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Summary
Background Fungal keratitis (FK) is a leading cause of corneal blindness in developing countries due to poor clinical
recognition and laboratory identification. Here, we aimed to identify the distinct clinical signature of FK and develop
a diagnostic model to differentiate FK from other types of infectious keratitis.

Methods We reviewed the electronic health records (EHRs) of all patients with suspected infectious keratitis in
Beijing Tongren Hospital from January 2011 to December 2021. Twelve clinical signs of slit-lamp images were
assessed by Lasso regression analysis and collinear variables were excluded. Three models based on binary logistic
regression, random forest classification, and decision tree classification were trained for FK diagnosis and
employed for internal validation. Independent external validation of the models was performed in a cohort of
420 patients from seven different ophthalmic centers to evaluate the accuracy, specificity, and sensitivity in real world.

Findings Three diagnostic models of FK based on binary logistic regression, random forest classification, and decision
tree classification were established and internal validation were achieved with the mean AUC of 0.916, 0.920, and
0.859, respectively. The models were well-calibrated by external validation using a prospective cohort including
210 FK and 210 non-FK patients from seven eye centers across China. The diagnostic model with the binary
logistic regression algorithm classified the external validation dataset with a sensitivity of 0.907 (0.774, 1.000),
specificity 0.899 (0.750, 1.000), accuracy 0.905 (0.805, 1.000), and AUC 0.903 (0.808, 0.998).

Interpretation Our model enables rapid identification of FK, which will help ophthalmologists to establish a
preliminary diagnosis and to improve the diagnostic accuracy in clinic.
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Research in context

Evidence before this study
The diagnosis of fungal keratitis (FK) was in a conflicting
position between accuracy and timeliness. Although in vivo
confocal microscopy (IVCM) and polymerase chain reaction
could break this stalemate, equipment cost and operating
threshold limited their application. Machine learning seem a
“perfect answer”, which had been successfully utilized for the
diagnosis of eye diseases. Low cost and instantaneous
feedback may increase patient compliance and alleviate the
tremendous strain on healthcare resources. More than an
assistive technology of decision support, this diagnostic
modality that directly input medical images into the network
for learning challenged the classical models of diagnosis. In
the past, the determination of clinical signs depended on the
physicians’ knowledge and some clinical signs in infectious
keratitis could overlap with other disorders. The correlation
between clinical signs and disease could been furtherly
validated. Machine learning could also utilize computerized
algorithms to optimize the way of clinician diagnose.
The work of Standardization of Uveitis Nomenclature
Working Group (2022) provided a reference. They collected
the characteristics of cases with Fuchs uveitis syndrome
and develop a database. And then using machine learning
to screen signs and establish classification criteria. Based on
this protocol, the FK diagnostic models could be

established. A study (2021) using the largest international
cohort of corneal specialists, identified that there had a gap
of cognitive ability between experts practicing in India and
other countries about FK, but not appears in bacterial
keratitis. The result showed that FK may have some special
signs, meanwhile, it could be validated by the laboratory
examination.

Added value of this study
In this study, we had developed a machine learning model
based on slit-lamp images of 1916 cases and manual
labeling. This model had been validated in 7 sub-centers
and detected diagnostic potency by corneal specialists. We
had demonstrated that the model was reliable and solid in
prediction of FK. Moreover, special features were extracted
by machine learning model. The list of most valuable
features identified will trigger future diagnostic modality.

Implications of all the available evidence
We hope that our results will help to inform future research in
this area, including the development of guidelines for
machine learning applications in clinical signs screening and
FK diagnosis. By running the algorithm, confused signs might
be more objective and could be distinguished in similar
diseases.
Introduction
Fungal keratitis (FK) is a severe and sight-threatening
corneal infection characterized by a high incidence,
late diagnosis, and devastatingly poor prognosis. It is
most prevalent in countries and regions with low so-
cioeconomic status. In developing countries, approxi-
mately 30–40% of infectious keratitis (IK) is FK.1–6 The
incidence of FK also shows an increasing trend in
developing countries due to improper care and cleaning
of contact lenses. In the United States, 6–20% of corneal
infections were caused by various fungal pathogens. A
recent study revealed that the minimum annual inci-
dence of FK was more than 1,051,787 cases globally.7

The rate of perforation in FK is five to six times more
likely than that in bacterial keratitis (BK).8 About 8–11%
of cases with FK must have their eyes removed, which
represents an annual loss of a hundred thousand
eyes.9,10 Early diagnosis and prompt treatment are
recognized as key strategies for improving prognosis of
FK.11

