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Abstract
Background: Chagas disease affects millions worldwide and remains a leading cause of cardiomyopathy in Latin 
America. Early diagnosis remains challenging in endemic regions. Artificial intelligence (AI)-based electrocardiography 
(ECG) analysis may offer a low-cost strategy for large-scale screening in resource-limited settings.

Objectives: To evaluate the performance of an AI-ECG algorithm combined with clinical data for detecting Chagas 
disease in a community-based screening program conducted in a highly endemic region in Northeastern Brazil.

Methods: In August 2024, 1,115 adults underwent standardized 12-lead ECG acquisition during a field campaign in 
Feira de Santana, Bahia, Northeast Brazil. A previously trained AI model analyzed ECG tracings and incorporated three 
clinical variables: i) prior residence in triatomine-infested areas, ii) poor housing conditions, and iii) family history of 
Chagas disease. Individuals flagged as AI-positive were classified as suspected cases. Suspected cases and matched 
controls (2:1) underwent point-of-care serological testing.

Results: The algorithm flagged 121 individuals (10.9%), corresponding to an estimated AI-based prevalence of Chagas 
disease of 7.8% (95%CI: 6.2-9.6). Among the 112 individuals who completed serological testing, 13 tested positive, 
all within the AI-positive suspected group; no seropositive cases were identified among controls. Sensitivity was 
100% (95%CI: 69-100), specificity 40% (95%CI: 30-50), negative predictive value 100% (95%CI: 91-100), and positive 
predictive value 12% (95%CI: 11-14), with a diagnostic odds ratio of 6.6.

Conclusions: An AI-ECG algorithm combined with simple clinical variables demonstrated excellent sensitivity for 
the detection of Chagas disease and may represent a valuable triage tool in endemic, resource-constrained settings.

 Chagas Disease; Artificial Intelligence; Electrocardiography; Mass Screening.
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Introduction
Chagas disease, which is caused by the protozoan parasite 

Trypanosoma cruzi, is one of the most prevalent neglected 
tropical diseases. It affects approximately 6-7 million 
people worldwide, primarily in Latin America.1–3 Although 
transmission through vectors (notably triatomine insects) 
and blood transfusions has declined substantially in recent 
decades due to socioeconomic improvements, better housing 
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conditions, and public health initiatives, chronic Chagas 
cardiomyopathy remains a major cause of morbidity and 
mortality. It is the most common form of organ involvement, 
affecting more than 30% of seropositive individuals, and often 
progresses silently until advanced stages.4

The gold standard for etiological diagnosis of Chagas 
disease is serological testing for T. cruzi antibodies, whereas 
echocardiography remains the cornerstone for detecting 
advanced heart involvement, particularly ventricular 
dysfunction, and for guiding risk stratification and prognosis.1 
However, access to these diagnostic modalities remains 
restricted in many endemic, resource-constrained settings.

In contrast, electrocardiography (ECG) is a widely 
accessible, cost-effective tool capable of identifying early 
signs of heart involvement in chronic Chagas cardiomyopathy, 
including right bundle branch block (RBBB), left anterior 
fascicular block (LAFB), premature ventricular contractions, 
and fragmented QRS complexes, which are well-established 
markers of heart involvement in Chagas disease.5 Despite its 
clinical utility and recommendation for annual assessment, 
conventional ECG interpretation has limited sensitivity and 
specificity, particularly for detecting subclinical disease. 
Moreover, ECG has the potential to be incorporated into 
population-based screening strategies as a point-of-care tool 
to estimate the likelihood of Chagas disease, especially in 
underserved settings where diagnostic resources are scarce.

In recent years, deep learning models based on artificial 
intelligence (AI) have demonstrated high diagnostic 
performance in ECG interpretation. Notably, prior studies have 
shown that AI-ECGs can identify T. cruzi seropositivity6 and 
predict left ventricular systolic dysfunction in individuals with 
chronic Chagas cardiomyopathy, with area under the curve 

(AUC) values of up to 0.84.7 These findings underscore the 
potential of AI-ECG algorithms as affordable and scalable tools 
for early detection and risk stratification in Chagas disease, 
even before structural heart changes become evident.

