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Using Kalman Filtering to Forecast Disease
Trajectory for Patients With Normal Tension

Glaucoma
GIAN-GABRIEL P. GARCIA, KOJI NITTA, MARIEL S. LAVIERI, CHRIS ANDREWS, XIANG LIU,
ELIZABETH LOBAZA, MARK P. VAN OYEN, KAZUHISA SUGIYAMA, AND JOSHUA D. STEIN
� PURPOSE: To determine whether a machine learning
technique called Kalman filtering (KF) can accurately
forecast future values of mean deviation (MD), pattern
standard deviation, and intraocular pressure for patients
with normal tension glaucoma (NTG).
� DESIGN: Development and testing of a forecasting
model for glaucoma progression.
� METHODS: We parameterized and validated a KF
(KF-NTG) to forecast MD, pattern standard deviation,
and intraocular pressure at 24 months into the future
using 263 eyes of 263 Japanese patients with NTG. We
determined the proportion of patients with MD forecasts
within 0.5, 1.0, and 2.5 dBs of the actual values and
calculated the root mean squared error (RMSE) for
each forecast. We compared KF-NTG with a previously
published KF model calibrated using patients with
high-tension open-angle glaucoma (KF-HTG) and to 3
conventional forecasting algorithms.
� RESULTS: The 263 patients with NTG had mean ±
standard deviation age of 63.4 ± 10.5 years. KF-NTG
forecasted MD values 24 months ahead within 0.5, 1.0,
and 2.5 dBs of the actual value for 78 eyes (32.2%),
122 eyes (50.4%), and 211 eyes (87.2%), respectively.
The proportion of eyes with MD values forecasted within
2.5 dB of the actual value for the KF-NTG (87.2%) were
similar to KF-HTG (86.0%) and the null model (86.4%),
and much better than the 2 linear regression–based
models (72.7-74.0%; P < .001). When forecasting
MD, KF-NTG (RMSE [ 2.71) and KF-HTG
(RMSE [ 2.68) achieved lower RMSE than the other
3 forecasting models (RMSE [ 2.81-3.90), indicating
better performance.
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� CONCLUSION: As observed previously for patients with
HTG, KF can also effectively forecast disease trajectory
for many patients with NTG. (Am J Ophthalmol
2019;199:111–119. � 2018 Elsevier Inc. All rights
reserved.)

N
ORMALTENSIONGLAUCOMA (NTG) IS ACOMMON

form of open-angle glaucoma (OAG) that is char-
acterized by irreversible structural damage to the

optic nerve and the loss of nerve fiber layer tissue resulting
in vision loss despite no record of intraocular pressure
(IOP) >21 mm Hg. The prevalence of NTG varies
throughout the world, though it is known to be common
among Asians and Asian Americans.1 Compared with
other types of OAG, patients with NTG tend to experience
dense visual field (VF) loss that can occur close to central
fixation and earlier in the disease course. Given that cen-
tral and paracentral visual field loss can make it difficult
for patients to perform activities such as driving, reading,
and other daily tasks, a personalized decision aid that can
accurately forecast disease trajectory for patients with
NTG and identify those who are at increased risk for pro-
gression before such damage occurs could greatly enhance
patient outcomes.
Kalman filtering (KF) is an approach that has been used

by engineers at the National Aeronautics and Space
Administration to help guide Apollo missions to the
moon.2 Commonly used for decades by the aerospace
industry to help guide flights, researchers have only recently
applied this technique to forecast disease trajectory for
patients with chronic diseases.3–5 KF considers the
underlying disease dynamics for a population of patients
with the condition of interest along with the unique
dynamics of a particular patient to generate personalized
forecasts that can be dynamically updated each time a
patient undergoes additional diagnostic testing.6 We tested
this approach on patients with high-tension OAG (HTG)
and found that it was capable of effectively forecasting
disease progression in that patient population.7

The purpose of the present study is to assess whether the
same KF model that we developed for patients with HTG
(KF-HTG) can effectively forecast disease trajectory for
persons with NTG. We also sought to determine whether
developing a new KF that is calibrated, parameterized,
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and validated with data specifically from a population of
patients with NTG (KF-NTG) can generate improved
forecasts for patients with NTG compared with our existing
KF-HTG model. Finally, we compared these 2 KF models
with 3 conventional methods of forecasting glaucoma pro-
gression to determine which algorithm can most accurately
predict disease trajectory dynamics for the most patients
with NTG included in our study sample.
METHODS

THIS RETROSPECTIVE SECONDARY DATA ANALYSIS WAS

approved by the University of Michigan and Fukui-ken
Saiseikai Hospital institutional review boards and faithfully
adhered to the tenets of the Declaration of Helsinki.

