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What Is the Amount of Visual Field Loss
Associated With Disability in Glaucoma?
ALESSANDRO A. JAMMAL, NARA G. OGATA, FÁBIO B. DAGA, RICARDO Y. ABE, VITAL P. COSTA, AND
FELIPE A. MEDEIROS
� PURPOSE: To propose a new methodology for classi-
fying patient-reported outcomes in glaucoma and for
quantifying the amount of visual field damage associated
with disability in the disease.
� DESIGN: Cross-sectional study.
� METHODS: A total of 263 patients with glaucoma were
included. Vision-related disability was assessed by the
National Eye Institute Visual Function Questionnaire
(NEI VFQ-25). A latent class analysis (LCA) model
was applied to analyze NEI VFQ-25 data and patients
were divided into mutually exclusive classes according
to their responses to the questionnaires. Differences in
standard automated perimetry (SAP) mean deviation
(MD) and integrated binocular mean sensitivity (MS)
values between classes were investigated. The optimal
number of classes was defined based on goodness-of-fit
criteria, interpretability, and clinical utility.
� RESULTS: The model with 2 classes, disabled and
nondisabled, had the best fit with an entropy of 0.965,
indicating excellent separation of classes. The disabled
group had 48 (18%) patients, whereas 215 (82%)
patients were classified as nondisabled. The average MD
of the better eye in the disabled group was -5.98 dB vs
-2.51 dB in the nondisabled group (P < .001). For the
worse eye, corresponding values were -13.36 dB and
-6.05 dB, respectively (P < .001).
� CONCLUSION: Application of an LCA model allowed
categorization of patient-reported outcomes and quantifi-
cation of visual field levels associated with disability in
glaucoma. A damage of approximately -6 dB for SAP
MD, indicating relatively early visual field loss, may
already be associated with significant disability if occur-
ring in the better eye. (Am J Ophthalmol 2019;197:
45–52. � 2018 Elsevier Inc. All rights reserved.)
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LAUCOMA IS A PROGRESSIVE OPTIC NEUROPATHY

that can result in irreversible loss of vision.1,2 As a
result of vision loss, individuals with glaucoma

may report difficulty with a variety of activities of daily
living, such as reading, walking, and driving, with
significant impact on quality of life (QoL).3

Staging the severity of glaucoma is important in order to
guide management decisions and also to inform prognosis.
For that to happen, staging systems should have a meaning-
ful correspondence to clinical outcomes that are directly
relevant to patients, such as how the disease affects QoL
or the ability to perform daily activities. Glaucoma staging
systems have traditionally been based on the severity of
visual field loss detected by standard automated perimetry
(SAP).4–7 The widely used Hodapp-Parrish-Anderson
(HPA) classification of severity of visual field loss,4 for
example, uses cut-offs for mild, moderate, and severe
glaucoma based on SAPmean deviation (MD) and number
of abnormal points in the pattern deviation plot. However,
it is not clear whether such classifications are associated
with different levels of QoL or disability from the disease.
The impact of glaucoma on QoL has usually been

measured using patient-reported outcomes, such as the
National Eye Institute Visual Function Questionnaire
(NEI VFQ-25).8 The NEI VFQ-25 contains several
questions asking patients to rate their ability to perform a
variety of tasks. Previous studies have shown significant
relationships between visual field loss measured by SAP
and summary scores of QoL obtained from the NEI
VFQ-25 on a continuous scale. However, although these
studies have been important in validating visual field
metrics obtained from SAP, it is still not clear how much
damage on SAP needs to be present for patients to exhibit
a significant decline in vision-related QoL. This can have
obvious implications in establishing the prognostic signifi-
cance of staging systems based on SAP results and how they
can guide management decisions.
Latent class analysis (LCA) is a statistical model useful

to identify subgroups of individuals who share similar
underlying characteristics or hidden patterns. These
subgroups can then be used to stage the disease, to explain
symptoms or levels of disability, or to study differences in
prognosis or treatment response.9 For example, using
LCA, one could categorize continuous data from a medical
test into more easily interpretable categories of diseased vs
nondiseased. Although long neglected in ophthalmology,
this modeling approach has been proven useful to identify
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subgroups (ie, latent classes) within heterogeneous popula-
tions in different fields of medicine, such as psychology,
oncology, neurology and others. For example, LCA has
been used successfully to identify subgroups of patients
with cognitive impairment based on batteries of neuropsy-
chological tests. The subgroups can then be further studied
on their relationship to other clinical tests and
biomarkers.10–14

