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Abstract

Objective—African swine fever (ASF) is a lethal and highly contagious transboundary animal
disease with the potential for rapid international spread. Lateral flow assays (LFAS) are sometimes
hard to read by the inexperienced user, mainly due to the LFA sensitivity and reading ambiguities.
Our objective was to develop and implement an Al-powered tool to enhance the accuracy of LFA
reading, thereby improving rapid and early detection for ASF diagnosis and reporting.

Methods—Here, we focus on the development of a deep learning—assisted, smartphone-based
Al diagnostic tool to provide accurate decisions with higher sensitivity. The tool employs state-
of-the-art You Only Look Once (YOLO) models for image classification. The YOLO models
were trained and evaluated using a dataset consisting of images where the lateral flow assays are
manually labeled as positives or negatives. A prototype JavaScript website application for ASF
reporting and visualization was created in Azure. The application maintains the distribution of the
positive predictions on a map as the positive cases are submitted by users.

Results—The performance of the models is evaluated using standard evaluation metrics for
classification tasks, specifically accuracy, precision, recall, sensitivity, specificity, and F1 measure.
We acquired 86.3 £ 7.9% average accuracy, 96.3 + 2.04% average precision, 79 + 13.20% average
recall, and an average F1 score of 0.87 + 0.088 across 3 different train/development/test splits of
the datasets. Submitting a positive result of the deep learning model updates a map with a location
marker for positive results.
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Conclusions—Combining clinical data learning and 2-step algorithms enables a point-of-need
assay with higher accuracy.

Clinical Relevance—A rapid, sensitive, user-friendly, and deployable deep learning tool was
developed for classifying LFA test images to enhance diagnosis and reporting, particularly in
settings with limited laboratory resources.
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African swine fever (ASF) is a highly contagious viral disease that affects domestic

and wild pigs, with no vaccine or cure.1=3 Early diagnosis is vital to prevent its rapid
spread and massive pig fatalities and to minimize economic losses, trade restrictions, and
food security issues. Misdiagnosis or delays can worsen outbreaks, severely impacting
farmers’ livelihoods and disrupting global meat supply chains. Hence, accurate diagnosis
of ASF is crucial to protect animal health and agricultural economies. Traditionally,
clinical observations, laboratory tests, or postmortem examinations are widely used

for diagnosing ASF. These methods are crucial for accurate identification but require
specialized equipment, expertise, and time, and thus reliance only on such methods could
lead to delays in detecting outbreaks. Furthermore, the clinical signs of ASF can be similar
to those of other diseases, a common cause for misdiagnosis. Together, these factors can
hinder effective outbreak detection and control. This is why rapid and field-based diagnostic
alternatives for ASF are extremely important and greatly needed for controlling outbreaks.

Several recent studies have focused on this task. For example, Chen et al* developed a
portable, sample-to-answer device that allows for ASF detection as needed in less than 30
minutes. When evaluated at 6 different farms and slaughter facilities, the devices achieved
high accuracy in terms of ASF diagnosis. A comparison of the device’s predictions with
lab-based reference quantitative PCR tests showed 92.2% accuracy for positive tests and
93.6% for negative tests. Tilocca et al® focused on identifying ASF virus (ASFV) epitopes
likely to elicit antibody production from ASFV structural proteins using bioinformatic tools.
The predicted epitome sequences were used to generate a list of potential biomarkers that
can serve as targets for diagnostic tests. Such biomarkers can be used in the development
of rapid tests for detecting ASF at the point of need on a farm. In another study, Zhang

et al® used the P30 protein as a target for detecting ASF infection. This protein is known
to be expressed early during the infection and has high antigenic properties.” By targeting
this protein, a recombinant protein-based colloidal gold immunochromatography assay was
developed as a potential tool for fast ASF detection. In a related study, Aira et al® used

the P72 protein as another highly antigenic target for ASF infections to develop both an
antigen detection test based on a recombinant antibody against the P72 protein as well as
an antibody detection test based on a recombinant form of this protein. By integrating the
antigen and antibody detection tests, the authors further developed a combined lateral flow
assay (LFA). Lateral flow assays represent disposable, fast, inexpensive, convenient, and
easy-to-use pen-side tests for clinical diagnosis. Similar to the abovementioned studies,
Wang et al® developed 2 LFA tests by targeting proteins P30 and P72, respectively.
Evaluation of these tests suggested that they can be used as rapid, sensitive, user-friendly,
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and field-deployable tools for ASF control, particularly when the laboratory resources are
limited.