Clinical symptoms and early signs of FK often
overlap with other type of IK, so the diagnosis of
FK is usually based on laboratory examinations
including scraping and fungal culture. They are also
regarded as the gold standards for FK diagnosis.
However, difficult biopsy and low positive rate
limited their clinical application.12 In vivo confocal
microscopy (IVCM) is a useful clinical tool for the
diagnosis of FK with sensitivity and specificity of
88% and 91%. However, IVCM is not available in
many underdeveloped regions where FK is com-
mon. Thus, clinical examination under slit-lamp
microscopy is still the mainstay method for the
early diagnosis of FK, which was verified by a
recent multicenter study. The ophthalmologists
among different areas (India vs. other countries)
performed a significant variability of clinical diag-
nosis in FK under the same database (accuracy,
76% vs. 49%; AUC, 0.72 vs. 0.59; P < 0.001).13 The
ability of experience-based diagnosis suggested the
presence of characteristic signs. But the previous
method of determining clinical signs was subjective.

In medicine, significant progress of machine
learning had been demonstrated in ophthalmology. As
of this date, several models related to FK diagnosis were
established previously,14–19 which were all developed
based on deep learning algorithm and used the images
divided from the same dataset to validate. Small number
www.thelancet.com Vol 88 February, 2023
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of studies provided the comparison of models and
ophthalmologists. At the same time, existing researched
hadn’t validate independently by large prospective clin-
ical cohort and lack of the furtherly interpretation of
their input images and their results. In this study, we
combined manual labeling and machine learning to
quantitatively analyze the diagnostic potency of clinical
signs and developed a diagnostic model of FK. The
accuracy, sensitivity, and specificity of the model are
validated by large prospective cohort and compared with
previous models, which would help ophthalmologists to
achieve an early diagnosis of FK when IVCM is not
available.
Methods
Study design
Based on the inclusion criteria, 2890 patients with IK
were recruited from Beijing Tongren Hospital, China,
from January 2011 to December 2021. Following the
exclusion criteria presented below, 877 patients were
excluded because the slit-lamp images in diffuse illu-
mination were missing. In addition to this, 517 pa-
tients were excluded because of poor quality of images
(325 patients with out-of-focus images and 192 patients
with images of incomplete lesion displaying). Finally,
for the development dataset (n = 1047) and internal
validation dataset (n = 449), patients were recruited.
For the external validation cohort (n = 420, from Jan
2020 to Jul 2022), patients were recruited from seven
eye centers of China. Patients diagnosed with FK, BK,
or Acanthamoeba keratitis (AK) by clinical manifesta-
tions and laboratory tests (at least one positive of
smears of corneal scraping or microbial cultures) were
enrolled for the study. Enrolled patients with viral
keratitis (VK) were diagnosed with their medical his-
tory, clinical manifestations, and effective outcomes of
antiviral therapy.20 Corneal scraping for microbiolog-
ical tests was performed under slit-lamp microscopy by
ophthalmologists, the samples were then placed on the
glass slides for Gram and Giemsa staining. Blood agar
medium, chocolate agar medium, potato dextrose me-
dium, and Page’s medium with Escherichia coli were
used to culture the microorganism from cornea le-
sions, including bacteria, fungi, and Acanthamoeba
individuals. Mass spectrometry and sequencing were
used to identify some rare, isolated strains grown from
the medium.

Exclusion criteria of the study included (1) patients
with mixed ocular infections; (2) patients with a history
of any ocular infection, ocular inflammation, ocular
trauma, or eye surgery, which were irrelevant for the
current keratitis; (3) patients without slit-lamp images in
diffuse illumination or images with poor quality
reviewed by two masked Ophthalmologists, including
out-of-focus images and incomplete lesion displaying,
etc.
www.thelancet.com Vol 88 February, 2023
Ethics
Ethical approval was obtained from the Medical Ethics
Committee of Beijing Tongren Hospital (TRECKY2021-
024) and all other participating hospitals, including
Peking Union Medical College Hospital (No. zs-3516),
the First Affiliated Hospital of Chongqing Medical
University (No. 2014-76), the Second Xiangya Hospital
of Central South University (No. LYF2021028), Eye
Hospital of Wenzhou Medical College (No. 2020-191-
K-174), and Tongji Hospital of Tongji Medical
College of Huazhong University of Science and Tech-
nology (No. 2020–120), Peking University People’s
Hospital (No. 2017PHB167-01), Eye & ENT Hospital of
Fudan University (No. 2021103). The study protocol
fully adhered to the Declaration of Helsinki and the
ARVO statement on human subjects. All subjects
finished the written informed consent documents. If
participants were under 18 years old, written informed
consent should be got from their parents. The experi-
mental design was performed following the flow chart
(Fig. 1).