In the current study, we used LCA to identify similar
patterns of responses to NEI VFQ-25 questionnaire items
and thereby identify subgroups of glaucoma patients who
are similar in how the disease affects their QoL. We then
studied the relationship between these subgroups and levels
of visual field damage as measured by SAP. This approach
can help address the important question of what amount of
visual field loss is associated with disability in glaucoma.
METHODS

THIS IS A CROSS-SECTIONAL STUDY WITH PARTICIPANTS

enrolled in a prospective, longitudinal study designed to
evaluate functional impairment in glaucoma. The institu-
tional review boards from Duke University and University
of California San Diego approved the methods and written
informed consent was obtained from all participants. The
study adhered to the Health Insurance Portability and
Accountability Act, and all study methods complied with
the Declaration of Helsinki guidelines for human subject
research.

During follow-up, patients underwent comprehensive
ophthalmologic examinations, including review of medical
history, visual acuity (VA), slit-lamp biomicroscopy,
intraocular pressure measurement, gonioscopy, dilated
funduscopic examination, stereoscopic optic disc photog-
raphy, and SAP using 24-2 Swedish interactive threshold
algorithm standard (Carl Zeiss Meditec, Inc, Dublin,
California, USA). Only patients with open angles on
gonioscopy were included. Patients were excluded if they
demonstrated any other ocular or systemic disease that
could affect the optic nerve or the visual field in at least
1 of the eyes. Visual fields were excluded if they had
more than 33% fixation losses or more than 15%
false-positive errors. Visual fields were also excluded in
the presence of eyelid or rim artifacts, fatigue effects, or
evidence that the visual field results were caused by a
disease other than glaucoma.15

Diagnosis of glaucoma was defined based on the presence
of repeatable (at least 2 consecutive) abnormal SAP results
with corresponding optic nerve damage in at least 1 eye.
Abnormal SAP results were defined as a pattern standard
deviation with P < .05, glaucoma hemifield test results
outside normal limits, or both.

To evaluate binocular visual field loss, sensitivities of the
monocular SAP threshold sensitivities of the right and left
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eyes were used to calculate an integrated binocular visual
field, according to the binocular summation model
described by Nelson-Quigg and associates.16

� DEMOGRAPHIC, CLINICAL, AND SOCIOECONOMICVARI-
ABLES: Socioeconomic questionnaires were also adminis-
tered to patients. These questionnaires contained a
survey about demographics, history of ocular and medical
conditions, marital status, health insurance coverage,
degree of education, and income. VA was measured using
an Early Treatment Diabetic Retinopathy Study chart,
and the logarithm of the minimum angle of resolution
(logMAR) was used for the analyses.

� 25-ITEM NATIONAL EYE INSTITUTE VISUAL FUNCTION
QUESTIONNAIRE: Vision-related QoL was assessed using
the NEI VFQ-25.8 The NEI VFQ-25 includes a set of 25
questions representing 11 subscales plus an additional
single-item general health rating question. The subscales
are general vision, near and distance vision activities,
ocular pain, vision-related social function, vision-related
role function, vision-related mental health, vision-related
dependency, driving difficulties, color vision, and periph-
eral vision. For the present study, we excluded the items
related to dependency, mental health, and role limitations,
as they have been previously shown to belong to a separate
socioemotional dimension not directly related to visual
functioning.17–20 Also, the items of the ocular pain
subscale were excluded because ocular pain would likely
induce changes in QoL not directly related to vision loss
from glaucoma. The remaining 14 questions were used to
assess vision-related disability status. This approach has
been used in several previous publications investigating
the relationship between SAP and vision-related QoL
measured using the NEI VFQ-25.17,20–24