Although LFA is a quick diagnosis tool for ASF, it lacks reliability and accuracy compared
to traditional laboratory assays; moreover, untrained individuals analyze most LFAs with
naked-eye detection, which inevitably limits the accuracy, especially for low virus titers.
This is where technologies like Al can be integrated to make an efficient diagnosis system,
particularly deep learning and computer vision that handles image data.

Avrtificial intelligence-10-11 and machine learning (ML)-assisted1? approaches in veterinary
medicine can improve the reliability and accuracy of various sensors, making their
performance more comparable to human performance. These technologies can lead to
accurate and consistent predictions at fast speeds. Various Al and ML techniques have been
explored for diagnosing ASF. For example, based on the observation that animals affected
by ASF have clinical signs like fever, weakness, and subsequent deceleration in activities,
Fernandez-Carrion et all3 utilized video monitoring for early ASF detection in pigs. The
movements were recorded and digitally processed using the optical flow algorithm based on
the Horn-Schunck methodology.14

Using the k-means algorithm®® and a support vector machine classifier,16 the approach
predicted significant changes in an animal’s motion after the animal was experimentally
infected with ASFV. In a similar study, Fernandez-Carrion et al'” applied deep learning and
computer vision models, specifically AlexNet!8 and Kalman filters,1 to track and compute
animal motion in real time, with a focus on Eurasian wild boar. The experiments showed a
negative correlation between deceleration in motion and fever caused by ASF. The results of
these studies suggest that ML-based animal motion monitoring systems can be helpful for
both farmers and animal health services to detect early signs of ASF and provide a potential
solution toward nonintrusive, real-time ASF diagnosis.

In another line of work, Liang et al?0 utilized ASF outbreak data together with
meteorological data from the WorldClim database and developed an ASF outbreak
prediction model using feature selection methods with a random forest classifier.2! The
model achieved accuracy between 76.02% and 84.65% on an independent test set, and the
feature analysis suggested that the outbreak was significantly related to precipitation. A
global online system for ASF prediction was also developed using this model. In a similar
study, Andraud et al22 proposed a statistical framework based on random forest?! to analyze
the spatiotemporal features of an ASF epidemic in Romania. The landscape, particularly
forest and wetland area, waterways, and human activity, were recognized as the main risk
factor for the epidemic. The study emphasized the need for strict biosecurity measures

on farms and in transportation. In a recent review, Lububu and Kabaso?3 examined both
ML approaches and laboratory tests for ASF diagnosis and highlighted their strengths and
limitations. They suggested that ML approaches can complement rapid laboratory tests as
they can provide insights into the causal relationship between viruses and clinical signs.
Furthermore, they emphasized the need for better, more accurate ML models in order to be
able to deploy these techniques into a trustworthy, real-time system.
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While significant progress has been made in terms of using Al and ML for ASF diagnosis,
these technologies have not been used together with LFA test images to eliminate the need
for naked-eye interpretation of the LFA results. The integration of LFA and deep learning
models for image analysis has the potential to lead to accurate and efficient diagnosis
systems. Moreover, if such a process can be deployed on smartphones, it can expedite the
diagnosis process even more, making it more user friendly at the same time. Smartphone-
based diagnostics can be considered a potential candidate for pen-side testing because

it is easy to acquire digitalized images from a smartphone for user-friendly diagnostics.
Since the number of current smartphone users is approximately 7 billion, meaning > 80%
of the world’s population owns smartphones, the assay using a smartphone can provide
accessibility and affordability.

Smartphone-based, Al-assisted assays have been used in HIV rapid tests? and SARS-
CoV-2 detection.25-28 |n this paper, we present deep learning-assisted, smartphone-based
Al-ASF-LFA diagnostics as a model system to provide accurate ASF decisions with higher
sensitivity. Combining clinical data learning and computer vision algorithms enables a
pen-side assay with higher accuracy.

