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Introduction: Despite advances in diagnostic technologies for tuberculosis (TB), global control of this disease requires improved technologies for active case finding in selected vulnerable populations. The integration of artificial intelligence (AI) into imaging modalities has been anticipated to assume a pivotal position in conjunction with traditional bacteriological diagnostic approaches, especially in the active diagnosis of vulnerable groups.

Methods: The study was conducted as a prospective investigation spanning from November 2019 to October 2023, in Romania’s national TB screening project. From total of 92,368 tested participants, 404 patients were included in the study, with 202 individuals diagnosed with TB and 202 individuals serving as controls. The initial interpretation of radiological images was performed by AI X-Vision software and patients with suspicious findings were confirmed to have TB using GeneXpert testing. The objective of this study is to discover a threshold at which the AI score can accurately assess the risk of TB, regardless of the patient’s medical background.

Results: The study involved a number of 404 people, among whom 202 were diagnosed with TB out of a total of 92,368 participants, and the remaining 202 patients represent the control group. The current study highlighted, at an AI threshold value of 0.4, that 89% of the screened people benefited from a correct assessment using the AI associated with the radiological examination. ROC curve analysis indicates an AUC of 0.923 (95% CI:0.893–0.947; significance level p < 0.0001) which shows that the test has a high capacity to accurately detect individuals with TB and also to rule out those who do not have the disease, with sensitivity 87.1, specificity 91.6 and criterion >0.3585.

Conclusion: Our study brings to the fore the significance of integrating AI software X-vision with bacteriological diagnosis in detecting TB among vulnerable groups in Romania. This underscores the imperative at the global level to develop solutions in the prompt diagnosis of TB, particularly within vulnerable groups.

Keywords
 tuberculosis; artificial intelligence; computer-aided detection; Romania; screening; vulnerable populations


1 Introduction

Approximately one-quarter of the global population is estimated to harbor Mycobacterium tuberculosis, the bacterium responsible for TB disease. In 2022, there were 10.6 million reported cases of TB, with 7.5 million being newly diagnosed, suggesting that approximately 3 million cases were missed by health systems. Despite being both preventable and treatable, TB resulted in around 1.3 million deaths that year, with the burden falling disproportionately on marginalized populations—over 80% of cases and fatalities occur in low-and middle-income countries. Currently, we are not on track to meet the Sustainable Development Goal 3 (SDG 3), which aims to eliminate TB as a public health threat by 2030. Historically, TB has struggled due to inadequate funding and attention, even as it remains one of the deadliest infectious diseases worldwide (1).

There is a notable disparity between the estimated figures and the officially reported numbers, and this divergence has been exacerbated amidst the COVID-19 pandemic. The early identification of subjects with active TB, expeditious identification of drug resistance, and initiation of an effective treatment regimen are all imperative for the appropriate management of TB (2). Active case finding by screening of vulnerable populations plays a crucial role in the management of TB, serving as a fundamental component of the first pillar of the End TB Strategy. This pillar strives to ensure the early identification of all individuals affected by TB. The primary goal of the United Nations and the World Health Organization (WHO) is in line with the objectives of the END TB strategy, which seeks to decrease the occurrence of TB to below 20 cases per 100,000 individuals by the year 2030 (3, 4).

Romania is classified as one of the 18 high-priority nations for TB control within the European Region by the WHO. In 2020, the incidence rate of TB in the country was the highest among all European Union (EU) member states, with a rate of 64 cases per 100,000 individuals. This accounted for 23% of all TB patients within the EU. It is noteworthy that despite a declining trend in TB incidence, with an average annual reduction rate of 5.5%, the country continues to experience a significant burden of the disease (5–9).

Given the advancements in technology, the incorporation of AI into imaging techniques is expected to play a crucial role in identifying lung lesions associated with infectious diseases such as TB and severe acute respiratory syndrome coronavirus (SARS-CoV-2) alongside conventional diagnostic methods (10).

The recently published WHO consolidated guidelines on TB screening in 2021 have introduced a novel recommendation. Specifically, it suggests the utilization of computer-aided detection (CAD) software as a substitute for human readers in the interpretation of digital chest radiography (CXR) for individuals aged 15 years and above. This recommendation applies to both TB disease screening and triage purposes. AI algorithms produce a continuous abnormality score (from 0 to 100 or from 0 to 1) that represents the likelihood of the presence of TB-associated abnormalities (11).

The utilization of CXR is of paramount importance in the process of screening and triaging individuals suspected of having pulmonary TB. It serves as a valuable tool in directing the appropriate utilization of diagnostic testing, thereby enhancing the identification of TB cases and optimizing cost-effectiveness. The utilization of CAD solutions has the potential to enhance the feasibility and efficiency of CXR in the context of TB screening and triage. This is achieved through the application of AI algorithms that analyze CXR images to identify abnormalities that may indicate the presence of pulmonary TB. In comparison to a selected threshold, CAD products produce an anomaly score that can be utilized to signify the potential presence of TB and prompt additional diagnostic examinations (12).

Romania adheres to the guidelines set forth by the WHO for the timely identification and diagnosis of TB. This commitment is demonstrated via the implementation of several initiatives and the subsequent adoption of the National Strategy for Tuberculosis Control, which includes provisions for TB screening (13). Romania has adopted CAD technology for TB screening since 2018, which was performed on a smaller number of patients, and for a shorter duration (12).

The utilization of CAD yields numerous advantages in the screening process, with the selection of the TB risk threshold being pivotal in distinguishing TB patients or the potential risk of missing them during screening. The significance of the population being addressed and their accessibility to this medical service is crucial in this regard. While evaluating a project’s direct financial costs is essential, it is equally important to recognize the indirect benefits that may arise from the initiative. Interventions targeting vulnerable groups are crucial for eliminating TB in Europe, as stated by the European Centre for Disease Prevention and Control (14, 15). The threshold scores exhibit considerable variation across different CAD software packages, and this variability can also be observed between newer iterations of the same software program.

