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Purpose: To develop a comprehensively deep learning algorithm to differentiate between bacterial keratitis, fungal keratitis, non- 
infectious corneal lesions, and normal corneas.
Methods: This retrospective study collected slit-lamp photos of patients with bacterial keratitis, fungal keratitis, non-infectious 
corneal lesions, and normal cornea. Causative organisms of infectious keratitis were identified by either positive culture or clinical 
response to single treatment. Convolutional neural networks (ResNet50, DenseNet121, VGG19) and Ensemble with probability 
weighting were used to develop a deep learning algorithm. The performance including accuracy, precision, recall, F1 score, specificity 
and AUC has been reported.
Results: Total of 6478 photos from 2171 eyes, composed of 2400 bacterial keratitis, 1616 fungal keratitis, 1545 non-infectious 
corneal lesions, and 917 normal corneas were collected from hospital database. DenseNet121 demonstrated the best performance 
among three convolutional neural networks with the accuracy of 0.8 (95% CI 0.74–0.86). The ensemble technique showed higher 
performance than single algorithm with the accuracy of 0.83 (95% 0.78–0.88).
Conclusion: Convolutional neural networks with ensemble techniques provided the best performance in discriminating bacterial 
keratitis, fungal keratitis, non-infectious corneal lesions, and normal corneas. Our models can be used as a screening tool for non- 
ophthalmic health care providers and ophthalmologists for rapid provisional diagnosis of infectious keratitis.
Keywords: infectious keratitis, cornea ulcer, keratitis, conventional neural network, deep learning algorithm

Introduction
Infectious keratitis is considered a potentially sight threatening ocular condition and a leading cause of visual disability 
worldwide. A lack of eye care resources leads to delays in diagnosis and treatment of infectious keratitis, which lead to 
loss of ocular integrity, invasion of infectious organisms and poor long-term visual prognosis,1,2 especially in low- and 
middle-income countries.

Differentiation between infectious keratitis, other corneal lesions and normal corneas based on slit-lamp photography 
can be done by ophthalmologist. However, it can be challenging for non-health care providers or even for primary health 
care providers. After detecting infectious keratitis, it is also crucial to differentiate the etiology of infectious keratitis, as 
the treatment for each organism is varied. Bacteria and fungi are majorly responsible for infectious keratitis worldwide.3 

Clinical presentation of bacterial and fungal keratitis can be similar including pain, decreased vision, photophobia, 
redness, corneal infiltration, and corneal ulceration. Patients’ history and some clinical presentations may help 
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differentiating the etiology of infection. However, diagnosing the etiology of infectious keratitis is still challenging. 
Microbiological testing such as corneal scraping for culture, a gold standard test, could help identify causative 
microorganism. Unfortunately, microbiological culture requires one to four weeks, and the rates of positive culture 
have been shown to be only 31–71%.4–8 Furthermore, emerging techniques like metagenomics DNA sequencing may be 
valuable for samples with negative microbiological cultures. However, these methods are not widely available in most 
hospitals and come with high costs.9

Recently, artificial intelligence based on deep learning algorithms has been shown to automatically detect the distinct 
features of disease when providing a large dataset of labeled medical images.10,11 Several studies12–16 have used deep 
learning algorithms for identifying etiology of infectious keratitis. In this study, we would like to evaluate if we could 
corroborate the findings of previous studies and expand the ability of algorithms to differentiate between infectious 
keratitis and non-infectious eyes using the same algorithms. We elected to use a large data set to train convolutional 
neural networks for differentiating bacterial keratitis, fungal keratitis, non-infectious corneal lesions, and normal corneas.

Materials and Methods
This study was approved by Institutional Review Board, Faculty of Medicine, Chulalongkorn University and adhered to 
the tenets of the Declaration of Helsinki. The study received exemption from informed consent by the Institutional 
Review Board of our institution. The deidentified retrospective data from 2007 to 2022 has been approved for review by 
the King Chulalongkorn Memorial Hospital. All data were accessed in April 2023.