� DATA SOURCES: We were interested in forecasting the
glaucoma trajectory for a convenience sample of 263 Japa-
nese patients with NTG under the care of one of the study
authors (K.N.) at the Fukui-ken Saiseikai Hospital in
Fukui, Japan. Each patient had 4 to 6 years of longitudinal
monitoring with standard automated perimetry and IOP
measurements between June 1, 2009, and May 31, 2015.
Data from clinic visits were used to develop our KF-NTG
model. We compared the performance of KF-NTG to KF
we previously developed using data on patients with
HTG from the Advanced Glaucoma Intervention Study
(AGIS) and the Collaborative Initial Glaucoma Treat-
ment Study (CIGTS) randomized clinical trials, which
we hereafter refer to as KF-HTG.7 The AGIS involved
591 adults with advanced OAG who were enrolled at 11
clinical centers between 1988 and 1992 and who were
followed until 1996.8 In AGIS, participants were randomly
assigned to receive either argon laser trabeculoplasty or
trabeculectomy. VF and IOP measurements were obtained
at baseline and every 6 months for up to 8 years to monitor
for disease progression. There were 607 persons with newly
diagnosed early to moderate OAG who were enrolled in
CIGTS across 14 clinical centers between 1993 and
1997.9,10 In the CIGTS, participants were randomly
assigned to treatment consisting of either IOP-lowering
medications or trabeculectomy and monitored at baseline
and every 6 months for up to 11 years to check for disease
progression.

� SAMPLE SELECTION: Following established guidelines
for diagnosing NTG as endorsed by the Japan Glaucoma
Society11 and the European Glaucoma Society,12 we iden-
tified a convenience sample of 263 eyes of 263 patients who
had been diagnosed with NTG and who had >_4 years of
follow-up. Specifically, these patients had open angles on
gonioscopy, changes to the optic nerve consistent with
glaucomatous optic neuropathy as judged by a glaucoma
subspecialist (K.N.), glaucomatous VF loss on perimetry
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as judged by a glaucoma subspecialist (K.N.), and >_3
baseline untreated IOP measurements <_21 mm Hg and
no baseline readings >21 mm Hg. Using criteria in line
with the Hodapp-Anderson-Parrish Glaucoma Grading
Scale,13 patients with mild (baseline MD > �6 dB),
moderate (baseline MD between �6 dB and �12 dB),
and severe (baseline MD < �12 dB) NTG were included
in the study. Hereafter, we refer to this cohort as the
NTG group.
All participants in AGIS and CIGTS had primary or sec-

ondary forms of OAG with elevated IOPs at baseline in >_1
eye. In AGIS, all participants had IOPs of >_22 mm Hg at
baseline or before entry into the trial and glaucomatous
VF loss.8 In the CIGTS, trial participants were eligible if
they had IOPs >_21 mm Hg without treatment along with
evidence of glaucomatous damage on standard automated
perimetry.9 None of the participants from the AGIS or
CIGTS trials had NTG. Hereafter, we refer to an aggregate
dataset of patients from these 2 clinical trials as the HTG
group.

� INCLUSION AND EXCLUSION CRITERIA: To be included
in our analyses, we required all persons in the NTG and
HTG groups to contribute at least 4 Swedish Interactive
Threshold Algorithm Standard 24-2 Humphrey VFs
(HVFs) (Carl Zeiss Meditec, Dublin, CA, USA) and 4
IOP measurements on separate dates over the course of a
period of >_2 years’ duration. Abrupt changes in glaucoma
progression dynamics may be challenging to accurately
forecast, and therefore we excluded all persons who under-
went trabeculectomy or other incisional glaucoma
surgeries. If a patient underwent one of these surgeries
during the follow-up period, we still included him or her
but censored all IOP and HVF measurements beginning
at the time at which they underwent surgery. For the
NTG and HTG groups, we randomly chose 1 eye if both
eyes were eligible.

� FORECASTING FUTURE VALUES OF MEAN DEVIATION,
PATTERN STANDARD DEVIATION, AND IOP: Data
elements. For persons with NTG and HTG, we obtained
each patient’s demographic information (ie, age, sex, and
race/ethnicity) along with all mean deviation (MD) and
pattern standard deviation (PSD) measurements from
HVFs and IOP measurements from the baseline readings
until the end of the follow-up period. These data
elements were used to parameterize and train our models.
Our KF models required relatively evenly spaced testing
time intervals. Following the protocols of the AGIS and
CIGTS trials and clinical practice, most of the testing of
the patients with NTG and HTG was done in 6-month
intervals. Occasionally, linear interpolation was required
to obtain readings that were evenly spaced every
6 months, eg, if a patient happened to miss a study or
clinic visit. We computed rates of change (ie, velocity
and acceleration) at each visit for MD, PSD, and IOP.
MARCH 2019OPHTHALMOLOGY



To compute velocity, we took the slope of 3 measurement
readings at consecutive examinations; to compute
acceleration, we took the slope between velocities at 2
consecutive examinations. We compared the NTG and
HTG groups using a 2-sample Student t test for
continuous variables (eg, age, MD, PSD, and IOP) and a
Pearson x2 test for categorical variables (eg, sex and race/
ethnicity).

