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Abstract

Chagas disease affects 6—7 million people worldwide and causes approximately 12,000 deaths
annually. Diagnostic methods vary by disease stage, with serological tests commonly used in
the chronic phase, while microscopy and molecular techniques like PCR and LAMP are
employed in the acute phase. While microscopy remains the most accessible tool in resource
constrained settings, its effectiveness depends on skilled personnel, creating diagnostic
bottlenecks.

To overcome these limitations, we developed a portable, smartphone-integrated Al system for
real-time Trypanosoma cruzi detection in microscopy images. The platform combines a 3D-
printed microscope adapter which aligns the smartphone camera with microscope ocular to
digitize images, telemedicine-enabled annotation workflows, and lightweight AI models (SSD-
MobileNetV2, YOLOv8) deployed on smartphone for real-time analysis. Trained on a diverse
dataset of human samples (478 images from 20 samples), including thick/thin blood smears
and cerebrospinal fluid) and murine thin smears (570 images from 33 samples), the SSD-
MobileNetV2 model achieved 86% precision, 87% recall, and 86.5% F1-score on human
samples, demonstrating robust performance across variable imaging conditions.

This system enables rapid, accurate parasite detection in field settings without advanced
infrastructure, addressing critical gaps in early diagnosis and monitoring. Its modular design
allows adaptation to other pathogens and cellular structures, offering a scalable solution for
neglected tropical disease diagnostics. By bridging Al innovation with microscopy, this
approach holds promise for advancing equitable healthcare delivery in endemic regions and
aligning with global health priorities.

Author Summary

Chagas disease is a life-threatening illness affecting millions, primarily in Latin America,
where access to advanced laboratory equipment and trained specialists is limited. One method
of diagnosis is microscopic examination of blood or cerebrospinal fluid samples, it provides
immediate results without requiring complex facilities, but its effectiveness depends on the
expertise of trained microscopists.

We developed a simple, low-cost tool that combines a smartphone, a light microscope, and
artificial intelligence (Al) to assist the diagnosis. By attaching a smartphone to a microscope
with a 3D-printed adapter, users analyze microscopy images with real-time Al assistance,
detecting the parasites causing Chagas disease.

Our results show that this approach is accurate and could be useful for regions with limited
healthcare infrastructure. It reduces reliance on specialized training and expensive equipment,
helping communities diagnose Chagas faster.
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Beyond Chagas, this approach can be adapted to detect other diseases, offering a versatile tool
for fighting neglected tropical illnesses. By bridging gaps in healthcare access, we hope to
empower frontline workers and contribute to global efforts to reduce the burden of these
diseases on vulnerable populations.

Introduction

Chagas disease, also known as American trypanosomiasis, is a life-threatening illness caused
by infection with the protozoan parasite Trypanosoma cruzi. It affects about 6-7 million people
worldwide and it’s endemic in 21 Latin American countries, leading to approximately 12,000
deaths every year [1]. The 7. cruzi is mainly transmitted by contact with feces/urine of
triatomine bugs, but can also be transmitted via consumption of contaminated food or
beverages, congenital, transfusional, organ transplantation and laboratory accidents.

The disease presents two phases, during the initial acute phase, a high number of parasites
circulates in the blood, but the symptoms are mild or absent, including fever, headache,
enlarged lymph glands, etc. In particular situations, myocarditis and meningoencephalitis can
be observed. The acute phase is followed by the chronicle phase, with the parasites hidden in
the hearts and digestive muscle, causing cardiac, digestive, or neurological disorder, leading to
death [2]. In immunosuppressive conditions such as HIV co-infection, parasitemia increases to
levels similar to those in the acute phase, and may cross the blood-brain barrier, causing
cerebral chagoma [3,4].

