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Background: Capillary ultrastructure in human skeletal muscles is dynamic and prone to alterations in response to many stimuli, e.g., systemic pathologies such as diabetes mellitus and arterial hypertension. Using transmission electron microscopy (TEM) images, several studies have been conducted to quantify the capillary ultrastructure by means of morphometry. Deep learning techniques like convolutional neural networks (CNNs) are utilized to extract data-driven characteristics and to recognize patterns. Hence, the aim of this study was to train a CNN to identify morphometric patterns that differ between capillaries in muscle biopsies of healthy participants and patients with systemic pathologies for the purpose of hypothesis generation.Methods: In this retrospective study we used 1810 electron micrographs from human skeletal muscle capillaries derived from 70 study participants which were classified as “healthy” controls or “patients“ in dependence of the absence or presence of a documented history of diabetes mellitus, arterial hypertension or peripheral arterial disease. Using these micrographs, a pre-trained open-access CNN (ResNet101) was trained to discriminate between micrographs of capillaries of the two groups. The CNN with the highest diagnostic accuracies during training were subsequently compared with manual quantitative analysis of the capillary ultrastructure to distinguish between “healthy” controls and patients.Results: Using classification into controls or patients as allocation reference, receiver-operating-characteristics (ROC)-analysis of manually obtained BM thickness showed the best diagnostic accuracy of all morphometric indicators (area under the ROC-curve (AUC): 0.657 ± 0.050). The best performing CNN demonstrated a diagnostic accuracy of 79% (sensitivity 93%, specificity 92%). DeLong-Test of the ROC-curves showed a significant difference (p < 0.001) between the AUC of the best performing CNN and the BM thickness. The underlying morphology responsible for the network prediction focuses mainly on debridement of pericytes.Conclusion: The hypothesis-generating approach using pretrained CNN distinguishes between capillaries depicted on electron micrographs of “healthy” controls and participants with a systemic pathology more accurately than by commonly used morphometric analysis.[image: Graphical Abstract]Keywords: capillaries, skeletal muscle, transmission electron microscopy, convolutional neural networks, deep learning
INTRODUCTION
Capillaries are the sections of the vascular system with the most narrow diameter (Tuma et al., 2011). They branch from arterioles to meander through the tissues and then drain into collecting venules and ensuing veins. According to the law of Hagen-Poisseuille, which states that the blood flow velocity is proportional to the fourth power of the vessel radius, this transition from the arterioles into the capillary network is accompanied by a significant reduction in the velocity of the blood flow. Of note, as the transition into smaller vessels results in a significant increase in the overall diameter of the arterial vascular system, the total blood flow remains constant, i.e., the cardiac output. The reduction of the blood flow velocity in the capillary system ensures that the red blood cells release ample oxygen amounts to supply the surrounding tissues during their microcirculation passage and, in addition, facilitates the essentially balanced exchange of energy substrates and metabolic end products between the vascular system and the tissue.
As most clearly visualized using transmission electron microscopy (TEM), capillaries are of simple structure. Endothelial cells (ECs) close together as the vessel wall in such a way that a capillary lumen is formed. The abluminal surface of the ECs is covered by a continuous basement membrane (BM) mainly consisting of collagen type IV and other extracellular matrix (ECM) components such as laminin, heparan-sulphate proteoglycans (HSPGs) and nidogen/entactin (Kalluri, 2003). Pericytes (PC) are embedded in this BM and wrap their protrusions abluminally around the ECs. These contractile cells may influence the capillary blood flow in many tissues and communicate with the underlying ECs to influence the functional integrity of the capillaries (Armulik et al., 2011; Yamazaki and Mukouyama, 2018).
The capillary phenotype is dynamic. Inflation of the ECs volume during ischemia highlights the structural versatility of capillaries (Egginton and Hudlická, 1999). Furthermore, the thickness of the peri-capillary BM in human skeletal muscles increases in common cardiovascular diseases such as peripheral arterial disease (PAD), diabetes mellitus or arterial hypertension (Baum et al., 2020), but decreases in response to physical activity (Williamson et al., 1996). Strikingly, the BM thickening is accompanied by significant changes in the pathophysiology of the capillaries (Baum and Bigler, 2016).
Sophisticated methodological approaches have been developed in recent years that significantly improved the ultrastructural analysis by means of TEM been applied for more than 50 years. However and despite some simplifications (e.g., tablet-based image analysis (TBIA) (Bigler et al., 2016)), the quantitative evaluation of the images is still largely manually performed, posing a challenge for the morphometric processing of large amounts of data. In addition, the morphometry rules stipulate that the morphological features to be assessed are defined in advance, which means that changes in the capillary structure related to the pathophysiology could remain undetected during the analysis due to a selection bias. In contrast, deep learning methods such as convolutional neural networks (CNN) are not affected by this selection bias. Instead, the algorithm tries to find patterns in data sets to solve a pre-defined task without observer guidance (LeCun et al., 2015; Goodfellow et al., 2016).