KF. KF is a statistical model that incorporates
population-level disease progression dynamics along with
individual patient readings to forecast future levels of a
given variable for each patient.6 For these analyses, we
applied KF to forecast future values of MD, PSD, and
IOP for persons with NTG. As new readings are obtained
for a patient, the model dynamically updates and self-
corrects based on past prediction errors, improving its
ability to accurately forecast future values of MD, PSD,
and IOP over time. We created a KF model to predict
future measurements of MD, PSD, and IOP based on
their current values, velocities, and accelerations. Before
our KF can begin forecasting, a minimum of 3
measurements over a 12-month period are required to
ensure that velocity and acceleration could be computed.
Based on recommendations of earlier research,14,15 we
used the first 6 measurements of IOP, MD, and PSD to
train our KF before using it to forecast future values. As
an ancillary analysis, we assessed whether the forecasts
generated from our KFs were similar when using only the
first 3 measurements of IOP, MD, and PSD before the
model started forecasting future values instead of
requiring 6 baseline measurements.
� ANALYSES: Model parameterization. We created 2
different parameterizations of the KF. The first was iden-
tical to our previously validated and published algorithm7

using data from the AGIS and CIGTS trials (KF-HTG)
to determine how well it can forecast glaucoma
progression for persons with NTG. For comparison, we
created a second parameterization of the KF using data
exclusively from the NTG cohort (KF-NTG) to
determine whether it would forecast more accurately
compared with KF-HTG. We compared these KF models
with one another and with 3 conventional forecasting
models: a null model and 2 linear regression models
(detailed below).

Null model. We compared KF-HTG and KF-NTG with
a null model, which assumes that every 24 months MD
decreases by 0.70 dB, PSD increases by 0.76 dB, and IOP
remains unchanged for all patients with NTG. For
example, a patient whose current MD reading is �1.2 dB
would be predicted to have an MD reading of �1.9 dB
24 months into the future. These rates of change are
consistent with mean rates reported in previous studies of
VOL. 199 KALMAN FILTERING FOR NORM
patients with NTG who have not undergone incisional
intraocular surgery.16–22

Linear regression models. Previous research has found
that linear estimates for rates of progression predict future
VF loss more accurately for patients with NTG compared
with more complex, nonlinear models,23 and therefore
we also compared KF-HTG and KF-NTG with 2 linear
regression models created using data from the NTG
cohort. These linear regression models are similar to
those used for forecasting with the VF index algorithm in
the Humphrey perimeter.15 Our linear regression
prediction models are of the form:

y ¼ b0 þ b1t;

where b0 is the intercept term, b1 is the slope, t is time in
months since the last measurement, and y is the forecasted
parameter (eg, future values ofMD). Both b0 and b1 are esti-
mated from the 6 most recent measurements for the param-
eter of interest. The first linear regression model, LR1, is a
simple linear regression model. The second linear regres-
sion model, LR2, is a common econometric forecasting
model that has the same slope as LR1 but passes through
the most recent observation.24

To illustrate the difference between LR1 and LR2,
consider a patient whose 6 previous MD readings
were �1.0, �1.1, �1.3, �1.4, �1.2, and �1.2 dB. Using
standard least squares regression formulas,25 the LR1 model
for predicting the future value of MD in t months is:

MD at visit t ¼ �1:3� 0:00667t dB:

LR2 replaces the intercept term in the model (ie, �1.3)
with the most recent reading (ie, �1.2). Therefore, LR2
predicts future values of MD using the equation:

MD at visit t ¼ �1:2� 0:00667t dB:

Using these equations, LR1 would predict MD to
be �1.46 dB while LR2 would predict MD to be �1.36
dB 24 months into the future.
For all 5 models, we were interested in how well they

forecasted values of MD, PSD, and IOP at 24 months
into the future for the cohort of patients with NTG.
Forecasting 24 months ahead required >_10 HVF and IOP
measurements, where the first 6 measurements are used
for learning and the tenth measurement (ie, 24 months
after the learning period) is used to compare against the
model forecasts.
� PERFORMANCEMEASURES: We used all eligible patients
with NTG to test our models. We assessed model perfor-
mance by evaluating prediction errors 24 months into the
future, where prediction error is defined as the difference
between the future measurement prediction and the actual
value from the clinic visit. We first analyzed the distribu-
tion of MD prediction errors by determining the proportion
of prediction errors between clinically relevant thresholds,
113AL TENSION GLAUCOMA



ie, 60.5, 61.0, and 62.5 dBs from the actual value
obtained from the clinic visit. We then compared the dis-
tribution of MD prediction errors across these thresholds
between KF-NTG and all other models using the Bhapkar
test for equality of marginal distributions.26

