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Abstract

Purpose: To predict visual acuity (VA) 90 days after presentation for patients with microbial
keratitis (MK) from data at the initial clinical ophthalmic encounter.

Methods: Patients with MK were identified in the electronic health record between August
2012 and February 2021. Random forest (RF) models were used to predict 90-day VA <20/40
(visual impairment (V1)). Predictors evaluated included age, gender, initial VA, and information
documented in notes at presentation. Model diagnostics are reported with 95% confidence
intervals (CI) for area under the curve (AUC), misclassification rate, sensitivity, specificity,
positive predictive value (PPV), and negative predictive value (NPV).

Results: 1791 patients were identified. Presenting LogMAR VA was on average 0.86 (Snellen
equivalent and Standard Deviation = 20/144 + 12.6 lines) in the affected or worse eye, and 43.6%
with VI. VI at 90-day follow-up was present in the affected eye or worse eye for 26.9% of patients.
The RF model for predicting 90-day VI had an AUC of 95% (CI: 93-97%) and a misclassification
rate of 9% (8-13%). The percent sensitivity, specificity, PPV, and NPV were 86% (80-91%), 92%
(89-95%), 81% (74-86%), and 95% (92-97%), respectively. Older age, worse presenting VA, and
more mentions of “PKP” and “BCL” were associated with increased probability of 90-day VI,
while more mentions of “quiet” were associated with decreased probability of 90-day VI.

Conclusion: RF modeling yielded good sensitivity and specificity to predict VI at 90 days which

could guide clinicians about the risk of poor vision outcomes for patients with MK.
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Introduction

Methods

Microbial keratitis (MK) has an estimated annual incidence of 1.5 to 2 million cases
worldwide.1=3 MK is the result of an infectious organism invading the cornea. The
consequences of the infection depend on the complex interaction of the patient, the
organism, and the circumstances of the infection. Forms of MK can have similar
appearances in the cornea, but morphologic features can be used to guide the diagnosis
and grade the severity of the infection. Several morphologic and patient risk factors have
been linked to outcomes of poor visual acuity (VA) or need for corneal transplantation.4-10

To date, clinicians do not have a guideline or strategy to determine MK severity. Currently,
clinicians rely on prior experience and clinical risk factor data, such as contact lens history.
An MK severity scoring system was proposed in 2007 but has not been widely adopted.
And while cornea experts are better at gauging MK severity,12 they are not universally
available.

The lack of a method to risk stratify MK leads most clinicians to manage MK severity with
the same regimen: high-intensity, broad-spectrum antimicrobials. But microbial resistance is
increasing, so these medications are less effective when used the same way for every patient.
In addition, supplemental medications, such as topical corticosteroids and oral agents, have
been shown to improve vision outcomes in severe MK cases.

Predicting MK outcomes for risk stratification is a method to guide clinicians at the

initial management of keratitis. The main risk with MK is the potential for vision loss.

In developed countries, vision loss worse than Snellen acuity of 20/40 often prompts

an evaluation for optical corneal transplantation to restore vision. In other disciplines of
medicine, risk stratification has improved clinician decision making for initial management
of complex, heterogeneous diseases.13-19 Researchers have been able to develop prediction
models to risk stratify patients thanks to the volume of data present in the electronic health
record (EHR). This data is complex to extract precisely, but it represents “real world”
cases.20.21 Risk stratification has already had impact within cornea domains, such as the
identification of the risk for corneal ectasia?? and risk for vision-threatening anterior eye
diseases.?3

The purpose of this study is to evaluate whether EHR data can serve as a useful descriptor
of current VA, and as a predictor of 90-day VA among patients with MK. Integration of
an EHR-based risk stratification tool may be useful to clinicians in tailoring initial MK
medications and therapies, and to clinical trialists in targeting interventions.

