs1069047
7 152077079
8 rs1069046
9 rs1059046

10* rs1059046
1 rs1059046
12+ rs1059046
13" rs1069046
14 rs1059046
15 rs1059046

16 rs1069046
17" 1517886395
18 rs17886395

19* rs1059047
20" rs1136450
21* rs1136450

22 rs1136450
23" rs2077079
24 rs2077079
25 rs3024798

Gene

SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPAT
SFTPA1
SFTPB
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA2
SFTPA1
SFTPA1
SFTPA1
SFTPA1
SFTPB
SFTPB
SFTPB

SNP #2

rs1059047
rs1130868
rs1130866
rs721917
rs1136450
rs11364561
rs1130866
rs2077079
rs2077079
rs17886395
rs17886395
rs1059047
rs1136450
rs2077079
rs3024798
rs3024798
11059047
rs11364561
rs1136451
rs1136451
rs1136451
rs3024798
rs3024798
rs1130866
rs1130866

Sign **” shows interactions that increased HP risk.

Interactions among the hydrophilic SPs alone are shown in bold.

FDR, False discovery rate.

Gene

SFTPA1
SFTPB
SFTPB
SFTPD
SFTPAT
SFTPAT
SFTPB
SFTPB
SFTPB
SFTPA2
SFTPA2
SFTPA1
SFTPAT
SFTPB
SFTPB
SFTPB
SFTPAT
SFTPAT
SFTPA1
SFTPA1
SFTPA1
SFTPB
SFTPB
SFTPB
SFTPB

SNP#3

rs2243639
rsd715
rs1124
rs2243639
rs2077079
rs2077079
$721917
rs4715
rs1124
rs721917
12243639
rs2243639
rs2077079
rs1130866
rs1130866
rs721917
s2077079
rs1130866
rs2243639
rs2077079
rs721917
rs721917
rs2243639
rs2243639
rs2243639

Gene

SFTPD
SFTPC
SFTPC
SFTPD
SFTPB
SFTPB
SFTPD
SFTPC
SFTPC
SFTPD
SFTPD
SFTPD
SFTPB
SFTPB
SFTPB
SFTPD
SFTPB
SFTPB
SFTPD
SFTPB
SFTPD
SFTPD
SFTPD
SFTPD
SFTPD

Interaction

dixa2xd3

dixd2xad

dixd2xd3

FDR

0.05
0.05
0.06
0.05
0.06
0.02
0.00
0.02
0.02
0.04
0.00
0.02
0.00
0.02
0.02
0.00
0.00
0.00
0.05
0.05
0.02
0.04
0.01
0.00
0.02

p-value

<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01
<0.01

OR (95% Cl)

5.4(1.7-20.1)
58(1.8-22.4)
5.8(1.8-22.4)
5.0 (1.7-17.1)
0.1(0.0-0.5)
145 (2.7-148.6)
0.1 (0.0-0.4)
0.1(0.0-0.5)
02(0.0-0.5)
26 (1.4-4.9)
3.2 (1.7-6.2)
29(1.5-58)
53(2.3-13.1)
2.6(1.4-5.0)
28(15-5.8)
03(0.1-0.5)
5.7 (2.3-16.3)
03(0.1-0.5)
2.6 (1.3-5.5)
28(1.4-6.0)
3.1 (1.5-6.7)
0.4(0.2-0.7)
3.1 (1.6-6.4)
03(0.1-0.5)
0.4(0.2-0.7)
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Characteristic

Sex, male/female (%)

Age (years)
Non-smokers/smokers (%)
FVC % predicted

FEV1 % predicted
FEV1/FVC%

Dloo (0 =43)

Oxygen saturation at rest (%)

Hypersensitivity
pneumonitis (n = 75)

5/70 (8/92)
44£132
61714 (81/19)
56.6.+21.6
506217
907 +85
537214
85.4 +8.4b

Avian antigen exposed
controls (n = 64)

45/19 (70/30)
35+88
57/7(90/10)
ND
ND
ND
ND
ND

ND, Not done; NS, Not significant; *Performed in 122 healthy non-exposed controls.

Paired t-test was done between HP vs. Avian antigen exposed controls and HP vs. Non-exposed controls.

p-value Non-exposed
controls (n = 194)

34E-16 124/70(64/36)
NS 41+£145
NS 108/91(63/47)
106.5 + 11.3*
997 + 128"
79.3+55"
ND
ND

p-value

B3.5E-17
NS
0.00002
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Gene  Allele HP
n MAF (%)
SFTPA2 rs1965707_T 72 0.22
SFTPA2 rs1965708 A 72 0.19
SFTPB 1s7316.G 75 039
SFIPC rs1124 A 74 051

Avian antigen control

n

51
52
64
63

MAF (%)

0.39
033
0.19
037

Ww/o adjusting for sex and smoking status

OR (95% CI) p-value
05(02-1) 005
05(0.2-1.1) 01
2.7 (12-6.0) 001
1.8(09-3.7) 008

Percentage of n with at least one copy of the given allele. OR, odds ratio; Cl, confidence interval: MAF, minor allele frequency.

After adjusting for sex and smoking status

OR (95% ClI) p-value
06(02-1.9) 0.41
08(03-2.71) 0.76
8.1(23-39.3) <001
1.6(06-4.1) 0.31
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Gene  Allele HP Healthy control  w/o adjusting for sex and smoking status  After adjusting for sex and smoking status

n MAF(%) n  MAF(%) OR(95%CI) p-value OR (95% Cl) p-value

SFTPAT 1s1059047.C 72 049 192 0.4 1.4(08-2.4) 021 1.8(09-38) 0.1

SFTPAT 1s1136450_.G 72 0.65 192 0.71 0.8(0.4-1.4) 0.38 0.5(0.2-1.0) 0.08
SFTPAT rs1136451.G 72 058 192 052 138(0.7-2.2) 037 20(1.0-4.1) 007
SFTPAT rs10590057.G 72 049 192 0.4 1.4(0.8-2.5) 0.19 2.0(1.0-42) 006
SFTPA2 1s1059046.C 72 078 193 071 15(0.8-2.8) 024 2.1(0.9-4.7) 007
SFTPA2 r1s17886395.C 72 05 193 046 12(0.7-2.0) 057 1.9(0.9-4.0) 008
SFTPB 111308667 75 049 194 068 05(0.3-0.8) 001 03(02-0.7) <001
SFTPD 17219177 75 073 192 083 06(0.3-1.1) 008 03(0.1-06) <001
SFIPD 12243639 A 75 061 191 071 06(0.4-1.1) 0.12 0.4(02-0.9) 002

OR, odds ratio; Cl, confidence interval: MAF, minor allele frequency.
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Gene Variable OR (95% Cl) p-value

SFTPB rs1130866_T 0.4(0.2-0.9) <0.01
SFTPD s721917_T 0.3(0.1-0.7) 001
Smoker 0.1(0.05-0.3) <0.01
Male 0.02 (0.01-0.1) <0.01

OR, odds ratio; Cl, confidence interval.
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Ensemble ID

Up-regulated expression
ENSGO0000161905
ENSGO0000091181
ENSGO0000103056
ENSGO0000105205
ENSGO0000183134
ENSGO0000134489
ENSGO0000152207
ENSGO0000171659
ENSGO0000143297
ENSGO0000255587
ENSGO0000132465
ENSGO0000276231
ENSGO0000131203
Down-regulated expression
ENSGO0000118113
ENSGO0000012223
ENSGO0000124469
ENSGO0000123689
ENSGO0000118520
ENSGO0000168209
ENSGO0000179094
ENSGO0000096006
ENSGO0000005961
ENSGO0000179869
ENSGO0000100985
ENSGO0000124102
ENSGO0000122025

External ID gene Fold change

ALOX15
IL5RA
SMPD3
CLC
PTGDR2
HRH4
CYSLTR2
GPR34
FCRLS
RAB44
JCHAIN
PIK3R6
DO1

MMP8
LTF
CEACAM8
GOSs2
ARGT
DDIT4
PERT
CRISP3
1TGA28B
ABCA13
MMP9
PI3
FLT3

245
222
2.16
2.04
1.99
193
1.84
1.83
1.76
1.74
1.70
1.67
1.67

-2.75
-235
-2.19
—2.02
-200
-1.91
-1.86
-1.78
-1.75
-1.73
-1.69
-1.65
—1.64

P-value

3.91E-05
8.63E-08
1.44E-07
4.63E-06
2.64E-06
7.21E-07
1.15€-09
1.27€-08
3.18E-056
8.10E-06
0.007
9.12E-06
0.014

3.17E-04
4.79E-04
2.47€-03
4.95E-03
451E-05
4.11E-04
6.80E-04
0.002
6.90E-04
0.001
0.001
7.32E-04
3.66E-05
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N Sex Age FeNO, ppb 1E, kU/I (Median