Next, we evaluated how well each of the 5 models fore-
casted future values of MD, PSD, and IOP by determining
the root mean squared error (RMSE) of each prediction.
RMSE is determined by squaring all prediction errors, tak-
ing the mean, and then taking the square root of this mean.
Lower RMSE implies less prediction error, ie, the closer the
RMSE is to 0, the more aligned the predicted value is with
the actual value obtained from the clinic visit. Another
way to compare the model forecasts is by calculating the
mean absolute error (MAE). Much like RMSE, MAE mea-
sures the average magnitude of forecasting errors and is
computed by taking the absolute value of all prediction
errors and then taking the mean. MAE has a similar
interpretation to RMSE (ie, lower MAE implies lower
magnitude of prediction error). Compared with using just
1 of these measures, evaluating our models based on both
RMSE and MAE provides a more holistic perspective on
our model performance. For the KF-NTG model, we used
leave-one-out cross validation to obtain nearly unbiased
estimates of the prediction error.25 That is, for every
patient with NTG, a separate KF model was created using
data from all other patients except for the particular patient
for whom we were generating a forecast.

� OUTLIER ANALYSIS: For each of the 5 models, we identi-
fied patients whoseMD prediction errors 24months into the
future were>2.5 dB off from the actual value obtained from
the trial or clinic visit (ie, outliers). We computed the pro-
portion of persons who were outliers in our KF-NTG model
who were also outliers in the other models.We also analyzed
whether patients for whom the KF-NTG model predicted
poorly (the outliers) differed from those for whom the model
predicted well in terms of their demographics and baseline
and follow-up readings for MD, PSD, and IOP using analysis
of variance or Pearson x2 tests, as appropriate.
RESULTS

� STUDY SAMPLE: The cohort of patients with NTG used
to develop the KF-NTG model included 263 eyes of 263
patients. These included eyes with mild, moderate, and
severe disease (Supplemental Figure 1; Supplemental
Material available at AJO.com). There was a mean6 stan-
dard deviation (SD) of 5.9 6 0.5 years of longitudinal
follow-up on these patients. The mean 6 SD age at base-
line of the group was 63.4 6 10.5 years. There were 159
males (60.5%) in the group and all patients were Asian.
Our previously created KF-HTG model was developed
using data from 601 eyes of 601 participants from the
114 AMERICAN JOURNAL OF
AGIS and CIGTS trials. Three hundred twenty-four
(53.9%) of the patients in this group were recruited from
the AGIS and 277 (46.1%) were recruited from the
CIGTS. The mean 6 SD follow-up duration was 6.3 6
2.8 years for the HTG cohort. The mean 6 SD age of
the HTG group was 66.1 6 10.9 years. In this group, 291
persons (48.4%) were male and there were 275 whites
(45.8%), 304 blacks (50.6%), 9 Asians (1.5%), and 13
(2.2%) who were classified as some other race or ethnicity.
The NTG group had a significantly greater decline in MD
(P ¼ .01) and rise in PSD (P < .001) compared with the
HTG group (Table 1).

� KF FORECASTING OF GLAUCOMA PROGRESSION
DYNAMICS: Using the first 6 observations to teach the
KF the progression dynamics for each person with NTG,
we forecasted MD, PSD, and IOP values 24 months into
the future for all 263 patients with NTG. There were 242
(92.0%) patients with enough measurements to forecast
24 months into the future. Our KF-NTG model forecasted
MD within 0.5 dB of the actual value for 78 eyes (32.2%),
within 1 dB for 122 eyes (50.4%), and within 2.5 dB for 211
eyes (87.2%) with NTG. The forecasted values differed by
>2.5 dB from the actual values for 31 eyes (12.8%). By
comparison, when we applied KF-HTG to our cohort
with NTG, KF-HTG forecasted MD values 24 months
into the future within 0.5 dB of the actual value for 72
eyes (29.8%), within 1 dB for 127 eyes (52.5%), and within
2.5 dB for 208 eyes (86.0%). The MD predictions for KF-
HTG differed by >2.5 dB from the actual value for 34
eyes (14.0%) (Table 2). Figure 1 shows the forecast of a
sample patient with NTG using KF-NTG and how it
compared with actual MD readings obtained in the clinic.