The diagnosis of Chagas disease can vary depending on the stage of the disease (acute or
chronic) and the resources available. During the chronicle phase, the diagnosis is mainly
performed using serological tests, including Enzyme-Linked Immunosorbent Assay (ELISA)
and Indirect Immunofluorescence Assay (IFA) due to their ability to detect antibodies against
T. cruzi [5,6]. In contrast, the acute phase is characterized by high parasitemia, enabling direct
parasite detection through microscopy or molecular techniques, including PCR and loop-
mediated isothermal amplification (LAMP) [7]. While molecular methods offer rapid and
highly sensitive detection of the parasitaemia, their reliance on costly equipment, specialized
training, and advanced laboratory infrastructure limits their utility in resource-constrained
settings. Microscopy, on the other hand, remains a cornerstone of acute-phase diagnosis due to
its ability to visualize 7. cruzi trypomastigotes in fresh blood or cerebrospinal fluid smears
(CSF) samples or stained smears. This method provides immediate results without requiring
complex facilities, though its effectiveness depends on the expertise of trained microscopists
to ensure high clinical sensitivity and specificity [7-9].

Microscopy is particularly valuable in regions where Chagas disease overlaps with other
endemic infections, such as malaria. For example, in the Brazilian western Amazon—a region
with high malaria prevalence and sporadic Chagas outbreaks linked to oral transmission via
contaminated acai juice—febrile illnesses are often presumptively attributed to Plasmodium
infections [10]. However, microscopy enables the incidental identification of 7. cruzi during
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98  routine blood smear analysis for malaria, as the trypomastigotes exhibit distinct morphological

99  features distinguishable from malaria parasites [11]. This dual diagnostic capacity has
100  promoted initiatives in the Brazilian Amazon to train microscopy personnel in recognizing both
101  pathogens, enhancing early detection and treatment in areas with limited access to advanced
102 diagnostic tools [11].

103 Recent advancements in artificial intelligence (Al) are poised to address key limitations of
104  traditional microscopy while amplifying its strengths. Al-driven tools are increasingly being
105  applied to medical image analysis [12,13] In addition to radiology, Al also holds great potential
106  for microscopy image analysis, including pathology [14,15], hematology [16,17], and
107  parasitology [18,19], such as malaria [20-22], Schistosoma [23-25], soil-transmitted
108  helminthiasis [26-29] or filariasis [30]. For Chagas disease, Al models have shown promise in
109  detecting 7. cruzi trypomastigotes in blood smears with high accuracy. Researchers have
110  employed various image processing techniques combined with Al to detect and quantify 7.
111 cruzi parasites. The algorithms developed for this purpose can be classified into three main
112 categories: the first category involves traditional image processing methods to extract relevant
113 features, which are then analyzed using machine learning algorithms; the second category relies
114 on convolutional neural networks (CNNs) for automatic feature extraction from raw images,
115  enabling the classification of images as infected or non-infected; and the third category utilizes
116 ~ CNN-based segmentation methods that not only determine infection status but also provide
117  detailed information on the distribution of parasites within a sample [31-33].

118  In the first category, Soberanis et al. proposed an approach where the image is first segmented
119  and then classified using the k-nearest neighbor algorithm [34]. Uc-Cetina et al. developed a
120  parasite detection method using AdaBoost and Support Vector Machine (SVM), which
121  achieved a sensitivity of 100% and a specificity of 93.25% [35]. Both studies used the same
122 dataset, which consisted of blood samples from infected mice, digitized at 100x magnification,
123 and cropped to 256x256 pixels. Another notable work within this category is by Morais et al.,
124 who introduced a system that combines graph-based segmentation with random forest
125  classification. In this method, images acquired via mobile phones were segmented using a
126  graph-based technique, with areas of interest cropped into 100x100 patches, which were then
127  classified using a random forest algorithm. This system achieved a precision (positive
128  predictive value) of 88.6% and a recall (sensitivity) of 90.5% [31].

129  The second category includes the work of Pereira et al., who proposed the first image
130  classification algorithm using CNNs to identify whether a 224x224 pixel patch contains 7.
131 cruziparasites. Their model, based on MobileNet and trained on 331 image patches with testing
132 on 214 patches, achieved a precision of 91.8% and a recall of 50.5% [32]. Similarly, Jung et
133 al. utilized CNN ResNet18 for classifying 224x224 pixel patch images, achieving a sensitivity
134 of 70.6% and specificity of 65.1% [36].