Patients with MK were identified in the University of Michigan EHR from August 2012

to February 2021. An MK diagnosis was determined by ICD-9 or ICD-10 codes with
associated descriptions (Supplemental Table 1) that were linked to office visit encounters in
the ophthalmology department. Laterality of infection was determined by ICD-10 diagnosis
code when available (72%), or by natural language processing of the clinical encounters for
terms associated with laterality when diagnosis codes were less specific. Detailed methods
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to determine laterality are described in Supplemental Table 2. Once laterality of the MK
infection was established, distance VA was pulled from the EHR. To minimize missing data,
we chose distance VA measures according to the following hierarchy: best corrected visual
acuity (BCVA) by manifest refraction, BCVA with current eyeglasses, and uncorrected
visual acuity. VA was collected for the affected eye(s) at the initial diagnosis visit and all
follow-up visits through 120 days after diagnosis. VA at 90-days after diagnosis was chosen
as that measured closest to 90 days after the initial encounter but within 30 days. For those
MK patients who did not have a 90-day VA but their last VA prior to 60 days was 20/40 or
better, we carried forward this last VA as their 90-day VA measure under the assumption that
recovery of visual acuity had already occurred. For those MK patients who did not have a
90-day VA measure and their last measured VA prior to 60 days was worse than 20/40, we
did not assign a 90-day VA measure as we were unsure of the amount of healing that may
have occurred by day 90. VA at diagnosis and 90-day follow-up were categorized as visual
impairment (V1) (VA<20/40) or =220/40 (“good’ VVA) for prediction modeling. Demographic
and clinical characteristics of the MK sample were summarized with descriptive statistics
including means, standard deviations (SD), frequencies, and percentages.

After setting aside a one-third random sample of the data into a test set, two random forest
models were fit on the remaining two-thirds of the data. The first predicted V1 at 90 days
from MK diagnosis using clinical chart information and VA at the time of diagnosis in the
model. The second model predicted VI at time of diagnosis using clinical chart information.
The purpose of this second model was to test viability of an algorithmic approach to predict
90-day VA. Factors included as model predictors included age, gender, VA at diagnosis

(for the 90-day prediction model), and information documented in the clinical notes at
presentation. The patient ocular history, technician comments, history of present illness,
cornea, conjunctiva, anterior chamber, and pen light note sections were combined into a
single narrative and processed using the R package clinspacy.242> The physician assessment
and plan note sections were purposely excluded from processing as those would contain
information, such as prescribed medications, that would affect visual acuity. The clinspacy
package uses a medical language model to decompose the note into lemma, including
indications of negation, family history, historical, and hypothetical contexts. For each note,
aggregate counts of non-negated unique lemma were calculated. From the baseline notes
(2990 MK patients identified), unique lemmas were identified with frequencies of 100 or
larger (213 of 19762, 1.1%). Lemma that had a frequency of <100 mentions across all notes
from all MK patients were removed. The remaining lemma and their counts were used as
predictors in the random forest models. Descriptive information on lemma is presented in
Supplemental Table 3.

The random forest models were comprised of 1000 trees, and each split of a tree

selected an optimal split among a random subsample of predictors (lemma and patient

age, gender, and baseline VA). Model diagnostics on the test dataset are reported with

95% confidence intervals (CI) for area under the curve (AUC), misclassification rate,
sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV).
Diagnostics are presented at a predicted probability cut point that maximized the F1 statistic,
but performance plots are also presented to show the range of diagnostics for different
probability cut points.28 Shapley summary plots?’ were used to display variable importance
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and direction of effect. Models were fit using the VA of the affected eye for patients with
unilateral infections and the worse eye for patients with bilateral infections. Worse eye

was chosen because patients may need a corneal transplantation in an eye with worse final
vision. As a sensitivity analysis, we refit the models using the better eye cases of bilateral
infections. The final MK sample for analysis excluded those patients with missing data for
clinical notes, demographics of interest, presenting VA, or those where their last VA measure
was before 90 days and <20/40 and thus couldn’t be carried forward. Statistical analysis

was performed using SAS version 9.4 (SAS Institute, Cary, NJ) and R version 4.0.3 (R
Foundation for Statistical Computing, Vienna, Austria).