� DISTRIBUTION OF MD PREDICTION ERRORS: We next
evaluated the distribution of prediction errors for KF-
NTG and KF-HTG when forecasting future values of MD
for patients with NTG. Figure 2 presents violin plots of
the distribution of MD prediction errors for each model.
Violin plots that are thinner and longer show greater vari-
ability in prediction errors relative to plots that are shorter
and fatter. Table 2 provides a quantitative summary of
these MD prediction errors with reference to the clinically
relevant threshold values. The KF models and the null
model outperformed LR1 and LR2. The proportion of
eyes with MD values within 2.5 dB of the actual value
was 86.0% for KF-HTG, 87.2% for KF-NTG, and 86.4%
for the null model while it was 72.7% to 74.0% for the
other 2 models. The distribution of prediction errors for
the LR1 and LR2 models were each significantly different
from that of KF-NTG (P< .001 for both).We also analyzed
the performance of each model when the NTG group was
stratified intomildNTG (MD>�6 dB, n¼ 141) andmod-
erate/severe NTG (MD <_ �6 dB, n ¼ 101) subgroups. We
found that KF-NTG, KF-HTG, and the null model perform
similarly well for forecasting MD, with 89.4% to 91.5% of
MARCH 2019OPHTHALMOLOGY
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TABLE 1. Description of the Study Sample

Persons With NTG Persons With HTG P Valuea

Eyes, N 263 601

Patients, N 263 601

Sex, n (%) <.001

Male 159 (60.5) 291 (48.4)

Female 104 (39.5) 310 (51.6)

Race, n (%) <.001

White 0 275 (45.8)

Black 0 304 (50.6)

Asian 263 (100) 9 (1.5)

Other 0 13 (2.2)

Baseline glaucoma severity,b n (%) .02

Mild 148 (59.7) 273 (47.6)

Moderate 57 (23.0) 169 (29.4)

Severe 43 (17.3) 132 (23.0)

Total no. of visits 9412 8228

VFs per patient, mean (SD) 12.6 (4.4) 13.7 (5.5) .01

IOPs per patient, mean (SD) 30.0 (16.8) 13.7 (5.5) <.001

Follow-up length (y), mean (SD) 5.9 (0.5) 6.3 (2.8) <.001

Age at baseline (y), mean (SD) 63.4 (10.5) 66.1 (10.9) <.001

Initial MD (dB), mean (SD) �6.2 (5.9) �7.5 (5.6) <.001

Initial PSD (dB), mean (SD) 7.8 (4.6) 6.4 (3.7) <.001

Initial IOP (mm Hg), mean (SD) 13.7 (2.9) 17.7 (4.2) <.001

MD change,c mean (SD) �0.8 (2.2) �0.3 (3.2) .01

PSD change,c mean (SD) 0.7 (1.7) 0.1 (1.8) <.001

IOP change,c mean (SD) 0.0 (1.9) �0.3 (4.2) .38

dB ¼ decibel; HTG ¼ high-tension glaucoma; IOP ¼ intraocular pressure; MD ¼ mean deviation; NTG ¼ normal tension glaucoma; PSD ¼
pattern standard deviation; SD ¼ standard deviation; VF ¼ visual field.

aP values for sex, race, and initial glaucoma severity were computed using the Pearson x2 test for independent samples. All other P values

were computed using a 2-sample Student t test.
bMild ¼ initial MD > �6 dB, moderate ¼ initial MD between �6 and �12 dB, severe ¼ initial MD < �12 dB.
cChange computed as: reading at 24 months � initial reading.
forecasts within 2.5 dB of the actual value for the mild
NTG subgroup and 81.2% across all 3 models for the mod-
erate/severe NTG subgroup. The LR1 and LR2 had worse
performance for patients with mild and moderate/severe
NTG compared with the other 3 models (Supplemental
Table 1; Supplemental Material available at AJO.com).

� COMPARISON OF OVERALL PREDICTIVE CAPABILITIES
OF MODELS: Table 3 shows the RMSE performance for
each model when forecasting MD, PSD, and IOP
24 months into the future. Compared with the LR1
model (which is similar to the forecasting method used
in previous studies23 and with Zeiss’ VF index15), both
KF models show improved performance. When fore-
casting MD, KF-NTG (RMSE ¼ 2.71) and KF-HTG
(RMSE ¼ 2.68) outperformed the other 3 models
(RMSE ¼ 2.81-3.90). Similar findings were attained
when forecasting future values of PSD whereby the 2
KF models had similar or lower RMSEs compared with
VOL. 199 KALMAN FILTERING FOR NORM
the other 3 models. When forecasting IOP 24 months
into the future, KF-NTG (RMSE ¼ 2.10) and KF-
HTG (RMSE ¼ 2.11) achieved the lowest RMSE of
the 5 algorithms (Table 3).
We also analyzed RMSE for each model when the NTG

