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Summary Statement 50 

 51 

Automated machine learning excels at detecting ocular toxoplasmosis lesions in fundus images, 52 

performing on par with expert-designed bespoke models. Automated object detection models can also 53 

visually identify these lesions with strong performance metrics 54 
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Abstract  98 

Purpose: Automated machine learning (AutoML) allows clinicians without coding experience to 99 

build their own deep learning (DL) models. This study assesses the performance of AutoML in 100 

detecting and localizing ocular toxoplasmosis (OT) lesions in fundus images and compares it to 101 

expert-designed models.  102 

Methods: Ophthalmology trainees without coding experience designed AutoML models using 304 103 

labelled fundus images. We designed a binary model to differentiate OT from normal and an object 104 

detection model to visually identify OT lesions. 105 

Results: The AutoML model had an area under the precision-recall curve (AuPRC) of 0.945, 106 

sensitivity of 100%, specificity of 83% and accuracy of 93.5% (vs. 94%, 86% and 91% for the bespoke 107 

models). The AutoML object detection model had an AuPRC of 0.600 with a precision of 93.3% and 108 

recall of 56%. Using a diversified external validation dataset, our model correctly labeled 15 normal 109 

fundus images (100%) and 15 OT fundus images (100%), with a mean confidence score of 0.965 and 110 

0.963, respectively. 111 

Conclusion: AutoML models created by ophthalmologists without coding experience were 112 

comparable or better than expert-designed bespoke models trained on the same dataset. By creatively 113 

using AutoML to identify OT lesions on fundus images, our approach brings the whole spectrum of 114 

DL model design into the hands of clinicians. 115 



 116 

 117 

 118 

 119 

 120 

Ocular toxoplasmosis (OT), caused by the Toxoplasma gondii infection, is the leading cause of 121 

posterior infectious uveitis. The prevalence of OT varies significantly, ranging from 1% to 85% 122 

according to various studies.1–8 Higher prevalence rates are observed in regions such as South 123 

America, Latin America, Africa, and parts of Asia, where it is associated with poor environmental and 124 

socioeconomic conditions.9 The Toxoplasma gondii parasite can be transmitted congenitally but is 125 

most often acquired through the ingestion of undercooked meat, contaminated vegetables, soil, or 126 

water containing oocysts.9 Toxoplasmic retinochoroiditis is the most common presentation, consisting 127 

of a focal area of intense retinitis with moderate to severe overlying vitreous inflammation, with 128 

recurring active disease indicated by an adjacent chorioretinal scar.9,10  129 

 130 

The ability to identify OT lesions is essential since accurate diagnosis guides treatment, especially for 131 

immunosuppressed patients, pregnant individuals, those with extensive lesions, and cases of retinitis 132 

that threaten the macula.11 Amongst uveitis specialists, agreement on clinical diagnosis of OT is 133 

moderate to good, but sensitivity and specificity estimates vary greatly. 12,13 Although there is no 134 

widely agreed upon treatment regimen for OT, the traditional approach includes a combination of 135 

pyrimethamine, sulfadiazine, and prednisone taken systemically, or clindamycin with dexamethasone 136 

administered intravitreally.14 The management of OT in regions with constrained healthcare, 137 



especially prevalent in developing countries, faces hurdles regarding limited professional expertise 138 

and medication access. Nonetheless, the potential for automated OT diagnosis using artificial 139 

intelligence (AI), specifically machine learning (ML), may help augment diagnostic accuracy and 140 

streamline patient management.  141 

 142 

Historically, the development of ML models was limited to AI experts possessing coding proficiency 143 

and access to significant computing resources, which are frequently unavailable to most clinicians. 144 

Automated machine learning platforms (AutoML) are among the latest technologies that have 145 

enabled democratization of AI development, providing clinicians with simple graphical interfaces to 146 

achieve comparable outcomes. AutoML models have demonstrated similar diagnostic performances to 147 

expert-designed (bespoke) models in various data types including electronic medical records, fundus 148 

photos and surgical videos.15–21 These models can be incorporated into smartphones, enabling offline 149 

diagnosis using the device's camera and connectivity features. We have previously demonstrated that 150 

this approach is particularly beneficial for the diagnosis of trachoma, for example, as it facilitates 151 

greater accessibility to diagnostic tools in regions with limited healthcare access.22 152 