This research aims to evaluate the sensitivity and specificity of the X-Vision software, as well as the risk of false-positive or false-negative results, among vulnerable groups diagnosed with TB, such as the homeless, people struggling with alcohol addiction, drug users, prisoners and those residing in rural areas.

The main objective of this study is to analyze the results of using the X-vision software in patients from vulnerable groups to establish the method’s risk threshold regarding the loss of active TB cases during screening, as well as the risk of over diagnosis based on the use of a workflow targeting CAD technology and GeneXpert testing. The effectiveness of CAD is contingent upon both the selected threshold limit and the software’s capacity for refinement during testing, using mathematical algorithm methods.



2 Materials and methods


2.1 Study design

The study design encompasses a retrospective case–control study which integrates data acquired from the TB screening program conducted in Romania between November 2019 and October 2023.



2.2 Study population


2.2.1 Inclusion criteria

The study population comprises individuals aged 18 years and above who underwent a TB screening by the National Screening Project, carried out between November 2019 and March 2023. The screened population consists of individuals from four vulnerable populations: the homeless (HP), people who inject drugs (PWID), rural residents (RR), persons deprived of liberty (PDL).

A case of TB was defined as a person who had a CAD score greater than 0.40, associated with a confirmation of the disease by the GeneXpert test. People with a score lower than 0.40 and negative GeneXpert tests were defined as cases belonging to the control group, being chosen randomly by the computer software used.



2.2.2 Exclusion criteria

Pregnant women or participants with medical conditions that are not compatible with performing a CXR and children under 18 years old. Individuals who were non-speakers of the Romanian language and participants who declined to partake will be excluded from the study.




2.3 Sampling and recruitment

This study evaluates two patient cohorts, each comprising 202 individuals, namely a study cohort and a control cohort. The study group comprises patients who were diagnosed with TB based on a radiological AI score greater than 0.40 and confirmed by bacteriological tests using GeneXpert. The control group consists of patients randomly selected by computer from a total of 92,166 screened subjects.

The recruitment process for the study population was designed to ensure representation from the four identified vulnerable groups defined in the inclusion criteria: HP, PWID, RR and PDL. Participants were recruited through partnerships with local healthcare providers, social services, non-governmental organizations, and community outreach programs. Screening caravans visited rural areas and homeless shelters, while correctional facilities enabled access to incarcerated individuals. For people who inject drugs, collaborations with rehabilitation centers ensured participation.

To minimize selection bias, random sampling was employed within each group using computer-based algorithms. For the RR, screening targeted areas with the highest number of TB cases recorded in the 5 years preceding the study, aligning with local public health priorities. For HP, PWID and PDL, all individuals identified within the screening period were invited to participate.

Practically, the diagnostic caravans performed CXR, and the score greater than 0.40 was followed by sputum collection for GeneXpert testing. These patients were subsequently followed up by the National Tuberculosis Surveillance and Control Network.

Patients with a score below 0.40 were not tested bacteriologically, unless further reading of the radiograph raised a physician’s suspicion of TB and required further investigations.

Following national screening, 216 patients were diagnosed with TB using only CXR with CAD and GeneXpert testing. Data analysis will focus in this study on the concordance between positive results obtained from CAD and the reference standard of GeneXpert testing in identifying actual TB cases. Also, CAD cases showing positive results in sputum culture for Mycobacterium tuberculosis complex (MTB) will be classified in this category even if their GeneXpert results are negative.

Another aspect to be analyzed is the occurrence of false positive cases, especially when there is a disparity between the positive results from CAD testing and the negative results from GeneXpert testing. Cases are considered true negatives when both CAD and GeneXpert tests yield negative results.

False-negative cases are characterized by a discrepancy between negative results obtained from CAD and positive results from GeneXpert testing.



2.4 Instrument

Xvision, a domestically developed software, uses AI algorithms to analyze data from digital X-rays. Registered by Romania, Slovakia, and Poland, it has ISO 13485 Certification and can generate interpretations for over 17 pathologies using CXR and CT scans. The software has been registered by the Ministries of Health in Romania, Slovakia, and Poland.

TB screening in Romania has adopted the CAD technology, to identify TB from CXR images. The software uses deep learning, a deep neural network, to identify unique characteristics of TB, producing scores ranging from 0 to 100. This technology has proven effective in medical image analysis and other applications.

The GeneXpert instruments used were the Xpert® MTB/RIF Ultra models, known for their versatility and advanced capabilities. These cartridge-based devices have four modules and utilize six colors, enabling efficient detection of MTB and Rifampin resistance mutations within 80 min.

The decision to use GeneXpert as the gold standard for TB diagnosis in this study was based on its well-established accuracy, rapid turnaround time, and its ability to simultaneously detect Mycobacterium tuberculosis and rifampin resistance. While we acknowledge its limitations, such as reduced sensitivity in immunocompromised and paucibacillary cases, GeneXpert remains one of the most widely recommended diagnostic tools for active TB by the WHO. Its high specificity and integration into global TB programs made it the most practical and reliable choice for our study setting (3). Furthermore, the AI algorithm threshold of 0.40 was selected based on a combination of prior research findings and internal pilot testing conducted during the initial phases of this project. This value represented an optimal balance between sensitivity and specificity, minimizing false negatives while controlling the rate of false positives. Sensitivity analyses were also performed to validate this threshold against the study population, ensuring its applicability and reliability in vulnerable groups.



2.5 Statistical analysis

The data analysis was conducted using MedCalc, a statistical software package specifically designed for biomedical research (Version 22.016) (16), as well as IBM SPSS (Version 26) (17).

The evaluation of sensitivity and specificity is fundamental in assessing the accuracy of test results, but it has various drawbacks when analyzing the accuracy of multiple competing tests (18, 19).