We hypothesized that a deep learning-based approach with transfer learning of open-available, pre-trained CNN allows the identification of morphometric patterns that differ between capillaries in muscle biopsies of healthy participants and patients with systemic pathologies for the purpose of hypothesis generation. Thus, the aim of the study was to train a CNN and subsequently visualize its activation patterns to demonstrate the triggering morphology for the network prediction. In a second step, we compared the results obtained applying the deep learning-based approach with data based on classic morphometry (i.e., the conventional method).
METHODS
Study participants and muscle biopsies
For this retrospective study electron micrographs of capillaries were used, that were taken by transmission electron microscopy on biopsies of the vastus lateralis muscle (VL). The biopsies were derived from human participants of five studies conducted at the Department of Anatomy, University of Bern (Rosler et al., 1986; Suter et al., 1995), the University of Copenhagen (Nyberg et al., 2012; Winding et al., 2018), or the University of the sunshine Coast, Australia (Walker et al., 2016). Written informed consent was obtained in each case prior to the study beginning. In all investigations, the criteria and ethical guidelines for treatment of human participants conform to the principles outlined in the Declaration of Helsinki were fulfilled. Each study protocol was approved by the local ethics committee responsible for supervision at the time of study execution, as described earlier (Rosler et al., 1986; Suter et al., 1995; Nyberg et al., 2012; Hoier et al., 2013; Walker et al., 2016; Winding et al., 2018).
The VL muscle biopsies were taken by authorized medical practitioners using Bergstroem needles after local subcutaneous analgesia and immediately fixed in 6.25% (v/v) glutaraldehyde buffered with 0.1 M sodium cacodylate–HCl (pH 7.4) to be stored at 4°C until analysis. Ultrathin sections of the muscle biopsies were prepared and subjected to TEM analysis to record electron micrographs, as previously described in detail (Baum et al., 2020).
For this analysis, participants were classified as “healthy” controls or ‘patients’ in dependence of the absence or presence of a documented history of diabetes mellitus, PAD or arterial hypertension. Application of these criteria resulted in 42 controls and 28 patients, providing a total of 1810 electron micrographs of capillary profiles. In the patient group, 9 patients had a documented history of arterial hypertension, 10 patients had diabetes mellitus and 9 patients had clinically relevant PAD.
Capillary morphometry
Study parameters were adopted from the original studies, i.e., lumen radius (in nm), thickness of the endothelial cell (in nm), thickness of the BM (in nm) as well as capillary radius (in nm). Furthermore, all study parameters including pericyte cells were calculated as fraction of the capillary area (in %) (Baum and Bigler, 2016).
General principle of the applied deep-learning based method
The construction and training of a complex CNN architecture requires a large dataset and training over a considerable period of time, even for the establishment of general pattern recognition. To streamline this process, we employed openly accessible pre-trained CNN models that were trained using an extensive dataset from the ImageNet Large Scale Visual Recognition Challenge (Deng, 2009; ILSVRC; http://www.image-net.org/challenges/LSVRC/). Consequently, this approach enables the utilization of a complex network architecture even with a limited dataset. However, a drawback of this method is the pre-defined input layer, which requires data adjustments such as resizing to match the selected networks. In a next step, the output layers of these pretrained CNN are replaced to fit the new task. After the training phase during which the CNN learns to perform the new task, its performance is evaluated using a new dataset. Subsequently, in the final step, the CNNs exhibiting the highest performance are subjected to additional analysis in order to visualize the specific regions within the images that contribute to the CNN’s decision-making process (i.e., the trigger morphology).
Computational hardware
Network training was simultaneously performed on two computers (Intel® Core™ i7-7700 CPU@3.60GHz, 8GB RAM respectively Intel® Core™ i7-8550U CPU@1.80GHz, 8GB RAM) using customized software (written in Matlab R2019b and R2020a).
Randomization, image allocation and preparation
Initially, randomization on participant level intro training, validation and examination data (75% respectively 25% (validation + examination) as recommended by Goodfellow et al. (Goodfellow et al., 2016)) was performed using a random number vector to avoid overfitting of single participants, resulting in 52 participants in the training group, 13 in the validation group and five in the examination group. Electron micrographs (Figure 1 upper panel) were then plotted in Matlab, saved as jpg-images with predefined image size (224 × 224 × 3 pixels, Figure 1 lower panel) and stored in group-specific folders (880 control and 930 pathologic images).
[image: Figure 1]FIGURE 1 | Input data for the neural networks. Upper panels (A, B): Original transmission electron microscopy images of the human skeletal muscle capillaries. (A) capillary of a healthy participant, (B) capillary of a patient with diabetes mellitus. Lower panels (C,D): Input images for the convolutional neuronal networks after required adjustment of the dimension. Please note the loss of resolution. The scale was not available for the networks and later added for better visualization. RBC = red blood cell PC = pericytes, EC = endothelial cell, BM = basement membrane.