A total of 1791 MK patients were identified in the EHR who had complete clinical notes

at presentation, demographics, VA measurement at presentation, and VVA measured at 90-
day follow-up or a VA that could be carried forward at last measurement before 90 days
(<20/40). Due to different severity of infections in eyes of bilateral MK patients and carrying
forward only VAs =20/40, the sample size was slightly different when analyzing affected
eye of unilateral patients with worse eye of bilateral patients (h=1787) versus affected eye
of unilateral with better eye of bilateral patients (n=1791). For the 90-day VA measurement,
766 patients had the measurement at 90 + 30-days follow-up and an additional 1021 or1025
patients had a VA of >20/40 for affected and worse or affected and better eye at last
follow-up before 60 days to carry forward as their 90-day measure. Descriptive statistics of
the 1791 sample are presented in Table 1. Patients were on average 48.0 years old at MK
diagnosis (SD=20.3), 41.1% male, 85.4% White and 6.8% Black, and 3.0% Hispanic. Most
patients had unilateral infections (n=1734, 96.8%) and a minority had bilateral infections
(n=57, 3.2%). LogMAR VA at presentation was on average 0.86 (SD=1.26, median=0.28;
Snellen equivalent mean=20/144, SD=12.6 lines, median=20/38) in the affected eye for
unilateral infections or worse eye in patients with bilateral infections.

Visual impairment in the affected eye for unilateral infections or worse eye for patients

with bilateral infections was present in 26.9% of MK patients. The random forest model

for predicting 90-day VI had an AUC on the test data of 95% (95% Cl, 93% to 97%) and

an overall misclassification rate of 9% (95% ClI, 7% to 12%) (Table 2). The sensitivity of
the model to correctly classify 90-day VI in the test data was 86% (95% CI, 80% to 91%).
The specificity, PPV, and NPV were 92% (95% ClI, 89% to 95%), 81% (95% ClI, 74% to
86%), and 95% (95%CIl, 92% to 97%), respectively. These diagnostics are presented at a
probability cut point of 0.43 that maximized the F1 statistic, but a performance plot (Figure
1A) presents diagnostics over the range of probability thresholds. The most important
variables for prediction included presenting VA, age of the patient, and counts of the lemma
for “quiet,” “PKP,” (i.e., penetrating keratoplasty) and “BCL” (i.e., bandage contact lens)
(Figure 1B, top 15 variables shown). Specifically, worse presenting VA, older age, and more
mentions of “PKP,” and “BCL” were associated with increased probability of 90-day VI,
whereas more mentions of “quiet” were associated with decreased probability of 90-day VI.
In the sensitivity analysis, the random forest model for predicting 90-day VI in the affected
eye for unilateral infections or bettereye in patients with bilateral infections showed similar
diagnostics on test data (Table 2).
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MK patients had VI at presentation in the affected eye for unilateral infections or worse eye
for patients with bilateral infections for 43.6% of the sample. The random forest model for
predicting presenting VI had an AUC on the test data of 84% (95% CI, 81% to 98%) and

an overall misclassification rate of 20% (95% CI, 17% to 23%) (Table 3). The sensitivity to
classify baseline VI in the test data was 70% (95% CI, 65% to 76%). The specificity, PPV,
and NPV were 89% (95% ClI, 85% to 92%), 84% (95% ClI, 79% to 88%), and 78% (95% ClI,
74% to 82%), respectively. These diagnostics are presented at a probability cut point of 0.48
that maximized the F1 statistic, but a performance plot (Figure 2A) presents diagnostics over
the range of probability thresholds. The most important variables for prediction included age
of the patient and counts of the lemmas for “quiet,” “hypopyon,” “BID,” and “deep” (Figure
2B). Specifically, older age, more mentions of “hypopyon,” and “BID” were associated with
increased probability of presenting VI, whereas more mentions of “quiet” and “deep” were
associated with decreased probability of presenting with V1. The random forest model for
predicting presenting V1 in the affected eye for unilateral infections or better eye for patients
with bilateral infections showed similar diagnostics on test data (Table 3).