Data collection
A total of 1916 slit-lamp images (from 1916 eyes) were
included in this study: 1229 images with FK and
687 images with non-FK (including 267 BK, 284 VK,
and 136 AK). Among them, the clinical data of 713 FK
images and 334 non-FK images (including 117 BK, 140
VK, and 77 AK) were collected to establish the devel-
opment set and then produce a diagnostic model of FK.
During the stage of model validation, 306 FK images
and 143 non-FK images (diagnosed with 50 BK, 60 VK,
and 33 AK) from the Beijing Tongren Hospital were
applied to the internal validation dataset, and 420 im-
ages (including 210 FK, 100 BK, 84 VK, 26 AK) from
seven different eye centers were included in the external
validation dataset.

Basic information of patients, including duration
from first symptom onset to attend our hospital, and
risk factors of all enrolled patients were recorded.
Ophthalmological evaluations were also collected during
the patient’s initial visit, including best-corrected visual
acuity (BCVA), and clinical features with slit-lamp mi-
croscopy. Corneal photography was performed by three
examiners (Z.W., Y.Z., K.C.) using Topcon SL-D7 slit-
lamp microscopy (since Jan 2011), and Topcon SL-D701
(since Jan 2017), and Haag-Streit BX900 slit-lamp mi-
croscopy (since Oct 2020). A standard imaging protocol
should be followed for each case, including ambient
room light (90–180 lux), diffuse beam at maximal width
(30 mm), and light intensity at a maximal level within
patient tolerance. Photographs were taken at the
10 × magnification setting.

Image evaluation
Image evaluation was based on 12 common reported
clinical signs of FK, including dense infiltrate,
3
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Fig. 1: Research design of diagnostic prediction model for fungal keratitis. The workflow consists of eight main steps (including clinical data
collection, clinical signs summary, manual assessment, collinear variables removing, different model development, graph knowledge, internal
validation and external validation). These steps could be summarized in three components (Variables acquisition, model building and model
evaluation), which described in the flow diagram.

Fig. 2: All included clinical signs of fungal keratitis for manual annotation and machine learning model development in slit-lamp images.
(magnification × 10). The text provides the word-to-picture interpretation at the right side of the figure.
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multifocal lesion, satellite lesions, feathery margin, dry
texture, "collar button" configuration, raised slough,
pigment deposits, endothelial plaques, immune ring,
neovascularization, and hypopyon.21–31 (Fig. 2).

For each image, the presentation of 12 clinical signs
was evaluated and recorded with “positive” or “negative”
(positive was defined as 1, negative as 0) independently
by two masked corneal specialty ophthalmologists. After
that, the images were converted into numerical vectors
and then inputted into machine learning models. When
two ophthalmologists could not reach an agreement, the
discrepancies were reviewed and decided by a senior
corneal specialist. To evaluate the intra bias of each
observer, 100 images (50 images from FK and another
50 images from non-FK) were randomly selected from
the development dataset and pooled into a extra list.
Intra- and inter-individual variations were calculated
with analysis of variance.

Model development
The training dataset was established based on 1496 slit-
lamp images from 1019 FK cases and 477 non-FK cases,
which were randomly split into a development set (70%)
and an internal test set (30%). Complete clinical infor-
mation was collected and the characteristics of slit-lamp
images from all cases were evaluated. The diagnostic
model of FK was established with the development
dataset. Before model building, the Lasso regression
model was used to exclude collinear variables selection.
Each slit-lamp image could provide the value of 12
clinical signs and the grouping situation (FK and non-
FK). So, thirteen parameters were initially included in
the Lasso regression model, which was built using the
glmnet package in R software (https://www.r-project.
org). After that, three different models (binary logistic
regression, random forest classification, and decision
tree classification) were established based on Python
and Jupyter Notebook (version 1.0.0, https://jupyter.
org). Specifically, binary logistic regression is a linear
model for classification. In this model, the probabilities
describing the possible outcomes of a single category
are modeled using a logistic function (e.g., sigmoid
function). As a non-parametric supervised learning
method, decision tree model could predict the value of a
target variable by learning decision rules inferred from
the data features. Therefore, it has a strong interpret-
ability. Random forest is an ensemble model based on
randomized decision tree classifiers. The prediction of
the ensemble is given as the averaged prediction of the
individual classifiers. What’s more, the random forest
can evaluate the contribution of each feature to the
overall model by averaging the contribution of each
feature across each tree. Among them, binary logistic
regression was performed in Stats models (version
0.12.0, https://www.statsmodels.org), and the other al-
gorithms were achieved using packages Scikit-Learn
(version 0.23.2, http://scikit-learn.org/). For binary
www.thelancet.com Vol 88 February, 2023
logistic regression, the penalty term is L2 to regularize
the weights. The solver is lbfgs to solve the optimization
problem. The max_iter is 100 which controls the
maximum number of iterations to solve. For decision
tree, the criterion is entropy to measure the quality of a
split. The max_depth is 4 to control tree depth and
complexity. For random forest, the criterion is entropy,
and the n_estimators is 1000 which determine the
number of trees.