Prior to each training iteration, all training images were randomly shuffled and processed by adding data noise to prevent overfitting (Goodfellow et al., 2016; Trask, 2020). Therefore, the images were randomly rotated in a range between ±45° and translocated ±10 pixels in each direction.
Selection and preparation of the pretrained convolutional neural networks
For this study, we applied ResNet101, a 101 convolutional layer deep CNN developed by He et al. (He et al., 2015). ResNet101 uses a special residual learning framework allowing the training of a deeper and thus more accurate network compared to other network architectures (i.e., GoogLeNet (Szegedy et al., 2014)) in terms of diagnostic accuracy.
To prepare for the transfer learning process, the last three layers of the networks responsible for the network prediction had to be replaced for the new task, i.e., classification of electron micrographs into either the control or the pathologic group. In addition, a dropout layer was added to prevent the network from overfitting (Srivastava et al., 2014). The remaining layers accounting for pattern recognition and feature extraction were not changed. General learning rate was chosen low while the new layers received a learning rate weight factor of 10 (i.e., 10-fold the normal learning rate) to improve and accelerate their training process.
Training of the neural networks
Hyperparameter optimization of the transfer learning process was performed for three parameters, i.e., learning rate, dropout probability and minibatch size, using Bayesian optimization technique (Bengio, 2000) and the adaptive moment estimation learning rate algorithm, ADAM (Diederik and Ba, 2014)). Validation of the network performance was performed every ten iterations. Further, a preliminary termination term was added to the algorithm, which terminated the training process when the validation and the training performances diverged twenty times in a row.
Network performance analysis
Networks performing above the arbitrary threshold of 60% classification accuracy (i.e (true positive + true negative)/(true positive + true negative + false positive + false negative)) on the validation data during the training process were stored for in-depth evaluation with determination of diagnostic accuracy on each subset (i.e., the validation data and the examination data) as well as the combined data sets. Based on the results of this evaluation, the best three networks were further evaluated with class activation mapping (CAM) (Zhou et al., 2015; Selvaraju et al., 2017), i.e., parametric visualization of their activation patterns to find the morphology responsible for the network prediction using ten characteristic electron micrographs (Supplementary Figure S2). When multiple networks showed similar performance, the network with the smallest discrepancy between validation and examination data was selected.
Statistical analysis
Two study groups (“healthy” and “patients” based on the above mentioned classification in controls or patients in dependence of the absence or presence of a documented history of diabetes mellitus, PAD or arterial hypertension were formed. Between-group comparison of continuous study parameters was performed by an unpaired Student’s t-test. Network performance was analyzed by determination of classification accuracy (i.e., correct classified images/all images) using a 4-field matrix and calculation of sensitivity, specificity and F1-score (harmonic mean of sensitivity and positive predictive value). Nonparametric receiver operating characteristics (ROC) analysis was performed for accuracy assessment of differentiating between electron micrographs of controls or patients by manually obtained study parameters (continuous) and the CNN prediction (dichotomous). Comparison of the area under the ROC curves was performed using the DeLong-Test.
Statistical significance was defined at a p-level of <0.05. Continuous variables are given as mean ± standard deviation. All analyses were performed using SPSS version 25 (IBM Statistics, Armonk, New York) or MedCalc for Windows, version 19.1 (MedCalc Software, Ostend, Belgium).
RESULTS
1810 electron micrographs from 70 participants were included in the study, among these 880 micrographs were derived from muscle biopsies of 42 healthy control subjects and 930 from those of 28 patients. 1,347 were used for the training and 463 electron micrographs for the performance evaluation of the CNN (Table 1). Most of the participants were male (69%) with a mean age of 49.2 years (range 23–75 years). Of note, participants included in the patient group were significantly older than participants in the control group (57.6 years versus 43.9 years, p < 0.001).
TABLE 1 | Study parameters.
[image: Table 1]Descriptive statistics
Descriptive statistics of the study parameters grouped according to the classification “healthy” and “patients” are presented in Table 1; Figure 2 (respectively Supplementary Table S1; Supplementary Figure S1 for the fraction values). Overall, endothelial cell thickness and BM thickness were significantly different between the groups in each data set.
[image: Figure 2]FIGURE 2 | Histograms representing the frequency distribution of the study parameters grouped by the absence or presence of systemic pathologies. The morphometric values for the capillary structure of 880 electron micrographs from control participants (blue bars) and 930 electron micrographs from patients (red bars) were taken from the original studies listed in Materials/Methods. They were determined using tablet-based image analysis and represent mean ± standard deviation.