Dataset and Labelling
The diffused illumination slit-lamp images taken using the Topcon D series slit lamp and DC-4 digital camera attachment 
were collected. All the collected photos were taken by corneal fellows using the same setting with the same slit-lamp 
biomicroscope and stored in an in-patient clinic database. The device functioning is driven by the EZ Capture software. 
The resolution of each image was 2576 × 1934 pixels in JPG format. The EZ Capture dataset was divided into 4 
categories including 1) bacterial keratitis, 2) fungal keratitis, 3) non-infectious corneal lesions and 4) normal corneas. 
One hundred fifty-two non-focus images were screened and excluded by an ophthalmologist (V.S). All the images from 
patients with infectious keratitis (bacterial and fungal keratitis) were included during the active phase of infection and 
were confirmed by positive microbiological results including culture, PCR, or pathological reports or complete response 
to a single treatment using either antibacterial or antifungal medications. Patients were excluded if mixed infections were 
reported by laboratory tests. The categories of non-infectious keratitis were taken from patients experiencing other 
corneal diseases with or without inflammation including peripheral ulcerative keratitis, corneal degeneration, corneal 
deposits, corneal tumors, bullous keratopathy, corneal scars, fibrous ingrowth and limbal stem cell deficiency. We had 
taken photos of all patients and all photos, which were eligible have been included in the study. Representative images in 
each category were shown in Figure 1.

The final image dataset in this study included 6478 diffuse illumination slit-lamp images including 2400 images of 
bacterial keratitis taken from 183 patients, 1616 images of fungal keratitis taken from 89 patients, 1545 images of non- 
infectious corneal lesions taken from 1545 patients and 917 images of normal corneas taken from 917 participants. There 
were 125 patients with bacterial keratitis (45.8%) and 74 patients with fungal keratitis (27.3%) diagnosed based on 
microbiological/pathological results. Fifty-eight (21.4%) and 15 (5.5%) were diagnosed as bacterial and fungal keratitis 
due to complete response to a single treatment, either antibacterial or antifungal medications, respectively.

To ensure the model is not biased towards recognizing patients rather than the categories, the data were randomly 
distributed into training, validating, and testing set based on patients with a targeted ratio of 70:10:20, respectively. The 
training set consisted of 1609 images of bacterial keratitis, 1274 images of fungal keratitis, 1089 images of non-infectious 
corneal lesions and 666 of normal corneas. The validating set consists of 196 images of bacterial keratitis, 120 images of 
fungal keratitis, 147 images of non-infectious corneal lesions and 70 of normal corneas and the testing set consisted of 
595 images of bacterial keratitis, 222 images of fungal keratitis, 309 images of non-infectious corneal lesions and 181 of 
normal corneas.
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Model Selection and Development
In this study, we developed two deep learning models. First, we developed a deep learning model for automated classification 
of the ImageNet dataset into three categories including bacterial keratitis, fungal keratitis, and others (non-infectious corneal 
lesions and normal corneas). Second, we developed a deep learning model for automated classification of the ImageNet 
dataset into four categories including bacterial keratitis, fungal keratitis, non-infectious corneal lesions, and normal corneas.

We selected ResNet50, DenseNet121, and VGG19 as our neural network architectures to classify the ImageNet dataset. 
These models were chosen based on a thorough literature review, which revealed that they are among the most widely used 
and well-regarded architectures in the field. In addition, a probability weighting ensemble, which was designed to combine 
the predictions of multiple models was also included in the study. The probability weighting ensemble calculated the 
prediction by weighing the individual models’ predictions based on their confidence levels. The weights assigned to each 
model in each class were determined based on their respective performance on the validation set.

The study framework encompassed the utilization of FastAI library, and extension of PyTorch, employing three neural 
network architectures (ResNet50, DenseNet121, and VGG19), initialized with pretrained parameters from the ImageNet 
dataset. The processing pipeline involves resizing the input images to 224 × 224 × 3 pixels and employing a batch size of 64. 
The training was performed using the cross-entropy loss function and the Adam optimizer. The Adam optimizer is a gradient- 
based optimization algorithm. To assess the models’ performance robustly, we adopt a 5-fold cross-validation strategy training 
each network for a maximum of 20 epochs. Early stopping was employed based on the minimum validation loss, with 
a patience of 5 epochs. This means that if the validation loss did not decrease for 5 consecutive epochs, the training process 
was stopped, and the model with the lowest validation loss was selected, with learning rates determined using FastAI’s 
learning rate finder. The experiments are conducted on an NVIDIA GeForce RTX 4090 GPU equipped with 24GB of VRAM.