Internal validation
An internal evaluation dataset was established and
applied to validate the diagnostic efficacy of three
different models (binary logistic regression, random
forest classification, and decision tree classification)
for the diagnosis of FK. To evaluate the diagnostic
potency of different models, the sensitivities, speci-
ficities, and area under the receiver operating charac-
teristic (ROC) curves were computed by the internal
test set with the R package "pROC". Based on sensi-
tivity, specificity, and Delong’s test of diagnostic
indices provided in the ROC curve, the most valuable
model was obtained.

External validation
The external validation dataset consisted of seven sub-
datasets from seven different ophthalmic centers (30 FK
cases and 30 non-FK cases in each center): Sub-dataset 1:
Peking Union Medical College Hospital; Sub-dataset 2:
The First Affiliated Hospital of Chongqing Medical Uni-
versity; Sub-dataset 3: The Second Xiangya Hospital of
Central South University; Sub-dataset 4: Eye Hospital of
Wenzhou Medical College; Sub-dataset 5: Tongji Hospital
of Tongji Medical College of HUST; Sub-dataset 6: Peking
University People’s Hospital; Sub-dataset 7: Eye & ENT
Hospital of Fudan University.

Before the establishment of the external validation
dataset, training with 40-images of FK sign recognition
was conducted in 7 sub-centers, and the extent of
interobserver consistency was evaluated by Cohen’s
kappa coefficient (kappa) values. When its consistency
was higher (Kappa value > 0.75), these cornea specialists
of sub-centers were authorized to perform clinical vali-
dation. Otherwise, continued training until an agree-
ment was obtained. After completing the training phase,
60 patients from each sub-center (30 FK cases and 30
non-FK cases) who met the inclusion criteria were
recruited and an external validation dataset (420 cases
totally) was established. The evaluation of clinical signs
of all cases was conducted in each sub-center and the
results from every sub-dataset were input to the diag-
nostic model of FK (determined by internal validation)
individually. At the beginning, the performance of this
model (e.g., sensitivity, specificity, accuracy, area under
the ROC curve) was analyzed for data of each sub-
centers. Furtherly, the performances were averaged,
and obtained the model performance based on the
5
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whole external dataset. At the same time, these oph-
thalmologists gave the disease prediction of each image.
This part of the data would be used to compared with
the selected model.

Statistical analyses
Statistical analysis was based on Python and Jupyter
Notebook. Basic data processing was conducted with
NumPy (version 1.19.2) and pandas (version 1.1.3,
https://pandas.pydata.org). The normality of the data
distribution was assessed using a Kolmogorov–Smirnov
test. Normal variables were expressed as the mean and
standard error of the mean (SEM). For non-normal data
variables, the median and interquartile ranges were
used. T-test and Chi-square tests were applied to normal
and categorical data respectively. Based on Scipy
(version 1.5.2, https://www.scipy.org) and SelectKBest
algorithm (from Scikit-Learn), the demographics data
and signs distribution of FK and non-FK groups were
analyzed. For all results, a P-value less than 0.05 was
considered significant. Multiple comparisons were
controlled by Bonferroni correction.

Role of funding source
The funding did not participate in the study design, data
collection and analysis, decision to publish, or prepara-
tion of the manuscript.

Results
Medical data collection
The demographic data and clinical manifestations of these
patients from the training dataset were shown in Table 1.
The distribution of fungal species isolated from FK cases
in the training dataset were provided in Table S1.

Clinical signs of all photographs in development set
were recorded, and the distribution of clinical signs in
Parameters Development dataset

FK group Non-FK group

Number 713 334

Mean age (SD), years 54.1 (12.7) 43.9 (15.7)

Male, No. (%) 464 (65.1) 276 (82.6)

Risk factor

Ocular injury (%) 346 (48.5) 54 (16.2)

Ocular surgery (%) 29 (4.0) 13 (3.9)

Tap water contact (%) 0 (0.0) 8 (2.4)

Contact lens (%) 4 (0.6) 34 (10.2)

Unknown (%) 327 (45.9) 226 (67.7)

Mean duration (SD), days 22.7 (16.9) 20.8 (22.7)

Mean BCVA (SD) 1.18 (0.47) 0.70 (0.54)

Scraping positive (negative) 536 (177) 127 (67)

Culture positive (negative) 393 (320) 108 (86)

Note: *P < 0.05 was considered statistically significant; BCVA: Best corrected visual acu