group was stratified into those with mild NTG and patients
with moderate/severe NTG at baseline. For the mild NTG
subgroup, the KF-NTG, KF-HTG, and null models had
lower RMSE than the LR1 and LR2 models when
forecasting MD (RMSE ¼ 2.68-2.74), PSD (RMSE ¼
1.86-1.94), and IOP (RMSE ¼ 1.85-1.92). For the moder-
ate/severe NTG subgroup, KF-NTG and KF-HTG had
lower RMSE than the null, LR1, and LR2 models when
forecasting MD (RMSE ¼ 2.59-2.66), PSD (RMSE ¼
1.68-1.71), and IOP (RMSE ¼ 2.40-2.41) (Supplemental
Table 2; Supplemental Material available at AJO.com).
As an ancillary analysis, our KF-NTG achieved a lower

RMSE when using 6 baseline observations compared with
requiring only using 3 baseline observations, though the
115AL TENSION GLAUCOMA
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TABLE 2. Proportion of Eyes with Normal Tension Glaucomawith Forecasts of Mean DeviationWithin 0.5, 1.0, and 2.5 dB and Beyond
2.5 dB of the Actual Value at 24 Months into the Future for Each of the 5 Forecasting Models

Amount of Error in Forecast (dB) KF-NTG Eyes, n (%) KF-HTG Eyes, n (%) Null Eyes, n (%) LR1a Eyes, n (%) LR2a Eyes, n (%)

<_0.5 78 (32.2) 72 (29.8) 70 (28.9) 38 (15.7) 44 (18.2)

<_1.0 122 (50.4) 127 (52.5) 136 (56.2) 81 (33.5) 85 (35.1)

<_2.5 211 (87.2) 208 (86.0) 209 (86.4) 176 (72.7) 179 (74.0)

>2.5 31 (12.8) 34 (14.0) 33 (13.6) 66 (27.3) 63 (26.0)

dB ¼ decibel; KF-HTG ¼ Kalman filter built using a sample of patients with high-tension glaucoma; KF-NTG ¼ Kalman filter built using a

sample of patients with normal tension glaucoma; LR ¼ linear regression; MD ¼ mean deviation.
aThis model had a significantly different distribution of prediction errors compared with the KF-NTG model when predicting MD 24 months

into the future at a significance level of .01 based on the Bhapkar test for equality of marginal distributions. Two hundred forty-two of 263

(92.0%) patients with normal tension glaucoma had enough measurements for this analysis.

FIGURE 1. Kalman filter forecast of sample patient with
normal tension glaucoma using the Kalman filter model trained
on patients with normal tension glaucoma algorithm. Observed
values are those obtained when the patient took the test in the
clinic. Filtered readings are the estimated values by our Kalman
filter model. Predicted measurements are future forecasted
values predicted by our Kalman filter model. IOP[ intraocular
pressure; MD [ mean deviation.

FIGURE 2. Violin plots showing the proportion of patients in
each of the 5 forecasting models with prediction errors of
mean deviation (MD) within 0.5, 1.0, and 2.5 dB from the
actual value at 24 months into the future. The models compared
are a Kalman filter model trained on patients with normal
tension glaucoma (KF-NTG), a Kalman filter model trained
on patients with high tension glaucoma (KF-HTG), a null model
that assumes a constant 24-month change ofL0.70 dB for MD,
0.76 dB for PSD, and no change for intraocular pressure (null),
a simple linear regression model (LR1), and a modified linear
regression model (LR2). Plots that are thinner and taller have
more variability in their prediction errors relative to others
that are shorter and wider. dB [ decibel; PSD [ pattern
standard deviation.
improvement in predictive accuracy was minimal (data not
shown). We also performed another ancillary analysis in
which we evaluated the magnitude of forecasting errors
for all 5 models using MAE. The results of this MAE anal-
ysis were similar to our RMSE analysis wherein the KF
models outperformed the other models in forecasting
MD, PSD, and IOP. However, using MAE, the null model
performed relatively similar to the KFmodels in forecasting
MD (data not shown).

� DESCRIPTION OF OUTLIERS: Most patients who were
outliers in the KF-NTG model were also outliers for the
other 4 models. For example, there were 31 patients
(12.8%) whose predicted MD were 62.5 dBs than the
116 AMERICAN JOURNAL OF
actual value. Of those 31 patients, 22 (71.0%) were also
outliers for the KF-HTG model, 20 (64.5%) for the null
model, and 26 (83.9%) for both the LR1 and LR2 models.
We compared patients whose future MD readings were
poorly predicted by KF-NTG with those patients who
were well-predicted and found no significant differences
in sex or age between outliers and nonoutliers.
(Supplemental Table 3; Supplemental Material available
at AJO.com).
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TABLE 3. Comparison of the Root Mean Square Error of the 5 Models at Forecasting Key Glaucoma Metrics at 24 Months into the
Future