The ROC (Receiver Operating Characteristic) curve was constructed in our study by comparing the AI’s scoring results with the confirmed diagnosis of TB obtained through GeneXpert testing. It is crucial to comprehend the concepts of true positive, true negative, false positive, and false negative, as they arise from the analysis. The ROC curve displays the True Positive Rate (TPR) and False Positive Rate (FPR) at different categorization threshold levels. The metrics can be derived and analyzed from a confusion matrix, which is a method utilized to consolidate the acquired outcomes by comparing accurate and inaccurate predictions in identifying tuberculosis. We employed ROC curve and confusion matrix analysis to produce a precise estimation of the likelihood of TB presence or absence by utilizing AI interpretation (20, 21).

In order to assess the effectiveness of a medical test in correctly identifying individuals who are unwell and accurately rejecting those who are healthy, we utilized two crucial metrics: TPR and FPR (Figure 1).

[image: Figure 1]

FIGURE 1
 Potential outcomes of computer-assisted detection.


In this study, sensitivity represents the capacity of a test to accurately detect individuals who have TB, meaning the likelihood that a test result will be positive when the individuals are genuinely sick. It is quantified as the ratio of individuals with a positive outcome among those who are ill, relative to the overall number of individuals who are ill. Increasing the sensitivity of AI-interpreted chest radiography enhances its capacity to accurately detect persons who are unwell, while minimizing the occurrence of false negatives.

[image: image]

Moreover, specificity is the measure of a test’s accuracy in correctly identifying persons who are healthy and correctly excluding those who do not have TB. It represents the probability that an AI-interpreted CXR will have a low score when the patients are genuinely healthy. The term refers to the ratio of healthy individuals with a negative or poor outcome (such as developing a disease or facing an adverse health event) compared to the overall number of healthy individuals. Greater specificity of a test corresponds to a higher capacity to accurately identify healthy persons, resulting in fewer false positive results.

[image: image]

The statistical analysis algorithm adhered to the methodology outlined in Figure 1, considering the scores acquired from the radiological interpretation in conjunction with the results of the GeneXpert testing for both the study group and the control group. The test’s discriminating capacity is considered stronger when there are more realistic findings and fewer errors (20).

The global assessment of CAD reading and interpretation was conducted by determining the area under the ROC curve, which depicts the relationship between sensitivity and (1-specificity). A test is considered more effective as the area under the ROC curve approaches 1, indicating high sensitivity and specificity. Decreasing the range significantly compromises either sensitivity or specificity, resulting in an improvement in one measure at the expense of the other. Thus, when the ROC curve is positioned closer to the upper left corner, it indicates a higher level of overall accuracy for the test (22).

In the evaluation of AI performance for TB diagnosis, the ROC curve analysis includes the assessment of the Youden index (23), also known as the J statistic or J Index. This index plays a crucial role in evaluating the diagnostic test’s ability to correctly identify patients with the condition. It is calculated by subtracting the complement of specificity from sensitivity at a specific threshold of the diagnostic test.

[image: image]

The value of the Youden index is a useful measure for evaluating the overall performance of a diagnostic test, but it can be influenced by the choice of the cutoff threshold and should be interpreted in conjunction with other performance measures of the test, such as the ROC curve and the values of sensitivity and specificity, in order to obtain a comprehensive assessment of the test’s effectiveness in diagnosis. The value of the criterion corresponding to the Youden Index (J) is the optimal criterion value only when the disease prevalence is 50%, equal weight is given to sensitivity and specificity, and the costs of different decisions are ignored. The J index represents the maximum vertical distance between the ROC curve and the diagonal line (11).




3 Results

The main evaluation is conducted on a sample of 404 participants in the study, out of which 202 individuals (50%) have been diagnosed with active TB, identified by active detection during the Romanian screening program. According to Table 1 the participants are the distribution among vulnerable categories is as follows: 358 (88.6%) RR, 14 (3.5%) - PWID, 26 (6.4%) HP, and 6 (1.5%) - PDL.



TABLE 1 Distribution of screening participants by vulnerable groups and TB status.
[image: Table1]

The distribution of participants by gender (Supplementary Table A1), for the entire sample (n = 404 individuals), reveals a greater percentage of males (58.9%, 238 individuals). However, the composition of each group differs: the study group has a higher proportion of men (74.8%, 151 individuals), while the control group has a higher proportion of women (56.9%, 115 individuals).

Within the entire sample, 91.8% of individuals diagnosed with active TB were aged 35 or older. Specifically, about half of the 404 participants were within the age range of 45 to 64 (Supplementary Table A2).

According to the data 83.2% (336 individuals) of the participants are currently not participating in the labor market, where as 15.8% (64 individuals) are actively engaged in it. Additionally, 1% (4 individuals) are currently unemployed (Supplementary Table A3).

Regarding the CAD reading and interpretation results, the study group has an average TB score of 0.77 and a median value of 0.92. The control group, on the other hand, has an average value of 0.13, with a median of 0.059. Simultaneously, anomalous values are detected within both groups.

Hence, considering the study’s context and particularities, we will examine whether the outlier values seen in both the study group (positive) and the control group (negative) have any clinical significance (Figure 2).

[image: Figure 2]

FIGURE 2
 Distribution of participants vulnerable group categories, TB score and TB status.


Both groups exhibit instances of asymmetry (Figure 2). Among the members of the study group, there is a distribution of TB scores that exhibits a negative asymmetry. Specifically, 13 out of the 202 patients with active TB had a TB score below 0.1366, which is considered an outlier value. Regarding the control group, it is seen that there is a positively skewed distribution, where TB scores exceeding 0.2637 are considered outlier values.

In our study, the comparison of CAD operation in the two groups with the results of GeneXpert tests and subsequent medical evaluations (see Table 2) reveals that 42.8% of the outcomes are true positives and 46.2% are true negatives. This implies that 89% of the screened individuals benefitted from accurate assessments utilizing AI alongside radiological examinations. The double number of false negative results brought by chest radiography with AI, 7.2% compared to 3.7%, is a percentage that we believe has to be analyzed in accordance with the limitations of chest radiological examination in terms of sensitivity and specificity.