 153 

In this paper, we showcase how it is possible to construct an inexpensive AutoML deep learning (DL) 154 

model with the ability to detect and localize OT lesions in fundus photos. To the best of our 155 

knowledge, this study is the first to demonstrate the feasibility of such models in the diagnosis of 156 

infectious uveitis. 157 

 158 

Methods 159 



 160 

Ophthalmology trainees without coding experience designed DL models using Google Cloud AutoML 161 

Vision to diagnose and localize OT lesions from a public fundus image dataset.23 The study's high-162 

level flow chart is detailed in Figure 1. 163 

 164 

1. Dataset 165 

 166 

We utilized an open dataset of fundus images from Paraguay published by Parra and colleagues in 167 

May 2021.23 The images were obtained by the Department of Ophthalmology of the Hospital de 168 

Clínicas in Asunción, captured by experienced ophthalmologists using a Zeiss Visucam 500 camera. 169 

An ophthalmologist, with access to patients' clinical history and ancillary tests, labeled the images, 170 

representing the ground truth in the dataset. After reviewing the dataset for accuracy, no data was 171 

removed and we included 304 labeled fundus images. Although Parra et al.’s study only included 160 172 

of the 304 published images, attempts to contact the authors to determine which images were used in 173 

their study were unsuccessful. 174 

 175 

Data set preparation before model development 176 

 177 

We uploaded the images to the Google Cloud platform without performing any image augmentation. 178 

Examples of fundus photos used for training are shown in Figure 2. For the object detection model, 179 

we included fundus images centered on the posterior pole with visible OT lesions. We did not 180 

selectively include pathology and rather included images covering a range of OT lesions from least to 181 



most evident. Despite the presence of various degrees of vitreous haze, some limiting the visualization 182 

of the lesions, AutoML was able to identify the lesions. Two authors (DM, AB) placed bounding boxes 183 

on the OT lesions, and any differences were reviewed to reach a consensus, establishing the ground 184 

truth for our object detection model. 185 

 186 

2. Model development  187 

 188 

We developed models using Google Cloud AutoML, employing single-label classification for the first 189 

model to assign a single label (OT or normal) to each classified image. To ensure the meaningfulness 190 

and benchmarking of our results, our model measured the performance of OT against normal, thus 191 

enabling a comparison with Parra and colleagues’ bespoke model. 23 Since there was a 62% prevalence 192 

of OT in our data set, we compared our model’s performance to Parra et al.’s best performing model 193 

with a sampling ratio of 30% healthy / 70% sick. 23 For the second model, image object detection was 194 

used to localize OT lesions on the image. Google Cloud AutoML automatically splits the dataset, using 195 

approximately 80% for training, 10% for validation, and 10% for testing. Currently, the AutoML 196 

platform automatically optimizes hyperparameters for model development. Attempts to contact the 197 

authors for their train/validation/test splits were unsuccessful. Based on previous evidence of 198 

reasonable repeatability for AutoML training, we performed each experiment once. 15,24  Early 199 

stopping was automatically enabled on training to avoid overfitting.  200 

 201 

3. External Validation 202 

 203 



Open datasets, AutoML, and cloud-based platforms for AI deployment democratize access to AI in 204 

ophthalmology.25 We searched the Google Dataset Search engine for public datasets for external 205 

validation but found none suitable. Since OT is not prevalent in Canada, producing a dataset was not 206 

feasible. This is in keeping with a recent systematic review of all potential data sets for 207 

ophthalmological imaging, none of which were suited for our study.26 We compiled images from 208 