The accuracy, precision (positive predictive value), recall (sensitivity), F1 score, and specificity were shown as the 
indexes for the validity of the deep learning model for classification of bacterial keratitis, fungal keratitis, non-infectious 

Figure 1 The representative slit-lamp images of four categories.
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corneal lesion and normal corneas. F1 score is the harmonic weight average of precision and recall, and reflects a model’s 
performance. F1 score (macro) is used as a main metric for measuring our model performance where score 1 indicates the 
best value and 0 indicates the worst value. Model interpretation using Gradient-weighted Class Activation Mapping 
(Grad-CAM) was applied to produce visual explanations, highlighting the areas of the image that had the greatest 
influence on the model’s prediction.

Results
The Performance of Deep Learning Models to Differentiate Bacterial Keratitis, Fungal 
Keratitis, and Others
Among the three neural network architectures, the DenseNet 121 algorithm provided the best performance in classifica
tion bacterial keratitis, fungal keratitis, and others. The best algorithm achieved an accuracy of 0.74 (95% CI, 0.69–0.79), 
a precision of 0.61 (95% CI, 0.51–0.72), a recall of 0.61 (95% CI, 0.48–0.73), a F1 score of 0.59 (95% CI, 0.49–0.69), 
a specificity of 0.81 (95% CI, 0.75–0.87) and an AUC of 0.71 (95% CI, 0.65–0.77). Using the probability weighting 
ensemble technique, the models achieved higher performance with an accuracy of 0.77 (95% CI, 0.72–0.82), a precision 
of 0.65 (95% CI, 0.54–0.75), a recall of 0.63 (95% CI, 0.47–0.78), a F1 score of 0.60 (95% CI, 0.48–0.73), a specificity 
of 0.83 (95% CI, 0.75–0.90) and an AUC of 0.73 (95% CI, 0.66–0.79). The details on the performance of each algorithm 
are shown in Table 1.

The Performance of Deep Learning Models to Differentiate Bacterial Keratitis, Fungal 
Keratitis, Non-Infectious Corneal Lesions, and Normal Corneas
The DenseNet 121 algorithm still demonstrated the best performance in classifying bacterial keratitis, fungal keratitis, 
non-infectious corneal lesions, and normal corneas. The DenseNet 121 showed an accuracy of 0.80 (95% CI, 0.74–0.86), 

Table 1 The Performance of Deep Learning Models to Differentiate Bacterial Keratitis, Fungal Keratitis, and 
Others

Category Model Classification Performance (95% CI)

Accuracy Precision Recall F1 Score Specificity AUC

Bacteria Resnet 50 0.65 0.55 0.59 0.55 0.69 0.64
(0.61–0.69) (0.38–0.71) (0.31–0.87) (0.44–0.65) (0.47–0.91) (0.59–0.69)

DenseNet 121 0.67 0.58 0.45 0.48 0.8 0.62
(0.62–0.71) (0.47–0.70) (0.22–0.68) (0.35–0.61) (0.68–0.93) (0.57–0.68)

VGG 19 0.64 0.52 0.77 0.61 0.58 0.68
(0.61–0.68) (0.40–0.65) (0.61–0.94) (0.59–0.64) (0.41–0.75) (0.67–0.68)

Ensemble 0.69 0.59 0.68 0.61 0.7 0.69
(0.66–0.72) (0.44–0.74) (0.46–0.90) (0.55–0.67) (0.52–0.88) (0.66–0.72)

Fungus Resnet 50 0.74 0.56 0.23 0.25 0.92 0.57
(0.68–0.80) (0.32–0.80) (0.00–0.49) (0.04–0.47) (0.80–1.00) (0.50–0.65)

DenseNet 121 0.7 0.43 0.55 0.46 0.76 0.65

(0.63–0.78) (0.30–0.57) (0.35–0.74) (0.37–0.55) (0.61–0.90) (0.61–0.68)

VGG 19 0.75 0.46 0.28 0.33 0.9 0.59

(0.70–0.80) (0.26–0.66) (0.09–0.47) (0.14–0.52) (0.83–0.97) (0.53–0.66)

Ensemble 0.76 0.52 0.34 0.37 0.9 0.62
(0.71–0.80) (0.32–0.71) (0.08–0.61) (0.16–0.58) (0.79–1.00) (0.53–0.70)