TABLE 2 Distribution of participants in the screening according to the CAD result.
[image: Table2]

The next stage of analysis consisted in evaluating the sensitivity and specificity by utilizing the ROC curve. The AUC (Area Under the Curve) quantifies the overall effectiveness of AI in differentiating between positive and negative instances of TB. A test’s diagnostic performance improves as the AUC increases (22). The findings from our research, which involved 404 participants, reveal that the AUC value of 0.923 in the ROC curve used for AI assessment in diagnosing TB indicates excellent performance in accurately differentiating between patients who are positive and negative for this condition. A test with an AUC close to 1 indicates a strong discriminative ability and superior diagnostic performance. Therefore, the AUC value of 0.923 (95% CI: 0.893–0.947; significance level p < 0.0001) demonstrates that the test has a high capacity to accurately detect individuals with tuberculosis and, at the same time, to exclude those without the disease, with a sensitivity of 87.1% and a specificity of 91.6% (Figure 3).

[image: Figure 3]

FIGURE 3
 ROC curve.


The Youden index J = 0.781, obtained in our study, signifies a substantial test performance in effectively discriminating between positive and negative outcomes (23). This indicates a proficient ability in CAD to differentiate between positive and negative instances of TB. The criterion, with a value greater than 0.3585, serves as an accurate threshold for classifying the test results (24).

The CAD sensitivity reached in our study is 87.13%, demonstrating the AI’s capacity to accurately distinguish true positive cases from the overall positive cases within the group of individuals suspected of TB. Furthermore, the software demonstrates a specificity of 91.58%. This indicates the test’s capacity to accurately identify the true negative cases among all individuals present during the screening.

These findings indicate that the application of CAD for the imaging diagnosis of TB has an adequate level of performance in detecting the disease, showing a remarkable ability to accurately identify both positive and negative cases, with no significant difference between women and men as shown in Figure 4 ([image: image]).

[image: Figure 4]

FIGURE 4
 Curves of male and female.




4 Discussions


4.1 Analysis of threshold value

Early detection of TB, particularly in vulnerable groups in rural areas, is crucial. This is because outbreaks in these communities can lead to a higher risk of disease transmission through migration. In particular, 9.3% of TB cases in European states are found in migrants from Romania (25).

The use of AI software in radiological assessment is being defined as active detection and is becoming an important part of TB control efforts in several nations worldwide. Our research highlights the importance of using AI software in diagnosing TB alongside bacteriological diagnosis. This study focuses on the new program X-vision, which is now available on the international market for such research. The intervention’s uniqueness stems from its broad breadth and the specific characteristics of the target group. The AI program is employed to assess over 90,000 individuals, a feature unparalleled in existing literature.

When discussing the four vulnerable groups selected in our study, the homeless individuals, the group is characterized by a lack of stable income, absence of health insurance, and occasionally a lack of social help. Individuals who take injectable medicines are at a higher risk of acquiring airborne infections due to the prevalence of Hepatitis and Human immunodeficiency viruses among this population. Rural residents in many parts of Romania experience inferior socio-economic status, restricted access to healthcare facilities, inadequate health knowledge, and insufficient information for effective preventative actions, leading to a higher prevalence of infectious diseases. Finally, individuals who are incarcerated reside in cramped conditions and are exposed to significant pressures.

The selected threshold of 0.40, was chosen to minimize the delay between the time of evaluation and the reading of CXR by the doctors. The objective of our project was to reduce the occurrence of false negative instances generated by AI in CXR, by prioritizing the utilization of supplementary diagnostic approaches. The selection of the threshold score entails an inherent trade-off; opting for a lower threshold score will increase the tool’s sensitivity in identifying actual TB cases within the screened population, but it will also lead to increased costs due to unnecessary follow-up diagnostic tests resulting from reduced specificity.

Conversely, opting for a higher threshold score is expected to enhance the identification of more severe cases and reduce the need for extensive and expensive follow-up diagnostic testing. However, this approach’s reduced sensitivity may result in instances being overlooked or undetected.

A study conducted in South Africa evaluated the efficacy of CAD in diagnosing TB through digital imaging methods. The research employed a threshold exceeding 60, with confirmation through GeneXpert testing and liquid cultures. CXR screening identified a comparable number of previously undiagnosed TB cases relative to symptom-based screening, while requiring fewer diagnostic tests. The objective aspect of CXR screening can enhance case detection in clinics (26).

The analysis of patients in our study revealed that using the software between the thresholds of 0.65 and 0.4 only detected one positive case. This finding has no impact on identifying true positive instances but enhances the accuracy in detecting negative cases.

When considering gender analysis, there are no significant differences found in the comparison analysis of the ROC curve based on sex (significance level, p = 0.7535 > 0.05). With an AUCF of 0.925 and an AUCM of 0.915, the test demonstrates great accuracy in properly identifying individuals with TB and excluding those without the disease, regardless of their gender.

The choice of the threshold is heavily influenced by the specific algorithm and the particular context in which it is applied. For instance, the threshold needed to achieve at least 90% sensitivity varies for different software: InferRead DR requires a threshold below 0.34, CAD4TB below 0.50, qXR and Lunit INSIGHT CXR below 0.60, and JF CX R-1 below 0.93. According to the study, all five AI algorithms demonstrated a sensitivity of over 90% when automatically reading chest X-rays. This promising result has the potential to significantly reduce the number of additional diagnostic tests required. However, it is important to carefully consider the choice of the threshold. A sensitivity of 70% may restrict the use of diagnostic tests, potentially leading to the omission of up to 30% of TB cases (25).

A study conducted in Vietnam involved the simultaneous interpretation of all CXR in parallel with CAD software called qXR 3.0. The program was set at a threshold score of ≥0.60 which exhibited a high level of sensitivity and a low level of specificity in detecting TB cases verified by GeneXpert. The concordance between the physician and the results of the CAD from the CXR improved when the software was trained (27).