(% Female) (MeanSD) (Mean  SD) 1aR)
RNAseq study
Controls 30 46.7 57 £17 . 46.7 £87.8
Asthmatic patients 30 56.7 30+ 13 - 179.0 £ 239.0
Validation analysis
Controls 100 66.0 5717 - 288+ 57.7
Asthmatic patients. 187 55.1 45+ 19 448483 174.0 +398.2
Non-allergic asthma (NAA) 76 60.5 58+ 15 38.1 £ 406 770+ 1188
NAA without NP 33 727 56+ 16 248+ 19.3 37.9+1035
NAA with NP 43 512 61+ 14 522+ 51.7 83.0 2587
Alergic asthma (AA) 11 514 35416 49.8+ 530 3125+ 4723
AA vithout NP 82 573 3114 30.8+£295 3125+ 4455
AA with NP 29 345 46 £ 17 79.6 + 88.7 307.0 + 747.0
Early-onset asthma 76 618 3117 425+ 434 271.0 + 4021
Late-onset asthma 111 505 54416 465+ 51.9 126.0 £ 4065
Non-eosinophilic asthma 300 59.4 44£17 26.4 % 182 109.0 £ 2605
Eosinophilic asthma 120° 533 46420 497 £545 196.0 + 405.4

8D, standard deviation; IR, interquartile range.
aBlood eosinophil counts were not available for all non-eosinophilic and eosinophilic asthma patients.
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ILSRA

GAPDH

8P

Primer

Forward
Reverse
Forward
Reverse
Forward
Reverse

Sequence 8 —» ¥

TGAAAGAGTGAAGAACCGCC
CCCTGGCCTGAGAAATGCG
CTCTGCTCCTCCTGTTCGAC
ACGACCAAATCCGTTGACTC
‘GAACATCATGGATCAGAACAACA
ATAGGGATTCCGGGAGTCAT
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Term ID

Immune system
G0:0002376

GO:0006955

G0:0043312
Cellular process
GO:0001775

600019221
GO:0007166
GO:0007165
Cellular response
GO:0050896
GO:0006952
GO:0006950

GO:0006954
GO:0071345

Biological regulation
G0:0048583

GO:0009966

GO:0051239

G0:0001817

GO:0050794

FDR, false discovery rate.

Biological process

Immune system process

Immune response

Neutrophil degranulation

Cell activation

Cytokine-mediated
signaling pathway
Cell surface receptor
signaling pathway
Signal transduction

Response to stimulus

Defense response
Response to stress

Inflammtory response

Cellular response to
cytokine stimulus

Regulation of response
to stimulus

Regulation of signal
transduction
Regulation of
multicellular organisrmal
process

Regulation of cytokine
production

Regulation of cellular
process

FDR

1.74E-07

5.94E-06

7.28E-05

1.32E-06

8.10E-08

0.017

0.012

2.52E-06

9.28E-05

3.00E-04

2.50E-03

9.30E-03

6.84E-05

6.84E-05

2.30E-04

6.20E-03

0.018

Genes

ABCA13, ARG1, CEACAMS, CRISP3, CYSLTR2, DDIT4, FLT3, IDO1, IL5RA,
LTF, MMP8, MMP9, PI3, PTGDR2, RAB44, SMPD3.

ABCA13, ARG1, CEACAMS, CRISP3, CYSLTR2, ILSRA, LTF, MMP8, MMPS,
P13, PTGDR2, RAB44.

ABCA13, ARG1, CEACAMS, CRISP3, LTF, MMP8, MMP9, RAB44.

ABCA13, ARG1, CEACAMS, CRISP3, FLT3, ITGA2B, LTF, MMP8, MMP9,
PIK3R6, RAB44.

ALOX15, FLT3, IL5RA, MMP9.

ALOX15, DDIT4, FLT3, GOS2, GPR34, IL5RA, MMP9.

ALOX15, CYSLTR2, DDIT4, FLT3, GOS2, GPR34, HRH4, IL5RA, MMP9,
PIK3R6, PTGDR2.

ABCA13, ALOX15, ARG1, CEACAMS, CRISP3, CYSLTR2, DDIT4, FLT3,
GO0S2, GPR34, HRH4, IDO1, IL5RA, ITGA2B, LTF, MMP8, MMP9, PERT1, PI3,
PIK3R6, PTGDR2, RAB44.

ALOX15, ARG1, CRISP3, DDIT4, HRH4, IDO1, ILSRA, LTF.

ALOX15, ARG1, CRISP3, DDIT4, HRH4, IDO1, IL5RA, ITGA2B, LTF, MMP9,
PIK3R6.

ALOX15, HRH4, IDOT, IL5RA.
ALOX15, ARG, FLT3, ILSRA, MMP9.

ALOX15, ARG1, CLC, CYSLTR2, DDIT4, FLT3, GOS2, HRH4, IDO1, LTF,
MMP, PER1, PIK3R6, PTGDR2.

ALOX15, ARG1, CYSLTR2, DDIT4, FLT3, GOS2, HRH4, LTF, MMP9, PERT,
PIK3R6 PTGDR2.

ARG, CLC, CYSLTR2, IDO1, IL5RA, ITGA2B, LTF, MMP9, PERT1, PIK3RS6,
PTGDR2.
ARG, CLC, IDOT, IL5RA, LTF, PERT.

ALOX15, ARG1, CLC, CRY2, CYSLTR2, DDIT4, FLT3, GOS2, GPR34, HRH4,
IDO1, ILSRA, ITGA2B, LTF, MMPS, PER1, PI3, PIK3R6, PTGDR2, SMPD3.
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Variables

Metastasis
Mia

Mib

Mic

Cerebral

No

Yes

Bones

No

Yes
Chemotherapy
No chemotherapy
First-line treatment
Second-line treatment
Radiotherapy
No

Yes

AGR

Low

High

LDH

Low

High

TG

Low

High

PNI

Low

High

LMR

Low

High

HR (95% CI)

1.66 (1.00-2.75)
1.84 (1.10-3.08)

1.40 (0.98-2.00)

0.97 (0.67-1.39)

0,60 (0.43-0.84)
1.22 (053-2.81)

1.22 (0.87-1.70)

0.55 (0.35-0.86)

1.12(0.78-1.60)

1.40 (1.02-1.94)

0.56 (0.39-0.80)

0.83(0.59-1.18)

os

0.05
0.02

0.07

0.86

0.003
0.65

0.25

0.009

055

0.04

0.02

0.31

Variables

Local or distant metastases
Mia

Mib

Mic
Cerebral
No

Yes
Bones.

No

Yes
Adrenal
No

Yes
Radiotherapy
No

Yes
EGFR-TKI
No

Yes

AGR

Low

High

LDH

High

PFS
HR (95% CI)

1.87 (1.18-2.97)
236 (1.50-3.71)

132 (0.95-1.82)

0.96 (0.70-1.32)

1.39 (0.81-2.40)

1.17 (087-1.58)

1.09 (0.81-1.47)

0.55 (0.37-0.83)

1.16 (0.87-1.55)

0.08
<0.001

0.10

0.82

0.23

0.29

057

0.004

0.32





OPS/images/fmed-08-621592/fmed-08-621592-t004.jpg
Variable

AGR
Low

High
ALP
Low

High
LDH

High
TG

Low
High

os

HR

1.00
0.63

1.00
1.31

1.00
141

1.00
1.41

0.04

0.07

0.04

0.03

PFS

HR

0.58

1.19

0.81

0.007

0.20

0.05

0.18

Variable

PNI
Low
High
LMR
Low
High
PLR
Low
High
NLR
Low
High

os

HR

1.00
0.67

1.00
0.72

1.00
0.79

1.00
1.28

0.02

0.13

0.11

PFS

HR

0.79

0.79

0.80

1.29

0.17

0.13

0.10

0.12
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Variable

Age
<65

265

Gender

Male

Female
Smoking Status
Never

Current or ever
Drinking Status
Never

Current or ever
Location

Left

Right

Family history of cancer
No

Yes

Histology
Adenocarcinoma
sce

Others

Local or distant metastases
Mia

Mib

Mic

Metastatic site
Lung contralateral
No

Yes

Pleural

No

Yes

Cerebral

No

Yes

Bones

Yes

HR

1.00
0.88

1.00
1.08

1.00
084

1.00
0.97

1.00
125

1.00
0.93

1.00
1.09
1.18

1.00
1.83
220

1.00

123

1.00
131

1.00
1.76

1.00
1.38

os

0.43

0.60

0.25

0.86

0.13

0.69

0.63
0.42

0.01
<0.001

0.37

0.07

<0.001

0.03

HR

0.92

1.05

0.97

1.19

117

0.87
1.00

205
2.76

1.19

1.21

1.91

155

PFS

0.59

0.74

0.80

0.26

027

0.98

0.43
0.99

0.001
<0.001

0.78

017

<0.001

0.001

Variable

Adrenal

No

Yes

Liver

No

Yes

Others

No

Yes
Radiotherapy

No

Yes
Chemotherapy
No chemotherapy
First-line treatment
Second-line treatment
Anti-VEGF