Table 1: Demographics and medical history of patients in the training datas
FK and non-FK group were as follows: dense infiltrate
(90.0% vs. 38.0%, P < 0.001), multifocal lesion (38.8%
vs. 10.8%, P < 0.001), satellite lesions (12.6% vs. 0.3%,
P < 0.001), feathery margin (76.4% vs. 10.2%,
P < 0.001), dry texture (81.9% vs. 5.1%, P < 0.001),
"collar button" configuration (7.3% vs. 1.8%, P < 0.001),
raised slough (47.0% vs. 5.1%, P < 0.001), pigment de-
posits (4.5% vs. 2.7%, P = 0.16), endothelial plaques
(2.8% vs. 0.3%, P < 0.001), immune ring (6.6% vs.
10.2%, P = 0.04), neovascularization (42.8% vs. 93.4%,
P < 0.001), hypopyon (34.2% vs. 16.5%, P < 0.001) (all
P value above used Chi-square tests). Significant dif-
ferences were observed between FK and the control
group (Fig. 3). The intra- and inter-variability of clinical
signs between two observers were presented in
Table S2.
Development of the diagnostic model
Before model development, the Lasso regression anal-
ysis was performed, and the deviance residuals
were calculated to exclude collinear variables. Fig. S1
showed an increasing deviance as variables number
dropped from 8 to 7 in this model. Therefore,
eight candidate signs (dense infiltrate, multifocal lesion,
feathery margin, dry texture, raised slough, endothelial
plaques, neovascularization, hypopyon) were retained
for further analysis. The variables coefficients of these
variables in Lasso regression were shown in Table S3.

Three models were established based on binary
logistic regression, random forest classification, and
decision tree classification analysis. In the model of bi-
nary logistic regression, detailed information on
8 candidate variables, including coefficient, odds ratio
(OR) value, and 95% confidence interval (CI) of OR
value, were presented in Fig. 4A and B. In random
forest model, the contributions of these variables were
Internal validation dataset

P value FK group Non-FK group P value

306 143

<0.001* 52.4 (4.1) 43.1 (16.7) <0.001*

<0.001* 199 (65.0) 118 (82.5) <0.001*

<0.001* 148 (48.4) 23 (16.1) <0.001*

0.893 13 (4.2) 6 (4.2) 0.979

<0.001* 0 (0.0) 3 (2.1) 0.032*

<0.001* 2 (0.7) 14 (9.8) <0.001*

<0.001* 140 (45.8) 97 (67.8) <0.001*

0.523 22.9 (18.2) 20.4 (23.3) 0.622

<0.001* 1.23 (0.49) 0.76 (0.51) 0.012*

0.007* 229 (77) 55 (28) 0.119

0.891 168 (138) 46 (37) 0.933

ity.

et.
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Fig. 3: The distribution of twelve clinical signs from FK group and non-FK group in development dataset. Note: * means P < 0.05, which was
considered statistically significant.
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as follows: dense infiltrate 0.288, dry texture 0.288,
feathery margin 0.247, neovascularization 0.208, raised
slough 0.071, multifocal lesion 0.038, hypopyon 0.025,
endothelial plaques 0.015 (Fig. 4C). In the decision tree
model, the contributions of these variables were as fol-
lows: dense infiltrate 0.561, dry texture 0.561, feathery
margin 0.259, neovascularization 0.128, raised slough
0.012 (Fig. 4D).

Model performance and validation
The clinical manifestations of patients for the internal
and external tests have been evaluated (Table S4). The
confusion matrix and the ROC curves were calculated,
and model validations were evaluated by internal dataset
(Fig. 5). The sensitivity, specificity, accuracy, and the area
under curve (AUC) of binary logistic regression, random
forest classification, decision tree classification in internal
validation were (0.948, 0.883, 0.928, 0.916), (0.971, 0.768,
0.939, 0.920), (0.980, 0.737, 0.905, 0.859), respectively.

Delong’s test showed that the random forest and
logistic regression model had a better performance than
the decision tree model (Z = 4.120, P < 0.001; Z = 3.547,
P < 0.001), while the logistic regression model and
random forest showed comparable performance
(Z = −0.324, P = 0.746). To make a model simple and
convenient for clinical application, the logistic regression
model was determined as the diagnostic model for FK to
www.thelancet.com Vol 88 February, 2023
continue the external validation. Based on the formula
"P = elogistic/(1 + elogistic)" from the logistic regression
model, the formula of the diagnostic model of FK was
generated which was "logistic = 0.482 + 1.035 × (dense
infiltrate) + 1.015 × (multifocal lesion) + 2.526 × (feathery
margin) + 1.294 × (raised slough) + 2.690 × (dry texture) -
4.130 × (neovascularization) + 0.332 × (hypopyon)". If a
clinical sign was observed in the case, the variable was
labelled "1", otherwise it was labelled "0". Cut-off value of
the P-value was calculated as 0.772. When P > 0.772, cases
with these specific signs should be suspected with FK.
Based on the above decision result, this study applied this
formula to external validation.