135  In the third category, segmentation using CNNs has been a focal point. Ojeda et al. proposed a
136  U-Net based approach for segmenting images of 512x512 pixels, which resulted in a precision
137  0of 63.04% and a recall of 87.02% [37]. In another study, Sanchez-Patifio et al. applied U-Net
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138  for the segmentation of 7. cruzi parasites in histopathological images, achieving a binary
139 accuracy of 98.19% [33].

140  Despite the promising advancements in applying Al and image processing techniques for
141  diagnosing Chagas disease, several drawbacks and limitations persist in these works that must
142 be addressed to improve their clinical utility and reliability. One significant limitation of those
143 algorithms is the ability to execute the algorithm at the point of care in almost real time. For
144  algorithms of the first and second category, they use small patches covering a small area of the
145  sample preparation, for a single field of view, several patches are generated, leading to
146  computational inefficiency. On the other hand, the segmentation algorithms usually have high
147  computational complexity, posing a challenge on the deployment of the algorithm on resource-
148  constrained settings.

149  Building upon the challenges of existing methods, in this work we propose an end to end
150  pipeline to create and deploy an Al algorithm for detection of the 7. cruzi parasites. The
151  pipeline includes image digitization with smartphones coupled to a light microscope through a
152 3D-printed device, image labeling on the telemedicine platform, Al algorithm training and the
153  deployment of the Al algorithm on the smartphone to assist the 7. cruzi parasite count in real
154  time. The proposed algorithm is lightweight and can be deployed in the field, requiring few
155 computing resources, making it an ideal tool for early detection and monitoring of Chagas
156  disease in endemic regions, contributing to the achievement of the World Health Organization
157  targets of eradication and control of Neglected Tropical Diseases [38].

158 Material and methods

159  Ethical statement

160  Ethical approval was obtained from the Comité Bioética de la Facultad de Medicina (approved
161  on 30/10/2020), Universidad Mayor de San Simén, Bolivia and from the Research Ethics
162  Committee (REC) Instituto de Salud de Carlos III, Spain (CEI PI 74 2020)

163  Overall Workflow

164  We introduce a comprehensive end-to-end pipeline that spans from sample digitization to
165 model deployment. As illustrated in Figure 1, once the samples were collected and prepared,
166  they were digitized using a smartphone application. The digitized images were subsequently
167  uploaded to a telemedicine platform for labeling, creating the necessary input data for Al model
168  training. Following this, multiple Al algorithms were trained and evaluated. Ultimately, the
169  most effective Al models are deployed on edge devices to assist in the diagnostic process.
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171  Figure 1: Simplified study design and workflow.

172 Dataset

173 Our dataset comprises two subsets: we created a new dataset (Laboratorios de Investigacion
174  Médica (LABIMED) dataset) consisting of human thick and thin blood smears and
175  cerebrospinal fluid smears (CSF), and a publicly available dataset containing mice thin blood
176  smears (Figure 2). Integrating these diverse samples enhances the model’s exposure to clinical
177  and experimental variability, simulating real-world diagnostic challenges and improving its
178  adaptability across scenarios, as the sample preparation, staining protocol and imaging
179  condition may differ from each laboratory. For instance, human thick blood smears retain
180  multiple blood cell layers, whereas thin smears provide single-cell layers, altering parasite
181  morphology and background noise. Similarly, staining methods affect color contrast and
182  parasite visibility. Variations in imaging equipment - such as microscope resolution, lighting
183  conditions, or camera - further compound these discrepancies.

184 A total of 36 smear preparations were collected from LABIMED, a reference laboratory for
185  parasitology in Cochabamba, Bolivia, involving 9 positive subjects. Among these, 8 provided
186  blood smear samples and 1 provided a cerebrospinal fluid (CSF) sample. All samples were
187  stained with Giemsa. Specifically, 9 preparations from a single subject were CSF samples, 13
188  preparations from 4 subjects were thin blood smears, and 14 preparations from another 4
189  subjects were thick blood smears. The samples were digitized with Samsung Galaxy J7 prime,
190  with 12-megapixel resolution together with the optical microscope, creating images of
191  4128x3096 pixels. Digitization was made using a 3D printed adapter coupled into the
192 microscope, allowing the use of conventional microscopes to collect the images. Both positive
193  and negative images were captured, resulting in 726 images.