This study evaluated the diagnostic performance of an 
AI-ECG algorithm for detecting T. cruzi seropositivity during 
a community-based screening campaign in individuals 
without clinical suspicion of Chagas disease, aiming to assess 
its potential as a low-cost population-based triage strategy 
in endemic regions. The main findings are summarized in 
Central Illustration. 

Methods

Study design and population
Upon reasonable request to the corresponding author, 

study data and analytical methods may be made available to 
other researchers for the purpose of reproducing the results 
or replicating the procedures of this study. The AI-ECG model 
evaluated herein is currently a proprietary research tool and has 
not been publicly released; access to the code or deployment 
interface is subject to institutional agreements, data governance 
requirements, and future regulatory considerations.

This was a cross-sectional external validation study in which a 
pre-existing AI-enhanced, point-based algorithm was applied to 
participants enrolled in a community health campaign conducted 
in August 2024 in a Chagas disease-endemic region in Feira de 
Santana and surrounding regions in Bahia, Northeast Brazil. The 
cardiovascular screening effort was part of a multicenter initiative 
named PROVAR+ (Programa de Rastreamento da Valvopatia 
Reumática), conducted through an international collaboration 

AI: artificial intelligence; CNN: convolutional neural network; ECG: electrocardiography; NPV: negative predictive value.

Central Illustration: Artificial Intelligence-Enhanced Electrocardiography Analysis for Diagnosing  
Chagas Disease
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between academic institutions between Hospital das Clínicas, 
Universidade Federal de Minas Gerais (UFMG), Brazil, and 
Children’s National Hospital, Washington, DC, United States. The 
study protocol was approved by the local Institutional Review 
Board of UFMG under CAAE number 37228120.9.0000.5149 
and by regional health authorities, in accordance with ethical 
standards for research involving human participants.

The study cohort consisted of adults (≥ 18 years) recruited 
through the primary care network, dedicated health campaigns, 
and social media outreach, without a prior diagnosis or 
clinical suspicion of Chagas disease. Eligible participants were 
randomly identified by local health authorities and underwent 
a standardized screening protocol that included a brief clinical 
questionnaire, a 12-lead ECG, and transthoracic portable 
echocardiography, irrespective of symptom status or previous 
indication for cardiovascular evaluation. Individuals with a 
known history of Chagas disease were excluded. All participants 
provided written informed consent prior to any study-related 
procedures. A detailed flowchart of the study population and 
exclusions is presented in Figure 1.

Electrocardiography acquisition and artificial intelligence 
algorithm

All participants underwent a resting 12-lead ECG, 
acquired using commercially available devices and 
transmitted to the Telehealth Center at UFMG. ECGs were 
initially interpreted using an automated system developed 
by an external academic institution (version 28.5, January 
2014), which generated real-time clinical reports.

Additionally, for study standardization, all ECG tracings 
were subsequently reviewed by a trained cardiologist and 
classified according to the standardized Minnesota Code.8 The 
Minnesota Code is the most widely used ECG classification 
system worldwide, developed in the 1950s by Dr. Henry 
Blackburn, and is based on predefined measurement criteria 
to assign specific numerical codes according to the severity of 
findings.9 In cases of discrepancy between automated reports 
and cardiologist interpretation, examinations were adjudicated 
to establish a final classification. Although modified versions 
of the Minnesota Code adapted for Chagas disease have been 
widely used in disease-specific cohorts, ECG coding in this 
study was used exclusively for descriptive standardization and 
did not serve as an input to the AI model or as a reference 
standard for the diagnosis of Chagas disease.