Receiver-operating characteristic curves
Complete data
Using classification into controls or patients as allocation reference, receiver-operating-characteristics (ROC) analysis of the lumen radius showed an area under the ROC-curve of 0.592 ± 0.027 (p < 0.001; Figure 3). AUC for endothelial thickness was 0.588 ± 0.027 (p < 0.001), for BM thickness 0.743 ± 0.023 (p < 0.001) and for the capillary radius 0.511 ± 0.027 (p = 0.419).
[image: Figure 3]FIGURE 3 | Nonparametric receiver-operating characteristic curve of the study parameters using the complete data set. Of note, all parameters but capillary radius were higher in samples of pathologies. As consequence, the data set for capillary radius is below the reference line (dashed black line).
DeLong-Test of the ROC-curves showed a significant difference of AUC for BM thickness in comparison to all other parameters (p ≤ 0.0001). There was no significant difference between the AUCs of the lumen radius and endothelial thickness (p = 0.844), but a significant difference of these parameters and capillary radius (p = 0.013 respectively p ≤ 0.001).
Validation and examination data
Using classification into controls or patients as allocation reference, ROC analysis of the lumen radius showed an area under the ROC-curve of 0.580 ± 0.054 (p = 0.004). AUC for endothelial thickness was 0.574 ± 0.055 (p = 0.009), for BM thickness 0.657 ± 0.050 (p < 0.001) and for the capillary radius 0.532 ± 0.053 (p = 0.235).
Regarding the optimum cut-off of the study parameters, a lumen radius of 1,332 nm distinguished best between control and patient, sensitivity 36%, specificity 80%. The best cut-off point for endothelial thickness was 368 nm (sensitivity 58%, specificity 88%), for BM-thickness 314 nm (sensitivity 32%, specificity 91%) and for capillary radius 2,182 nm (sensitivity 36%, specificity 80%). Of note, lumen and capillary radius decreased with presence of pathologies. Thus, the optimum cut-off points for these parameters were inversely set (i.e., pathologic below 1332nm respectively 2,182 nm). Using these thresholds obtained in the validation and examination data, diagnostic accuracy was calculated to allow a comparison with the CNN (Table 2). Of note, due to missing data for all but BM data, different (lower) diagnostic accuracies are shown than presented in the ROC analysis. Further, absolute numbers of the study parameters are dependent on biopsy fixation and storage and are not generally representative.
TABLE 2 | Prediction and performance of the study parameters and the networks.
[image: Table 2]Study parameter and network performance
Prediction of the study parameters and the three best performing networks including their accuracy, sensitivity and specificity are presented in Table 2. Using participant allocation as reference for the ROC analysis, the three best-performing networks showed a diagnostic accuracy of 79% (RN1: sensitivity 93%, specificity 92%, AUC 0.779 ± 0.023), 77% (RN2: sensitivity 88%, specificity 96, AUC 0.745 + 0.024) and 75% (RN5: sensitivity 89%, specificity 95%, AUC 0.725 + 0.025; Figure 4). By visualization of the activation patterns on ten characteristic electron micrographs, it could be shown that the underlying morphology responsible for the network prediction focuses primarily on debridement of pericytes and to a lesser extent on the structure of the endothelium. These network activation patterns are depicted in Figure 5, and in detail in Supplementary Figure S2.
[image: Figure 4]FIGURE 4 | Nonparametric receiver-operating characteristic curve of the basement membrane thickness and the network predictions using the validation and examination data. Of note, network prediction provides a dichotomous output (“healthy control” respectively “patient”), resulting in a triangular ROC-curve. Hence, there is only one combination of sensitivity and specificity possible for each CNN. Dashed black line = reference line.
[image: Figure 5]FIGURE 5 | Visualization of network activation patterns of the best performing CNN (A) Capillary of a healthy participant, (B) capillary of a patient. Red regions contributed most to the network class prediction. Hence, the electron micrograph of the patient was recognized by the debridement of the pericyte (lower red region) and the thickness of the endothelium cell (upper red region). Of note, the scale was later added for better visualization.
Comparison of study parameter and network performance
Based on the performance of the different morphologic parameters as well as missing data for lumen radius, endothelial thickness and capillary radius, only a comparison with BM thickness was performed.
DeLong-Test of the ROC-curves (Figure 4) showed significant difference of AUCs between BM thickness and the three networks (RN1: p < 0.001; RN2: p = 0.002; RN5: p = 0.015). Further, there was a significant difference between the AUCs of RN1 and RN5 (p = 0.003).
DISCUSSION
In the present project, we used a deep learning-based approach with transfer learning of open-available pre-trained CNN to identify morphometric patterns that differ between capillaries in skeletal muscle biopsies of healthy participants and patients with systemic pathologies. Our most relevant findings were: 1. Electron micrographs of skeletal muscle capillaries from healthy controls and participants with a systemic pathology are more accurately distinguishable by CNN than by commonly used morphometric analysis. 2. The underlying morphology responsible for the network prediction focuses primarily on debridement of pericytes and to a lesser extent on the structure of the endothelium.
Classification of electron micrographs by established morphometric parameters