Google Images search engine, obtaining 15 normal fundus images and 15 OT fundus images, which 209 

were evaluated using our model. To validate the images displaying OT, authors agreed upon the 210 

diagnosis and verified the sources of each image. The web addresses, ground truth, and predictions of 211 

the external validation set are provided in Supplemental Table 1. The OT fundus images were also 212 

used to externally validate the object detection model. 213 

 214 

4. Statistical analysis and performance metrics 215 

 216 

Google Cloud AutoML provides the area under the precision-recall curve (AuPRC), a performance 217 

metric ranging from 0 to 1.0, with higher values indicating more accurate models. Confusion 218 

matrices, sensitivity (recall), and positive predictive value (PPV) for the overall classifier and each 219 

classification subtask are also reported.27  220 

 221 

To compare binary classification tasks, sensitivity and specificity were obtained at the same threshold 222 

as in Parra and colleagues’ model. Due to the absence of confidence intervals, we qualitatively 223 

compared the point estimate of sensitivity and specificity of the AutoML models to those in the 224 



literature. Specificity was manually calculated from the overall confusion matrix using the formula: 225 

true negative / (true negative + false positive). 27 226 

 227 

For the object detection AutoML model, AuPRC was reported but could not be compared to the 228 

literature. Other performance metrics included precision (the percentage of correct predictions) and 229 

recall (the percentage of all ground truth items successfully predicted by the model). The intersection 230 

over union (IoU) threshold value, set to 0.2, determines which predictions to return; the higher the 231 

threshold, the closer the predicted bounding box values must be to the ground truth bounding box 232 

values. During the model's development, we systematically explored various IoU threshold values 233 

through an iterative process. This experimentation revealed that increasing the IoU threshold 234 

resulted in marginal changes in bounding box dimensions, yet there was a noticeable decrease in 235 

accuracy. At an IoU threshold of 0.2, the bounding boxes demonstrated the highest level of accuracy 236 

whilst maintaining reasonable bounding box dimensions. 237 

 238 

5. Saliency maps 239 

 240 

We developed saliency maps using four representative, correctly predicted images from the external 241 

validation dataset with Google Cloud's AutoML. These maps enabled visualization of areas in the 242 

images that contributed most to disease classification. We employed a region-based saliency method 243 

called eXplanation with Ranked Area Integrals, which works well with natural images like fundus 244 

images. 28 The viridis color map indicated areas of lesser influence in blue and greater influence in 245 

yellow. 246 



 247 

Results  248 

 249 

We included 304 labeled fundus images, with 187 (62%) having active or inactive OT and 117 (38%) 250 

being normal. For the object detection model, we included all labeled OT fundus images (n=187). 251 

 252 

At the 0.5 confidence threshold cut-off, the binary AutoML models performed as well as or better 253 

than the bespoke models (Tables 1 and 2). Our AutoML single-label classification model had an 254 

AuPRC of 0.945, sensitivity of 100%, specificity of 83%, and accuracy of 93.5% (versus 94%, 86%, 255 

and 91% for the bespoke models). Saliency maps highlighting areas of interest in correctly predicted 256 

images can be found in Figure 3. Our AutoML object detection model had an AuPRC of 0.600, with a 257 

precision of 93.3% and recall of 56% (Figure 4). 258 

 259 

Using the external validation dataset, our binary model correctly labeled 15 (100%) normal fundus 260 

images and 15 (100%) OT fundus images, with mean confidence scores of 0.965 and 0.963, 261 

respectively (Table 3). Our AutoML object detection model also highlighted all (100%) OT fundus 262 

lesions at the 0.5 confidence threshold cut-off (Supplemental Table 2). At a 0.5 confidence threshold 263 

cut-off, there were 15 (100%) true positives, 0 (0%) false positives, and 0 (0%) false negatives. 264 

 265 

Discussion 266 

 267 



In this pilot study, we demonstrate the value of AutoML in democratizing AI, making it accessible to 268 

clinicians. We showed the feasibility of using code-free platforms by ophthalmologists to create ML 269 

models that detect and identify OT lesions from fundus images. The model's effectiveness was 270 

evaluated by comparing its performance to bespoke models designed by AI experts, trained and 271 

validated on the same dataset. Our AutoML models performed well, with metrics similar to or better 272 

than those designed by AI experts. Additionally, we created an object detection model to visually 273 

identify OT fundus lesions for clinicians. Although these findings showcase the potential of AI 274 

applications in improving patient care, it is crucial to thoroughly evaluate these applications before 275 