No

Yes

EGFR-TKI

No

Yes
Chemotherapy regimen
Platin-Vinorelbine
No

Yes
Platin-Gemitabine
No

Yes
Platin-Pemetrexed
No

Yes

Others

No

Yes

HR

1.00
1.36

1.00
1.20

1.00
0.83

1.00
1.36

1.00
0.62
1.28

1.00
111

1.00

1.20

1.00

0.74

1.00
0.99

1.00
0.95

1.00
0.72

os

031

0.41

0.49

0.04

0.04
0.54

072

0.24

0.07

0.93

0.76

0.08

HR

1.22

0.70

0.82
1.78

1.27

0.92

1.10

1.08

0.72

PFS

0.05

0.34

147

0.005

022
0.13

037

0.03

0.58

052

0.69

0.08
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Variable

Age
<65

=65

Gender

Male

Female

Smoking Status

Never

Current or ever

Drinking Status

Never

Current or ever

Location

Left

Right

Family history of cancer
No

Yes

Histology
Adenocarcinoma
Squamous cell carcinomas.
Others

Local or distant
metastases

Mia

Mib

Mic

Distant metastatic site
Lung contralateral
Pleural

Cerebral

Bones

Adrenal

Liver

Others
Radiotherapy

No

Yes

Chemotherapy

No chemotherapy
First-line treatment
Second-ine treatment
Chemotherapy regimen
Platin-Vinorelbine
Platin-Gemcitabine
Platin-Pemetrexed
Others
Anti-VEGF-therapy
No

Yes

EGFR-TKI

No

Yes

ALP

<703

2703

LDH

<2696

22606

<105
=1.05
PNI
<512
2512
LMR
<19
=19
PLR
<1225
21225
NLR
<277
=2.77

AGR
AGR<1.12  AGR21.12
N=258(%) N =50 (%)
183 (70.9) 33(66.0)
75 (29.1) 17 (34.0)
159 (61.6) 38(76.0)
99 (38.4) 12 (24.0)
187 (53.1) 22 (44)
121 (46.9) 28 (56)
198 (76.7) 34 (68)
60(23.3) 16(32)
156 (60.5) 32(64.0)
102 (39.5) 18 (34.0)
201 (77.9) 43(86.0)
57 (22.1) 7(14.0)
168 (65.1) 18 (36.0)
54(20.9) 20(40.0)
36(14.0) 12 (24.0)
65(25.2) 11 (22.0)
52(20.2) 13(26.0)
141 (54.7) 26 (52.0)
101 (39.1) 20 (40.0)
91359 15(30.0)
69(26.7) 13(26.0)
108 (41.9) 17 (34.0)
13(5.0) 2(4.0
29(11.2) 3(6.0)
23(8.9) 5(10.0)
168 (65.1) 31 (62.0)
90 (34.9) 19(38.0)
58 (22.5) 14/(28.0)
193 (74.8) 35(700)
7@7) 120
83(32.2) 17 34.0)
123 (47.7) 24 (48.0)
92 (35.7) 19(38.0)
59 (22.9) 9(18.0)
243(042)  47(94.0)
15(5.8) 3(6.0)
181(702)  41(82.0)
77(20.8) 9(18.0)
149 (41.6) 15 (36.6)
200(68.4)  26(63.4)
281(785)  28(88.9)
77(21.5) 13(31.7)
117 82.7) 17 (41.4)
241(67.3  24(586)
275 (76.8) 41 (100)
83(23.2) 00
85(23.7) 16 (39)
273 (76.3) 25 (61)
110 30.7) 5(12.2)
248(693)  36(87.8)
325008  20(70.7)
330.2) 12/(29.3)

X2

0.49

375

172

022

1.67

1.39

091

0.01
051
0.01
0.07
0.10
1.24
0.06
0.18

0.76

0.06

0.002

0.1

058
0.003

292

412

1.37

1.02

18.31

6.04

4.62

7.32

0.49

0.05

0.24

0.19

0.64

0.20

0.50

0.64

1.91
0.47
1.91
0.30
0.76
0.27
0.81
0.67

0.68

0.8

097

0.75

0.45
0.96

0.08

0.04

0.24
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<0.001

001

0.03

0.007
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Variable

Age

<65
265

Gender

Male

Female
Smoking Status.
Never

Current or ever
Drinking Status
Never

Current or ever
Location

Left

Right

family history of
cancer

No
Yes
Histology

Adenocarcinoma

Squamous cell
carcinomas

Others

Local or distant
metastases

Mia

Mib

Mic

Distant metastatic
site

Lung contralateral
Pleural

Cerebral

Bones

Adrenal

Liver

Others
Radiotherapy

No

Yes
Anti-VEGF-therapy
No

Yes

N (%)

216 (70.1)
92(29.9)

197 (64.0)
111(36.0)

159 (51.6)
149(48.4)

232 (75.3)
76 (24.7)

188 (61.0)
120 (39.0)

244 (79.2)
64(20.8)

186 (60.4)
74 (24.0)

48(15.6)

76 (24.7)
65 (21.1)
167 (54.2)

121 (39.3)
106 (34.4)
82(26.6)
125 (40.6)
15 (4.9)
32 (10.4)

28(0.1)

199 (64.6)
109 (35.4)

290 (94.2)
18(65.9)

Variable

Chemotherapy
regimen
Platin-Vinorelbine
Platin-Gemcitabine
Platin-Pemetrexed
Others
Chemotherapy

No chemotherapy
First-line treatment
SecondHfine treatrment
EGFR-TKI

No

Yes

AGR

ALP

LDH

TG

PNI

LMR

PLR

NLR

N (%) or
Median [IGR]

100 (32.5)
147 (47.7)
111(36.0)
68 (22.1)
72(23.4)
228 (74.0)
8(26)
222 (72.1)

86 (27.9)
0.87(0.77-1.00)

75.6 (63.7-98.0)

1996
(167.9-256.7)

1.17 (0.91-1.62)

48.2 (43.2-52.5)

255 (1.92-3.63)

156.1
(115.6-198.5)

8.12 (2.12-4.47)
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Characteristic ~ Entire  Training set Validationset  P-value
cohort (n=133) (n=64)
(n=197)
Age, years 7394 74.41+£1195 72971190 0427
11.92
Sex 0647
Female 74E7.6%)  48361%)  26(40.6%)
Male 123(62.4%) 85(63.9%) 38(59.4%)
Alb, g/DI 284+058 281058 290+059 0317
PLT,permm® 1923+  19.18+1050 19321075 0927
10.56
WBC, permm® 1101066+  10600.75 +  11862.50 + 0254
7255.91 7076.02 7602.22
CRP, mg/di 1742 16771083 18771026 0219
10.66
SOFA score 7.71+347 809+363 6.91+298 0.024
McCabe score 0474
1 174(883%)  115(86.5%) 59 (92.2%)
2 1(66%  9(6:8%) 2(3.1%)
3 12(61%)  9(6:8%) 3(4.7%)
Pa02/Fi02 1641+ 11766+ 112,80 & 0540
50.96 5057 52,01
LDH, IU/L 30057+ 88668+ 89864+ 0735
231.73 199.63 288.90
HRCTscore 23660+ 28346+ 24341+ 0328
66.70 64.94 70.27
PEEP,cmH;0 1040 +523 10.14£522 10924525 0.329
ARDS etiology 0.036
DARDS 170(86.3%) 120(90.2%) 50(78.1%)
Non-DARDS ~ 27(18.7%)  13(9.8%) 14(21.9%)
Vital status 0212
Living 128(65.0%)  82(61.7%)  46(71.9%)
Deceased 69(35.0%)  51(383%)  18(28.1%)

Alb, albumin; PLT, platelet count; WBC, white cell count; CRR, C reactive protein; SOFA,
sequential organ failure assessment; LDH, lactate dehydrogenase; HRCT, high-resolution
computed tomography; DARDS, drug-associated ARDS.
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Patient 1
Pretreatment
3 months
Patient 2
Pretreatment
3 months
Patient 3%
Pretreatment
3 months
Patient 4
Pretreatment
3 months
Patient 5%
Pretreatment
3 months

aPatients previously treated with other biological drugs, but no improvement was observed.