194  The public dataset comprises 33 mice thin blood smear samples, totaling 675 images [31]. All
195 images were Giemsa-stained and digitized using a smartphone camera coupled to an optical
196  microscope with a 100x objective. Most images were captured at a resolution of 3,456 x 4,608
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197  pixels, though a subset (2,448 x 3,264 pixels) reflects adjustments in camera settings during
198  acquisition.

199  Image labeling

200  For the development and evaluation of our object detection algorithm for Trypanosoma cruzi,

201  accurate image labeling was crucial. We started by labeling the LABIMED dataset from scratch.
202  Bounding boxes were placed around the identified parasite, indicating the location and the class
203  of the parasite. In addition, some artifacts that look similar to the parasite were annotated. A
204  total of 931 parasites were identified and annotated. Then, we trained a preliminary model to
205  generate predictions on Morais ef al. dataset, these predictions were then reviewed and refined
206 by a human annotator, who adjusted the bounding boxes to ensure they accurately aligned with
207  the parasites and corrected any false positives. This iterative process led to the creation of 3,151

208  labeled objects.

209  The labeled dataset was carefully split into two independent sets at sample preparation level
210  for LABIMED dataset. This approach ensured that all images from the same preparation belong
211  to the same dataset, whether used for training the Al model or validating its performance. The
212 split was carried out after labeling the images to guarantee that each sample preparation type
213 ispresented in both the training and validation sets. The split was performed randomly, striving
214  toachieve an 80%-20% split between the two sets. The result distribution is presented in Table
215 1.
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216

Training Validation Total
Sample type #sample  #image  #label #sample #image  #label #sample #image  #label
Human CSF 8 261 512 1 68 191 9 329 703
Human Blood thick 5 61 55 9 26 14 14 87 69
Human Blood thin 7 156 95 6 154 64 13 310 159
Mice Blood thin - 570 2648 - 105 503 - 675 3151
Total 20 1048 3310 17 353 772 37 1401 4082

217  Table 1. Dataset distribution of the training and validation algorithm

218  Data preprocessing

219  Given the alignment of the smartphone with the microscope eyepiece, the area captured by the
220  mobile phone was limited to a circular region, as illustrated in Figure 3. As the parasite size is
221  very small, typically occupying an area of only 100x100 pixels within an image that is
222 4128x3096 pixels in size, to exclude non-informative regions, such as the black areas outside
223 the circular field of view, we opted to use square images. To increase the relative size of the
224 parasites within the image, we selected square images that encompass the entire field of view,
225  asrepresented by the white square in Figure 2. This approach ensures that the visualized area
226  is maximized while focusing on the relevant regions for analysis.

227  In addition, to overcome the problem of imbalance foreground and background in object
228  detection tasks, we manually increased the number of parasites by applying mosaic
229  augmentation, which consisted of cropping a 320x320 pixel patches that contained at least one
230  parasite, and blending 4 images to create a new image of 640 x 640 pixel. This augmentation
231  was only applied for the training set.
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232

233 Figure 2: A) Field of view image, digitized with smartphone. B) Mosaic augmentation example.

234 Al algorithm

235  Object detection models can be divided into two groups: single stage detectors and two stage
236  detectors. On the one hand, single stage detection algorithms are designed to make predictions
237  within a single pass over the image which makes them faster but less accurate since they do
238  not use a region proposal stage. On the other hand, two stage detection algorithms are more
239  complex since they have a module that uses a CNN to propose regions of interest that are later
240 refined in a second stage that performs the classification and localization. This process is
241  usually more accurate but due to their nature, they are slower and require more computational
242 resources.

243 In our work we focus on optimizing single-stage detectors to balance the need for speed and
244  accuracy- as we want the Al model to be run in a mid-range Android device in real time. This
245  approach ensures that real-time detection capabilities are maintained. In particular, we
246  evaluated two different algorithms that represent the two main approaches for single stage
247  detectors: Single Shot Detection (SSD) and YOLO [39-41].