implementing them in clinical settings. Our study serves as a proof of concept for the design strategy 276 

combining binary and object detection, introducing a new dimension of AI model design into the 277 

hands of clinicians. 278 

 279 

Clinical findings currently guide OT diagnosis, with features such as inflammation and 280 

retinochoroiditis being characteristic. 9  However, diagnosis can be subjective due to varying clinical 281 

presentations, leading to differences in prevalence across studies. Among uveitis specialists, 282 

agreement on OT fundus image interpretation is moderate to good, but sensitivity and specificity 283 

estimates vary greatly. 12,13 In unusual cases, serologies or aqueous humor tap analyses may confirm 284 

the diagnosis. 29  Standardizing the OT diagnostic process is crucial, as blindness rates can reach up to 285 

24%.13  Using AI models could standardize and aid clinicians' diagnostic process. While the current 286 

model is limited to detecting OT lesions without distinguishing active from inactive lesions, it serves 287 

as a promising proof-of-concept for deep learning in uveitis diagnosis. This was done to compare our 288 

results to Parra and colleagues’ bespoke model. 23 By developing models that differentiate active from 289 



inactive lesions, as well as other uveitis etiologies using larger datasets, we could significantly 290 

improve diagnostic accuracy and speed. These models hold the potential to enhance patient outcomes 291 

by offering a consistent standard for OT diagnosis, thereby mitigating diagnostic variability. This 292 

uniformity could help guide clinicians' management strategies. 293 

 294 

For OT, retinal imaging is a cornerstone in the diagnosis and consequent treatment of the condition. 295 

As such, fundus image data sets can be used to program ML models, such as the ones in this study. 296 

Our study used fundus images from a medical center in Paraguay that had only previously been used 297 

in a similar context. The comparable study used a ResNet18 neural network training program on the 298 

data set and found results of 93% specificity and 94% sensibility.23 There is a scarcity of research on 299 

the application of AI in diagnosing OT, with only a small number of studies utilizing DL and more 300 

complex Convolutional Neural Networks (CNN) dual-input models. To date, there has been no 301 

investigation into the effectiveness of these bespoke models compared to the emerging technique of 302 

AutoML.23,30 Developing and optimizing such models demands a high level of expertise and extensive 303 

computing resources. While these models offer the flexibility to build custom-made solutions to 304 

specific clinical settings and incorporate domain knowledge to improve performance, they require a 305 

significant investment of time, effort, and finances. This renders them inaccessible to many clinicians 306 

and researchers with limited resources and expertise. In contrast, AutoML provides a user-friendly 307 

and accessible interface that allows for the rapid generation of ML models, without necessitating 308 

programming skills or significant resources. AutoML algorithms automatically optimize 309 

hyperparameters, choose algorithms, and tune models to achieve optimal performance. This allows 310 

for the production of high-performing models in a cost-effective, accessible and time-efficient 311 



manner. Therefore, while bespoke models remain a valuable approach, AutoML offers a promising 312 

alternative for clinicians and researchers seeking to incorporate AI in their practice. 313 

 314 

Our study presents a pioneering approach in developing an object detection DL model for OT, which 315 

to our knowledge, has not been done before. This object detection model holds potential for 316 

clinicians, providing visual feedback that enables localization of anomalies with increased accuracy 317 

and enables timely intervention when necessary. This approach represents a significant step forward 318 

in image-based diagnosis and illustrates the versatility and adaptability of DL models in clinical 319 

settings. The results obtained from applying the object detection model to the external validation 320 

dataset are of particular interest. As presented in Supplemental Table 2, the model successfully 321 

identified all visible OT fundus lesions by outlining them with bounding boxes. Notably, the model 322 

exhibited an initially high false positive rate, indicating that some bounding boxes were incorrectly 323 

attributed to lesions. However, a key feature of the model is that it provides clinicians with an 324 

indication of its level of confidence for each bounding box. When a bounding box was a false 325 

positive, the model emitted a very low confidence score. Thus, when applying a 0.5 confidence 326 

threshold cut-off, there were no false positives. This approach empowers clinicians to exercise their 327 

clinical judgment and carefully examine areas flagged as potentially containing lesions, ensuring that 328 

no lesions are overlooked. 329 

 330 

Our results emphasize the value of open-access big data in addressing global public health issues. 331 