4.2 Implementation challenges and broader implications

While AI-based diagnostic tools like X-Vision show promising results in tuberculosis screening, their implementation in vulnerable populations faces several challenges. Limited access to healthcare facilities, insufficient infrastructure, and digital illiteracy may hinder the adoption of AI technologies, particularly in remote rural areas and marginalized groups. Additionally, discrepancies in AI performance may arise due to differences in data quality, variations in imaging equipment, or incomplete training datasets, which could affect diagnostic accuracy. Addressing these barriers requires investments in infrastructure, training programs, and community engagement initiatives to ensure equitable access and effective deployment of AI systems. Furthermore, the findings of this study have broader implications for other high-burden TB countries with similar socio-economic challenges. The integration of AI with rapid molecular tests like GeneXpert could serve as a scalable and cost-effective model for TB control programs globally, particularly in regions where access to specialist radiologists and advanced diagnostic tools is limited. AI in TB diagnosis currently allows for the use of radiologist expertise only in borderline instances, both medically and imaging-wise, and is a solution that medical systems must develop toward.



4.3 ROC curve analysis

The ROC curve in this study shows a sensitivity of 87.1% and a specificity of 91.6%, with an AUCF of 0.925 and an AUCM of 0.915. The test exhibits high accuracy in identifying individuals with TB and ruling out those without the disease, irrespective of gender, highlighting the enhanced performance of the Xvision software in detecting tuberculosis cases. Regarding the gender analysis for the ROC curve in this study, it does not highlight significant differences in the comparative analysis by sex (significance level, p = 0.7535 > 0.05).

During an analysis comparing the AUC curves of 5 AI algorithms, it was found that all of them performed admirably. Notably, qXR and CAD4TB stood out as the top performers (21). For the majority of threshold anomaly scores (excluding very low or high scores), the sensitivity of JF CXR-1 remained consistently above 90%. Similarly, CAD4TB, Lunit INSIGHT CXr, and qXR maintained a sensitivity of approximately 80% for most thresholds (≤0.8), before experiencing a rapid decline. The study conducted by QIN ZZ and colleagues compared three AI software programs, namely Lunit, qXR, and CAD4TB (28). The study found that while only qXR and CAD4TB met the technical requirements of the FIND TPP for a triage test with a sensitivity of ≥95% and specificity of ≥80%, all three products demonstrated similar performance. Consequently, all three software programs can be employed to reduce the need for additional diagnostic tests while maintaining high sensitivity, ultimately leading to cost savings. Software such as CAD4Tb and qXR, particularly in their updated versions, exhibit clear superiority and consistently outperform human interpretation in terms of diagnostic accuracy.

Another study compared the results of scoring against radiologist readings and WHO’s Target Product Profile (TPP) for a TB triage test, for 12,890 chest X-rays. Both newer versions significantly outperformed their predecessors in terms of AUC: CAD4TB version 6 (0.823 [0.816–0.830]), version 7 (0.903 [0.897–0.908]) and qXR version 2 (0.872 [0.866–0.878]), version 3 (0.906 [0.901–0.911]). All products equaled or surpassed the human radiologist performance with improvements in triage ability in newer versions. In our study AUC was 0.925, higher than the values obtained in the study conducted by Zhi Zhen Qin (28).



4.4 Analysis of false negative and false positive outcomes

Aberrant notions in the analysis of false positive/false negative data in clinical trials share commonalities in their impact on result interpretation, but are distinct concepts encountered in different situations and fields. An in-depth examination of these values is necessary to avoid inaccurate conclusions or choices in this study.

The confusion matrix indicates that our study achieved an accuracy of 89.1% (TN + TP), a specificity of 91.6%, reflecting improved precision in TB detection, and a sensitivity of 87.1%. The test has an error rate of 10.9% (FN + FP) and a negative predictive value of 92.6% (TN), showing its ability in accurately ruling out negative circumstances. The specific interpretation depends on the severity of the consequences for incorrect negative and positive outcomes within the particular context of the clinical experiment. The outlier values were assessed in comparison to the findings of the bacteriological examination.

Out of the 202 patients in the study group that tested positive for GeneXpert during screening, 29 patients (14.4% of the study group and 7.2% of the total) had false negative findings for TB scoring, with 13 of them having TB score values below 0.10. Out of those 29 FN patients, 9 had a previous TB disease and two out had no history of TB and were not later confirmed to have TB during medical and bacteriological examinations. As a result, 27 patients with FN TB scores but positive sputum at GeneXpert were reevaluated.

In the control group, 15 patients had false positive TB scores (> 0.40) but tested negative for TB on the GeneXpert test. These false positive cases accounted for 7.4% of the control group and 3.7% of the total 404 persons analyzed. We note that the sample was randomly selected from all participants registered in the screening and had negative TB sputum. The results of the descriptive analysis reveal notable aspects of the dataset, with a particular focus on extremely high values. In the case of the control group (202 participants with negative TB score), while the mean (0.1306) provides insight into the central tendency, the Kurtosis (7.8877) and skewness (2.8271) values indicate a pronounced peak in the distribution and a strong positive skewness, suggesting the presence of extreme values. In addition, outlier values are underscored by a substantial standard deviation (0.2052). The minimum of 0.0001 and the maximum of 0.9987 illustrate significant variability within the dataset, and the high Kurtosis coefficient implies that the distribution may contain extreme values that are either positively or negatively skewed. These findings underscore the distinctive nature of the dataset, which is characterized by a pronounced concentration around the mean and the presence of significant outlier values.

The 15 scoring values exceeding 0.40 were thoroughly examined as they were within the false positive range. Out of the 15 patients, 3 had a previous history of TB with scores of 0.9987, 0.9495, and 0.8668. These elevated values may indicate the presence of pulmonary sequel lesions with recent inflammatory features due to exacerbations.