248  The SSD-MobileNetV2 model integrates the SSD framework with the lightweight
249  MobileNetV2 architecture. SSD predicted bounding boxes and class probabilities directly from
250 feature maps at different scales in a single pass, enabling efficient object detection.
251  MobileNetV2, designed for mobile optimization, employs depthwise separable convolutions
252  to minimize computational costs, making it ideal for deployment on resource-constrained
253  devices like smartphones. This combination strikes a balance between speed and accuracy. We
254  initialized the model using pretrained weights from the COCO image dataset. For optimizing
255  the loss function, we employed the RMSprop optimizer with an exponential decay learning rate,
256  starting with a base learning rate of 0.008.
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257  Conversely, YOLOV8 is one of the latest advancements in the YOLO series. It utilizes
258  CSPDarknet53 as its backbone for feature extraction and incorporates a path aggregation
259  network to enhance information flow across scales. YOLOVS also introduces an anchor-free
260  detection mechanism that predicts object centers directly, reducing the need for numerous box
261  predictions and thus accelerating detection. The YOLOvVS8 family includes various variants,
262  such as Nano, Small, Large, and Extra Large, each balancing accuracy and inference speed.
263  For our application, we selected YOLOv8-Small for its optimal balance of these factors. The
264  models were trained using the AdamW optimizer, configured with a learning rate of 0.002, a
265  first momentum parameter of 0.9, and a second momentum parameter of 0.999. We also
266 initialized the model using pretrained weights from the COCO image dataset for comparison
267  purposes.

268  For both models, input size of 640x640 was used. During training, both models were subjected
269  to on-the-fly data augmentation, including random flips, rotations, crops, and color jittering, to
270  enhance generalization. Additionally, early stopping was employed to prevent overfitting,
271  ensuring robust model performance.

272 For comparison purposes, we also trained a two-stage detector, Faster RCNN even though it is
273 not suitable for smartphone deployment due to its higher computational demands.

274 Al algorithm deployment

275  The trained Al model was exported to tflite format, with a size of approximately 11 megabytes
276  for SSD Mobilenet and 45MB for YOLOvVS model. These models can be executed on
277  Smartphones in real time. In addition, we created a customized Android application to execute
278  the model.

279  Results

280  Following data preprocessing, our training set comprised 7,249 augmented images with
281 66,557 annotated parasites, while the validation set included 1,099 images containing 1,668
282  labeled targets to assess model generalizability. After training, the top-performing model
283  checkpoint (selected based on validation performance) was used to analyze validation

284  images, successfully identifying 7. cruzi parasites in diverse microscopy samples as

285  visualized in Figure 3.

10
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A) Thin blood smear B) Thick blood smear

C) Mice thin blood smear D) Cerebrospinal fluid smear

286

287  Figure 3: Microscopic images of blood and cerebrospinal fluid samples highlighting field of
288  view and parasite visualization. The left panels display the full field of view for each sample
289  type, while the right panels provide close-up views of parasites identified within the samples.
290  Specifically, A' shows a parasite from the thin blood smear (Panel A), B' depicts a parasite
291  from the thick blood smear (Panel B), C' presents a parasite from the mice thin blood smear
292 (Panel C), and D' highlights a parasite from the cerebrospinal fluid smear (Panel D).

293 To evaluate the performance of our models, we used precision, recall, and F1 score as metrics.
294  For each detection proposed by the algorithm, if the probability score of the detected object
295  exceeds the threshold value and the Intersection over Union (IoU) with the ground truth
296  bounding box is greater than 0.3, the detection is classified as a true positive. If the detected
297  box does not overlap with any ground truth bounding box, it is classified as a false positive.
298  Conversely, if an object is not detected by the algorithm, it is classified as a false negative.
299  Precision, recall, and F1 score are then defined as follows:

300 Precision = —
recision = TP n FP

301 Recall = —
At = Tp ¥ FN
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Precision * Recall

f1score=2x Precision + Recall

The performance of the models is summarized in Table 2. SSD-MobileNetV2 demonstrated
superior performance on human samples, achieving a precision of 86%, a recall of 87%, and
an F1 score of 86.5%. In comparison, YOLOvS8-Small recorded precision, recall, and F1 scores
of 83.6%, 87%, and 80.5%, respectively. Conversely, YOLOv8-Small outperformed SSD-
MobileNetV2 on mice samples, attaining precision, recall, and F1 scores of 93.7%, 91.3%, and
92.5%, while SSD-MobileNetV2 achieved 95.8%, 85%, and 90.1%, respectively. Notably, the
two-stage detector Faster R-CNN exhibited higher performance than the single-stage detectors,
with precision, recall, and F1 scores of 93.6%, 81.4%, and 87.1% on human samples, and
96.8%, 90.3%, and 93.5% on mice samples.

Inference on

Human Mice
smartphone
Architecture | Precision Recall F1 score Precision Recall F1 score (milliseconds)
SSD-Mobilenet
v2 86 87 86.5 95.8 85 90.1 350
YOLOvVS8-Small 83.6 87 80.5 93.7 91.3 92.5 350
Faster R-CNN
(ResNet 50) 93.6 81.4 87.1 96.8 90.3 93.5 -

Table 2. Model performance and inference time on Smartphone (Oppo Reno 6) with intel 15
of the three Al models for both human and mice samples.

When analyzing performance across different sample types, the models showed optimal results
for mice with thin blood smears, achieving a precision of 95.8%, a recall of 85%, and an F1
score of 90.1%. In contrast, the performance on human thick blood smears was lower, with
precision, recall, and F1 scores of 69.2%, 64.3%, and 66.7%, respectively. Performance for
human thick smears drops compared to human CSF, thin, or mouse smears due to fewer
training images and labels. These detailed results are presented in Table 3.

Model Sample type Precision Recall F1 score
Human thick blood smear 69.2 64.3 66.7
Human thin blood smear 91.8 87.5 89.6
SSD MobileNet v2 Human CSF smear 85.3 88.5 86.9
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Mice thin blood smear 95.8 85.0 90.1

321 Table 3: Performance of SSD MobileNet v2 separated by sample type.

322 Discussion and conclusion

323  In this work we presented an end-to-end pipeline from image digitalization to image Al
324  algorithm creation and smartphone deployment to automatically detect 7. cruzi parasites.

325  Laboratory diagnosis plays a crucial role in the control and monitoring of diseases. In the case
326  of Chagas disease, the T. cruzi parasites detection in microscopic images remains a widely used
327 method for acute phase diagnosis. Within endemic areas, in specialized and clinical
328 laboratories, during the manual leukocyte count in blood smears or Plasmodium thick blood
329  smear examination, 7. cruzi trypomastigotes could be visualized. In experimental settings, such
330 as drug discovery, automated detection of 7. cruzi in microscopy images is essential for
331 efficiently assessing treatment efficacy. Mice models are commonly used to evaluate potential
332 drugs by monitoring parasitemia levels before and after treatment. Manual counting of parasites
333  is time-consuming and prone to human error, which can introduce variability in results.
334  Automated detection streamlines this process, providing rapid, consistent, and objective
335 measurements of parasite burden. This enables researchers to accurately track disease
336  progression and therapeutic response, ultimately facilitating the development of more effective
337 treatments for Chagas disease [42—44]. Although various studies have explored automating
338  parasite detection, achieving promising results but still facing certain limitations. Many
339  algorithms operate on small image patches, cropping field-of-view images into numerous small
340 areas, which increases computational time [31,32,35,36]. Alternatively, segmentation
341  algorithms such as U-Net have been employed, offering detailed pixel-level information about
342 the shape and size of parasites [33,37]. While segmentation provides precise measurements, it
343 requires extensive pixel-level labeling, which is more time-consuming than bounding box
344  annotations. Moreover, in the experimental contexts, the primary goal is to count the number
345  of parasites rather than to determine their exact shape. Therefore, object detection, which
346  focuses on identifying and counting objects within an image, could be more suitable for these
347  purposes. In the majority of previous studies, the use of mice samples without including human
348  samples, introducing possible bias.