� LATENT CLASS ANALYSIS: An LCA model was used to
characterize vision-related disability from NEI VFQ-25 re-
sults. Latent class theory assumes the existence of underly-
ing latent grouping variables that divide the population
into 2 or more mutually exclusive and exhaustive latent
classes.25 All individuals in a group are expected to have
the same probability of responding to questionnaire items
in a particular way.26 The term latent means that an
error-free latent variable is postulated: it cannot be directly
measured and instead is measured using several fallible in-
dicators, in this case, the NEI VFQ-25 questionnaire
items.27 As opposed to the latent variable, the observed
variables are subject to errors. The model computes the
joint probabilities of observed response patterns and class
membership and uses several procedures for maximum like-
lihood estimation of the parameters. Model constraints
were used to indicate the ordered nature of the categorical
variables corresponding to the questionnaire answers. A
detailed description of LCA has been previously
published.28
JANUARY 2019OPHTHALMOLOGY



TABLE 1. Results of Model Fit Indices for the Latent Class Models Investigating National Eye Institute Visual Function Questionnaire
(NEI VFQ-25) Data From 263 Glaucoma Patients

1 Class 2 Classes* 3 Classes 4 Classes 5 Classes

N, by group 263 215; 48 35; 72; 155 19; 21; 78; 145 14; 16; 18; 67; 148

Entropya - 0.965 0.881 0.896 0.910

AIC 5382.889 4564.693 4409.870 4389.380 4395.768

BIC 5525.775 4854.037 4845.672 4971.641 5124.487

aBIC 5398.956 4597.229 4458.874 4454.853 4477.710

LMRT - 896.273 235.791 101.944 71.220

LMRT, P value - <.001 .001 .195 .539

BLRT, P value - <.001 <.001 <.001 .333

aBIC¼ Bayesian information criterion adjusted for sample size (smaller values indicate better fit); AIC¼ Akaike information criterion (smaller

values indicate better fit); BIC ¼ Bayesian information criterion (smaller values indicate better fit); BLRT ¼ Bootstrap likelihood ratio test;

LMRT ¼ Lo-Mendell-Rubin test.

P < .05 indicates a model superiority to a model with 1 fewer latent class.

Asterisk (*) indicates the retained class solution.
aEntropy measures accuracy of classification of participants in latent classes; values closer to 1.0 indicate better classification.
After the estimation of these parameters for a specified
model, we then determined the plausibility of the hypoth-
esized model by computing expected frequencies of each
pattern of response on the indicators and comparing these
with the observed frequencies. If the expected and observed
frequencies are close, then the data are consistent with the
model. Multiple indices of model fit have been proposed for
comparing models with different numbers of classes,
including the Akaike Information Criterion (AIC),29 the
Bayesian Information Criterion (BIC),30 the sample-size
adjusted BIC (aBIC),31 the bootstrapped likelihood ratio
test (BLRT),32 and the Lo-Mendell-Rubin test
(LMRT).33 The AIC and BIC are penalized log-
likelihood test statistics, where the penalty is 2 times the
number of parameters estimated for the AIC and the log
of n times the number of parameters estimated for the
BIC. These criteria compare the relative fit of several
models under consideration but do not help in determining
whether a particular model has sufficiently good fit.26 The
BLRT and LMRT test the improvement in fit for each addi-
tional estimated class. More recently, entropy calculations
have been introduced by Ramaswamy and associates34 to
measure the uncertainty in classification of individuals to
the latent classes based on their pattern of responses. As
a summary measure of the estimated posterior class proba-
bilities, entropy evaluates the extent to which the groups
identified in the latent class analysis are different from
one another. Entropy values close to 1.0 indicate clear
delineation of classes, with values > 0.8 generally indi-
cating good classification.35 When more than 1 compared
model fits well, the best and simplest model is retained,
regarding its parsimony and interpretability.