(Continued)
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a precision of 0.64 (95% CI, 0.56–0.73), a recall of 0.66 (95% CI, 0.55–0.76), a F1 score of 0.63 (95% CI, 0.55–0.71), 
a specificity of 0.86 (95% CI, 0.81–0.91) and an AUC of 0.76 (95% CI, 0.69–0.82). The ensemble technique presented 
higher performance compared to each single algorithm. The ensemble technique achieved an accuracy of 0.83 (95% CI, 
0.78–0.88), a precision of 0.70 (95% CI, 0.61–0.78), a recall of 0.68 (95% CI, 0.57–0.79), a F1 score of 0.68 (95% CI, 
0.59–0.76), a specificity of 0.88 (95% CI, 0.82–0.93) and an AUC of 0.78 (95% CI, 0.72–0.84). The details on the 
performance of each algorithm are shown in Table 2.

Table 1 (Continued). 

Category Model Classification Performance (95% CI)

Accuracy Precision Recall F1 Score Specificity AUC

Others Resnet 50 0.78 0.73 0.83 0.75 0.77 0.8
(0.68–0.89) (0.51–0.96) (0.61–1.00) (0.67–0.83) (0.51–1.00) (0.72–0.87)

DenseNet 121 0.85 0.82 0.83 0.81 0.87 0.85

(0.82–0.89) (0.72–0.92) (0.68–0.98) (0.77–0.86) (0.77–0.97) (0.81–0.90)

VGG 19 0.84 0.88 0.69 0.76 0.94 0.81

(0.79–0.89) (0.81–0.95) (0.51–0.87) (0.68–0.85) (0.88–0.99) (0.75–0.88)

Ensemble 0.87 0.84 0.85 0.84 0.89 0.87
(0.82–0.92) (0.70–0.98) (0.69–1.00) (0.78–0.89) (0.78–1.00) (0.82–0.93)

Average(Macro) Resnet 50 0.72 0.61 0.55 0.52 0.79 0.67
(0.68–0.77) (0.51–0.71) (0.38–0.73) (0.39–0.65) (0.69–0.89) (0.61–0.73)

DenseNet 121 0.74 0.61 0.61 0.59 0.81 0.71
(0.69–0.79) (0.51–0.72) (0.48–0.73) (0.49–0.69) (0.75–0.87) (0.65–0.77)

VGG 19 0.74 0.62 0.58 0.57 0.8 0.69
(0.69–0.79) (0.50–0.74) (0.44–0.73) (0.45–0.68) (0.70–0.91) (0.64–0.75)

Ensemble 0.77 0.65 0.63 0.6 0.83 0.73
(0.72–0.82) (0.54–0.75) (0.47–0.78) (0.48–0.73) (0.75–0.90) (0.66–0.79)

Notes: Accuracy = the number of correctly classified data over the total number of data; Precision = positive predictive value; Recall = 
sensitivity and F1 score = harmonic mean of precision and recall.

Table 2 The Performance of Deep Learning Models to Differentiate Bacterial Keratitis, Fungal Keratitis, Non- 
Infectious Corneal Lesions (NCL), and Normal Cornea

Category Model Classification Performance (95% CI)

Accuracy Precision Recall F1 Score Specificity AUC

Bacteria Resnet 50 0.59 0.51 0.75 0.59 0.49 0.65
(0.51–0.66) (0.41–0.60) (0.60–0.90) (0.55–0.63) (0.30–0.68) (0.59–0.70)

DenseNet 121 0.68 0.59 0.43 0.49 0.82 0.63

(0.64–0.72) (0.52–0.66) (0.26–0.59) (0.39–0.58) (0.74–0.90) (0.58–0.67)

VGG 19 0.66 0.54 0.72 0.61 0.62 0.67

(0.60–0.72) (0.43–0.64) (0.58–0.87) (0.54–0.68) (0.45–0.79) (0.64–0.71)

Ensemble 0.7 0.59 0.69 0.62 0.71 0.7
(0.66–0.74) (0.47–0.70) (0.52–0.86) (0.56–0.69) (0.56–0.87) (0.67–0.73)

(Continued)
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Heatmaps
At the end of the convolutional neural network, we created a heatmap using Grad-CAM to visualize the regions of the 
corneal lesions that most influenced the model’s prediction (Figure 2).