As a main contribution of this work, the deep leaning/Al smartphone application (app) is
intended to enhance the interpretation of the LFA testing and reporting based on image
analysis and thus prevent inconsistent or erroneous interpretations while minimizing the
efforts of domain experts. It can be seen as a tool for a rapid and accurate first-stage
screening of the LFA testing images. However, subsequent screening and validation of the
positive cases would need to be performed by experts before any important decisions, such
as animal movement or euthanasia of the animals, would be performed. In that respect, the
tool is better suited for countries with existing cases of the disease instead of previously
disease-free countries.

As a secondary contribution, we developed a mapping app that can be used to visualize
emerging positive cases. The mapping app can also be used to collect images corresponding
to positive cases in a specific country or region. However, the map is not updated with
controlled cases and thus cannot be used to reflect only active cases. It could still be useful
in terms of preventive measures in the neighborhood of outbreaks to avoid further spread.

This study was a retrospective analysis of historical data® and did not involve any animal
research. Therefore, no IACUC approval was required. We used a dataset consisting of
lateral flow test (LFT) images to train You Only Look Once (YOLO)?® models for
classifying the test images as positive or negative. You Only Look Once is a family of
advanced object detection and classification models used in computer vision. We focused on
2 classification models in the YOLO family,2? YOLO, version 8 (YOLOVS8),3% and YOLO,
version 11 (YOLOv11),3! as the YOLO models are designed with speed, accuracy, and ease
of use in mind and are thus ideal candidates for running in the backend on a smartphone
app. We describe the dataset used, the YOLO models, and the workflow for training and
evaluating the models in what follows. Furthermore, we also provide an overview of the
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smartphone app that can be used pen-side and its interaction with a website that displays the
results on a map in real time.

Lateral flow assay was performed using Rapid ASFV Ag (p30) and Rapid ASFV Ag

(p72) test kits as developed and described by Wang et al.® Briefly, ASFV-negative pig

sera samples were obtained from pigs inoculated with PBS (pH 7.4; Thermo Scientific),
and ASFV-infected pig sera samples were collected from pigs infected with the ASFV
VNUA-ASFV-05 L1 strain at various time points: day 7, day 14, and the day of euthanasia.
Samples were brought to room temperature (15 to 30 °C) before testing. A 120-uL aliquot
of each sample was applied to the sample pad. The sample flowed through the result
window by capillary action. The results were interpreted 15 minutes after the sample
addition by 2 experienced technicians (annotators). To minimize bias and capture individual
interpretations, annotators were instructed not to discuss or adjudicate their responses. A
positive test was indicated by the presence of both a red/pink test line and a red/pink control
line. A negative test showed only a red/pink control line. The control line was always
required to be visible; otherwise, the test was considered invalid and repeated with a new
LFA cassette. All photographs were taken using an iPad 10.9-inch 10th Generation (Apple
Inc). The technicians had 100% agreement. However, when comparing their manually
annotated labels with the real-time PCR as ground truth labels, “Both assays demonstrated
high sensitivity (84.21% for p30_LFA and 100% for p72_LFA) with experimentally ASFV-
infected pig sera. Specificity was 100% for both LFAs using a panel of PBS-inoculated
domestic pig sera. Excellent specificity was also shown for field domestic pig sera (100%
for p30_LFA and 93% for p72_LFA) and feral pig sera (100% for both LFAs).”®

The final dataset used to develop our models consists of 897 positive LFT images and 766
negative LFT images of combined Rapid ASFV Ag (p30), Rapid ASFV Ag (p72), and
Rapid ASFV Ab (p30) tests performed using serum samples collected from 30 subjects on
days post challenge (DPC) 0, DPC 3, and last day of DPC. The dataset was split into train,
validation, and test subsets used for training our models, fine-tuning hyperparameters, and
evaluating the models, respectively. Specifically, we used images of 20 subjects as training
a subset, images of 3 subjects as a validation subset, and images of 7 subjects as a test
subset. To evaluate model robustness, we constructed 3 different train/validation/test splits
based on different combinations of 20, 3, and 7 subjects in those subsets. The 3 splits are
denoted by LFA-1, LFA-2, and LFA-3. Statistics of the data for the P30 tests, P72 tests, and
the combination of P30 and P72 tests for 3 the splits (LFA-1, LFA-2, and LFA-3) and the
train/validation/test subsets are shown in Table 1.