Statistical analyses were performed with Mplus software
version 8 (Muthén & Muthén, Los Angeles, California,
USA) and Stata software version 15 (StataCorp, College
VOL. 197 VISUAL FIELD LOSS AND DI
Station, Texas, USA). The a level (type I error) was set
at 0.05.
RESULTS

THE STUDY INCLUDED 263 GLAUCOMA PATIENTS WITH

mean age 71.14 6 11.13 years; 135 subjects (51.3%) were
female. A total of 182 subjects (69.2%) were white and
81 (30.8%) reported to be African American. Average
MD in the better eye of all included participants was
-3.14 dB (median -2.00 dB, interquartile range [IQR]:
-4.26 dB to -0.24 dB) and average MD in the worse eye
was -7.38 dB (median -4.65 dB, IQR -10.53 to -2.21).
LCA was applied to analyze NEI VFQ-25 data from the

263 glaucoma patients. LCA models from 1 to 5 classes
were estimated. The indices measuring goodness-of-fit for
these models are shown in Table 1. Although models
with larger numbers of latent classes could be estimated,
the model with 2 classes, disabled and nondisabled, had
the best fit, with LMRT values showing superiority to the
model with 1 less class and no statistically significant differ-
ence to support models with 3, 4, or 5 classes. The entropy
of the 2-class model was 0.965.
Individuals were then assigned to 1 of the 2 latent classes

by their highest estimated probability of membership to
each class, based on the NEI VFQ-25 responses
(Table 2). The disabled group was represented by 48
(18%) patients, whereas 215 (82%) patients were classified
as nondisabled. Groups did not show statistically significant
differences in sex, race or most of the inquired socioeco-
nomic variables, except marital status (P ¼ .042). Average
VA in the better eye was þ0.056 0.12 logMAR dB in the
disabled group and -0.02 6 0.12 logMAR in the
47SABILITY IN GLAUCOMA



TABLE 2.Demographic and Clinical Characteristics of Disabled andNondisabled Subjects as Classified According to the Latent Class
Model Applied to National Eye Institute Visual Function Questionnaire (NEI VFQ-25) Data From Glaucoma Patients

Characteristic Nondisabled (N ¼ 215) Disabled (N ¼ 48) P Value

Age, years 70.3 6 11.3 74.9 6 9.8 .015*,a

Sex, female (%) 105 (48.8) 30 (62.5) .087b

Race, AA (%) 68 (31.6) 13 (27.1) .537b

VA of better eye, logMAR �0.02 6 0.12 þ0.05 6 0.12 <.001*,a

SAP 24-2 integrated binocular MS, dBc 28.27 [29.08 (26.88–30.60)] 23.61 [26.43 (20.45–28.14)] <.001*,a

SAP 24-2 MD of better eye, dBc �2.51 [�1.59 (�3.48 to �0.05)] �5.97 [�3.89 (�8.31 to �1.99)] <.001*,a

SAP 24-2 MD of worse eye, dBc �6.05 [�4.16 (�8.45 to �1.82)] �13.36 [�11.52 (�21.44 to �5.04)] <.001*,a

Health insurance, % yes 94.3 93.5 .827b

Marital status, % married 56.7 40.0 .042*,b

Education, % with at least high school

degree

97.7 97.8 .950b

Income, % lower than $25 000 12.8 10.8 .733b

AA ¼ African American descent; MD ¼ mean deviation; MS ¼ mean sensitivity; SAP ¼ Standard Automated Perimetry; VA ¼ visual acuity.

Values are presented as mean 6 standard deviation, unless otherwise noted.

Asterisk (*) indicates statistically significant values.
aWilcoxon rank-sum test.
bFisher exact test.
cValues given as mean [median (interquartile range)].

FIGURE 1. Bar graphs showing the distribution of standard automated perimetry (SAP) mean deviation (MD) values of the better
eye (Left) and the worse eye (Right) in glaucoma participants classified as disabled vs nondisabled.
nondisabled group (P < .001). Patients in the disabled
group were on average significantly older than those in
the nondisabled group (74.9 6 9.8 vs 70.3 6 11.3 years,
respectively; P ¼ .015).

The average MD of the better eye in the disabled group
was -5.98 dB (median: -3.89 dB; IQR -8.31 dB to -1.99 dB)
vs -2.51 dB (median -1.59 dB; IQR -3.48 dB to -0.05 dB) in
the nondisabled group (P< .001). For the worse eye, corre-
sponding numbers were -13.36 dB (median: -11.52 dB; IQR
-21.44 to -5.04 dB) and -6.05 dB (median -4.16 dB; IQR
-8.45 to -1.82 dB), respectively (P < .001). The distribu-
tion of MD values for the better and worse eye in the 2
groups is shown in Figure 1. For integrated binocular MS,
48 AMERICAN JOURNAL OF
the disabled group had average value of 23.61 dB (median
26.43 dB, IQR: 20.45–28.14 dB), whereas the nondisabled
group had average of 28.27 dB (median: 29.08 dB, IQR
26.88–30.60 dB), respectively (P < .001). Figure 2 illus-
trates typical visual fields for subjects assigned to each
latent class.
We also investigated whether differences in visual field