Discussion:

In this study of 1791 MK patients, random forest model to predict visual impairment at
90-days yielded a sensitivity and specificity of 86% and 92%, respectively. The model’s
AUC on the test data was 95% (95% ClI, 93% to 97%). The model included patient
characteristics and features of the keratitis and excluded the physician’s assessment and plan
text. The prediction of visual acuity would be expected to improve if the model included
physician notes and culture results, for example. For this analysis, it was important to not
include information reflect the physicians’ expertise (such as clinical notes) and thus would
vary by clinician and could influence the accuracy of the prediction. Culture results also
were not included as they would be known not at the time of the first patient encounter.
However, future models that incorporate capture longitudinal information certainly could
include these important clinical prediction factors. All information was readily accessible
within electronic health records. In our study, 43.6% of patients had VI at presentation, and
26.9% of patients had VI at 90 days after presentation, showing good distribution of the key
outcome (i.e., final visual acuity) and key predictor (i.e., initial visual acuity).

A second model, to predict VA at clinical presentation and test viability of an algorithmic
approach to predict 90-day VA, had a sensitivity and specificity of 70% and 89%,
respectively. While a model to predict current VA may be less practically useful, as an
ophthalmic clinician can certainly check a VA at the time of clinical presentation, it was

an important step in identifying if our method for algorithm development had face validity
and was feasible. The good performance of this model indicates feasibility of analyzing
presenting data from the electronic health record (that excluded the physician’s assessment
and plan). Predicting presenting VA may have applications in telemedicine settings with
remote non-ophthalmic technicians.

The baseline visual acuity of MK patients was similar to presenting VA in previous MK
studies performed at tertiary care centers.”-28 Our model identified specific patient and
keratitis features that predicted visual impairment (Snellen <20/40 in this context) at 90
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days. Patient age was one of these factors. Prior research indicates that older patients tend
to present with more central and severe ulcers and have poorer visual outcomes.#29-31
Unsurprisingly, presenting VA was a key factor in the algorithm predicting 90-day VA,
similar to other studies.*”:32 Unique lemma identified within clinical notes that predicted
worse VA included “BCL” and “PKP.” Use of bandage contact lenses (BCL) is not

a surprising association for sicker eyes. The mention of penetrating keratoplasty (i.e.,
PKP) unsurprisingly predicts poorer visual outcomes as many patients who acquire MK
already have a sick eye (and have an existing PKP). Hypopyon at presentation was the

6t lemma identified (Figure 1B); has been associated with clinical perforation or need

for penetrating keratoplasty (PKP) in fungal keratitis.® Hypopyon is a marker of severe
intraocular inflammation. Severe inflammation also has been shown to predict worse visual
outcomes,® 211 while more mentions of lemmas “deep” and “quiet” at presentation were
associated with decreased probability of VI, indicated little to no intraocular inflammation.

Many MK patients, 66%, did not return for a 90-day follow-up visit. Loss to follow-up

in other MK studies ranges from 11 to 30%.4:6:10.33 |n this retrospective study, our higher
percentage may have been due to some patients having adequately treated infections where
90-day follow-up was not needed. This data requires further exploration outside the scope of
this work.

This model relied on data available at ophthalmic clinical practices via the EHR and is the
basis of a tool to aid clinicians. EHR-based models are widespread in medicine and are
being used to predict and inform sepsis management,34 renal function deterioration,3® ward
cardiac arrest,3® prostate cancer treatment,37:38 and hospital utilization.3° But prediction
modeling is less commonly used in ophthalmology despite our widespread adoption of
EHRs and our widespread use of images. In studies of corneal conditions, clinicians

likely use the risk prediction calculator for corneal ectasia most frequently.22 For corneal
ulcers, a team of investigators created a “1-2-3 rule” from a cohort of 41 eyes, which uses
morphologic findings to predict sight-threatening ulcers.}1 The 1-2-3 rule had a very high
sensitivity of 100%, but only moderate specificity of 57%. The 1-2-3 rule is simple and
thus easy to use, but the rule was likely not tested on a large enough population to know

if it is generalizable. Our current study’s algorithm has an AUC of 95%, but its current
state is as an algorithm and lacks the simplicity of a “tool” ready for mainstream adoption
and integration with electronic health records. For future use, the algorithm will need to

be further tested and evaluated for clinical usability. The disconnect between a complex
algorithm with high validity and a simple rule that is easier to implement has the potential to
be overcome when algorithms can be embedded within her systems.40