Image classification using YOLO models

Image classification is a task where an ML model (specifically, a computer vision model)
assigns a label to an image based on its content. Modern computer vision models are

based on deep learning, in particular convolutional neural networks (CNNSs),32 and, more
recently, transformer networks,32 which perform feature representation learning. The feature
representations can be used for a variety of tasks, including image classification into 1

of several predefined categories (or classes). In binary image classification, an image is
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classified into 1 of 2 distinct classes. In our case, LFT images are classified as positive or
negative. We train models based on labeled LFT images (ie, images for which the ground
truth label is known) and subsequently use the models to classify new LFT test images as
positive or negative.

There are many pretrained CNN and transformer-based models that can be leveraged for
image classification through transfer learning.34 Such pretrained models can be fine-tuned
on various downstream tasks with a relatively small number of labeled images. In this
study, we focus on YOLOV83 and YOLOv113! models due to their versatility, speed, and
accuracy, which enabled the use of these models on a smartphone. The YOLO models were
originally designed for real-time object detection, and they traded off accuracy for model
size and speed.2? However, recent version of these models have produced state-of-the-art
accuracy in object detection, and the YOLOvV8 and YOLOv11 models have expanded their
capabilities to other tasks, including image classification, given that the backbone network
(usually a CNN network, such as variants of CSPDarknet-53) has improved significantly
over the years. This allows us to use these YOLO models for LFT image classification. A
brief overview of these models is provided below.

YOLOVS, is a modification on YOLOV5 model, developed by Ultralytics (https://
www.ultralytics.com). It has a modular architecture consisting of a backbone that extracts
features, a neck that connects the backbone to the head and performs multiscale feature
fusion, and a Aead'that makes predictions. The backbone of YOLOVS is an adaptation

of the CSPDarknet5330 network, where several architectural innovations and optimizations
are introduced to ensure the learning of better, more complex features while maintaining

a balance between accuracy and speed. For classification tasks, the backbone network

is pretrained on the ImageNet dataset,3® and the head consists of fully connected layers
followed by a softmax activation, which outputs a probability distribution over classes. To
fine-tune the network for a particular classification task, the final layer has to be changed
according to the classes of interest. Like other YOLO models, YOLOV8 has several variants
with smaller or larger number of parameters, including yolov8n-cls.pt (nano), yolov8s-cls.pt
(small), yolov8m-cls.pt (medium), yolov8I-cls.pt (large), and yolov8x-cls.pt (extra large).

In our experiments, we have used yolov8x-cls.pt weights as the base model, which was
further fine-tuned using our dataset. Yolov8x-cls.pt has been pretrained with the architecture
specified in the corresponding yolov8x-cls.yaml. We chose yolov8x-cls as our base model
due to its best performance.

Another model, YOLOv11 is the most recent development from the YOLO family, which
is an improvement on YOLOV8 and was released on September 30, 2024. Like YOLOVS,
YOLOV11 can also be effectively used for image classification tasks.3! The architecture

of YOLOvV11’s backbone is similar to the CSPDarknet53 architecture in YOLOVS, but it
has been further optimized for feature extraction and speed by leveraging innovations from
prior YOLO versions, including YOLOVS, YOLO version 9,36 and YOLO version 10.37

In the original benchmark experiments by Ultralytics, YOLOv11 was shown to classify
images at greater accuracy with a lower number of parameters and minimal computational
overhead.3! Given its smaller size and improved speed, YOLOV11 can be deployed

on a variety of devices, including edge devices, such as smartphones, cloud platforms,
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and servers equipped with NVIDIA graphics processing units. This makes YOLOv11 a
preferred model for real-time and large-scale apps. Similar to YOLOvV8, YOLOv11 also
has several variants, including yolov19n-cls.pt (nano), yolov11s-cls.pt (small), yolov11lm-
cls.pt (medium), yolov11l-cls.pt (large), and yolov11x-cls.pt (extra large). With the largest
architecture, YOLOv11x-cls.pt has the best performance on ImageNet. This version of the
model has been pretrained using the architecture in YOLOv11x-cls.yaml. We have used the
pretrained weights of the YOLOv11x-cls.pt model and further fine-tuned this model using
our training images.