Prior to ECG acquisition, a brief structured interview was 
conducted to collect demographic data, clinical indications 
for testing, and risk factors for Chagas disease. Based 
on these data, an AI-enhanced algorithm was applied, 
integrating ECG signals with three clinical variables derived 
from national guidelines for Chagas disease10: i) history 
of residence in areas with triatomine vector presence; ii) 
residence in housing conditions associated with vector 
exposure; and iii) family history of confirmed Chagas 
disease. Participants flagged by the combined algorithm 
were classified as AI-positive for screening purposes.

The proprietary AI-ECG algorithm for Chagas disease was 
originally developed using two large datasets SaMi-Trop and 
CODE derived from a heterogeneous population, including 

individuals with Chagas disease and a smaller group of healthy 
controls. One dataset comprised a cohort study conducted in 
the SaMi-Trop cohort, whereas the other consisted of a large 
tele-ECG database collected from a broad population through 
the CODE tele-ECG dataset.

The algorithm has been previously validated in the REDS-II 
and ELSA-Brasil datasets, including individuals with different 
serological profiles and a longitudinal cohort of adults.6,7

The deep learning model was based on a residual 
network architecture adapted for one-dimensional 
signals. It included convolutional layers both preceding 
and within residual blocks, consistent with architectures 
previously used to classify multiple ECG abnormalities, with 
modification of the final output layer to generate a binary 
classification output for Chagas disease. Model parameters 
were optimized by minimizing the binary cross-entropy 
loss function, with data processed in batches of size 32.

Regularization strategies included a dropout rate of 0.5 
and weight decay of 0.001. An ensemble approach was 
implemented by training the model 15 times using different 
random seeds, with final predictions obtained by averaging 
the outputs. The resulting values ranged from 0 to 1 and 
can be interpreted as the predicted probability of Chagas 
disease based on reference serological testing.6

The predicted probability was subsequently integrated 
with the aforementioned clinical and demographic 
variables to generate a final point-based probability 
of Chagas disease, independent of conventional ECG 
abnormalities or echocardiographic findings.

Two-phase serological verification strategy
Because serological testing was not performed in the entire 

screened population, a two-phase verification design was 
implemented. All participants classified as AI-positive were 
invited for serological confirmation, whereas AI-negative 
participants were selected as matched controls through 
age- and sex-matched sampling in a 2:1 ratio. Controls were 
randomly selected using proprietary trigger software based on 
computer-generated random numbers.

Serological testing was performed using a point-of-
care rapid diagnostic test based on chimeric antigens 
(IBMP), designed to detect T. cruzi antibodies. This assay 
has demonstrated high sensitivity and specificity and was 
considered the diagnostic reference standard in this study.11 
This sampling strategy was adopted to ensure feasibility within 
a field-based screening campaign.

Echocardiography
A simplified echocardiographic protocol, based 

on recommendations from the American Society of 
Echocardiography,12 was performed by physicians using 
portable ultrasound systems on the same day as the clinical 
evaluation and ECG triage. However, echocardiographic 
findings were not available at the time of AI-based classification 
and were not used in the development of the algorithm or in 
point-of-care decision-making. Such data were used solely 
for ancillary post hoc analyses.
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Heart structural abnormalities were defined according 
to predefined criteria described in PROVAR+ studies and 
ASE-REWARD studies.10,13 These included moderate to 
severe valvular disease (regurgitation or stenosis), ventricular 
dysfunction or hypertrophy, congenital heart disease, 
pericardial effusion, and regional wall-motion abnormalities. 
Both objective measurements and qualitative assessments 
were recorded. Only participants with clinically significant 
abnormalities were referred for specialized care.

Statistical analysis
Because of the descriptive nature of the analysis, all 

computations were performed using Microsoft Excel 2019 
(Microsoft Corporation, Redmond, WA, USA). As this was 
an exploratory study, no a priori sample size calculation was 
performed; instead, the total number of participants enrolled 
during the 4-day screening period was analyzed.