Eosinophils/jl

630
10

820
10

437

1,200

630
10

IL5RA,
relative
expression

18
0.6

29.2
1.2

109
1.0

625
a7

126
0.8

FEV1, ml

1,897
2,462

1,960
2,520

2310
3,100

1,890
2,840

2,060
2,630

FeNO, ppb

43
68

154
13

66
198

64

ACT

13

22

24

12
22

19
25

12
21
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Controls
Asthmatic patients
Non-allergic asthrma (NAA)
NAA without NP
NAA with NP
Alergic asthma (A8)
AAwithout NP
AAwith NP
Morosensitized to pollens
Monosensitized to animal dander
Monosensitized to mites
Polysensitized
Intermittent asthma
Mild persistent asthma
Moderate persistent asthma
Severe persistent asthma
Early-onset asthma
Late-onset asthma
Non-eosinophilic asthma
Eosinophilc asthma

8D, standard deviation.

3All P-value results for blood eosinophil counts were significant (P < 0.05) among each patient group vs. controls, except for non-eosinophilic asthme (P = 0.082).
bP-value obtained for the comparison of ILSRA expression levels from each patient group vs. controls.

100
187
7%
33
43
i
82
29
22
6
10
73
49
29
85
23
7%
i
32
120

Eosinophils/ul®
(Mean  SD)

127.8 £89.4
380.4 +331.0
373.4 +£367.1
2237 +169.4
510.0 + 441.6
385.6 +303.3
308.4 £2229
577.1 £3869
478.7 £301.6
300.0 +205.2
4111 +£5134
358.8 +266.4
290.8 £ 199.3
337.4 £192.7
380.5 + 3409
574.0 +£494.3
364.0 +307.4
391.1 +£346.7
98.5 +66.1
455.6 + 3329

IL5RA, relative
expression
(Mean = SD)

71+63
155 +£15.4
139+ 137
103+£11.2
166 £14.9
166 £ 16.4
165+ 17.0
166 £ 15.0
202 +£17.3
21.4£292
145+ 1456
152 £14.7
120+ 137
17.7 £ 184
15.4 £13.4
19.9 £20.3
145+£14.4
16.1 £ 16.0
66+58
182+ 15.4

P-value®

<0.001
<0.001
0.037
<0.001
<0.001
<0.001
<0.001
<0.001
0.050
0.064
<0.001
0.003
<0.001
<0.001
<0.001
<0.001
<0.001
0.707
<0.001

P-value®

0.047

0.982

0.056

<0.001

¢P-value obtained for comparison of ILSRA expression levels from NAA without NP vs. NAA with NP: AA without NP vs. AA with NP; intermittent asthma vs. severe persistent asthma;

lic asthma vs. eosinophilic asthma, respectively.
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Patient Tumor hystotype ALDH sox-2
and expression expression
characteristic

Pt Peumocytoma 3 0

Pt#2 Preumocytoma 4 1

P#3 Pneumocytoma 4 3

Pld Preumocytoma 4 0

PH#5 Peumocytoma 3 0
with lymphonodes

local recurrence

This table represents the five patients case of pneumocytoma analyzed for the
immunohystochemical expression of ALDH and SOX-2. A score value for ALDH and SOX-
2 was assigned using the following score classes: 0 (<5% positive), 1 (5-25% positive),
2 (>25-50% positive), 3 (>50-75% positive), and 4 (>75% positive).
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Author/year

Hu etal. (26)

Devouassoux-
Shisheboran et al. (18)

Shin et al. (27)

Yang et al. (28)

Leietal. (29)

Park et al. (30)

Choetal. (31)

Schmidt (32)

Wu etal. (33)

Lowrenski et al. (34)

Patients
enrolled (n)

46

76

59

28

32

Gender
(M/F)

5M
4F

17M
83F

oM
67F

2M
57F

3M
25F

™
31F

™
10F

2M
16F

™
5F

Age
(Mean)

51.4

46

50

49.85

46.1

478

486

446

/

Type of treatment

45/46 Surgery
—21 enucleation

—9 wedge resections
—15 lobectomies

54/100 Surgery:
5 wedge resections

37 lobectomies

2 biobectomies

1 pneumonectomy

- 9 procedures not specified
specificata

45/76 Surgery:

33 segmentectomies

11 lobectomies

- 1 bilobectomies

Wedge resection (58 wedge
resections)

13 enucleation

7 wedge resection
8 lobectomies

19 lobectormies

5 wedge resections
1 segmentectomy
7 wedge resections

Surgery

Surgery

IHC marker Methastatic
lymphonodes

/ /

~pancytokeratin-+; CAM Yes, 1 case

5.2+, CK7 +, EMA +

calretinin —; CKS/6 —

TTF1 +;SpAeB +

chromogranin —;

synaptophysin —; Leu 7 —

5100~

TTF1+, cytokeratin +, /

Surface cell AE1/AE3+ e No

CK7+;

Stromal cell AE1/AES-

© CKT+;

- TTF1+ e EMA+

/ No

/ Yes, 1 case

MMP-9 4+ /

Tubuline +

1GF1 +

TIF + /

Napsin A +

P40 + No

TTF1+, SHL+,

EMA+, Vimentin4

TTF14 e panCK + No

This Table shows treatments and immunohistochemical characteristics. ALDH and SOX-2 have been never considered.

Recurrence

No

No

No

Yes

No

No





OPS/images/fmed-07-00507/crossmark.jpg
©

2

i

|





OPS/images/fmed-07-00427/fmed-07-00427-t008.jpg
AXIR Accuracy

AXIR3 1.00
AXIR4 0.89
Average 095

AUC, area under curve.

Sensitivity

1.00
0.93
0.97

Specificity

1.00
0.86
0.93

Precision

1.00
0.87
0.94
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Method

Rotation angle
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Height shift
Horizontal fip

Setting
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True
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AXIR Accuracy ~ Sensitivity Specificity  Precision  AUC

AXR1(Step 1) 098 099 097 097 098
AXR2(Step?) 080 072 0.89 087 080

AUC, area under curve.
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Prediction results NIH

classification®
P Infiltration
(fom East Asian  Gonsoldation
Hospital data) Atelectasis

Plural thickening
FN Infiltration

(from Shenzhen data  Consolidation
and East Asian
Hospital data)

Plural effusion
Fibrosis
Nodule

Number

TB pattern in

of images (30

MO DO OO =N

Non-TB

Consolidation
Consolidation

Plural effusion
Consolidation
Miliary

aSub-patterns are classified with only radiological readings.

Total
number of
images

9

23





OPS/images/fmed-08-636869/fmed-08-636869-g002.gif
ne

eI jedSoN-u1 J0.

[





OPS/images/fmed-08-636869/fmed-08-636869-g001.gif
s ibyonos
b s g syt
oy v

s e O bt i

[r———

st st ot
[kt

[rr——

-

o e






OPS/images/fmed-08-636869/crossmark.jpg
©

2

i

|





OPS/images/fmed-08-665057/fmed-08-665057-t001.jpg
Inverse variance weighted estimate MR-Egger MR-PRESSO (raw) MR-PRESSO (corrected) MR weighted median
(primary analysis)

Outcomes Odds P-value Oddsratio  P-value Pjyy. Oddsratio  P-value Pgaa'  Odds ratio P-value Oddsratio  P-value

ratio(95% (95% CI) (95% CI) (95% CI) (95% CI)
i)

Asthma (overal) 1.02 0,004 1.03 0,002 037 1.02 <0001 002 1.03 <0.001 1.03 <0001
(1.01-1.08) (1.01-1.05) (1.01-1.09) (1.02-1.04) (1.02-1.04)

Childhood asthma 1.05 <0001 1.04 0.04 095 1.04 <0001 005 1.04 <0001
(1.02-1.08) (1.00-1.08) (1.02-1.07) (1.02-1.07)

Adult-onset asthma 1.01 001 1.02 0058 046 1.01 002 056 1.02 0.03
(1.00-1.08) (0.99-1.04) (1.00-1.08) (1.00-1.08)

Allergic asthma 103 0.004 105 0.001 028 1.03 <0001 002 1.03 <0.001 1.04 <0001
(1.01-1.04) (1.02-1.07) (1.02-1.05) (1.02-1.05) (1.02-1.06)

Non-allergic asthma 1.02 0,008 1.02 009 077 1.02 0007 068 1.02 0.04
(1.00-1.03) (0.99-1.04) (1.00-1.08) (1.00-1.03)

Obese asthma 1.02 0.007 1.02 026 075 1.02 0001 097 1.02 0.12
(1.01-1.03) (0.99-1.04) (1.00-1.08) (0.99-1.04)

Non-obese asthma 1.02 003 1.04 0,002 025 1.03 <0001 0004 1.08 <0.001 1.03 <0001
(1.00-1.04) (1.01-1.08) (1.01-1.04) (1.02-1.04) (1.02-1.05)

Ci, confidence interval.