Ever since the initial observation that certain pathologies are associated with morphological changes of the peri-capillary BM in skeletal muscles, there have been fundamental discussions regarding the methodology for the quantitative determination of this entity. Originally, the scientific debate was driven by methodological approaches developed by two research groups. Siperstein et al. (Siperstein et al., 1968) determined the capillary basement membrane thickness (CBMT) by calculation the mean of 20 measurements of the distances between the abluminal EC surface and the endomysium that do not intersect a PC profile (”20-line measurement”). On the other hand, Williamson et al. (Williamson et al., 1969) preferred the measurement of the CBMT at the two sites of the capillary profile where the BM appeared smallest (“two-minimum-point technique”). However, both morphometric methods are characterized by a time-intensive nature and exhibit specific technical limitations as previously discussed (Baum and Bigler, 2016). Therefore, given the technological advancements, a novel tablet-based image analysis (TBIA) methodology was developed to facilitate the precise quantitative assessment of CBMT (Bigler et al., 2016). Application of this approach allowed not only accurate and reproducible analysis of the CBMT, but also the assessment of numerous other structural indicators simultaneously during the same analysis. As a result, our study group could not only confirm the direct correlation between hypertension, diabetes mellitus, PAD or age with CBMT (Bigler et al., 2016), but also corroborate the favorable impact of physical exercise on CBMT with a partial reduction (Baum and Bigler, 2016).
Application of deep-learning on morphometric data/electron micrographs
An increasing number of research groups have applied deep-learning based methodologies in basic science. There, its application has spanned a wide spectrum, encompassing the identification of gold nanoparticles in TEM images of tumor cells (Kaphle et al., 2023), deep-learning assisted segmentation of atomic structures (Sadre et al., 2021), and translational research involving the correlation of deep learning-based kidney histomorphometry with patient data (Ginley et al., 2023). The wide array of applications underscores the versatility of this approach. However, to the best of our knowledge, this study presents the first application of a pretrained CNN-approach on TEM-images of the capillary ultrastructure in human skeletal muscles.
Comparison of CNN and established morphometric parameters
The primary finding of this study is that transfer learning of a pretrained CNN is accurate for allocating electron micrographs of human skeletal muscle capillaries to healthy controls or participants with a systemic pathology. Noteworthy, its diagnostic accuracy for this allocation is higher than the methods previously used and established morphometric indicators for the evaluation of capillary ultrastructure. Using parametric visualization of the activation patterns, we could demonstrate that CNN focuses on distinctive features of the capillary ultrastructure, in particular debridement of pericytes.
Our findings are in agreement with the current hypothesis on the etiology of capillary BM thickening according to Tilton et al. (Tilton et al., 1981) and Vracko et al. (Vracko and Benditt, 1970). Based on their observation of widespread cellular debris within the thickened BM, they independently proposed a disturbed and incomplete turnover of cells associated with the capillaries including apoptosis and replacement of the degenerated cells by new pericyte precursor cells, which then differentiate and generate a new BM layer. Consequently, the inadequately regulated turnover of PCs results in an accumulation of BM material during each cycle. Of note, this hypothesis would provide an explanation for the frequently observed lamellar structure of the BM in capillary profiles of diabetic patients (Baum and Bigler, 2016), akin to growth rings of trees.
Despite this established hypothesis, a comprehensive quantitative assessment of cellular debris and its correlation with BM thickness have yet to be conducted. Hence and in light of the recent reaffirmation of this pathophysiological explanation by the present study, further quantitative analysis with focus on this phenomenon are required.
LIMITATIONS
The present study has several limitations. First, the categorization of the study participants into the distinct groups “healthy” and “patients” introduced heterogeneity into the data. Based on this dichotomy with its potential complexities, it is conceivable that there exists the potential for undetected arterial hypertension or incipient diabetes in the former group with already initiated microvascular changes. Conversely, pathological cases exhibiting optimal medical management may result in minimal pathophysiological alternations. In summary, variability could lead to a considerable degree of overlap between the groups. Nevertheless, due to the retrospective nature of the study design, the adjustment for these factors was not feasible.
Second, age was the only variable not accounted for by the study design excluding relevant co-morbidities during enrollment in the original studies. However, in a preliminary study by our research team, we could demonstrate that most markers of capillary ultrastructure exhibit only non-significant changes (p > 0.05) with age, except for the basement membrane thickness. This exception was attributed rather to an increase in age-related comorbidities (such as hypertension and diabetes), than to the aging process itself (Bigler et al., 2016).