We trained each model for 3,000 iterations with a custom patience of 300. This means that
the training process continued for 300 iterations even when there were no more changes in
accuracy. Image sizes were fixed to 412 x 412 for all images in the dataset and for both

of the models. All of the training and evaluation were conducted on Nvidia A40 graphics
processing units with 40GB memory.

Performance metrics

The performance of the trained models is measured using standard evaluation metrics for
classification tasks, including accuracy, precision, recall (also known as sensitivity or the
true positive [TP] rate [TPRY]), specificity (also known as the true negative [TN] rate),

and F1 measure. We also used receiver operating characteristic (ROC) curves and the area
under the curve (AUC) metric to analyze the performance of our models. These metrics are
defined in terms of TP, TN, false positive (FP), and false negative (FN), where TP represents
the number of correct positive predictions, TN represents the number of correct negative
predictions, FP represents the number of incorrect positive predictions, and FN represents
the number of incorrect negative predictions. Together, these numbers define a confusion
matrix between model predictions and ground truth. Given these numbers, accuracy can be
defined as the ratio of correct predictions by the model over the total number of instances in
the dataset, specifically: accuracy = (TP + TN)/(TP + FP + TN + FN).

Precision measures the proportion of TP predictions out of all positive predictions made by
the model (both TP and FP), whereas recall (sensitivity or TPR) measures the proportion of
TP that the model correctly identifies out of the total number of TPs. Specificity measures
the proportion of TN predictions out of all negative cases (TN and FP; ie, how well the
model identifies cases without disease). Precision and recall/sensitivity/TPR are defined as:

Precision = TP
18100 = TP TP
TP
Recall = TP+EN"

and specificity/TN rate is defined as Specificity = TN/(TN + FP).

Finally, the F1 measure is computed as the harmonic mean of precision and recall, and it is
defined as: F1 = 2-precision-recall/(precision + recall).
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The F1 measure captures the trade-off between precision and recall, and it is high when both
are high.

An ROC curve plots the TPR against the FP rate (FPR) for various threshold values on
the prediction probability score, where TPR is calculated as TP/(TP + FN), and FPR is
calculated as FP/(FP + TN). Different thresholds will result in different TPR and FPR
values, and the ROC curve shows how these values change across thresholds. The AUC
value quantifies the level of separability between classes. A higher AUC value indicates
better model performance.

Workflow for model training and evaluation

Figure 1 shows the workflow that we follow to train YOLOV8 and YOLOv11 models.
Lateral flow test images are first split into 3 subsets, specifically train, development, and
test subsets. You Only Look Once, version 8, and YOLOv11 models are trained on the LFT
image classification task using the training data, whereas hyperparameters are fine-tuned
using the development data. Finally, the test data are used to assess the model performance
on unseen data (ie, data that the model has not seen during training).

Artificial intelligence—ASF-LFA tool: clinical test interpretations and outcome visualization
with an Al-based tool

Results

Figure 2 shows the workflow of the Al-ASF-LFA tool that enables a sample-to-answer
platform for ASF with the aid of deep learning—assisted determination. From inside a
smartphone app, users can take a picture of an LFA test image or choose a picture from

the library and then submit the image to the YOLO model for analysis. The model outputs
the result as positive or negative together with the model confidence for the prediction

made, thus helping to reduce reading ambiguities. Subsequently, the model, through the
smartphone app, interacts with a website mapping app that displays positive results on a map
by using the location information of the user (or a location provided by the user) together
with a timestamp of the positive case report. Positive cases accumulate on the map for
various users to keep track of the spread of the disease by time/day.

Together, the smartphone-based Al tool and the website mapping app provide a great
opportunity to meet the real-time connectivity, ease of specimen collection, affordable,
sensitive, specific, user friendly, rapid and robust, equijpment free, and deliverable to end
users criteria,38 which are the new criteria for digital connectivity.