*The non-significant P-values of the MR-Egger intercept test (Pintercept) indlcate the absence of directional pleiotropy and the absence of violation for the instrument strength independent of direct effect (InSIDE) assumption, and
indlicate that the inverse variance weighted estimate is unbiased.

*Significant Pglobal indicates potential horizontal pleiotropy.
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S-COPD (N =70) T-COPD (N="59) P-value

Age, years 66.0(59.0-725)  68.0(64.0-730)  0.165
Sex, male 70(100) 59 (100) -
BMI, kg/m? 23.1(211-259) 229(21.1-255) 0519

Smoking amount (pack-year)  40.0(30.0-500)  0.0(00-30.0)  <0.001
Comorbidities

Heart disease 27(38.6) 25 (42.4) 0.661
Cerebrovascular disease 9(12.9) 5(85) 0.425
Depression 2(29) 1(1.7) 0.663
Pulmonary function tests

FEV; % predicted 625(458-71.0)  540(45.0-730)  0.496
FVC % predicted 84.0(74.0-933)  780(66.0-89.0)  0.089
FEV1/FVC % predicted 545(410-62.0) 530(42.0-650)  0.465
Dloo % 805(64.8-97.0)  75.0(620-87.0)  0.180
Symptom scores

mMRC 1.0(0.0-1.0) 1.0(0.0-1.0) 0.654
CAT 140(10.0-190)  17.0(110-21.0)  0.096
SGRQ 16.9(9.0-29.2) 22.1(13.8-34.9) 0.048
FEV; decine mi/yr 05(-600-170.0) 60.0(-30.0-170.0) 0.335
Frequent AE n, (%) 7 (10.0%) 12 (20.3%) 0,099
Inflammatory markers

1L-6 (pg/dl) 1.46(0.43-2.46)  2.67 (1.62-6.80) <0.001*
ESR (mnvh) 10.00 (6.00-16.25) 15.00 (7.00-21.00) 0.011*
CRP (mg/d) 1.25(063-2.80)  3.39(1.49-6.74)  0044"

Data are presented as median (interquartie range) for continuous veriables and number
(percentage) for categorical variables.

“This P-value was anayzed by ANCOVA (atter adjusting age, BMI, smoking, and
underlying diseases).

AE, acute exacerbation; BMI, body mass index; CAT, chronic obstructive pulmonary
disease assessment test; CRR, C-reactive protein; ESR, erythrocyte sedimentation rate;
DLco, diftusing capacity of the lung for carbon monoxide; FEVy, forced expiratory volume
in Ts; FVC, forced vital capacity; IL-6, interleukin-6; mMRC, modified Medical Research
Councif; S-COPD, smoking-induced chronic obstructive puimonary disease; SGRQ, St.
George Respiratory Questionnaire; T-COPD, tuberculosis-associated COPD.
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Whole blood

Genes
Asthma Asthma Eosinophilic Acute Viral
wheezes
AREG - uP Down uP -

AREG expression in whole blood of asthmatics in different phenotypes, in asthmatic with wheezes vs. non-asthmatics wheezers, in eosinophilic asthmatic vs. non-eosinophic, in acute
vs. convalescent (acute) and during viral infection.
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Dataset ID

GSE4302

GSE18965

GSE43696
GSE51392

GSE67472
GSE64913

GSE76227

GSE13785

GSE30083

GSE27335

GSE21369
GSE41649

GSE56396

GSE41863
GSE41861

GSE41862
GSE67940
GSE115823

GSE69683

GSE35671
GSE137394
GSE123750

GSE31773

GSE16032

GSE73482

Total

Tissue/sample

Bronchial epithelium

Bronchial epithelium

Bronchial epithelium
Bronchial epithelium

Bronchial epithelium
Bronchial epithelium

Bronchial epithelium

Bronchial epithelium

Bronchial epithelium

Bronchial fibroblasts

Whole lung
Bronchial biopsy

Induced sputum

Induced sputum
Nasal

Nasal
Bronchioalveolar lavage
Blood

Blood

Blood
Whole blood
Whole blood

PBMC

PBMC

CD4

2,666

Study title

Genome-Wide Profiling of Airway Epithelial Cells in Asthmatics,
Smokers and Healthy Controls

Decreased Fibronectin Production Significantly Contributes to
Dysregulated Repair of Asthmatic Epithelium

Asthma

Expression Data From Airway Epithelial Cels Stimulated With Poly(:C)
From Patients With Asthma, Rhinitis, and Healthy Controls

Airway Epithelial Gene Expression in Asthma Versus Healthy Controls
Altered Epithelial Gene Expression in Peripheral Aiways of Severe
Asthma

Expression Data of Bronchial Biopsies and Epithelial Brushing From
Unbiased Biomarkers in Prediction of Respiratory Disease Outcomes
(U-BIOPRED) Project

Novel Mediators of Eicosanoid and Epithelial Nitric Oxide Production in
Asthma

Epithelial Expression of Toll-like Receptor 5 is Modulated in Healthy
Smokers and Smokers With Chronic Obstructive Lung Disease

Genomic Differences Distinguish the Myofibroblast Phenotype of the
Distal Lung From Aiway Fibroblasts

Gene Expression Profiles of Interstial Lung Disease (ILD) Patients

Comparison of Two Sets of Microarray Experiments to Define Allergic
Asthma Expression Pattern

Non-invasive Analysis of the Ainway Transcriptome Discriminates
Clinical Phenotypes of Asthma

Sputum Gene Expression Profiing in Asthmatics
Upper Airway Gene Expression s an Effective Surrogate Biomarker for
Th2-Driven Inflammation in the Lower Airway

Nasal Scrape Gene Expression Profiing in Asthmatics

Asthma i

ANetwork of Transcriptome Modules Demonstrates Mechanistic
Pathways of Both Virus-Induced and Non-viral Asthma Exacerbations
in Children [Blood]

Expression Profiing in Blood From Subjects With Severe Asthma,
Moderate Asthma, and Non-asthmatics Collected in the U-BIOPRED
Study

Gene Expression Data From 131 Human Subjects in Detroit, Michigan
Genome-Wide Profiling of Allergic Asthma Peripheral Blood
U-BIOPRED Blood Transcriptomics From children With Asthma or
Wheeze

Comparison of MRNA Expression in Circulating T-Cells From Patients
With Severe Asthma

Gene Expression Data From Severe Asthmatic Chidren: PBMC Profiles
During Acute Exacerbation Versus Convalescence

Gene Expression Patterns in Allergen-Driven CD4 T Cell Responses.
From Human Atopics With or Without Asthma

Samples

70

16

108
12

105
36

190

22

63

24

112

56
84

116
104
208

498

131
309
216

40

10

144
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AREG plasma (pg/mL)  vs. AREG saliva (pg/mL)  vs. Atopy status  vs. Allergic rhinitis status  vs. Blood neutrophil (%) ~ vs. POSTN plasma (pg/mL)

Pearson correlation test 0.3671 0.3547 0.3561 0.4494 0.3436

r

96% confidence interval 0.04391-0.6207 0.02475-0.615 0.02544-0.6092 0.07192-0.7143 0.01704-0.6039
P (two-tailed) 0.0234 0.0312 0.0307 0.0187 0.0347

Number of XY pairs 38 37 38 & 38
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AREG saliva (pg/mL)

Pearson correlation test
r

95% confidence interval
P (two-tailed)

Number of XY pairs

vs. ACT score

0.3895

—0.009556-0.6815
0.0492
26

vs. Atopy status

0.3744

0.04223-0.632
0.0245
36

vs. Allergic rhinitis status

0.4216

0.1032-0.6616
0.0094
37

vs. Eczema status

0.3554

0.02557-0.6155
0.0309
37

vs. FEV1 (% predicted)  vs. FEVI/FVC

0.6458 0.487
0.2959-0.8429 0.06913-0.7595
0.0012 0.0215

28 a2
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Number of subjects
Age (Years)
Age of onset (adult to childhood ratio)
Childhood asthma
Adult asthma
Female to male ratio
BMI
ACT score
Oral steroid use per day/week
Exacerbations/year
History of atopy
Yes
No
History of allergic rhinitis
Yes
No
Peak flow (Vmir)
FEV1 (% predicted)
FEVI/FVC
Total serum IgE (IU/mL)
Blood eosinophil (%)
Blood neutrophil (%)
Blood basophil (%)
Blood lymphocytes (%)
Absolute eosinophil counts (cells/uL)