After the training of sign recognition of FK in the
7 sub-centers, the kappa values for interobserver con-
sistency in the 7 sub-centers were 0.825, 0.800, 0.800,
0.775, 0.775, 1.000 and 0.900, respectively. Evaluation
results of clinical signs in the external validation dataset
were also provided in Supplementary Table S4. The
performance of the diagnostic model of FK in the sub-
centers was summarized in Table 2. It showed that
the range of sensitivity, specificity, accuracy, and AUC
were (0.793–1.000), (0.774–1.000), (0.817–0.933),
(0.816–1.000). The mean and 95% CI of sensitivity and
specificity were 0.907 (0.774, 1.000) and 0.899 (0.750,
1.000). The mean accuracy and AUC were 0.905 (0.805,
1.000) and 0.903 (0.808, 0.998).
7
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Fig. 4: The contribution of candidate variables in different classification models. (A) Regression coefficients for logistic regression classifiers. (B)
Odds ratio for logistic regression classifiers. (C) Contribution degree of each indicator in the random forest. (D) Importance of features estimated
by the decision tree.
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Comparing prediction performance with corneal
specialists and other models
The diagnostic sensitivity of corneal specialists clinically
diagnosing FK ranged from 46.7% to 76.7%, and spec-
ificity was a bit higher (range from 52.0% to 83.3%).
When comparing the performance with corneal spe-
cialists from the 7 sub-centers, the machine learning
model showed the absolute advantage when classifying
the same set of images (mean sensitivity: 90.7% vs.
69.1%; mean specificity: 89.9% vs. 71.7%). When
comparing the performance of our model with previous
models, the current model showed significantly higher
sensitivity (90.7% vs. 65.8–77.0%) and accuracy (89.9%
vs. 65.8–77.3%) (Table 3). In addition, most of the pre-
vious studies collected multiple images from one pa-
tient, and the sample size of their studies (63–580 cases)
was smaller than that of Wang’s (1923 cases) and our
study (1916 cases). In this study, the prediction model
has been established with slit-lamp images from four
types of IK and the valuable signs for FK diagnosis has
been screened, which would be useful for ophthalmol-
ogists to establish the preliminary diagnosis of FK
during a hospital encounter.
Discussion
Delayed diagnosis remains the main reason for poor
prognosis by deteriorating the lesions.32 As such,
improving clinicians’ diagnostic ability and obtaining
high-quality specimens as well as delicate microbiolog-
ical examinations are fundamental for the early diag-
nosis of FK. To our knowledge, this is the first
www.thelancet.com Vol 88 February, 2023
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Fig. 5: Performance of the algorithms embodied by confusion matrix (upper) and ROC curve (lower) in different classification models. Left side
of the picture: internal validation results of logistic regression model. Middle picture: internal validation results of random forest. Right side of
the picture: internal validation results of decision tree.
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diagnostic model that combines manual recognition of
clinical signs and machine learning for FK diagnosis,
which demonstrated a notably higher accuracy and
sensitivity than any previously reported models. More
importantly, the model was strictly and vigorously
validated by prospective cohort of patients from multi-
centers.

Previously, some retrospective studies had developed
the diagnosis model. When Saini et al.14 first combined
the artificial neural network (ANN) and variables input
in 2003, forty variables including predisposing factors
and features of ulcers were inputted into the ANN. The
lower sensitivity suggested that not all variables were
specific for FK. Recently, Hung et al.15 used convolu-
tional neural networks (DenseNet161) to distinguish BK
Sub-centers Sensitivity (95% CI) Specificity (95% C

Center 1 0.917 (0.750, 1.000) 1.000 (1.000, 1.00

Center 2 0.793 (0.655, 0.931) 0.839 (0.710, 0.96

Center 3 0.931 (0.828, 1.000) 0.871 (0.742, 0.9

Center 4 1.000 (1.000, 1.000) 0.774 (0.613, 0.9

Center 5 0.827 (0.690, 0.966) 0.903 (0.774, 1.00

Center 6 0.964 (0.893, 1.000) 0.906 (0.781, 0.8

Center 7 0.917 (0.750, 1.000) 1.000 (1.000, 1.00

Average 0.907 (0.774, 1.000) 0.899 (0.750, 1.00

Table 2: External validation of diagnostic model for fungal keratitis in seven

www.thelancet.com Vol 88 February, 2023
and FK. Although it showed high accuracy for
BK identification, it had very low accuracy in identifying
FK (26.3%–65.8%). The lack of observation of other
types of IK (such as VK and AK) might also limit the
application of clinical differential diagnosis. Kuo et al.16