Predicting VA or other outcomes is mainly useful when it can be used to guide clinicians

to risk-stratify patients and tailor treatments. Tailoring is especially important in MK given
the variety of treatment options possible for patients. MK can be managed with various
antimicrobial agents — compounded or non-compounded and medications for bacteria, fungi,
viral, or other organisms. MK management can include the use of corticosteroids and other
supportive topical and oral agents. But there are only so many drops on the eye that can be
tolerated by a patient and by their eye. Additionally, the financial burden of MK therapy is
substantial. 104142 The wide use of medications is compounded by issues of increasing rates
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of antimicrobial resistance worldwide. Within the context of MK, antimicrobial resistance
contributes to prolonged corneal healing time and increased risk of corneal perforation.43:44
Ideally, an algorithm that predicts vision could be modified to a clinical tool that aids
clinicians to stratify risk for poor outcomes. This will help clinicians tailor treatment,
consider different diagnostic or therapeutic procedures, or refer patients to an expert quickly.

In this study, we risk-stratified MK based on VA rather than the eventual need for corneal
transplantation because receipt of a transplant depends not only on medical need but also on
social determinants of health (e.g., health insurance). Predicting the need for transplantation
could result in an unfair algorithm because it would assign risk based on social determinants
of health in addition to medical factors. A prediction model worth exploring in future work
would be to develop an algorithm that could predict final VA on a continuous scale or
predict the receipt of urgent procedures such as corneal gluing or urgent therapeutic corneal
transplantation.

There are limitations to our study. The model is limited to what is documented in clinical
notes and exams. We have previously shown that symptoms and morphology can be

under- documented in the EHR.*® Incorporating information from slit-lamp photographs
that quantify keratitis features®® into modeling and risk stratification tools is a future

goal of the research. In addition, this model was created based on the health records of
patients at a tertiary ophthalmologic center. The model will be tested and updated with

data from different settings and unique patient populations to improve generalizability.4”48
Additionally, our model analyzed 90-day VA but was limited to those with 90-day follow-up
or those who had VAs =20/40 that we could carry forward, thus reducing generalizability.
Follow-up studies will investigate differences between patients who do and do not return

for follow-up, including differences in patient demographics, clinical characteristics, and
socioeconomic neighborhood-level factors. Lastly, processing of the clinical notes is
imperfect. Although we used a natural language processing application that filters out
negated terms, we still see that “hypopyon” and its negated state (“no hypopyon”) were both
identified as lemma. Each show increased probability of presenting VI with more mentions
(Figure 2B), although the range of mentions for “hypopyon” was larger than “no hypopyon”
(0-4 versus 0-2, respectively; Supplemental Table 3). Further, abbreviations of words were
sometimes recognized as separate lemma (ex: Pred Forte and PF).

Prediction modeling from a large cohort of MK patients is accurate and useful for

the identification of patients at risk of poor VA outcomes. The ability of clinicians to
identify factors associated with worse VA outcomes in MK patients will contribute to early
intervention and better outcomes. This algorithm is a first step towards the creation of an
automated decision- support tool that could be incorporated into clinical practice.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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A. Performance plot showing diagnostics for random forest model predictions of 90-day
visual acuity of <20/40 for the affected eye of unilateral infections or better eye for patients
with bilateral infections. Performance statistics (sensitivity, specificity, positive predictive
value [PPV], negative predictive value [NPV]) are plotted with 95% confidence intervals
(shaded areas around lines) and a histogram (bottom) displays the distribution of predicted
values. B. Shapley plot displaying variable importance and effect from random forest models
predicting 90-day visual acuity <20/40 for the affected eye of unilateral infections or better
eye for patients with bilateral infections. All variables were normalized to be on the same
scale (0-1) for display purposes. SHAP contribution (SHapley Additive exPlanations) refers
to the contribution each variable from each observation has on to prediction. VA, visual
acuity; PKP, penetrating keratoplasty; BCL, bandage contact lens; OS, left eye; BID, twice
daily; OD, left eye; PO, by mouth; PF, pred forte SCL, soft contact lens.
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Figure2.
A. Performance plot showing diagnostics for random forest model predictions of presenting