Not surprisingly, we also found higher CAD scores in individuals experiencing TB recurrence, in such circumstances, it may be beneficial to consider including them in the criteria for predicting recurrence.

The low CAD score of the 7 individuals with a TB history, although testing positive for TB in sputum using GeneXpert, does not indicate active TB, results also supported by the study conducted by Grant Theron on 238 patients who tested positive on GeneXpert and treated for TB and retested positive on GeneXpert (29). The high incidence of TB in 12 patients without a prior TB history highlights the need to update the AI scoring algorithm in X-Vision to better differentiate between radiological images of concurrent infections, which occur alongside other conditions, and those of active TB. The limitation of the evaluation method, which combines imaging analysis and bacteriological testing via GeneXpert, has an error rate of less than 1%, a statistically acceptable threshold. Upon analyzing the entire batch, it is evident that 7.2% of individuals exhibit FN results, whilst 3.7% display FP results. The study’s main goal was to detect TB, with a focus on the costs of testing. These costs are high initially but decrease dramatically in the long term when compared to the expenses incurred due to false negative instances.

Compared data with Melendez’s study, which assessed the initial version of CAD for TB in over 38,000 individuals, the ROC curve analysis showed a software specificity of 55.71% (95% CI 55.21–56.20) and a negative predictive value of 99.98% (95% CI 99.95–99.99) at a sensitivity of 95%. The ROC curve’s area was 0.90 with a 95% confidence interval of 0.86–0.93 (30). In our study ROC curve analysis indicate an AUC of 0.923 (95% CI:0.893–0.947; significance level p < 0.0001) with sensitivity 87.1, specificity 91.6 and criterion >0.3585.



4.5 Study limitation

Our study is limited by the software’s inability to differentiate lung lesions present in new TB cases from specific TB lung lesions in relapsed cases. Training the software for a new working variant would allow for the reduction of false negative cases, which pose the greatest challenges in terms of TB transmission perspective. Another limitation of the statistical analysis arises from the small sample sizes of drug users and homeless patients, which prevented distinct identification in the diagnostic algorithms for these categories.




5 Conclusion

The combination of CXR with AI scoring and GeneXpert testing is very advantageous for the screening of a population exposed to risk, when we talk about the active detection of TB. The primary objective of this technology is not merely to reduce costs, but to provide significant assistance in the detection of cases and the management of infections. Additionally, it streamlines the triage process by lowering the costs of triage algorithms, reducing human error, and enhancing the role of radiological examinations in identifying lung lesions. Given that the sensitivity and specificity of CXR are known to slightly exceed the 50% threshold, this technology offers valuable support in improving diagnostic accuracy.

A tool like this could prove particularly valuable in situations where there is a significant constraint on human resources, especially doctors, and in areas where access to medical services is limited. The test’s AUC is 0.924 with a 95% confidence interval (CI) of 0.913–0.964, indicating a remarkable ability to accurately detect individuals with TB and also correctly exclude those which are not affected.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving humans were approved by “Marius Nasta” Institute of Pneumology, Bucharest, Romania, Etics Committee. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

BM: Conceptualization, Funding acquisition, Methodology, Project administration, Supervision, Validation, Writing – original draft, Writing – review & editing. AS: Conceptualization, Funding acquisition, Investigation, Project administration, Writing – original draft. DB: Formal analysis, Investigation, Writing – original draft. T-CP: Resources, Visualization, Writing – review & editing. DD: Data curation, Software, Writing – original draft, Project administration. MM: Formal analysis, Methodology, Resources, Software, Validation, Writing – original draft. RB: Investigation, Visualization, Writing – original draft. EI: Conceptualization, Methodology, Writing – original draft. MB: Data curation, Methodology, Resources, Writing – review & editing. OP: Investigation, Software, Writing – review & editing. MOB: Methodology, Writing – review & editing. IMM: Conceptualization, Supervision, Validation, Writing – review & editing, Project administration. VV: Conceptualization, Writing – review & editing. RM: Resources, Visualization, Writing – review & editing. IMu: Conceptualization, Supervision, Validation, Writing – review & editing, Project administration. CP: Conceptualization, Visualization, Writing – review & editing. JAD: Funding acquisition, Methodology, Writing – original draft.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was partially funded by the World Health Organization, under the grant “Support to NTP activities for using digital technologies to support the TB response in Romania,” and grant number P23-00887.



Acknowledgments

The study authors express their gratitude to the World Health Organization Regional Office, especially to Kostyantyn Dumchev, Corinne Merle, for implementing the “Support to NTP activities for utilizing digital technologies to bolster the tuberculosis response in Romania.” Furthermore, we would like to express our gratitude to the administration of “Marius Nasta” Institute of Pneumology for their provision of essential data required for the execution of this study, as well as their prioritization of research in the domain of tuberculosis prevention.



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.



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/fpubh.2025.1433450/full#supplementary-material



References

 1. Tuberculosis Results Report. (2024). Available at:https://www.theglobalfund.org/media/15032/core_2024-results-tuberculosis_report_en.pdf [Accessed October 21, 2024]

 2. Chakaya, J, Petersen, E, Nantanda, R, Mungai, BN, Migliori, GB, Amanullah, F , et al. The WHO global tuberculosis 2021 report – not so good news and turning the tide back to end TB. Int J Infect Dis. (2022) 124:S26–9. doi: 10.1016/J.IJID.2022.03.011

 3. WHO. WHO operational handbook on tuberculosis: Module 3: Diagnosis: Rapid diagnostics for tuberculosis detection, 2021 update. Geneva. World Health Organization. (2021). 1–164. Available at: https://www.who.int/publications/i/item/9789240030589

 4. Sahu, S, Ditiu, L, and Zumla, A. After the UNGA high-level meeting on tuberculosis-what next and how? Lancet Glob Health. (2019) 7:e558–60. doi: 10.1016/S2214-109X(19)30068-3