parameters were significant between disabled and nondis-
abled groups after adjusting for age, sex, and VA in an anal-
ysis of covariance model. Significant differences between
groups were still seen in the adjusted models for the
better-eye MD, worse-eye MD, and integrated binocular
MS (Table 3).
JANUARY 2019OPHTHALMOLOGY



FIGURE 2. Examples of 24-2 standard automated perimetry results of glaucoma patients assigned to each latent class: (Top) nondis-
abled; (Bottom) disabled.
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TABLE 3. Analysis of Covariance Adjusted for Age, Sex, and Visual Acuity

Mean Adjusted Difference

(Disabled Minus Nondisabled) 95% CI P Value

Better-eye MD �2.88 �4.30 to �1.46 <.001*

Worse-eye MD �6.37 �8.43 to �4.30 <.001*

Integrated binocular MS �3.88 �5.25 to �2.51 <.001*

CI ¼ confidence interval; MD ¼ mean deviation; MS ¼ mean sensitivity.

Asterisk (*) indicates statistically significant values.
DISCUSSION

IN THE PRESENT STUDY, WE PROPOSED AND DESCRIBED A

new methodology, based on latent class models, to classify
patient-reported outcomes in glaucoma. We were able to
categorize glaucoma patients into groups of disabled and
nondisabled based on their responses to the NEI VFQ-25
questionnaire and determine the level of visual field loss
associated with disability. We showed that relatively early
visual field losses in the better eye may already be associated
with disability and provided cut-off levels that may be used
as guidelines for assessing the presence or risk of disability.

Finding subjects with underlying similarities within a
heterogeneous population, such as the one affected by glau-
coma, can help to create more practical models to under-
stand true levels of impairment caused by the disease.
LCA categorizes patients into phenotypes by taking pat-
terns of questionnaire responses into account rather than
just aggregating scores across individuals.27 We identified
that, on average, a loss of approximately 6 dB in the better
eye was associated with disability in glaucoma. For the
worse eye, the average loss in the disabled group was
approximately 13 dB. This is an important finding, as it
shows that even relatively early defects can be associated
with disability if they occur in the better eye. Curiously,
-6 dB is also the cut-off value traditionally used to separate
mild from moderate cases of glaucoma based on MD ac-
cording to the HPA classification.4 Although the HPA
cut-offs have been arbitrarily set, our findings give some
support to such classification by showing they have clinical
relevance. Further analysis of the relationship between the
HPA classification and the odds of disability from our data
shows that patients with severe glaucoma in the better eye
had 5 times higher odds of being classified as disabled (odds
ratio ¼ 5.18; 95% confidence interval: 2.50–10.73)
compared to a patient with mild glaucoma in the better
eye. It is also important to emphasize that classifying the
severity of disease based on levels of visual field loss should
take into account whether one is referring to the better or
worse eye. In fact, the nondisabled group had an average
loss of 6 dB in the worse eye and such loss was not associ-
ated with significant decline in patient-reported QoL.
50 AMERICAN JOURNAL OF
Several previous studies have shown significant relation-
ships between NEI VFQ-25 results and visual field loss in
glaucoma. Jampel and associates36 showed significant cor-
relations between several visual field metrics and summary
scores obtained from the NEI VFQ-25. In a more recent
study, McKean-Cowdin and associates37 fitted a linear
model to assess the relationship between NEI VFQ-25
scores and SAP MD in the better eye in a large
population-based study. Of note, owing to the nature of
the analyses conducted in those studies (ie, correlational
analyses or fit of linear regression models), it is not possible
to clearly determine cut-off levels of visual field loss associ-
ated with disability. Using LCA, we were able to categorize
patients into meaningful clinically relevant categories of
disability, which allowed us to determine at what level of
visual field loss patients with glaucoma report consistent
disability.
Obviously, damage in glaucoma is a continuum, and