conducted a deep learning (DL) study of corneal pho-
tographs including all conditions of IK (141 BK, 174 FK,
21 VK, and 12 AK), and the average sensitivity of their
model was higher than 70%, but the average specificity
was lower than 70%. In their study, the accuracy of the
DL group was higher than non-corneal specialty oph-
thalmologists, but lower than cornea specialists. The
results demonstrated the unique strengths of cornea
specialists. In our study, three cornea specialists were
invited to participate in the sign-identification of FK for
I) Accuracy (95% CI) AUC (95% CI)

0) 0.967 (0.899, 1.000) 0.958 (0.877, 1.000)

8) 0.817 (0.717, 0.917) 0.816 (0.716, 0.916)

68) 0.900 (0.817, 0.967) 0.901 (0.825, 0.977)

03) 0.883 (0.800, 0.950) 0.887 (0.812, 0.962)

0) 0.867 (0.767, 0.950) 0.865 (0.778, 0.953)

93) 0.933 (0.867, 0.983) 0.935 (0.873, 0.997)

0) 0.967 (0.899, 1.000) 0.958 (0.877, 1.000)

0) 0.905 (0.805, 1.000) 0.903 (0.808, 0.998)

eye centers.
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Author Type of study Sample size
(case number)

Type of IK Diagnostic model Sensitivity
(95% CI)

Specificity
(95% CI)

Accuracy
(95% CI)

AUC
(95% CI)

Current study Retrospective &
prospective

1916 (1916) FK, BK, VK, AK Binary logistic
regression

90.7 (77.4, 100.0) 89.9 (75.0, 100.0) 90.5 (80.5, 100.0) 90.3 (80.8, 99.8)

Saini et al.14 Retrospective 63 (63) FK, BK Artifical neural network 76.5 100.0 76.5 –

Hung et al.15 Retrospective 1330 (580) FK, BK DenseNet161 65.8 (41.5, 65.8) 87.3 (86.0, 95.3) 65.8 85.0

Kuo et al.16 Retrospective 288 (288) FK, BK, VK, AK DenseNet 71.1 (62.1, 78.6) 68.4 (61.1, 74.9) 69.4 65.0

Wang et al.17 Retrospective 1923 (1923) FK, BK, VK InceptionV3 – – 77.3a 93.5

Ghosh et al.18 Retrospective 2167 (194) FK, BK DeepKeratitis 77.0 (81.0, 83.0) – – 90.4

Koyama et al.19 Retrospective 4306 (362) FK, BK, VK, AK ResNet50 – – 83.0 85.6

aMeans the data not obtained directly but could calculate based on the sufficient data provided in the paper; IK: infectious keratitis; AUC: the area under the receiver operating characteristic curve.

Table 3: Prediction performance of different models for fungal keratitis.
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the model establishment. There is no denying that the
identification process of signs was subjective. But the
high score of intra- and inter-individual variations
showed the stability of labeling process and the unity of
the cognition of these signs. To further minimize the
subjective bias and detect the implications of this vari-
ability on the capability of the model, another seven
cornea specialists from sub-centers were invited to take
a prospective external evaluation of the established
model, which had not been available previously. The
results revealed that the bias didn’t affect model’s
capability, and the algorithm of machine learning could
initially explore the values of these signs. At the same
time, the best and most convenient diagnostic model
was established with higher sensitivity (90.7%) and
specificity (89.9%).

Specific clinical signs of FK should be emphasized,
especially those with higher coefficients (non-neo-
vascularization, endothelial plaques, dry texture, and
feathery margin). These signs may strongly correlate
with the host immune response and the growth,
metabolism, and activity of fungi. It was interesting
that corneal neovascularization become a strongly
negative factor in our diagnostic model. In the previous
studies, neovascularization was presumed as an
important sign of IK. But in this study, FK patients
more commonly presented non-neovascularization.
This result could be explained by Faraj’s study which
analyzed the etiology of corneal vascularization in 165
patients and found 41 patients (24.9%) caused by VK,
26 (15.8%) patients by BK, and 15 (9.1%) patients by
AK. Only 1 (0.6%) case was diagnosed with FK.33

Neovascularization also becomes a risk factor for VK
or outcome after VK. Similar findings that neo-
vascularization was a significant sign of the develop-
ment stage and convalescence stage were observed in
AK.34 Gurung et al.35 pointed out recurrent HSV stro-
mal keratitis was associated with neovascularization
and a well-defined factor (fibroblast growth factor-2)
could drive and maintain progressive corneal neo-
vascularization after HSV-1 infection. As another
major portion of the non-FK group, BK always pre-
sented an acute onset pattern that VEGF-A would
rapidly increase in the early stages of disease (Day 2)
and promoted corneal angiogenesis.36