349  In response to the limitations observed in existing methods, our study introduces an object
350  detection approach specifically designed for Chagas disease diagnostics. We utilize advanced
351  single-stage detectors, namely SSD-MobileNetV2 and YOLOVS, to enhance the detection
352 process for deployment on smartphones. Our approach benefits from a comprehensive dataset
353  that includes various sample types and incorporates robust data augmentation techniques,
354  ensuring effective generalization across diverse imaging conditions. Our approach leverages a
355  diverse dataset and robust data augmentation to ensure effective generalization across imaging
356  conditions. Both SSD-MobileNetV2 and YOLOv8-Small demonstrated strong performance,
357  achieving metrics consistently above 80% for all sample types, with SSD-MobileNetV2
358  excelling in human samples. The SSD-MobileNetV2 model's inference time is approximately
359 350 milliseconds on a smartphone, underscoring its efficiency and suitability for real-time
360 mobile diagnostics. By enabling real-time inference, our approach significantly enhances the
361 practicality of Al-assisted Chagas disease diagnosis in field settings, where internet
362  connectivity and computational resources are limited. Immediate and automated parasite
363  detection reduces reliance on trained experts, minimizes diagnostic delays, and improves

13


https://sciwheel.com/work/citation?ids=8342900,17449816,17449809&pre=&pre=&pre=&suf=&suf=&suf=&sa=0,0,0
https://sciwheel.com/work/citation?ids=10292835,13842238,12724000,13075611&pre=&pre=&pre=&pre=&suf=&suf=&suf=&suf=&sa=0,0,0,0
https://sciwheel.com/work/citation?ids=13842226,12715936&pre=&pre=&suf=&suf=&sa=0,0
https://doi.org/10.1101/2025.03.03.25323227
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.03.03.25323227; this version posted March 4, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

364  accessibility to timely diagnosis.

365 Even though Faster R-CNN is not suitable for deployment on smartphones due to its
366 computational demands, the model can still be effectively utilized in a cloud-based
367  environment. This allows for its integration into a human-in-the-loop labeling process, where
368 it can assist in automating the initial labeling of data. By leveraging the model's high accuracy,
369 this approach can significantly reduce the time and effort required for manual labeling, while
370  still allowing human oversight to ensure the quality of the annotations.

371  The primary limitation of our study is the sample size, particularly for human thick blood
372  smears, where only 87 images with 69 labeled instances were available. This limited dataset
373  likely contributed to the suboptimal performance for this sample type. We think this is due to
374  the differences in parasite appearance and background characteristics between thick and thin
375  smears, which affect the model’s ability to generalize across sample types. We believe that
376  increasing the number of training samples could significantly enhance model performance, as
377  evidenced by the strong results achieved with human thin blood smears, human CSF smears,
378  and mice thin blood smears, where precision, recall, and F1 scores all exceeded 80%. Future
379  work should focus on expanding the dataset, particularly for thick blood smears.

380  Additionally, microscopy has the potential to identify a wide range of parasites and cellular
381  structures within the same image. Therefore, the Al should not be limited to detecting 7. cruzi
382  alone but should aim to function as a universal detector capable of identifying all discernible
383  structures, such as malaria parasites, leishmania amastigotes, and cells, akin to a human
384  microscopist. Furthermore, as multi-modal Al technology advances, these types of platforms
385  have the potential to incorporate additional data sources, such as clinical and genetic data, a
386  new generation of Al-driven diagnostics [45].

387 In conclusion, the proposed system offers real-time assistance in the diagnosis of Chagas
388  disease by transforming a conventional light microscope into an intelligent point-of-care device.
389  Our integrated telemedicine platform not only facilitates image storage and remote
390  consultations but also streamlines the process of rapid image labeling and Al model
391  development. Overall, new advancements in Al in medicine have the potential to provide
392  accessible diagnostics for a wide range of infectious diseases, enhancing diagnostic accuracy
393  and supporting global efforts to achieve the WHOQ's targets for combating NTDs [38].

304 Data Availability Statement
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396  made publicly available.
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