The heatmaps highlight the areas of the input image that had the highest contribution to the model’s decision based on 
the activations of the final convolutional layer. Red regions indicate areas that strongly influenced the prediction, while 
blue regions signify areas with less influence. This visualization helps to better understand which parts of the image the 
model relied on for its classification.

Table 2 (Continued). 

Category Model Classification Performance (95% CI)

Accuracy Precision Recall F1 Score Specificity AUC

Fungus Resnet 50 0.66 0.55 0.42 0.44 0.79 0.56
(0.64–0.68) (0.42–0.67) (0.19–0.64) (0.31–0.57) (0.66–0.93) (0.49–0.64)

DenseNet 121 0.7 0.43 0.6 0.49 0.74 0.67

(0.65–0.76) (0.27–0.59) (0.46–0.75) (0.36–0.62) (0.63–0.84) (0.62–0.72)

VGG 19 0.75 0.45 0.38 0.39 0.86 0.62

(0.70–0.81) (0.32–0.59) (0.08–0.68) (0.16–0.63) (0.75–0.97) (0.53–0.72)

Ensemble 0.77 0.52 0.41 0.45 0.88 0.64
(0.74–0.81) (0.38–0.66) (0.24–0.58) (0.29–0.62) (0.83–0.93) (0.58–0.71)

NCL Resnet 50 0.85 0.55 0.24 0.33 0.96 0.74
(0.83–0.87) (0.48–0.62) (0.11–0.38) (0.20–0.45) (0.95–0.98) (0.66–0.82)

DenseNet 121 0.85 0.74 0.62 0.66 0.92 0.77
(0.81–0.88) (0.57–0.91) (0.44–0.80) (0.58–0.73) (0.84–1.00) (0.71–0.83)

VGG 19 0.82 0.66 0.57 0.59 0.9 0.73
(0.77–0.86) (0.56–0.75) (0.37–0.77) (0.52–0.67) (0.82–0.97) (0.66–0.81)

Ensemble 0.86 0.76 0.7 0.7 0.92 0.81
(0.82–0.90) (0.61–0.92) (0.46–0.93) (0.60–0.80) (0.84–0.99) (0.72–0.90)

Normal Resnet 50 0.95 0.94 0.48 0.62 1 0.87
(0.93–0.97) (0.92–0.97) (0.26–0.71) (0.40–0.83) (0.99–1.00) (0.77–0.98)

DenseNet 121 0.96 0.82 0.97 0.89 0.97 0.97

(0.95–0.98) (0.74–0.91) (0.94–1.00) (0.84–0.93) (0.95–0.99) (0.95–0.98)

VGG 19 0.9 0.92 0.47 0.61 0.99 0.73

(0.85–0.95) (0.79–1.00) (0.32–0.62) (0.48–0.74) (0.95–1.00) (0.65–0.80)

Ensemble 0.98 0.92 0.93 0.93 0.99 0.96
(0.97–0.98) (0.89–0.96) (0.89–0.97) (0.91–0.94) (0.98–1.00) (0.94–0.98)

Average (Macro) Resnet 50 0.76 0.64 0.47 0.49 0.81 0.71

(0.69–0.83) (0.55–0.73) (0.36–0.58) (0.42–0.57) (0.71–0.92) (0.64–0.77)

DenseNet 121 0.8 0.64 0.66 0.63 0.86 0.76

(0.74–0.86) (0.56–0.73) (0.55–0.76) (0.55–0.71) (0.81–0.91) (0.69–0.82)

VGG 19 0.79 0.65 0.54 0.56 0.84 0.69
(0.74–0.84) (0.55–0.75) (0.45–0.64) (0.49–0.63) (0.77–0.92) (0.66–0.73)

Ensemble 0.83 0.7 0.68 0.68 0.88 0.78
(0.78–0.88) (0.61–0.78) (0.57–0.79) (0.59–0.76) (0.82–0.93) (0.72–0.84)

Notes: Accuracy = the number of correctly classified data over the total number of data; Precision = positive predictive value; Recall = 
sensitivity and F1 score = harmonic mean of precision and recall.
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Discussion
In this study, we evaluated the performance of deep learning system with additional of the ensemble techniques to 
classify bacterial keratitis, fungal keratitis, other corneal lesions, and normal corneas. Our findings showed that deep 
learning models could differentiate between infectious keratitis and non-infectious keratitis and also distinguish patients 
with bacterial and fungal keratitis using the same models. Separation of images with other corneal lesions and normal 
corneas before training the models helps obtaining better performance of the models. Among the three models, the 
DenseNet121 showed the best performance, with the accuracy of 80% followed by VGG19 79% and Resnet50 76%, 
respectively. The performance of the models increased with the probability weighting ensemble technique.