Control

12
37.004 11.73

84
24.60 +3.19

1
9
453.80 + 101.00

Non-severe asthma

19
40.19 £ 15.65

1
5
133
27.63 + 6.40
20.76 + 4.31
0.6563 £ 1.06
1.688 + 2.575

o
16

10
6
299.30 + 78.20
55.46 + 42.42
56.87 £ 40.30
280.30 + 358.40
454 £324
68.29 + 12.34
053+ 036
28.89+ 11.06
181.6 + 129.6

Severe asthma

13.00
48.42 £17.95

5

8

7:6
27.03 +6.56
17.66 £ 6.15
2.083 £ 1.459
2133 £ 1.482

9
4
302,50  130.90
54.06 + 45.53
49138535
1167.00  1428.00
6.8+ 957
6004 + 1386
0.52+0.24
2667 £ 12.15
2752+ 3828

P-value

NS

NS
NS
NS
0.01
NS

<0.01

<0.01

<0.01
NS
NS

<0.01
NS
NS
NS
NS
NS
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Gene

Areg

18S rRNA

NCBI reference sequence

NM_001657.4

NR_145820.1

Primer

Forward primer
Reverse primer
Forward primer
Reverse primer

Sequence (§'-3)

GAGCACCTGGAAGCAGTAAC
GGATCACAGCAGACATAAAGGC
TGACTCAACACGGGAAACC
TGCCTCCACCAACTAAGAAC

Amplicon size (bp)

151

114
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Unadjusted

30-day mortality B (95%C1)

Day ~0.23(~0.46, ~0.001)
Death 386 (2.43, 5.28)

Day x death 0.69(0.25, 1.13)
In-hospital mortality B (95%C1)

Day ~0.30 (~0.54, ~0.06)
Death 3.38(2.00, 4.77)

Day x death 0.75(0.33, 1.18)

P-value

0.0496
<0.0001
0.0022

P-value

0.0132
<0.0001
0.0005

Adjusted |
£ (95%Cl)
~0.23 (~0.46, 0.01)

3.43(1.97, 4.88)
068(0.24, 1.12)

B (95%C1)

~0.29(~0.58, ~0.06)
2.98 (1.66, 4.39)
074 (0.32, 1.16)

P-value

0.0562
<0.0001
0.0026

P-value

0.0159
<0.0001
0.0006

Adjusted Il
B (95%C1)
~0.25 (048, —0.02)

2.64(1.09, 4.19)
067 (0.28, 1.11)

B (95%C1)

~031 (055, -0.07)
2.22(0.76,3.78)
0.73(0.31,1.15)

P-value

0.0358
0.0009
0.0030

P-value

0.0103
0.0032
0.0007

Ci, confidence interval: Day, the mean of the increasing of NLR at death = 0 over time (dail); Death, the difference of NLR at day = 0 between the group of death = 1 and the group
of death = 0; Day x death, the average increasing in NLR daily under the concition of the group of death = 1 compared with the group of death = 0.

Adjusted | for age, gender, ethnicity, smoking, admission type.

Adjusted I for age, gender, ethnicity, smoking, admission type, COPD, hypertension, tumor, diabetes melitus, renal failure, SID30, pneumonia, sepsis, aspiration, trauma/surgery, other
non-pulmonary, PaOa/FiOz, SAPSI, OASIS, SOFA, corticosteroids therapy, antibiotic therapy, vasopressor therapy, ventilation received, and renal replacement therapy.
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Time NLR, mean (SD) median (25th—75th percentile)

Survivors Non-survivors P-value

On admission 13.14 (10.66), 16.78 (13.38), <0.001
9.89 (5.97-16.40) 12.67 (6.96-22.32)

On2-3thday  11.97 (9.16), 9.08 17.39 (15.09), <0001
(6.15-15.48) 13.33 (6.87-20.74)

On4-Sthday 1252 (9.31), 9.66 18.68 (19.04), <0001
(6.86-15.70) 12.09 (8.06-20.53)

On6-7thday ~ 11.73(0.89), 9.25 2125 (22.87), <0001
(5.90-14.11) 13.56 (8.21-21.89)

p-value: as for the difference between survivors and non-survivors; Mann-Whitney test
was applied for the variables with a skewed distribution.
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Exposure Non-adjusted Adjust | Adjust Il

30-day mortality OR 95% Cl p-value OR 95% Cl p-value OR 95% Cl p-value
NLR Per 1 sd 1.03 (101,1.04) <0.0001 1.02 (1.01,1.08) 00003 1.02 (1.01,1.09) 00046
NLR tertile

T 10 (Reference) 1.0 (Reference) 1.0 (Reference)

T 1.14 (082, 1.60) 0.4378 1.07 (0.75,1.59) 06921 1.09 (0.74, 1.60) 06643
k] 192 (139, 2.65) <0.0001 174 (1.24,2.45) 00015 1.48 (1.02,2.16) 00409
In-hospital mortality OR 95% Cl p-value OR 95% Cl p-value OR 95% CI p-value
NLR Per 1 sd 1.08 (1.02,1.04) <0.0001 1.02 (1.01,1.04) <0.0001 1.02 (1.01,1.08) 0.0004
NLR tertile

T 1.0 (Reference) 1.0 (Reference) 1.0 (Reference)

T2 1.18 (085, 1.69) 0.3201 1.11 0.78,1.54) 05510 1.15 (0.80, 1.66) 04544
3 1.88 (1.38,2.58) <0.0001 171 (1.28,2.39) 00014 1.48 (1.08,2.12) 00319

OR, odds ratio; Cl, confidence interval
Adjusted I for age, gender, ethnicity, smoking, admission type.

Adjusted  for age, gender, ethnicity, smoking, admission type, COPD, hypertension, tumor, diabetes melitus, renai failure, SID30, pneumonia, sepsis, aspiation, trauma/surgery, other
non-pulmonary, PaOy/FiO5, SAPSI, OASIS, SOFA, corticosteroids therapy, antibiotic therapy, vasopressor therapy, ventilation received, and renal replacement therapy.
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Variables All patients

n 1,164
Time in ICU (days) 15.53 £ 13.13
Time in hospital (days) 22.34 + 16.68
Days free of MV at day 30 15.37 + 11.07
In-hospital mortality 336 (28.87%)
30-day mortality 305 (26.20%)

<75

383
15.13 £ 12.20
22,56 % 17.67
16.39  10.62
91 (23.45%)
82 (21.13%)

NLR

27.5, <148

388
15.81 + 12.80
22.25 + 14.94
16.54 % 10.69
103 (26.55%)
91 (23.45%)

2148

388
15.63 + 14.33
2221+ 17.34
1319+ 11.57
142 (36.60%)
132 (34.02%)

Data were mean + SD, n (%). p-values comparing groups were from Student's t-test for continuous data and chi-squared test for categorical variables.

P-value

0.757

<0.001
<0.001
<0.001
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Variables

Age (years)

Female

Ethnicity

Caucasian

Black

Hispanic

Others

Smoking, n (%)
Admission type
Emergency

Urgent

Elective

Risk factor, n (%)
Peumonia
Non-pulmonary sepsis
Aspiration
Trauma/surgery

Other non-pulmonary
Comorbidity

coPD

Tumor

Renal failure
Hypertension
Diabetes melltus
SID30

Severity scale
SAPSII

onsis

SOFA

Baseline vital data
Temperature, °C

HR, beats/min

MAP mmHg

Spo2

Pa0,/F0; at diagnosis
PEEP at diagnosis
NLR at diagnosis
Berlin classification, 1 (%)
Mid

Moderate

Severe

Treatment received
Ventilation received
Vasopressor therapy
Renal replacement therapy
Corticosteroids therapy
Antibiotic therapy

Data were mean + SD, n (%). p-values comparing groups were from Student's t-test or Mann-Whitney test for continuous data and chi-squared test for categorical variables.