With a decentralized dataset, collaborators worldwide can tackle multiple issues simultaneously. A 332 

strength of our study is the use of an open-access dataset and a detailed explanation of our 333 



methodology, allowing researchers to reproduce our results. We benchmarked our results by 334 

comparing them to expert-designed models trained on the same dataset. In a move towards 335 

transparency and model explainability, we generated saliency maps highlighting areas of interest 336 

from correctly predicted cases. However, these maps do not fully explain the model's decision-337 

making process, and their usefulness remains to be proven. 31 Our findings are limited by the scale of 338 

external validation since OT is not prevalent in Canada. To address this, we used normal and OT 339 

fundus images found on Google Images. External validation in a region affected by OT would be 340 

crucial to evaluate our application's performance in a real-world setting. Additionally, we did not 341 

train or challenge our model with pathologies from the differential diagnosis of OT, such as 342 

tuberculosis, viral retinitis, toxocariasis, or syphilis. Investigating this aspect is crucial before 343 

considering any clinical applications. Moreover, we chose a low IoU threshold to detect and localize 344 

lesions within clinically meaningful margins. This approach, however, limited our capacity to 345 

evaluate discriminative performance with precise lesion margin delineation, as typically done in 346 

segmentation studies. Future work could explore segmenting OT lesions to distinguish active from 347 

inactive lesions, which may prove beneficial in clinic. Lastly, AutoML empowers clinicians to 348 

develop ML models, despite lacking coding proficiency. Nevertheless, it is imperative to exercise 349 

caution in their clinical implementation. These models require thorough validation by experienced 350 

AI engineers prior to their application in clinical settings. 351 

 352 

In summary, we demonstrated the feasibility of DL model design by ophthalmologists without coding 353 

experience for the diagnosis of OT from fundus images. The AutoML models were comparable or 354 

better than the bespoke models trained on the same dataset. We also developed an object detection 355 



model, visually identifying the lesion for the clinician. Thus, we showed how creative use of AutoML 356 

democratises access to the world of ML and brings useful tools into the hands of clinicians. This 357 

approach has the potential to bring world-class diagnostic technology to the fingertips of underserved 358 

populations worldwide. 359 

 360 
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Figure Legends 478 

 479 

Figure 1: AutoML OT Models Development Flow Chart 480 

 481 

OT ocular toxoplasmosis, N normal 482 

 483 

Figure 2: Examples of ocular toxoplasmosis classification of selected fundus images 484 

 485 

Representative fundus images of OT and normal fundi. (A) Normal fundus image. (B, C) Cases of 486 

recurring retinochoroiditis with an adjacent chorioretinal scar. (D) Case of active OT 487 

retinochoroiditis along the superior vascular arcade. 488 
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 491 

Figure 3. Saliency maps of correctly predicted cases of normal fundus images and OT fundus images 492 

using the AutoML Single-label classification model.      493 

 494 



(A) Normal fundus image. (B) Saliency map of the normal image highlighting the vessels as the most 495 

important region for the predicted class; 100% confidence score. (C) Fundus image with active OT 496 

lesions. (D) Saliency map of the OT image highlighting the area of retinochoroiditis and macular 497 

exudates as the most important regions for the predicted class; 100% confidence score.  498 
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 501 

Figure 4. Examples of ocular toxoplasmosis classification of selected fundus images using the AutoML 502 

Object Detection Model 503 

 504 

(A) Correctly predicted active OT lesion with a confidence score of 0.935. The model creates a visual 505 

box surrounding the lesion, seen in blue. (B) Fundus image of an OT lesion that was not detected 506 

with strong enough confidence (confidence score of 0.245) to be considered a lesion. The bounding 507 

box seen in blue is the ground truth outline by the clinicians. (C) Correctly predicted OT lesion with 508 

a confidence score of 0.992. (C) Ground truth label of fundus image (C), showing the similarity 509 

between our ground truth and the object detection model’s prediction. 510 
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