Metric

KF-NTG KF-HTG Null LR1 LR2

RMSEa Improvement, % RMSE Improvement, % RMSE Improvement, % RMSE RMSE Improvement, %

MD 2.71 30.6 2.68 31.2 2.81 28.0 3.90 3.71 4.8

PSD 1.85 31.6 1.85 31.7 2.01 25.5 2.70 2.56 5.3

IOP 2.10 31.0 2.11 31.0 2.34 23.5 3.05 3.22 �5.6

KF-HTG¼ Kalman filter built using a sample of patients with high-tension glaucoma; KF-NTG¼ Kalman filter built using a sample of patients

with normal tension glaucoma; LR ¼ linear regression; RMSE ¼ root mean square error.

RMSE values closer to 0 indicate predictions closer to the actual values obtained in the trial/clinic. Improvement (%) was measured with

respect to the LR1 model and computed as (RMSELR1 � RMSEM)/(RMSELR1), where RMSEM is the RMSE belonging to the KF-NTG, KF-

HTG, null, or LR2 model. Positive improvement indicates improved performance compared with the LR1 model.
aRMSE for KF-NTG was computed using leave-one-out cross-validation.
DISCUSSION

KF IS AN INNOVATIVE MACHINE LEARNING METHODOLOGY

that integrates data from large populations of patients with
a given condition of interest along with past measurements
from the actual patient of interest to help clinicians generate
personalized forecasts of the disease trajectory for patients
with chronic diseases. Research from our group has shown
that these algorithms work well at forecasting future values
of MD, PSD, and IOP for patients with HTG.7 The results
of the present study show that the KF algorithm we devel-
oped to forecast future values of key parameters for patients
with HTG based on data from the AGIS and the CIGTS
seems to work well when tested on a group of patients from
Japan with NTG.While one expects to see that a KF devel-
oped specifically from a population of patients with NTG
(KF-NTG) would outperform the KF-HTG at forecasting
disease trajectory for patients with NTG, the additional
improvement in RMSE we observed in the present study
was rathermodest. This result suggests that KF-HTGappears
to performwell formost patients withNTG.Another impor-
tant finding of these analyses it that bothKFmodels appeared
to forecast as well as—if not better than—existing fore-
casting techniques.

There is debate in the literature regardingwhetherNTG is
a fundamentally different entity thanHTG16,27 or if they are
both a continuum of the same disease entity,28–31 but it has
been established that patients with NTG tend to
experience progressive VF loss at lower levels of IOP
relative to those with HTG. In addition, their VF loss tends
to be denser and closer to central fixation earlier in the
disease course. Therefore, we were unsure, a priori, whether
the model we had previously developed using a population
of patients with HTG would forecast well when tested on
persons with NTG. Our results seem to indicate that
regardless of differences in the demographic characteristics
of the patients with NTG versus those with HTG or their
baseline levels of MD, PSD, or IOP, both KF models seem
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to perform well at forecasting future values of MD, PSD,
and IOP for patients with NTG. We suspect that KF-HTG
fared well in this new population because the methodology
by which KF generates the forecasts involves learning about
the unique disease dynamics of each individual patient and
integrating this into the forecasts. Therefore, when we test
our KF-HTG model on persons with NTG, we are noticing
that KF-HTG appears to quickly learn that these patients
tend to progress at lower IOP levels than the underlying pop-
ulation with HTG for which our model was derived. KF-
HTG adjusts its forecasts accordingly such that, over time,
they are less influenced by the underlying population and
more by the actual patients in the testing set.
Comparing our 2 KF models with 3 other models (ie, a

null model that assumes a constant rate of �0.70 dB for
MD, 0.76 dB for PSD, and no change for IOP over
24 months and 2 linear regression models that assume
changes to a patient’s progression dynamics occur in a
linear manner over time), we find that the KF outperformed
these simpler models when forecasting 24 months into the
future. In fact, compared with LR1 and LR2, which are
similar to the forecasting method used in previous studies23

and the Humphrey perimeter’s VF index,15 the KF models
show considerable improvement in forecasting accuracy.
Furthermore, we note that while the simpler null model
we tested seems to perform relatively similarly compared
with the KF models on selected forecasts, it relies on the
assumption that the patient is known to behave like the
population of patients with NTG reported in the literature
from which the model was derived. Furthermore, the null
model may not work as well on patients whose VFs progress
much more slowly or quickly compared with the MD and
PSD progression rates we used based on the published liter-
ature. This point raises concern, because previous studies
have shown that patients with NTG generally experience
great variability in VF progression.17 Overall, we suspect
that these findings stems from the fact that KF models 1)
base their predictions on both the patient and underlying
117AL TENSION GLAUCOMA



population, 2) dynamically reassess the disease trajectory
(by considering velocity and acceleration of the model pa-
rameters) with each newmeasurement, and 3) are designed
to identify and reduce noise that is inherent in measure-
ments of IOP and VF parameters.