Total cohort
N=1164

60.27 + 17.74
479 (40.87%)

782 (67.18%)
64 (5.50%)
30 (2.58%)

288 (24.74%)

595 (51.12%)

1021 (87.71%)
94 (8.08%)
49 (4.21%)

345 (20.64%)
549 (47.12%)
77 (6.62%)
293 (25.17%)
308 (28.18%)

61(5.24%)
78 (6.70%)
140 (12.03%)
121 (10.40%)
272 (23.37%)
851+7.58

44.36 + 16.02
38.86 +8.08
7.20 £3.65

37.12+0.79

91.40 £ 17.28
76.52 £ 9.63

96.82 +2.95
136.57 £ 64.37
833+ 1357

14.10 £ 11.54

208 (17.87%)
534 (45.88%)
422 (36.25%)

1032 (88.66%)
586 (50.34%)
74 (6.36%)
87 (7.47%)
549 (47.16%)

30-day survivor
N =859

5823+ 17.53
346 (40.28%)

606 (70.55%)
48 (5.50%)
26 (3.08%)

179 (20.84%)

452 (52.62%)

744 (86.61%)
80(9.31%)
35 (4.07%)

235 (27.36%)
390 (45.40%)
56 (6.52%)
250 (20.10%)
236 (27.47%)

43(5.01%)
39 (4.54%)
98(11.41%)
92 (10.71%)
204 (23.75%)
7784 7.40

41.89+13.79
37.92 +£7.81
6.81+£3.35

37.20+0.76
91.66 + 17.21
77.42 £9.58
97.01 £2.84
140.08 + 63.98
7.91+£396
13.14 + 10.66

162 (18.86%)
408 (47.50%)
289 (33.64%)

776 (90.34%)
426 (49.59%)
57 (6.64%)
62 (7.22%)
444 (61.69%)

30-day non-survivors

N =305

66.03 + 17.06
129 (42.30%)

176 (67.70%)
16 (5.25%)
4(131%)

109 (36.74%)

143 (46.89%)

277 (20.82%)
14 (4.59%)
14 (4.59%)

110 (36.07%)
159 (52.13%)
21 (6.89%)
43(14.10%)
92 (30.16%)

18 (5.90%)
39 (12.79%)
42 (13.77%)
29(9.51%)
68 (22.30%)
10.70 £ 7.63

51.30 + 16.16
4150 +8.25
8.30 +£4.22

36.89 +0.81
90.64 + 17.49
73.98+9.33
96.30+3.18
126.69 + 64.54
9512665
16.78 + 13.38

46 (15.08%)
126 (41.31%)
133 (43.61%)

256 (83.93%)
160 (52.46%)
17 (6.57%)
25 (8.20%)
105 (34.43%)

P-value

<0.001
0.538
<0.001

<0.001
0.033

0.004
0.043
0.825
<0.001
0.370

0.546
0.001
0.276
0555
0.606
<0.001

<0.001
<0.001
<0.001

<0.001
0.375
<0.001
<0.001
<0.001
0076
<0.001
0.007

0.002
0.390
0514
0576
<0.001

COPD, chronic obstructive pulmonary disease; SID30, elixhauser comorbidity score; MAR, mean arterial pressure; HR, heart rate; PaO/FiOy, arterial oxygen partial pressure/
fraction of inspired oxygen; SAPSII, Simplified Acute Physiology Score; OASIS, Oxford Acute Severity of lliness Score; SOFA, Sequential Organ Failure Assessment; PEER, positive

end-expiratory pressure.
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Total (n = 133) BMPR2 mut BMPR2 wt P-value®

(n=28) (n=105)
Age, years 36 (27, 61) 28(22,34) 39 (29, 63) <0.001
Female gender, n (%) 94(71) 15 (54) 79 (75) <0.001
BMI, kg/m? 22 (20, 24) 21(20,23) 22 (20, 24) 0.163
WHO FC, n (%) 0.191
Class I 45 (34) 9(32) 36/(34)
Class Il 71(53) 17 61) 54(51)
Class IV 17 (13) 2(7) 15(14)
Onset to diagnosis, months 24(7,48) 18(5,43) 248, 48) 0293
6MWD, meters® 367 (311, 439) 407 (330, 248) 360 (308, 440) 0376
BNP, pg/ml 355 (144, 515) 307 (148, 633) 391 (157, 475) 0.812
Cu/Zn-SOD, U/ml 148 (114, 213) 147 (125, 215) 142 (110, 213) 0608
Mn-SOD, U/mi 40 (34, 65) 40 (34, 80) 40 (34, 163) 0863
Ec-SOD, U/l 85(79,91) 82(77,86) 86(81,93) 0010
Hemodynamic variables
HR, bpm 84/(75,94) 86(76,92) 84/(74,98) 0.787
mMRAP, mmHg 7(5,12) 507,12 7(5,12) 0.862
mPAP, mmHg 62(51,69) 68 (57, 82) 59 (50, 66) 0003
PAWP, mmHg o@, 1) 97, 11) 9@, 11) 0959
CO, Umin 36(30,4.7) 3.4(28,4.7) 36(30,4.7) 0561
G, Umin/m? 22(18,328) 20(1.7,2.7) 1.9(16,25) 0362
PVR, Wood units 15 (10, 19) 1613, 23) 14(9,19) 0039
$/02, % 59 (54, 67) 58(55,67) 59 (54, 67) 0654
PAH-specific therapies, n (%)° 0848
Bosentan (oral) 16 (12) 4(14) 12 (11)
lloprost (inhaled) 3@ 0(0) 30
Sildenafi (oral) 59 (44) 14 (50) 45 43)
Vardenafil (oral) 30 (23) 5(18) 25 (24)
Combination therapy 15 (1) 2() 13(12)

Values are expressed as medians (interquartile range), except for female gender and WHO functional class, which are numbers of patients (%)

aComparison between groups with BMPR2 mut and BMPR2 ur.

bEMWD could be successfully measured in 124 patients.

<Seven patients (5%) were enrolled in PATENT-1 (Riociguat) study.

BMI, body mass index; BMPR 2, bone morphogenstic protein receptor type 2; BNP, brain natriuretic peptide; Cl, cardiac index; CO, cardiac output; Cu/Zn-SOD, copper-zinc superoxide
dismutase; Ec-SOD, extracellular form of Cu/Zn superoxide dismutase; HR, heart rate; Mn-SOD, manganese superoxide dismutase; mPAR, mean pulmonary arterial pressure; mRAR,
mean right atrial pressure; mut, mutation; 6MWD, 6-min waking distance; PAWR, pulmonary artery wedge pressure; PVR, pulmonary vascular resistance; SvO2, mixed venous oxygen
saturation; WHO FC, World Health Organization functional class; wt, wild-type.
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Age, years
Female gender, n (%)
BMI, kg/m?
BMPR2 mutation
WHO FG, n (%)
Class I
Class Il
Class IV

Onset to diagnosis,
months

6MWD, meters®
BNP, pg/ml
Cu/Zn-SOD, U/ml
Mn-SOD, U/ml
Hemodynamic variables
HR, bpm
mRAP, mmHg
mPAP, mmHg
PAWP, mmHg
€O, Umin
Cl, Umin/m?
PVR, Wood units
Sv02, %

Ec-SOD <83
U/L (0 = 59)

31(25,48)
45 (76)
22 (19, 28)
17 (29)

14 (24)
35 (59)
10(17)

18(6,33)

360 (276, 415)

387 (158, 529)

146 (110, 213)
46 (34,90)

82 (73,94)
8(5,13)
63 (54, 77)
9(6,11)
35(30,4.5)
23(1.8,28)
16 (12, 22)
58 (53, 62)

Ec-SOD > 83
UL (0 =T74)

39 (29, 52)
49 (66)
22(21,24)
11(15)

31(42)
36 (49)
70
34(7,60)

390 (329, 452)

319 (147, 488)

148 (120, 213)
39(29,52)

86(76,97)
76,11)
59(50, 67)
9(7,12)
36(2.9,50)
22(18,28)
149, 17)
61(54,68)

P-value®

0.022
< 0.001
0.500
0.521
< 0.001

0.033

0.008
0.8567
0911
0.082

0.409
0.631
0.048
0.453
0.410
0.792
0.040
0.192

Values are expressed as medians (interquartie range), except for female gender and WHO

functional class, which are numbers of patients (%).
2Comparison between groups with Ec-SOD < 83 U/L and Ec-SOD > 83 U/L.