Continuous variables are presented as mean ±  standard 
deviation or median and interquartile range as appropriate, 
based on distribution assessed using the Shapiro-Wilk test. 
Categorical variables are presented as absolute frequencies and 
percentages. Baseline characteristics of participants classified 
as AI-positive and AI-negative were summarized descriptively.

When applicable, comparisons between groups were 
performed using the unpaired Student’s t test or the 
Mann-Whitney U test for continuous variables, and the chi-
square test or Fisher’s exact test for categorical variables, as 
appropriate. A p < 0.05 was considered statistically significant.

Diagnostic performance metrics of the AI algorithm, 
including sensitivity, specificity, positive predictive value 
(PPV), negative predictive value (NPV), and diagnostic 
odds ratio (DOR), were calculated using point-of-care 
seropositivity as the reference standard. 95%CIs were 
calculated for all estimates.

Figure 1 – Flowchart of the study design. AI: artificial intelligence; ECG: electrocardiography.
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Since serological testing was not performed in all screened 
participants but followed a two-phase verification strategy, 
diagnostic performance measures should be interpreted as 
exploratory estimates within the tested sample. A detailed 
flowchart describing the study design and participant selection 
is provided in Figure 1.

Results
A total of 1,115 individuals were screened during 

the community-based health campaign. Of these, 1,031 
(92.5%) successfully completed the 12-lead ECG protocol. 
The mean age of participants was 56 years, and most 
were women (78.4%). According to the Minnesota Code 
classification, 402 individuals (39.0%) exhibited ECG 
abnormalities, including 284 (27.5%) with minor alterations 
and 118 (11.4%) with major abnormalities.

The AI-ECG algorithm generated 121 alerts for point-
of-care serological testing. Of these, 80 corresponded to 
individuals classified as having suspected Chagas disease, 
and 41 to participants not initially considered at high risk. 
After excluding nine individuals who did not undergo 
testing due to loss to follow-up or logistical constraints, 
112 participants completed serological evaluation. These 
included 73 individuals from the suspected Chagas disease 
group and 39 from the non-high-risk group. Detailed 
baseline characteristics are provided in Table 1.

Of the 112 individuals tested, 13 (all from the suspected 
Chagas disease group) had positive serology confirming 
Chagas disease. No seropositive cases were identified 
among participants not initially considered at high risk. 
These findings yielded a sensitivity of 100% (95%CI: 69-
100), specificity of 40% (95%CI: 30-50), NPV of 100% 

(95%CI: 91-100), and PPV of 12% (95%CI: 11-14), with a 
DOR of 6.6 for the combined AI-based algorithm.

Among the 99 participants classified as AI-positive 
but with negative serology, 46 (46.4%) exhibited ECG 
abnormalities, including 13 with major abnormalities and 
33 with minor alterations.

In the subgroup of 13 individuals who were both AI-
positive and seropositive, ECG findings showed that five 
had major abnormalities (four with RBBB associated with 
LAFB and one with isolated RBBB) while two had minor 
abnormalities and six had normal ECGs.

Although echocardiography was not incorporated 
into the algorithm or used for diagnostic classification, 
echocardiographic data were available for exploratory 
analysis in this subgroup. Seven participants had normal 
echocardiograms, three had mild findings (including 
isolated tricuspid regurgitation or right ventricular dilation), 
and three had moderate valvular abnormalities, including 
two with mitral regurgitation and one with combined 
mitral and tricuspid regurgitation suggestive of a rheumatic 
pattern. None of the seropositive individuals showed 
evidence of left ventricular systolic dysfunction.