determining specific cut-off values might seem artificial.
However, previous studies have argued that using LCA
methodology leads to the most natural and useful group
classification.27 In this aspect, LCA classification may
be seen as having a role similar to widely used and clin-
ically relevant categorical classifications of medical re-
sults into normal/abnormal. Sorting patients into
latent classes helps in understanding which characteris-
tics are most associated with poor QoL, assisting in the
interpretation of clinical findings and their prognostic
significance.
We also found a statistically significant difference of VA

between disabled and nondisabled groups as determined by
LCA (P< .001). One could argue that lower VA was actu-
ally the main cause of disability rather than differences in
visual field loss and it is possible that some patients with
mild degree of cataract may have been included in our
study. However, although statistically significant, differ-
ences in VA between the groups were of relatively small
magnitude, with a mean difference of 0.07 logMAR, which
corresponds to only 3 letters in the same line of the chart.
Importantly, differences in visual field MD remained statis-
tically significant after adjustment for differences in VA,
age, and sex between the 2 groups.
JANUARY 2019OPHTHALMOLOGY



Correctly identifying the optimal number of latent clas-
ses has a pivotal role in LCA, as the number of classes has a
strong impact on interpretations of model results. In this
study, the model with 2 classes proved to have superior fit
in all model selection methods, except for AIC. AIC, how-
ever, has been found to poorly select the correct number of
classes, regardless of degree of separation, number of indica-
tors, or sample size.38 Importantly, the 2-class final LCA
model had a high entropy value of 0.965, indicating a
high degree of certainty in classifying participants. The
high entropy shows that individuals belonging to 1 class
are clearly separable from those belonging to the other class
based on their responses to the NEI VFQ-25 question-
naires.

One might speculate how different levels of damage in
the worse eye would affect QoL in individuals exhibiting
similar amounts of damage in the better eye. We therefore
investigated whether adding a measure of asymmetry in the
amount of visual field damage between both eyes would
improve models explaining QoL. In a multivariable model
including MD of the better eye, adding asymmetry (MD
difference between the 2 eyes) resulted in some improve-
ment in predicting class membership (ie, disabled vs
nondisabled), compared to the model including only
better-eye MD. The areas under the receiver operating
characteristic (ROC) curve of these 2 models were 0.757
and 0.708, respectively, but the difference did not reach
statistical significance (P ¼ .204). For comparison, the
area under the ROC curve for the model including inte-
grated binocular sensitivity was 0.761. Therefore, it seems
that some improvement may be gained by considering
the relationship between both eyes in explaining patient-
reported QoL measures in glaucoma. It should be noted,
however, that as the location of a visual field defect
may affect QoL differently,23 a global metric evaluating
VOL. 197 VISUAL FIELD LOSS AND DI
binocular integrated visual field sensitivity would not ac-
count for differences in the location of field defects between
the 2 eyes. Further studies with larger samples should inves-
tigate such relationships, considering the presence of
different patterns of visual field loss in each eye, their sym-
metry or asymmetry, and their relationship with classes
defined by LCA.
Our study has limitations. Patients in our study were

generally aware of their glaucoma diagnoses at the time
they responded to the NEI VFQ-25 questionnaires. If
they were also aware of the severity of their field loss, this
may have influenced how they responded to the questions,
which could influence the relationship between SAP met-
rics and disability as determined from the questionnaire re-
sults. Such limitation is difficult to avoid unless
questionnaires are given to newly diagnosed patients who
are still unaware of their disease. It should be noted that
although patients may have been aware of their condition,
it is unlikely that they would know precisely the degree of
their visual field loss in the better and worse eye to spuri-
ously generate the clear relationships observed in our study.
However, further studies should attempt to replicate our
findings in newly diagnosed samples of patients. In addi-
tion, it will also be important to investigate the relation-
ship between visual field loss and categories of disability
as determined from objective tests of patient performance,
or from a combination of subjective patient-reported QoL
and objective performance.
In conclusion, the current study showed the potential

use of a latent class model to analyze patient-reported
QoL outcomes in glaucoma. The methodology allowed us
to investigate the amount of visual field loss associated
with disability, improving the understanding of how to
use visual field data to infer the impact of the disease on
QoL.
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