Third, the utilization of transfer learning of a pretrained CNN facilitated the implementation of networks with a high capacity for small data. However, this advantage came at the cost of predefined inputs. In the presented study, this constraint led to a notable reduction in input dimensions and consequently, image resolution. As a result, it is conceivable that nuanced morphological patterns may have escaped detection by the network.
Fourth, the applied strategy with transfer-learning of a pretrained CNN without further adjustments to the output is insufficient for the development of a diagnostic model. Therefore, analysis of the probabilities rather than the binary output, inclusion of the morphometric features as covariates as well as cross-validation would be required to gain prediction stability. Nonetheless, given that the aim of our study is to generate hypotheses that necessitate subsequent validation, the study design offers significant benefits in terms of its simplicity and ease of application.
Last, application of CNN results in a “complicated interconnected hierarchical representations of the training data to produce its predictions” (Lundervold and Lundervold, 2019). Thus, interpretation of these predictions remains intricate, even with the assistance of class activation maps, which provide insight into the general distinction procedure. In this study, the CNN exhibited an astonishing diagnostic accuracy, surpassing that of conventional morphometric parameters. Notwithstanding these results, the depicted activation maps demonstrated a diffuse activation pattern leading to indistinct predictions, which complicates the interpretation even further. However, the CNN’s performance remained consistent across various datasets and, importantly, the results substantiate a biologically plausible underlying pathophysiological mechanism.
IMPLICATIONS
In this study, the morphometric patterns employed by the CNN for distinguishing between TEM images of capillaries in muscle biopsies from healthy participants and patients with systemic pathologies were innovative, yet rooted in a plausible pathophysiological mechanism. This underscores the feasibility of a hypothesis-generating process using transfer learning of pretrained CNN on a small data set employing single CPU computers. Of note, this approach does not replace the conventional scientific method and further studies, i.e., the quantitative analysis of pericyte debridements across different pathologies, are required to validate the presented findings. However, the study highlights the feasibility of the proposed approach, making it applicable to a diverse range of scientific problems.
CONCLUSION
The presented hypothesis-generating approach using pretrained CNN distinguishes electron micrographs of healthy controls and participants with a systemic pathology more accurately than established morphometric analysis. Of note, in addressing this task, the CNN primarily concentrates on debridements of pericytes and thus, a biological plausible mechanism. Hence, demonstrating the feasibility of the hypothesis-generating approach in pretrained CNN on a small data set. However, further quantitative and prospective analyses are required to validate these findings.
DATA AVAILABILITY STATEMENT
The raw data supporting the conclusion of this article will be made available by the authors, without undue reservation.
ETHICS STATEMENT
This retrospective study used data (TEM images of biopsies) from studies involving humans. The biopsies were derived from human participants of five studies conducted at the Department of Anatomy, University of Bern (Rosler et al., 1986; Suter et al., 1995), the University of Copenhagen (Nyberg et al., 2012; Winding et al., 2018), or the University of the sunshine Coast, Australia (Walker et al., 2016). Written informed consent was obtained in each case prior to the study beginning. In all investigations, the criteria and ethical guidelines for treatment of human participants conform to the principles outlined in the Declaration of Helsinki were fulfilled. Each study protocol was approved by the local ethics committee responsible for supervision at the time of study execution, as described earlier (Rosler et al., 1986; Suter et al., 1995; Nyberg et al., 2012; Hoier et al., 2013; Walker et al., 2016; Winding et al., 2018).
AUTHOR CONTRIBUTIONS
MB: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Validation, Visualization, Writing–original draft, Writing–review and editing. OB: Data curation, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Visualization, Writing–original draft, Writing–review and editing.
FUNDING
The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2024.1363384/abstract#supplementary-material
REFERENCES
 Armulik, A., Genové, G., and Betsholtz, C. (2011). Pericytes: developmental, physiological, and pathological perspectives, problems, and promises. Dev. Cell 21, 193–215. doi:10.1016/j.devcel.2011.07.001
 Baum, O., Bernd, J., Becker, S., Odriozola, A., Zuber, B., Tschanz, S. A., et al. (2020). Structural microangiopathies in skeletal muscle related to systemic vascular pathologies in humans. Front. Physiol. 11, 28. doi:10.3389/fphys.2020.00028
 Baum, O., and Bigler, M. (2016). Pericapillary basement membrane thickening in human skeletal muscles. Am. J. physiology. Heart circulatory physiology 311, H654–H666. doi:10.1152/ajpheart.00048.2016
 Bengio, Y. (2000). Gradient-based optimization of hyperparameters. Neural Comput. 12, 1889–1900. doi:10.1162/089976600300015187
 Bigler, M., Koutsantonis, D., Odriozola, A., Halm, S., Tschanz, S. A., Zakrzewicz, A., et al. (2016). Morphometry of skeletal muscle capillaries: the relationship between capillary ultrastructure and ageing in humans. Acta Physiol. 218, 98–111. doi:10.1111/apha.12709
 Diederik, P. K., and Ba, J. (2014). Adam: a method for stochastic optimization. CoRR . doi:10.48550/arXiv.1412.6980