Discussion
The present study demonstrates that the integration of an 

AI-ECG algorithm with simple clinical variables can accurately 
identify seropositive cases of Chagas disease in a community-
based screening campaign involving a non-selected 
population at high sociodemographic risk. The combined 
algorithm achieved a DOR of 6.6, with 100% sensitivity 
and NPV, supporting its potential utility as a rule-out tool 

Table 1 – Baseline characteristics of the study population

Characteristic Total
(n = 1,031)

AI-ECG 
positive 
(n = 121)

AI-ECG
negative
(n = 910)

p-value

Age, mean (SD), years 56.1 (± 11.2) 57.4 (± 10.2) 55.9 (± 11.3) 0.17

Women, n (%) 808 (78.4%) 95 (78.5%) 713 (78.3%) 0.96

ECG with any abnormality, n (%) 402 (39.0%) 48 (39.7%) 354 (38.9%) 0.87

Minor abnormality, n (%) 284 (27.5%) 31 (25.6%) 253 (27.8%) 0.61

Major abnormality, n (%) 118 (11.4%) 17 (14.0%) 101 (11.1%) 0.35

Serologically confirmed Chagas disease, n (%) 13 (1.2%) 13 (10.7%) 0 (0.0%) < 0.001*

Echocardiography performed, n (%) 1.031 (100%) 121 (100%) 910 (100%) N/A

Major abnormality, n (%) 262 (25.4%) 20 (16.5%) 242 (26.5%) 0.02*

LV or RV involvement, n (%) 42 (4.0%) 2 (1.7%) 40 (4.4%) 0.16

Normal echocardiogram, n (%) 455 (44.1%) 44 (36.3%) 411 (45.1%) 0.07

*p < 0.05. AI: artificial intelligence; ECG: electrocardiography; LV: left ventricle; N/A: not applicable; RV: right ventricle; SD: standard 
deviation.
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in resource-limited settings. These findings indicate strong 
applicability as a triage strategy, particularly in contexts where 
prioritization of confirmatory testing is required. The ability 
of the algorithm to identify all seropositive individuals, even 
in the absence of overt structural heart disease, reinforces 
its clinical value in endemic regions with limited access 
to specialized diagnostic resources. Although specificity 
remained modest (40%), this trade-off may be acceptable 
in early screening strategies where minimizing false-negative 
results is a priority. These findings are particularly relevant 
in the context of neglected tropical diseases, in which 
underdiagnosis is common and early detection may reduce 
disease progression.

ECG remains the most accessible cardiovascular 
diagnostic tool in low-resource settings and has long 
been used in the evaluation of Chagas disease, as a core 
component of routine clinical assessment to identify 
heart involvement. Classical abnormalities (e.g., RBBB, 
LAFB, and premature ventricular contractions) are well-
established markers of disease severity and progression,14 
correlating with ventricular involvement, risk of malignant 
ventricular arrhythmias, and mortality.15 However, evidence 
indicates that a normal ECG, particularly with a narrow 
QRS complex, does not exclude early heart involvement 
in Chagas disease.16 These observations support the use 
of advanced computational approaches, such as AI, which 
may detect subclinical electrical patterns not identifiable 
through conventional visual interpretation.

Recent deep learning models have demonstrated 
promising results in detecting Chagas disease-related 
abnormalities from ECG data. Jidling et al. trained a neural 
network using the CODE and SaMi-Trop cohorts to identify 
T. cruzi seropositivity, achieving an AUC of 0.80 in internal 
validation and 0.68 in external validation.6 Similarly, prior 
work has shown that AI-ECG analysis can predict left 
ventricular systolic dysfunction in Chagas disease with 
AUC values of up to 0.84.7 The present study extends 
these findings by applying this approach in a real-world, 
prospective, community-based setting, involving individuals 
without prior clinical suspicion of Chagas disease.

An important methodological aspect of this study is 
the integration of AI-ECG with targeted clinical variables, 
which is consistent with evidence that ECG data alone 
may be insufficient for early-stage detection. In addition, 
a substantial proportion of individuals classified as 
AI-positive but with negative serology presented ECG 
abnormalities, suggesting the presence of early or 
alternative cardiovascular conditions detectable through 
ECG screening. This finding warrants further investigation, 
particularly regarding its prognostic implications.