With both KF-HTG andKF-NTG, there were only a small
subset (12.8-14.0%) of patients for whom the forecasted MD
values were>2.5 dB from the actual values.We studied these
patients indetail to analyzewhich featuresmade themdifficult
to forecast. These patients did not differ from well-predicted
patients in terms of patient age and sex. Moreover, most pa-
tients whoseMD values fell outside 2.5 dB of the actual value
for the 2 KFmodels also could not be forecasted well with the
other 3models either. These patientsmay be poorVF takers or
have underlying comorbid medical conditions that affected
their testing performance for which our KF simply could not
take into account when generating its forecasts.

As an ancillary analysis, we tested our algorithms using
only 3 baseline observations for a given patient instead of
6 baseline observations and found that while the KFs
tended to forecast better using more baseline observations,
they still seemed to function quite well with only 3 obser-
vations. This finding is important for clinical practice
because clinicians caring for patients often lack 6 sets of
readings on many of their patients. Since our tool appears
to function well with only 3 sets of baseline readings, eye
care providers should be able to start using the tool sooner,
knowing that as they obtain more additional measurements
the KF forecasts will improve over time.

From a practical perspective, the KF models we are devel-
oping have the potential to greatly enhance clinical decision
making. We have already developed a tool that uses KF-
HTG to aid clinicians with determining personalized and
dynamically updated assessments of how soon to perform
additional diagnostic testing7 and a personalized menu of
target IOPs32 for patientswithHTG. It is possible to enhance
the KF-NTG such that it has similar functionalities.

� STRENGTHS AND LIMITATIONS: Our sophisticated fore-
casting approach using KF was able to accurately forecast
24 months into the future the level of MD to within 0.5 dB
of the actual value for approximately one-third of the pa-
tients with NTG we studied and within 1.0 dB of the actual
value for roughly half of all the patients with NTG.Wewere
also able to demonstrate the flexibility of the KF approach
such that a model that was trained on patients with HTG
could quickly adapt itself to a new cohort of patients with
NTG.Our study is not without limitations.We were limited
by the sample size of patients with NTG who met our study
118 AMERICAN JOURNAL OF
inclusion criteria. With larger study populations, KF can
better learn the underlying disease trajectory for patients
with conditions such as NTG. We would expect KF-NTG
to achieve greater accuracy if we parameterized, calibrated,
and validated it on a larger sample of patients with NTG.
Second, we were limited by the amount of follow-up data
for each patient. For example, extending our analysis to fore-
cast 36months into the futurewould require at least 12HVFs
and IOPs—a criterion which was met by only 27 patients.
Third, all the patients with NTG we analyzed were from
Japan. Additional research is needed to determine whether
the accuracy of our predictions are directly generalizable to
patients with NTG residing in other countries—though we
see no reason why this approach will not work for other pa-
tients withNTGonce the KF learns whether the progression
dynamics are similar or dissimilar to those in this particular
patient cohort. Regardless, extending our analysis to a larger
cohort of patients with NTG (ie, not just those with NTG
from Japan) would make our models more generalizable to
all patients with NTG. Fourth, our models have yet to
consider other factors, such as the results of structural tests
like optical coherence tomography, pachymetry, and the
presence or absence of disc hemorrhages. Because the
AGIS and CIGTS studies did not routinely collect these
data, we could not incorporate them into our earlier KF-
HTG model. To facilitate comparisons between KF-HTG
and KF-NTG, we opted not to include these variables into
the KF-NTG we developed. We are presently building an
enhanced KF-NTG that incorporates these and other vari-
ables, such as pointwise regression analysis of individual
test points on the pattern deviation plot to assess for focal
changes on the VF over time and hope that it will further
improve the accuracy of our predictions.
In conclusion, KF is a promising approach that can be

used to help learn the future disease trajectory of groups of
patients with glaucoma and be used to generate personalized
forecasts. The present sets of analyses highlight the adapt-
ability of the KF approach such that it can be parameterized,
calibrated, and validated on patients with HTG. When
applied to a new cohort of patients with NTG, the model
is able to adapt and learn that many of these patients are
at risk of experiencing disease progression at levels of IOP
that did not result in progression for those with HTG. As
we continue to refine our KF models by incorporating addi-
tional variables, and by performing additional validation
studies, we hope to soon be able to make them accessible
to the clinical community so they can assist clinicians
with making more informed decisions on how to manage
patients with sight-threatening conditions such as NTG.
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