 5. WHO. Global tuberculosis report 2019. (2019). Available at:https://iris.who.int/bitstream/handle/10665/329368/9789241565714-eng.pdf

 6. Arnold, SG, and Haroon, MO. A comparative analysis of the profile and treatment outcomes of tuberculosis patients managed at the community and primary health care facilities in Botswana. J Clin Tuberc Other Mycobact Dis. (2023) 33:100400–5794. doi: 10.1016/j.jctube.2023.100400

 7. WHO. Global tuberculosis report 2023. (2023). Available at:https://www.who.int/publications/i/item/9789240083851

 8. WHO. Global Tuberculosis report 2022. (2022). Available at:https://iris.who.int/bitstream/handle/10665/363752/9789240061729-eng.pdf?sequence=1

 9. European Centre for Disease Prevention and Control & World Health Organization. Regional Office for Europe. Tuberculosis surveillance and monitoring in Europe 2022 – 2020 data. World Health Organization. Regional Office for Europe & European Centre for Disease Prevention and Control. Copenhagen & Stockholm. Copenhagen (2022). Available at: https://www.ecdc.europa.eu/sites/default/files/documents/Tuberculosis-surveillance-monitoring-europe-2022_0.pdf, https://www.who.int/europe/publications/i/item/9789289057820, https://iris.who.int/discover?query=9789289057820

 10. Stoichita, A, Ghita, M, Mahler, B, Vlasceanu, S, Ghinet, A, Mosteanu, M , et al. Imagistic findings using artificial intelligence in vaccinated versus unvaccinated SARS-CoV-2-positive patients receiving in-care treatment at a tertiary lung hospital. J Clin Med. (2023) 12. doi: 10.3390/jcm12227115

 11. Qin, ZZ, Ahmed, S, Sarker, MS, Paul, K, Adel, ASS, Naheyan, T , et al. Tuberculosis detection from chest x-rays for triaging in a high tuberculosis-burden setting: an evaluation of five artificial intelligence algorithms. Lancet Digit Health. (2021) 3:e543–54. doi: 10.1016/S2589-7500(21)00116-3

 12. Mahler, B, De Vries, G, Van Hest, R, Gainaru, D, Menezes, D, Popescu, G , et al. Use of targeted mobile X-ray screening and computer-aided detection software to identify tuberculosis among high-risk groups in Romania: descriptive results of the E-DETECT TB active case-finding project. BMJ Open. (2021) 11:e045289. doi: 10.1136/bmjopen-2020-045289

 13. STRATEGIA NAȚIONALĂ PENTRU CONTROLUL TUBERCULOZEI 2022-2030- Marius Nasta. (2022). Available at: https://marius-nasta.ro/programul-national-de-prevenire-supraveghere-si-control-al-tuberculozei-pnpsct/strategia-nat-pt-control-tuberculoza-2022-2030/

 14. Munteanu, I, Cioran, N, van Hest, R, Abubakar, I, Story, A, Chiotan, D , et al. Tuberculosis surveillance in Romania among vulnerable risk groups between 2015 and 2017. Ther Clin Risk Manag. (2022) 18:439–46. doi: 10.2147/TCRM.S347748

 15. ECDC. Interventions in vulnerable groups are the key to eliminating tuberculosis in Europe. (2016). Available at: https://www.ecdc.europa.eu/en/publications-data/interventions-vulnerable-groups-are-key-eliminating-tuberculosis-europe

 16. MedCalc Software Ltd. MedCalc® Statistical Software version 22.016. (2023) Available at:https://www.medcalc.org [Accessed December 28, 2023]

 17. IBM Corp. IBM SPSS statistics for windows, Version 26.0. (2019)

 18. Ekelund, S. ROC curves V what are they and how are they used? J Near-Patient Test Technol. (2012) 11:16–21. doi: 10.1097/POC.0b013e318246a642

 19. Obuchowski, NA, and Bullen, JA. Receiver operating characteristic (ROC) curves: review of methods with applications in diagnostic medicine. Phys Med Biol. (2018) 63: 07TR01. doi: 10.1088/1361-6560/AAB4B1

 20. Băicuş, C. Medicina bazată pe dovezi: Cum înțelegem studiile. Editura Medicală, editor. (Medical Publishing House). București. (2007).

 21. Bhandari, A. Guide to AUC ROC curve in machine learning. (2024). Available at: https://www.analyticsvidhya.com/blog/2020/06/auc-roc-curve-machine-learning/

 22. Zweig, MH, and Campbell, G. Receiver-operating characteristic (ROC) plots: a fundamental evaluation tool in clinical medicine. Clin Chem. (1993) 39:561–77. doi: 10.1093/CLINCHEM/39.4.561

 23. Youden, WJ. Index for rating diagnostic tests. Cancer. (1950) 3:32–5. doi: 10.1002/1097-0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3

 24. Nakas, CT, Alonzo, TA, and Yiannoutsos, CT. Accuracy and cut-off point selection in three-class classification problems using a generalization of the Youden index. Stat Med. (2010) 29:2946–55. doi: 10.1002/SIM.4044

 25. Boudville, DA, Joshi, R, and Rijkers, GT. Migration and tuberculosis in Europe. J Clin Tuberc Other Mycobact Dis. (2020) 18:100143. doi: 10.1016/J.JCTUBE.2020.100143

 26. Moodley, N, Velen, K, Saimen, A, Zakhura, N, Churchyard, G, and Charalambous, S. Clinical infectious diseases digital chest radiography enhances screening efficiency for pulmonary tuberculosis in primary health clinics in South Africa. Clin Infect Dis. (2022) 74:1650–8. doi: 10.1093/cid/ciab644

 27. Innes, AL, Martinez, A, Gao, X, Dinh, N, Hoang, GL, Nguyen, TBP , et al. Computer-aided detection for chest radiography to improve the quality of tuberculosis diagnosis in Vietnam’s district health facilities: an implementation study. Trop Med Infect Dis. (2023) 8:1–12. doi: 10.3390/tropicalmed8110488