Notably, a subgroup of individuals in this study 
presented normal conventional ECG findings but were 
classified as AI-positive and had confirmed seropositivity. 
This observation suggests AI-ECG analysis may detect 
subtle electrical patterns beyond the limits of expert visual 
interpretation, potentially reflecting very early myocardial 
involvement. This concept is supported by previous studies 
using the Selvester QRS score, which have demonstrated 
that myocardial fibrosis, as identified by cardiac magnetic 

resonance imaging, may be present even in the absence 
of overt ECG abnormalities.17,18 These findings reinforce 
the potential role of advanced ECG analysis, including 
AI-enhanced approaches, in the detection of early heart 
involvement in Chagas disease.

The clinical variables incorporated into the algorithm 
(i.e., residence in endemic areas, housing conditions 
associated with triatomine infestation, and family history 
of Chagas disease) were selected based on national 
clinical guidelines.10 These factors likely improved 
diagnostic yield by capturing key sociodemographic 
determinants of the disease. The AI-ECG model was 
originally trained in a general population rather than 
exclusively in individuals with Chagas disease, highlighting 
the importance of contextual adaptation when applied to 
high-risk populations.6 The integration of environmental 
and epidemiological variables enhanced its performance 
in this setting. However, prospective multicenter validation 
and implementation studies are necessary before broader 
clinical adoption of this triage strategy.

Finally, the distribution of seropositive cases observed 
in this community-based sample is consistent with 
previously reported epidemiological patterns in high-risk 
populations in Latin America, particularly in endemic rural 
and semi-urban regions. For example, Cucunubá et al. 
reported higher seropositivity rates among older adults in 
rural endemic areas.4 Although the present study was not 
designed to estimate disease prevalence, the identification 
of confirmed cases reinforces the need for scalable and 
accessible screening strategies in underserved populations 
as well as for appropriate prioritization of diagnostic and 
therapeutic resources.

Limitations of study
This study has some limitations. First, the cross-sectional 

design and the use of an artificial intelligence model 
previously trained on general population datasets may limit 
generalizability to other endemic or clinical settings and to 
specific high-risk subpopulations.

Second, although the AI-ECG algorithm demonstrated 
excellent sensitivity, the observed value of 100% should 
be interpreted with caution given the limited number of 
individuals who underwent serological testing, particularly 
among those classified as AI-negative. In small samples, 
estimates of perfect sensitivity are prone to overestimation, 
especially when no seropositive cases are identified in the 
AI-negative group.

Additionally, the relatively small number of AI-negative 
individuals who underwent serological testing, selected 
through age- and sex-matched sampling, may have introduced 
selection bias and reduced statistical power to detect false-
negative cases. This limitation also affects the precision of 
specificity and PPV estimates, increasing uncertainty around 
the observed diagnostic performance metrics.

Furthermore, using selective serological verification 
may have introduced partial verification bias. As a result, 
the reported diagnostic metrics may not fully reflect the 
performance of the screening strategy in the entire study 
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population. Additional studies are warranted to validate the 
model in broader and more representative cohorts.

Moreover, although the inclusion of basic clinical 
variables likely contributed to improved model performance, 
unmeasured confounders may have influenced the results. 
Finally, the selected clinical variables reflect traditional risk 
factors associated with vector-borne transmission. In regions 
with different transmission dynamics, such as the Amazon 
basin, where oral transmission predominates, the model 
may not adequately capture infection risk and may require 
adaptation to local epidemiological contexts.

Future prospective studies involving larger, more diverse 
populations, as well as comprehensive follow-up including 
echocardiographic correlation, are needed to further validate 
and calibrate the algorithm.

Conclusion
This study highlights the high sensitivity and operational 

feasibility of an AI-ECG approach for detecting T. cruzi 
seropositivity in underserved settings. By integrating clinical 
variables with a neural network trained on large-scale ECG data 
from one of the largest telemedicine networks in Latin America, 
this strategy represents a promising and scalable solution for 
early detection and triage in the context of neglected diseases. 
Further research should focus on improving specificity and 
evaluating the integration of this approach into broader health 
system strategies for the control of Chagas disease.
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