 Egginton, S., and Hudlická, O. (1999). Early changes in performance, blood flow and capillary fine structure in rat fast muscles induced by electrical stimulation. J. physiology 515 (Pt 1), 265–275. doi:10.1111/j.1469-7793.1999.265ad.x
 Ginley, B., Zee, J., Mimar, S., Paul, A. S., Jain, S., Rodrigues, L., et al. (2023). Correlating deep learning-based automated reference kidney histomorphometry with patient demographics and creatinine. bioRxiv 4, 1726–1737. doi:10.34067/KID.0000000000000299
 Goodfellow, I., Bengio, Y., and Courville, A. (2016). Deep learning. MIT Press. 
 He, K., Zhang, X., Ren, S., and Sun, J. (2015). Deep residual learning for image recognition. CoRR . abs/1512.03385. doi:10.48550/arXiv.1512.03385
 Hoier, B., Walker, M., Passos, M., Walker, P. J., Green, A., Bangsbo, J., et al. (2013). Angiogenic response to passive movement and active exercise in individuals with peripheral arterial disease. J. Appl. Physiol. (1985) 115, 1777–1787. doi:10.1152/japplphysiol.00979.2013
 Kalluri, R. (2003). Basement membranes: structure, assembly and role in tumour angiogenesis. Nat. Rev. Cancer 3, 422–433. doi:10.1038/nrc1094
 Kaphle, A., Jayarathna, S., Moktan, H., Aliru, M., Raghuram, S., Krishnan, S., et al. (2023). Deep learning-based TEM image analysis for fully automated detection of gold nanoparticles internalized within tumor cell. Microsc. Microanal. 29, 1474–1487. doi:10.1093/micmic/ozad066
 LeCun, Y., Bengio, Y., and Hinton, G. (2015). Deep learning. Nature 521, 436–444. doi:10.1038/nature14539
 Lundervold, A. S., and Lundervold, A. (2019). An overview of deep learning in medical imaging focusing on MRI. Z. für Med. Phys. 29, 102–127. doi:10.1016/j.zemedi.2018.11.002
 Nyberg, M., Jensen, L. G., Thaning, P., Hellsten, Y., and Mortensen, S. P. (2012). Role of nitric oxide and prostanoids in the regulation of leg blood flow and blood pressure in humans with essential hypertension: effect of high-intensity aerobic training. J. physiology 590, 1481–1494. doi:10.1113/jphysiol.2011.225136
 Rosler, K., Conley, K. E., Howald, H., Gerber, C., and Hoppeler, H. (1986). Specificity of leg power changes to velocities used in bicycle endurance training. J. Appl. physiology (Bethesda, Md, 1985) 61, 30–36. doi:10.1152/jappl.1986.61.1.30
 Sadre, R., Ophus, C., Butko, A., and Weber, G. H. (2021). Deep learning segmentation of complex features in atomic-resolution phase-contrast transmission electron microscopy images. Microsc. Microanal. 27, 804–814. doi:10.1017/S1431927621000167
 Selvaraju, R. R., Cogswell, M., Das, A., Vedantam, R., Parikh, D., and Batra, D. (2017). “Grad-CAM: visual explanations from deep networks via gradient-based localization,” in 2017 IEEE International Conference on Computer Vision (ICCV),  (Venice, Italy, 22-29 Oct. 2017) ( IEEE), 618–626. doi:10.1109/ICCV.2017.74
 Siperstein, M. D., Unger, R. H., and Madison, L. L. (1968). Studies of muscle capillary basement membranes in normal subjects, diabetic, and prediabetic patients. J. Clin. investigation 47, 1973–1999. doi:10.1172/JCI105886
 Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. (2014). J. Mach. Learn. Res.15, 1929–1958. doi:10.48550/arXiv.1409.4842
 Suter, E., Hoppeler, H., Claassen, H., Billeter, R., Aebi, U., Horber, F., et al. (1995). Ultrastructural modification of human skeletal muscle tissue with 6-month moderate-intensity exercise training. Int. J. Sports Med. 16, 160–166. doi:10.1055/s-2007-972985
 Szegedy, C., Liu, W., Jia, Y., Sermanet, P., Reed, S., Anguelov, D., et al. (2014). Going deeper with convolutions. CoRR . abs/1409.4842. 
 Tilton, R. G., Hoffmann, P. L., Kilo, C., and Williamson, J. R. (1981). Pericyte degeneration and basement membrane thickening in skeletal muscle capillaries of human diabetics. Diabetes 30, 326–334. doi:10.2337/diab.30.4.326
 Trask, A. W. (2020). Neuronale Netze und Deep Learning kapieren. mitp. 
 Tuma, R. F., Duran, W. N., and Ley, K. (2011). Microcirculation. Academic Press. 
 Vracko, R., and Benditt, E. P. (1970). Capillary basal lamina thickening. Its relationship to endothelial cell death and replacement. J. Cell Biol. 47, 281–285. doi:10.1083/jcb.47.1.281
 Walker, M. A., Hoier, B., Walker, P. J., Schulze, K., Bangsbo, J., Hellsten, Y., et al. (2016). Vasoactive enzymes and blood flow responses to passive and active exercise in peripheral arterial disease. Atherosclerosis 246, 98–105. doi:10.1016/j.atherosclerosis.2015.12.029
 Williamson, J. R., Hoffmann, P. L., Kohrt, W. M., Spina, R. J., Coggan, A. R., and Holloszy, O. (1996). Endurance exercise training decreases capillary basement membrane width in older nondiabetic and diabetic adults. J. Appl. physiology (Bethesda, Md, 1985) 80, 747–753. doi:10.1152/jappl.1996.80.3.747
 Williamson, J. R., Vogler, N. J., and Kilo, C. (1969). Estimation of vascular basement membrane thickness. Theoretical and practical considerations. Diabetes 18, 567–578. doi:10.2337/diab.18.8.567
 Winding, K. M., Munch, G. W., Iepsen, U. W., Van Hall, G., Pedersen, B. K., and Mortensen, S. P. (2018). The effect on glycaemic control of low-volume high-intensity interval training versus endurance training in individuals with type 2 diabetes. Diabetes, Obes. metabolism 20, 1131–1139. doi:10.1111/dom.13198
 Yamazaki, T., and Mukouyama, Y. S. (2018). Tissue specific origin, development, and pathological perspectives of pericytes. Front. Cardiovasc Med. 5, 78. doi:10.3389/fcvm.2018.00078
 Zhou, B., Khosla, A., Lapedriza, A., Oliva, A., and Torralba, A. (2015). Learning deep features for discriminative localization. CoRR . abs/1512.04150. doi:10.48550/arXiv.1512.04150
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 © 2024 Bigler and Baum. 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.
OPS/images/fmolb-11-1363384-g004.gif