The endothelial plaque was the second associated
variable.37 As an identified factor of a diagnostic model
to differentiate fungal or bacterial keratitis patients, the
formation of endothelial plaque might be related to the
vertical growth ability of fungal hyphae.38 It could also be
a marker of hyphae infiltrating Descemet’s membrane.39

Recently, an endothelial biopsy revealed a fungal
element in the endothelial plaque.40 So it may slightly
differ in morphology compared with retro-corneal pla-
ques of another microbial keratitis. In such cases, the
retro-corneal plaques were related to the collections of
inflammatory cells.41 In our study, the large confidence
interval of the parameter of endothelial plaque also
suggested the difficulty in identifying endothelial plaque
with corneal photography under slit-lamp microscope.
Jin et al.42 suggested that anterior segment optical
coherence tomography and IVCM could be used for
early corneal endothelial plaque detection. Different
imaging investigations could compensate for the defi-
ciency of slit lamps and furtherly improve the prediction
accuracy.

Moisture is the essential condition for the growth of
fungi. Decreased moisture can reduce the growth of
fungi, then lead to a lower density of hypha.43 Radiate
pattern of fungal growth was related to the center area of
lesion filling by the pathogen. When the balance be-
tween water volume and the fungal load was collapsed,
the center of the lesion would present an extremely dry
state, so dry texture becomes another important sign in
FK. The same presentation also appeared in the solid–
state medium, which was more realistic to investigate
the growth characteristics of fungal species.44 Feathery
margins or irregular margins were considered strongly
to be correlated with FK.15,45 The unique morphology
may be formed by the growth and move of the hypha.
On the tip of the hypha, microtubules could facilitate the
recycling of the local membrane.46–48 Filamentation also
www.thelancet.com Vol 88 February, 2023
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had a function of tissue penetration and escape from
host immune cells.49 Therefore, the ability to invade the
host tissue by polarized growth of the hypha could
determine the fungal pathogenicity.46 A significant
number of hyphae in the lesion periphery spreading and
invading the cornea may be presented with the sign of
feathery margin.

A recent study attempted to extract descriptors of IK
from EHRs and validate the sensitivity of the natural
language processing algorithm.50 But that work was
limited by the lack of standardization in recording IK
examination elements. Standardizing these descriptors
requires a large dataset and scientific method to screen
and establish. Based on the current study, we hope to
screen the valuable signs for future study and provide
diagnostic proof for some clinicians before getting a
laboratory test. In this study, we preferred to summarize
the existing clinical signs for the diagnosis and devel-
oped a diagnostic model with manual labeling and
machine learning technique, which would provide a
basis for the establishment of diagnostic criteria in FK.

There were also several limitations in this study.
Although this is a multicenter study, data were obtained
only from Chinese patients and filamentous FK accoun-
ted for above 80%. This may induce a potential misclas-
sification bias in the diagnosis process of a rare fungal
pathogen keratitis. Future analyses should enlarge the
dataset of rare pathogen and optimize performance.
Additional prospective data from different ethnic pop-
ulations are required to further validate our model before
clinical application. Another bias was formed by the
imbalance in age and gender between FK group and non-
FK group. Though we focused on the sign extraction of
slit-lamp images in this study, the bias cannot be ignored.
It may be caused by the risk factor of different keratitis, as
we mentioned in Table 1. Different living conditions,
such as age, gender, geographic location, income and
local culture, can affect the specific components and
characteristics of IK. Enlarge dataset and balance the
difference in age and gender may solve this problem. In
the future study, we should continue to develop a new
ensemble learning technique, which used different ma-
chine learning algorithms to subsequently combine into
an ensemble model. This kind of model ensemble would
have good discrimination and outperform the single
models. At the same time, the integrated model could
input more parameters, such as the age, gender, and risk
factor mentioned above, and the model is closer to the
real clinical situation and benefits the ophthalmologist’s
understanding, learning, and application.

In summary, this is currently the largest study that
combines manual recognition and machine learning in
the clinical diagnosis of FK. Based on eight reliable
clinical signs of FK, a diagnostic model of FK was
established using data from 713 FK patients and 334
non-FK patients and was validated with another set of
patients, including 449 patients for internal validation
www.thelancet.com Vol 88 February, 2023
and 420 patients for external validation. Higher sensi-
tivity, specificity, and larger AUC of the diagnostic
model was statistically better in predicting FK. This
study could provide the basic information for ophthal-
mologists to formulate future diagnostic criteria for FK.
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