Rapid diagnosis of infectious keratitis is a crucial step to guide confirmative investigation and to initiate 
treatment.17,18 It also leads to better visual treatment outcomes. While differentiation between infectious and non- 
infectious corneas is challenging for non-ophthalmic health care workers, it can usually be done by ophthalmic health 
care workers. However, most ophthalmic health care workers are inexperienced in differentiation between bacterial and 
fungal keratitis, which is important for treatment initiation. The development of a deep learning system for differentiating 
infectious keratitis from other corneal lesions and normal corneas would benefit the health care system. In this study, we 
demonstrated the potential of developing a deep learning system for this purpose. However, the learning system still 
needs to improve both accuracy, precision and the system for clinical deployment in the future study.

Figure 2 Heat maps.
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In this study, we trained deep learning algorithms by replicating real-world conditions where patients with eye 
symptoms can have either infectious keratitis, non-infectious corneal lesions, or normal corneas with other eye problems. 
We included the group of normal corneas to train our algorithms to ensure that the algorithms can differentiate patients 
with eye symptoms without any corneal lesions. We found that the deep learning algorithms trained by combining images 
of other corneal lesions and normal corneas demonstrated the recall of 63% and the accuracy of 77% with ensemble 
technique, which is lower than the deep learning algorithm trained by separation between these two categories, which 
showed the recall of 68% and the accuracy of 83%. We believed that separation of the images of other corneal lesions 
and normal corneas replicated the real-world situation and lead to a more generalized learning process.

Providing a large data set, a deep learning algorithm can gain better performance compared with conventional 
statistical models and human performance.19 Our study used a large data set including 2400 images of bacterial keratitis, 
1616 images of fungal keratitis, 1545 images of non-infectious corneal lesions and 917 images of normal corneas. While 
most of previous reports focused on either classification of infectious causes or differentiate infectious keratitis from 
others, we found that the accuracy of our model to classify bacterial and fungal keratitis and to differentiate between 
infectious, non-infectious corneas and normal corneas using the same model was 77–83% with ensemble technique. We 
believed that the accuracy of our model was comparable to the previous reports. The previous reports that aimed to 
classify causes of infectious keratitis demonstrated the accuracy of 51–90.7%,12,14,20,21 while the study of Li Z. et al 
aimed to differentiate keratitis, normal and others showed the accuracy of 99.8%.22 Soleimani M. et al demonstrated the 
model accuracy of 84% to classify fungal and bacterial keratitis and also developed the model to differentiate between 
keratitis caused by filamentous fungi and yeast. Previous reports12,20 also showed that the accuracy of the models was 
higher than that of ophthalmologists, with the accuracy ranged from 49% to 74%.

There are several limitations in our study. First, our models were trained using high resolution images from single- 
center data. The model performance may change when using different resolution images. However, our dataset has 
variable brightness, which should be suitable for real-world applications. Second, the amount of dataset in each 
classification did not reflect the real prevalence in each classification. This would directly affect the precision (positive 
predictive value) of the DL algorithm. However, lowering the number of cases in each class to the real prevalence, which 
is a lot higher rate of normal cornea cases, would lead to falsely high accuracy of the model. Third, some fungal keratitis 
cases have been reported to respond to antibiotics. Therefore, using a response to antibiotics for classification of bacterial 
keratitis may be misleading in some cases.23 Lastly, due to bacterial and fungal keratitis were the most common cause of 
infectious keratitis in our center. Our deep learning algorithm was only trained using images of bacterial and fungal 
keratitis. Therefore, the algorithm cannot be applied to other etiologies of infectious keratitis such as viral keratitis and 
parasitic keratitis. A future study including the history of patients could be done to increase the performance of the 
model.

Conclusion
In conclusion, this is the deep learning algorithm developed to differentiate between bacterial keratitis, fungal keratitis, 
non-infectious corneal lesions, and normal corneas. This is the initial development of deep learning algorithms as 
a screening tool and a guide for initial treatment of infectious keratitis. Studies to improve accuracy, precision and the 
system for clinical deployment could be done in the future.
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