OPS/images/fmolb-11-1363384-g005.gif





OPS/images/fmolb-11-1363384-g002.gif
et | had ]

|
ooy

Emi

Lé i i
i ol

5 o o 2 o T
v et (o

1
{
{

Thckness o sndtbtin (o)

Py

g e

+
t
|
!
|

i






OPS/images/fmolb-11-1363384-g003.gif





OPS/images/fmolb-11-1363384-t001.jpg
Controls Patients

Lumen radius (nm) 1,589 * 421 1452 + 460 p <0001

Thickness of the endothelium (nm) 421 303 481 290 P <0001

Thickness of the basement membrane (nm) 218 £ 69 308 + 118 P <0001

Capillary radius (nm) 2406 + 356 2429 + 440 p=0226
- R I - T N N

Lumen radius (nm) 1589 + 427 1,443 + 464 P <0001

Thickness of the endothelium (nm) 423 £317 485 +294 p <0001

‘Thickness of the basement membrane (nm) 21567 319 +123 P <0001

Capillary radius (nm) 2400 £ 361 2442 £ 422 P =0047
gme & =

Lumen radius (nm) 1,576 + 407 1459 + 459 p=0012

‘Thickness of the endothelium (nm) 419 + 248 456 276 P =019

‘Thickness of the basement membrane (nm) 232£79 287 £ 98 p <0001

Capillary radius (nm) 2425 £ 342 2,388 + 497 p=0411
e N S B

Lumen radius (nm) 1,672 £ 352 1,558 + 393 p=0212

‘Thickness of the endothelium (nm) 375 +228 524 + 290 p=0021

‘Thickness of the basement membrane (nm) 211 £50 25299 P =0037

Capillary radius (nm) 2452 304 2449 £ 377 p=0971
R N R R

Lumen radius (nm) 1,591 = 400 1477 + 449 P = 0006

‘Thickness of the endothelium (nm) 412 £ 245 469 + 279 p=0030

Thickness of the basement membrane (nm) 29+75 281 £99 P <0001

Capillary radius (nm) 2429 £ 336 2,397 + 480 p=0428






OPS/images/fmolb-11-1363384-t002.jpg
Validation Data Examination Data Validation + Examination Data

Parameter True Normal Pathologic Accuracy True Normal Pathologic Accuracy True Normal Pathologic Accuracy
Predicted Predicted Predicted

Lumen radios Cu-off: <1332am | Normal 2 120 590 | Nowal » 5 s068 | Nommal W ssor
T B S 5 W P o

EC-Thickness Cut-off: >368nm | Normal 86 82 I 5664 I Normal 2 I 17 6575 | Normal I 108 ‘ %9 I 57.98
Pahoogic » s Patologic s 2 Pahsoge 0 | o

st [t | | | e (v | % | w | wm [ | o | w |
midoge | 1 | 7 Pathologic o | n Pathoogic s | m

Copillry radis Cutoff. | Normal e W s Nemal ) 2 35| Noma W | s

. [ o Patologc . u ndege | % | %

ResNetl:Li.de-5_DO69_Ms Normal s | 2 8077 | Normal o | o= 986 | Nomal e | w 7905
Pahaogic ) 209 rancoge | 0 2 Fahoogc s |

ReNeRLiSes OB M | Nomal | %2 6 | mm Nema | % | = @ | Nmad | s | w7 7667
Pathologic e | s Pathologic i | =2 Pathologic a | aw

reemont | |wema | 0 oo | v = | » o | v w | = ]
Pathologic 7 218 Pathologic s x Pathologic 2 | om

Order according to sccurscy. L = learing rat, D = dropout rate, M = minibatch sze.
OF naki thien it Tkt s i e e I Thibiheson Gl sl culien: sl v i sl b i





OPS/xhtml/nav.xhtml
Contents

		Cover

		Deep learning-based classification of the capillary ultrastructure in human skeletal muscles		Background

		Methods

		Results

		Conclusion

		Introduction

		Methods		Study participants and muscle biopsies

		Capillary morphometry

		General principle of the applied deep-learning based method

		Computational hardware

		Randomization, image allocation and preparation

		Selection and preparation of the pretrained convolutional neural networks

		Training of the neural networks

		Network performance analysis

		Statistical analysis





		Results		Descriptive statistics

		Receiver-operating characteristic curves

		Validation and examination data

		Study parameter and network performance

		Comparison of study parameter and network performance





		Discussion		Classification of electron micrographs by established morphometric parameters

		Application of deep-learning on morphometric data/electron micrographs

		Comparison of CNN and established morphometric parameters





		Limitations

		Implications

		Conclusion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Publisher’s note

		Supplementary material

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Molecular Biosciences






OPS/images/fmolb-11-1363384-gx001.gif
Sty setu: 1510 ecron miconyag Com P skl muscie |2 Prmary andpoie: Dinronc ey 1 gt batwsen
B S o oo e ooy | o e B s s o

i e S e e oo
i s s s

oy gt o s dion






OPS/images/fmolb-11-1363384-g001.gif
L Suoi s er










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Molecular Biosciences