 28. Qin, ZZ, Barrett, R, Ahmed, S, Sarker, MS, Paul, K, Adel, ASS , et al. Comparing different versions of computer-aided detection products when reading chest X-rays for tuberculosis. PLOS Digital Health. (2022) 1:e0000067–7. doi: 10.1371/journal.pdig.0000067

 29. Theron, G, Venter, R, Smith, L, Esmail, A, Randall, P, Sood, V , et al. False-positive Xpert MTB/RIF results in retested patients with previous tuberculosis: frequency, profile, and prospective clinical outcomes. J Clin Microbiol. (2018). 56:e01696-17. doi: 10.1128/jcm.01696-17

 30. Melendez, J, Hogeweg, L, Sánchez, CI, Philipsen, RHHM, Aldridge, RW, Hayward, AC , et al. Accuracy of an automated system for tuberculosis detection on chest radiographs in high-risk screening. Int J Tuberculosis Lung Dis. (2018) 22:567–71. doi: 10.5588/ijtld.17.0492


Copyright
 © 2025 Mahler, Stoichiță, Băiceanu, Panciu, Dendrino, Mihai, Bobocea, Ibraim, Bălteanu, Popescu, Burecu, Moșteanu, Veronese, Matache, Munteanu, Popa and Dragomir. 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/xhtml/Nav.xhtml




Contents





		Cover



		Artificial intelligence: a useful tool in active tuberculosis screening among vulnerable groups in Romania - advantages and limitations



		1 Introduction



		2 Materials and methods



		2.1 Study design



		2.2 Study population



		2.2.1 Inclusion criteria



		2.2.2 Exclusion criteria









		2.3 Sampling and recruitment



		2.4 Instrument



		2.5 Statistical analysis









		3 Results



		4 Discussions



		4.1 Analysis of threshold value



		4.2 Implementation challenges and broader implications



		4.3 ROC curve analysis



		4.4 Analysis of false negative and false positive outcomes



		4.5 Study limitation









		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary material



		References



















OPS/images/fpubh-13-1433450-t002.jpg
Control group Study group Total

Count Column N % Count Column N % Count Column N %
BN 0 0.0% £ 144% £ 7.2%
53 15 7.4% 0 0.0% 15 37%
™ 187 92.6% 0 0.0% 187 463%
™ 0 0.0% 173 85.6% 173 428%

Total 202 100.0% 202 100.0% 404 100.0%





OPS/images/cover.jpg
& frontiers | Frontiers in Public Health

Artificial intelligence: a useful tool
in active tuberculosis screening
among vulnerable groups in
Romania - advantages and
limitations












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
¥ frontiers Frontiers in Public Health






OPS/images/fpubh-13-1433450-g001.jpg
CAD reading and
interpretation (based on
various thresholds)

Abnormal Normal
(score > threshold) (score < threshold)

interpretation of
bacteriological
results

Not TB Not TB

B B
(True Positive - TP) (False Positive - FP) | | (False Negative - FN) | | (True Negative - TN)






OPS/images/fpubh-13-1433450-g002.jpg
TB score

1.0000

0.9000

0.8000

0.7000

0.6000

0.5000

0.4000

0.3000

0.2000

0.1000

0.0000

9943 00.9870
s T

#a

867433

'0.6439
*0.6119

83333
04582

i
St

-

LS 0.1215
Bk o.0595
£0.0000 0.0231

I Study group M Control group





OPS/images/fpubh-13-1433450-e003.jpg
TP ™

J = max {sensitivity, + specificity, ~ 1} or J = ——— 4+ ————
{ e specifcite -1} TP+FN TN +FP






OPS/images/fpubh-13-1433450-e004.jpg
p=0.7535>0.05





OPS/images/fpubh-13-1433450-t001.jpg
Vulnerable Control group Study group
Group (VG)

Count  Column  Count Column

N% N%
HP 13 6.4% 13 6.4%
PDL 3 15% 3 15%
PWID 7 35% 7 35%
RR 179 88.6% 179 88.6%

Total 202 100.0% 202 100.0%





OPS/images/fpubh-13-1433450-g003.jpg
Sensitivity

0

TB Score

AUC =0.923
P <0.001

20 40 60 80 100
100-Specificity

ROC curve
Variable TB Score (%)
Classificationvariable | TB_Status

404

202 (50.00%)
202 (50.00%)

Samplesize
Positive group *
Negative group ®
*TB. Stas-POSITIVE
>Th_Staus-NEGATIVE

Area under the ROC curve (AUC)
AreaundertheROCcurve(AUC)
StandardError *
95%Confidenceinterval ®
zstatistic.
SignificancelevelP(Area=0.5)

*DeLong ctal, 1988
* Binomial exact

Youdenindex]
Associatederiterion
Sensitivity
Specificity

0923

0.0155

0.893 t0 0.947
27310
<0.0001

07871
>35.85
87.13
91.58






OPS/images/fpubh-13-1433450-g004.jpg
o E) W E) ) o
00-Ssecicty

Comparison of independent ROC curves

Variable TB Score (%)
Classificationvariable TB_Status
Totalsamplesize 404

Positive group® 202(50.00%)
Negative group® | 202 (50.00%)

+TB_ Staus=POSITIVE
*TB Status-NEGATIVE.

o= N N hue e[
FEMALE 51 115 0.925 0.024  0.874 to 0.960
MALE 151 87 0915 0.0216 0872100947
*DeLong tal, 198

*Binomialexsét

Pairwise comparison of ROC curves

FEMALE ~ MALE
Differencebetweenareas | 0.0103
StandardError 00328
95%Confidencelnterval | -0.0539 t0 0.0745
zstatistic 0314
Significancelevel P=07535






OPS/images/fpubh-13-1433450-e001.jpg
P

Sensitivity = TPR = ————
TP+ FN





OPS/images/fpubh-13-1433450-e002.jpg
N
FP+TN

Specificity = TNR =