This section presents the evaluation and performance analysis of our models. Table 2 shows
the performance metrics for both YOLOv8 and YOLOv11 models for the 3 dataset splits
(LFA-1, LFA-2, and LFA-3, respectively) as well as average and SD results over the 3

splits. The performance metrics are measured on test data, which is unknown to our trained
models. As can be seen from the table, both models had the best performance on the LFA-3
split and the worst performance on the LFA-1 split, suggesting that more training data may
be needed to ensure more robust models to data variations. By analyzing the average and SD
of the models over the 3 splits, we can conclude that the YOLOv8 performs better than the
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YOLOv11 on our LFA test classification task. While this may seem counterintuitive given
the YOLOV11’s state-of-the-art results originally reported by Ultralytics on benchmark
datasets, most probably the original YOLOv11 model was significantly fine-tuned to
identify the best-performing model hyperparameters. However, there is no guarantee that
the model will produce the best results on any custom datasets even with fine-tuning

as suggested by our experiments and other related works. For example, Sharma et al3?
compared Faster Region-Convolutional Neural Network (Faster R-CNN), YOLOvS, YOLO,
version 9, YOLO, version 10, and YOLOv11 models for object detection/classification. In
their experiments, YOLOV8 had better performance than YOLOv11 in most metrics but
YOLOv11 had better inference speed. The authors concluded that “the YOLOv11 model
offers an excellent balance between speed and accuracy.”

Figure 3 shows confusion matrices for the test subsets of each of the LFA-1, LFA-2, and
LFA-3 splits as well as ROC curves and the corresponding AUC values for each of the 2
models trained. Specifically, panels on the left show the confusion matrices and the ROC
curves/AUC values for the YOLOV8 model, whereas panels on the right show the confusion
matrices and the ROC curves/AUC values for the YOLOv11 model. We can see that in
general, the models make more FN mistakes as compared to FP mistakes, which is ideal
with respect to minimizing the human effort required to validate positive cases before any
significant action, such as animal movement or animal euthanasia, would be taken. In such
scenarios, the YOLO models would only be used for the initial screening of potential
positive cases, thus reducing the amount of data that the experts may need to validate. In
practice, this is feasible in countries where the disease is more prevalent. However, it could
still cause delays in previous disease-free countries despite having a small number of FPs.

Figure 4 shows some sample LFA test images predicted by our models. For each

image, “Ground Truth” indicates the original label manually assigned by domain experts;
“YOLOV8 — label” and “YOLOv11 — label” show the predicted class for each model,
with confidence score in brackets. Both YOLOvV8 and YOLOV11 correctly classified several
clearly positive images, achieving 100% confidence. Even with a faint second line, both
models correctly identified a positive result with high confidence (99%). In another instance
with a faint line, both models correctly classified the image as positive, but YOLOvV8
exhibited higher confidence (100%) than YOLOv11 (92%). However, the models also
exhibited discrepancies. For example, YOLOV8 correctly classified an image as positive
(91% confidence), while YOLOv11 incorrectly classified it as negative (82% confidence).
Conversely, YOLOvV8 misclassified a positive image as negative (96% confidence), while
YOLOV11 correctly classified it as positive (62% confidence). Similar discrepancies are
shown in other images that demonstrate the models’ ability to classify LFA images with
high confidence, particularly when both lines are clear. Furthermore, the models generally
exhibit lower confidence on images with faint, difficult-to-recognize lines, suggesting good
calibration between performance and confidence. The errors primarily occur with these
ambiguous images. Overall, this analysis supports the conclusion that YOLOvV8 generally
outperforms YOLOV11 in both accuracy and confidence. Finally, one image highlights

a potential annotation error: while human annotators labeled the image as positive,

both models correctly predicted negative (YOLOvV8: 100% confidence; YOLOv11: 73%
confidence), suggesting the models’ potential to identify inconsistencies in manual labeling.
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As seen in Table 2, sensitivity and specificity of our best YOLOv8 model are 73% and 91%,
respectively, suggesting a relatively modest positive predicting power of the model. While
we do not evaluate the YOLO models in the same fashion based on the type of test and

the type of pig sera, and a direct comparison is not possible, our sensitivity and specificity
results (specifically, 73% and 91% for the YOLOv8 model) are very promising given the
sensitivity and specificity of the test according to the human annotations. As reflected by
our own error analysis and also the results from Wang et al,® ground truth annotation based
on PCR may not always agree with what can be observed in the LFA testing images, and
thus our dataset can be seen as noisy and rather small according to deep learning standards.
With a larger dataset, ideally annotated by domain experts based on images, we expect that
specificity and sensitivity, and thus the positive predictive power of the model, can be further
improved, leading to models that can potentially be used in practice to inform ASF decision
makers, especially in countries with a high prevalence of ASF disease. However, as is the
case with many emerging Al technologies, actions such as movement of the animal would
not happen without additional testing and validation by experts. In that respect, the deep
learning model would help filter out irrelevant/negative cases in a consistent manner while
allowing the ASF experts and decision makers to focus on potentially positive cases.