PEMWD could be successfully measured in 124 patients.
BMI, body mass index; BMPR 2, bone morphogenetic protein receptor type 2; BNP.
brain natriuretic peptide; Cl, cardiac index; CO, cardiac output; Cu/Zn-SOD, copper-
zinc superoxide dismutase; Ec-SOD, extracelular form of Cu/Zn superoxide dismutase;
HR, heart rate; Mn-SOD, manganese superoxide dismutase; mPAR, mean pulmonary
arterial pressure; mRAR, mean right atrial pressure; 6MWD, 6-min walking distance; PAWR,
pulmonary artery wedge pressure; PVR, pulmonary vascular resistance; SvO,, mixed
venous oxygen saturation; WHO FC, World Health Organization functional class.
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Patients  Gender
enrolled  (M/F)
)

£ ™

1B
1 M
-2 1F

™
1 M
1 F
1 M
1 M
1 F
1 M
1 M
1 M
1 M
1 M
1 M

Age

27
61

56

41
50

46

65

62

59

79

60

a1

48

65

65

72

Type of treatment
(surgery and/or
medical treatment)

Diagnostic surgery +
chemotherapy and
radiotherapy

2. Surgery +
chemotherapy

Chemotherapy

Surgery + chemotherapy
2. Surgery +
chemotherapy

Diagnostic surgery +

chemotherapy

Diagnostic surgery

Surgery

Surgery

Surgery + chemotherapy

Surgery

Surgery

Surgery + chemotherapy

Surgery + chemotherapy

Diagnostic surgery

Surgery for age

Type of resection

Surgical left lung biopsies.
2. Left lower lobectomy

Not resectable for
advanced disease.

Wedge resection middle
lobe

2. Left lower lobectomy
and lingula
segmentectomy

Right surgical biospy

Lung surgical biopsy

Right upper lobectomy

Right pneumonectomy
Wedge resection Left
lower lobe

Left upper lobectomy

Wedge resection left
upper lobe

Left pneumonectomy

Wedge resection Right
upper lobe

Lung biopsy

Left lower lobectomy

Type of treatment

First line (epirubicin and
ifostamide +
radiotherapy); second line
(docstaxel plus
gemoitabine) and then
only gemditabine

2. Four cycles
gemditabine

Adriamicin, Il line
ifosfamide

Sorafenib
2. Four cycles Docetaxel
+ cisplatin

Adriamicin + ifosfamide

Gemcitabin and
Docetaxel

Immunohistochemistry (IHC)
markers

CD31 +
CD 34 +

AE1/AES +

CD31 +

EMA +

Vimentin + + +

CD34 +++

(CEA, TTF-1, calretinin,
trombomoduiin, $100, HMB45,
melan-A, Bel-2, actin, desmin,
c1179)

CD31 +

CD34+

Factor VIl +

(OK, EMA, SMA, HMB-45, desrmin,
$100, ALK-)

Vimentin +

CD31 +

(EMA, CEA, S-100,
pancytocheratin, cheratin, Leu-M,
C©D34, Factor VI, desrmin, NSE-)
CD31 +

CD34 +

(AE1/AES, calreinin-)

CD31 +

CD34 +

Factor VIl +

CAMS5.2 +

Factor VIll +

Vimentin +

(chetarin, desmin, EMA-)
Factor VIll +

Vimentin +

CD34 +

ERG +

CD31 +

(CD34, TTF-1-)

Vimentin +

CD34 +

CD31 +

(CK7, CKS, CK20, CK8, S-100,
AE1/AES, TTF-1, Napsin-A,
HMB-45, sinaptofisin, CD68, EMA,
LCA, actin, desmin-)

ERG +

CD31 +

Factor VIll +

L +

P53 +

(CDB34, G2-40, CK7, CK20, EMA,
TTF-1, HMB-45, CD10)
CD31 +++

Vimentin + + +

AE1/AES +
Pancytocheratin +

OK7 +

EMA +

(CAMS5.2,

CK5/6, p63, S-100, desmin, SMA,
Factor VIll, TTF-1, napsin-A,
©D34, D2-40, CD21-)
CD31 +

Factor VIll +

CD34 +

CAMS.2 +

CD34 +

CD31 +

L+

Vimentin +

Review of the literature on the surgical and medical approaches in the past and at the present time. The table shows also the markers used in each study to highlight the diagnosis.
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Moderate (1= 46) ~ Severe/critical (1 =22) ~P-values

Age (years) 54.85+15.78 66.95  11.00 0.001
Sex 0.115
Female % 22(47.83) 15 (68.18)

Male % 24 (52.17) 7(31.82)

Smoker % 15 (32.61) 7(31.82) 0.948
Comorbidities % 25 (54.35) 10 (45.45) 0.669
Diabetes melitus 10 (21.74) 3(13.64) 0.642
Cardiovascular 4(8.70) 5(2273) 0.224
disease

coPD 0(0.00) 2(9.10) 0.191
Hypertension 18 (39.13) 9(40.91) 0.889
White blood cell 5.31:+245 7494294 0.008
count (x109/L)

Lymphocyte 1.2840.58 1.47 £0.60 0.466
count (x 10%/)

Neutrophil count 354£227 5.80+£3.12 0012
(x10°1)

Monocyte count 0.39+0.17 0.53:£027 0.031
(x10°1)

CRP (mg/L) 27.53 439,57 35.96+37.14 0.424
Ferritin (ng/mi) 35356 + 295.24 578.94 + 583.51 0.039
AFP (ng/mi) 2,964 145 3.08 £ 251 0.895
CEA (ng/mi) 3044197 5.35:+£258 <0001
IL-6 (pg/m) 23.83 + 44.05 10.72+5.93 0.333
CT scores 12,57 £6.51 17.38 £ 553 0.002

COPD, chronic obstructive pulmonary disease. Continuous variables are showed as
mean + SD.
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Valuable

Age
White blood cel count
Neutrophil count
Monocyte count
Ferritin

CEA

Constant

P-value

0.039
0.833
0.729
0.465
0.116
0.006
0.007

OR

0.858
1.246
0.708
0.082
0.997
0.488

95% Cl

0.742-0.993
0.161-9.662
0.100-5.005
0.000-31.614
0.994-1.001

0.294-0.808
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Age (years)

Sex

Female %

Male %

Smoker %

Comorbidties %

Diabetes melitus
Cardiovascular disease

copD

Hypertension

Length of stay (days)

White blood cell count (x 10°/L)
Lymphocyte count (x10%/L)
Neutrophil count (x 10°/L)
Monocyte count (x 10L)
C-reactive protein (mg/L)
Ferritin (ng/mi)

Alpha fetoprotein (ng/m)
Carcinoembryonic antigen (ng/mi)
Interleukin 6 (pg/mi)

Total (1 = 114)

61.74 £ 13.67

53 (46.50)
61(53.50)
45 (39.47)
65 (57.02)
27 (23.68)
12(10.59)

5(4.39)
50(43.86)
19.56 + 16.91
7.90 £ 580
1154057
622598
042020
4458 +54.27
792.78 + 684.73
248+ 164
823 10,64
22.30 + 89.50

Death group (n = 46)

65.93 + 8.49

15 (32.61)

31(67.39)

23 (50.00)

30 (65.22)

14 (30.43)
3(652)
36.52)

23(50.00)

11.48 £ 8.79
14.21£8.18
0.7 £035
13.04 £ 851
044 %023
122.96 + 62.13
1315.06 + 653.17
1754085
14,80 + 14.20
41.95 4 40.11

COPD, chronic obstructive pulmonary disease. Continuous variables are showed as mean + SD.

Discharged group (n = 68)

68.60 + 16.47

38(55.88)
30 (44.12)
22(32.36)
35(51.47)
13(19.12)
9(13.24)

22.94)
27(39.71)
2528 +17.34
587 £2.70
1.25 +£0.59
409266
041£0.19
28.44 +38.48
423,81 £ 423.79
298+ 184
380+243
20.10 + 30,66

P-values

0.002
0.015

0.059
0.146
0.163
0.252
0.360
0.277
<0.001
<0.001
<0.001
0.001
0.766
<0.001
<0.001
<0.001
<0.001
0.381
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Variable

Demographic factors

Inflammatory factors

Tumor markers

Model evaluation

Variables in the model are showed as OR (95% Cl).

Age

Sex

Smoker

CRP

Feritin

CEA

AFP
Nagelkerke R?
AUC

1.072 (1.000-1.149)
0.178 (0.029-1.113)
0.777 (0.146-4.125)
1.023 (1.012-1.034)

1.311 (1.096-1.568)

0.724
0.936

2

1.062 (1.007-1.121)
0.255 (0.048-1.347)
0358 (0.070-1.838)
1.024 (1.018-1.034)

0.489 (0.272-0.879)
0.620
0814

Model

3

1.104 (1.025-1.188)
0.128 (0.018-0.918)
0522 (0.088-3.100)
1.002 (1.001-1.003)
1.817 (1.099-1.579)
0.729
0940

4

1.057 (1.002-1.115)
0.249 (0.048-1.284)
0.335 (0.066-1.706)

1.003 (1.002-1.004)

0.503 (0.281-0.899)
0.665
0.924
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