visual acuity of <20/40 for the affected eye of unilateral infections or better eye for patients
with bilateral infections. Performance statistics (sensitivity, specificity, positive predictive
value [PPV], negative predictive value [NPV]) are plotted with 95% confidence intervals
(shaded areas around lines) and a histogram (bottom) displays the distribution of predicted
values. B. Shapley plot displaying variable importance and effect from random forest models
predicting presenting visual acuity of <20/40 for the affected eye of unilateral infections or
better eye for patients with bilateral infections. All variables were normalized to be on the
same scale (0-1) for display purposes. SHAP contribution (SHapley Additive exPlanations)
refers to the contribution each variable from each observation has on prediction. BID, twice
daily; OD, right eye; BCL, bandage contact lens; OU, bilateral; OS, left eye.
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Table 1.

Demographic and baseline clinical characteristics of patients with microbial keratitis (MK) who had 90-day
VA or a VA =20/40 to carry forward (n=1791).
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Continuous Variable Mean (SD) | Min, Max Median (1QR)
Age (years) 48.0(20.3) | 36,960 | 48.4(31.1,63.8)
LogMAR VA - worse eye | 0.86 (1.26) | -0.12, 8.30 0.28 (0, 1.10)
LogMAR VA - better eye | 0.85(1.25) | -0.12,8.30 | 0.22(0, 1.10)
Categorical Variables n (%)
Sex

Female 1055 (58.9)

Male 736 (41.1)
Race

White 1520 (85.4)

Black 122 (6.8)

Asian 82 (4.6)

American Indian 9 (0.5)

Pacific Islander 2(0.1)

Other 46 (2.6)
Ethnicity

Hispanic 54 (3.0)

Non-Hispanic 1737 (97.0)
Affected eye

Unilateral 1734 (96.8)

oD 848
oS 886
Bilateral 57 (3.2)

SD, Standard Deviation; Min, Minimum; Max, Maximum; IQR, Interquartile Range; VA, Visual Acuity; OD, Right; OS, Left
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Random forest model diagnostics for predicting 90-day visual impairment (V1)

Table 2.

Visual Impairment at 90 days
Model Diagnostic | Atfected or Worse Eye” | Affected or Better Eye”
Estimate (95% CI) Estimate (95% CI)
Misclassification 0.09 (0.07, 0.12) 0.11 (0.08, 0.13)
AUC 0.95 (0.93, 0.97) 0.95 (0.94, 0.97)
Sensitivity 0.86 (0.80, 0.91) 0.91 (0.86, 0.95)
Specificity 0.92 (0.89, 0.95) 0.89 (0.86, 0.91)
PPV 0.81(0.74, 0.86) 0.73 (0.65, 0.79)
NPV 0.95 (0.92, 0.97) 0.97 (0.95, 0.98)

Cl, Confidence Interval; AUC, Area Under the Curve; PPV, Positive Predictive Value; NPV, Negative Predictive Value

Page 14

*
In patients with unilateral infections the affected eye was analyzed, in patients with bilateral infection analyses were performed separately by
including either the better or worse eye
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Random forest model diagnostics for predicting presenting visual impairment (V1)

Table 3.

Baseline Visual Impairment
Model Diagnostic | Atfected or Worse Eye” | Affected or Better Eye”
Estimate (95% CI) Estimate (95% CI)
Misclassification 0.20 (0.17, 0.23) 0.17 (0.14, 0.20)
AUC 0.84 (0.81, 0.88) 0.88 (0.85, 0.91)
Sensitivity 0.70 (0.65, 0.76) 0.77 (0.72, 0.82)
Specificity 0.89 (0.85, 0.92) 0.88 (0.84, 0.91)
PPV 0.84 (0.79, 0.88) 0.83(0.78, 0.88)
NPV 0.78 (0.74, 0.82) 0.83 (0.79, 0.87)

Cl, Confidence Interval; AUC, Area Under the Curve; PPV, Positive Predictive Value; NPV, Negative Predictive Value
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*
In patients with unilateral infections the affected eye was analyzed, in patients with bilateral infection analyses were performed separately by
including either the better or worse eye
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