Discussion

Currently, ASF is listed as a legally notifiable disease that must be reported to the World
Organization for Animal Health. The economic losses to the global pig industry have been
insurmountable since the outbreak of ASF. Control and eradication of ASF are very critical
during the current pandemic. Until an ASF vaccine with high immunoprotective potential
is available, the prevention, control, and eradication of ASF is based on the implementation
of appropriate surveillance and strict biosecurity measures. The success of surveillance
activities depends on the availability of the most appropriate, sensitive, and rapid diagnosis.
Toward this goal, as a main contribution of this work, we developed an Al tool (based

on YOLO models) for enhancing ASF diagnosis and reporting based on image analysis.
The classifier can be used as a smartphone app. The validation of the YOLO models was
performed using ground truth annotations of the LFA test images in terms of standard
metrics in ML.

As a second contribution of this work, we also developed a proof-of-concept website
mapping app. Its main purpose is to keep track of reported positive cases and to collect the
corresponding images for further validation. The granularity is currently at the city level, but
it can be customized as needed. If multiple positive cases are reported at the same location,
a counter is used to keep track of the number of cases at the same location, and that location
would be given a brighter color to account for the larger number of cases. Potentially, an
admin could “approve”/validate the positive cases before allowing them to be displayed on
the map for enhanced accuracy. The day when a positive case was reported can be recorded,
and that information can be used to see reported cases by day, week, month, etc. Given that
the map is populated based on positive cases as initially identified by the YOLO models
based on LFA test image classification, the map would not reflect cases when the animal

is euthanized. In that respect, the map provides spatial and temporal information about the
occurrence of the disease but does not reflect the actions taken to control the disease. Thus,
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it would be useful for the visualization of emerging positive cases by the general public and
decision makers, who could potentially help prevent new cases in neighboring regions by
using extra measures to prevent spread.

The development of the Al-ASF-LFA app represents a significant advancement in field-
deployable point-of-need testing. This novel approach offers several practical advantages
over existing commercial apps, such as the MatMaCorp ASFV Detection System.%0 By
eliminating the need for human interpretation and combining clinical data learning with
classification models, AlI-ASF-LFA provides higher-accuracy test results within a short span
of 15 minutes. Given the widespread use of smartphones, the integration of Al-ASF-LFA
with these devices has the potential to improve accessibility and affordability as well as
immediate reporting.

The ability of Al-ASF-LFA to continuously learn from additional clinical data and increase
its diagnostic accuracy further strengthens its value as a reliable and adaptable tool

for diagnosis. This achievement has the potential to significantly impact diagnostics by
providing World Organization for Animal Health members with the ability to make rapid
decisions and share the relevant epidemiological information. Furthermore, the AI-ASF-LFA
has the potential to be used in a differentiating infected from vaccinated animals*! strategy
as planned by VACDIVA (https://vacdiva.eu/). However, several limitations should be
acknowledged. The current study does not explicitly demonstrate an increase in sensitivity
of the LFA test through the use of the smartphone-based tool. To directly assess this,

future studies should incorporate a larger number of samples near the limit of detection

of the LFA test and compare the Al model’s predictions with those of experienced human
evaluators and with gold-standard laboratory assays, such as PCR or ELISA. This study did
not explicitly evaluate the model’s robustness to variations in image acquisition (eg, camera
settings and device used). Furthermore, the model’s generalizability to different populations,
field settings, and LFA test types remains to be determined. These factors may require
further investigation and potential adjustments to the model for broader applicability.

In conclusion, Al-ASF-LFA offers a promising solution for improving the accuracy,
efficiency, and accessibility of field-deployable point-of-need testing.
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receiver operating characteristic curves (ROCs) for the 3 splits and their corresponding area
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Example of images classified by YOLOvV8 and YOLOv11. Ground truth outcome is shown
right below an image, followed by the model prediction together with model confidence in
parentheses.
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