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PURPOSE. To improve the neurological hemifield test (NHT) using visual field data from both
eyes to detect and classify visual field loss caused by chiasmal or postchiasmal lesions.
METHODS. Visual field and clinical data for 633 patients were divided into a training set (474
cases) and a validation set (159 cases). Each set had equal numbers of neurological, glaucoma,
or glaucoma suspect cases, matched for age and for mean deviation between neurological and
glaucoma cases. NHT scores as previously described and a new NHT laterality score were
calculated. The ability of these scores to distinguish neurological from other fields was
assessed with receiver operating characteristic (ROC) analysis. Three machine classifier
algorithms were also evaluated: decision tree, random forest, and least absolute shrinkage and
selection operator (LASSO). We also evaluated the ability of NHT to identify the type of
neurological field defect (homonymous or bitemporal).
RESULTS. The area under the ROC curve (AUC) for the maximum NHT score was 0.92
(confidence interval [CI]: 0.87, 0.97). Using NHT laterality scores from each eye combined
with the sum of NHT scores, the AUC improved to 0.93 (CI: 0.88, 0.98). The largest AUC for
machine learning algorithms was for the LASSO method (0.96, CI: 0.92, 0.99). The NHT
scores identified the type of neurological defect in 96% (158/164) of patients.
CONCLUSIONS. The new NHT distinguished neurological field defects from those of glaucoma
and glaucoma suspects, providing accurate categorization of defect type. Its implementation
may identify unsuspected neurological disease in clinical visual field testing.
Keywords: glaucoma, visual field, neurological disease, neuro-ophthalmology, chiasm,
homonymous, bitemporal, algorithm

utomated visual field testing is important in the diagnosis
and management of diseases affecting the optic nerve and
visual pathway. A number of algorithms are now present in
commercial products to assist clinicians in the interpretation of
perimetry results, such as those implemented on the Humphrey Field Analyzer (HFA; Carl Zeiss Meditec, Dublin, CA),
including the mean deviation (MD), pattern standard deviation
(PSD), visual field index (VFI), and glaucoma hemifield test
(GHT).1,2 Additional investigational approaches to the analysis
of field data and field progressive worsening have been
reported using artificial neural networks analysis3–8 and
predictive models.9,10
We previously described an algorithm called the neurological hemifield test (NHT) to improve the detection of chiasmal
and postchiasmal visual field loss.11 The NHT is based on the
tendency for neurological disease at or posterior to the chiasm
to produce visual field defects that affect one side of the vertical
midline more than the other. This results from the typical
segregation at the chiasm of retinal ganglion cell (RGC) axons
arising nasal and temporal to a vertical line through the fovea,

with minor exceptions.12 These chiasmal and postchiasmal
neurological visual field defects can be classified as right or left
homonymous when the same side is affected in each eye, or as
bitemporal or binasal. While binasal defects occur rarely in
neurological disease, defects of both nasal field areas are more
characteristic of glaucomatous neuropathy, though these do not
typically respect the vertical midline.
The NHT uses pointwise data from the pattern deviation
analysis of the HFA instrument, much as the GHT compares
pointwise pattern deviation data from mirror image clusters
across the horizontal field meridian.13,14 The power of GHT
analysis to identify glaucoma injury derives from the tendency
of glaucoma damage to affect the upper field differently from
the lower field due to segregation of upper and lower RGC
axons at the optic disc. In developing the initial NHT, we found
a high sensitivity and specificity when comparing one group of
16 points in the left hemifield to the mirror image 16 points in
the right hemifield, separated by the vertical midline. Thus,
while the GHT compares any one or more of five clusters of

Copyright 2014 The Association for Research in Vision and Ophthalmology, Inc.
www.iovs.org j ISSN: 1552-5783

1017

A

Downloaded from tvst.arvojournals.org on 04/11/2021

IOVS j February 2014 j Vol. 55 j No. 2 j 1018

Development and Validation of an Improved NHT
TABLE 1. Patient Demographics by Diagnosis
Neurological,
n ¼ 211
Age
MD maximum
MD minimum
MD mean
Stroke
Chiasmal syndrome/tumor
Tumor
Vascular malformation
Trauma
Alzheimer disease
Demyelinative disease
Unknown cause
Optic tract lesion
Infection
Aneurysm
Hydrocephalus
Neurosurgical procedure

54.3
7.3
10.6
9.0

6
6
6
6

16.2
6.4
7.7
6.9

Glaucoma,
n ¼ 211
56.9
7.0
10.4
8.7

6
6
6
6

14.7
6.2
8.1
7.0

three to six points to each other, the NHT uses only a single,
larger cluster for comparison.
Our initial assessment of the NHT utilized the maximum
NHT score from the two eyes of a given subject to identify
defects that differed between the right and left hemifield. Even
this essentially monocular NHT rivaled the performance of
glaucoma and neuro-ophthalmology subspecialists who graded
the right and left eye data of the same patients to categorize
fields as either neurological or glaucomatous. To improve the
NHT further, we developed methods to analyze the visual field
data from both eyes of each patient with two goals: first, to
determine whether the inclusion of these data is helpful in
identifying a neurological pattern of damage; and second, to
categorize the pattern as either right/left homonymous or
bitemporal. We also assessed the performance of three
machine learning classifiers using NHT values as inputs.

METHODS
Patient Selection
This research was reviewed and approved by the Institutional
Review Board of the Johns Hopkins University School of
Medicine and abided by the tenets of the Declaration of
Helsinki. Visual field test results were identified from existing
records of patients at the Wilmer Ophthalmological Institute,
Johns Hopkins School of Medicine. Among 633 pairs of
bilateral field tests, one-third were from patients with a
chiasmal or postchiasmal lesion causing a bitemporal or a
homonymous field defect seen by Wilmer neuro-ophthalmologists from 1999 to 2012 (Tables 1, 2). Visual fields were
selected for inclusion based upon their reliability indices, with
the most reliable set of fields chosen for each subject. Any
studies in which only one eye was tested were excluded. When
multiple pairs of reliable fields were available for a given
patient, we chose the pair of fields with the subtlest defect as
determined by the lowest PSD value. The fields were not
filtered based upon the specific pattern of field loss, whether
complete or incomplete, congruous or incongruous. Junctional
scotomas were included. The clinical diagnosis and field type
were confirmed by a neuro-ophthalmologist (NRM or PSS)
from the history, examination, and neuroimaging studies.
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Suspects,
n ¼ 211

P Value:
Glaucoma vs.
Neurological

P Value:
Suspects vs.
Neurological

6
6
6
6

0.09
0.49
0.82
0.66

0.75
<0.0001
<0.0001
<0.0001

53.8
1.0
2.6
1.8

16.1
2.5
3.9
3.1

Neurological
Diagnoses

72
55
44
13
6
4
4
4
3
2
2
1
1

Glaucoma and glaucoma suspect fields were selected from a
database of visual fields from Wilmer Glaucoma Center of
Excellence patients seen from 1999 to 2007. We have
previously validated the diagnosis of glaucoma by chart review
of clinical data.15 The fields of glaucoma suspects were used
for comparison with glaucoma and neurological patients
because the testing of such suspects is a frequent reason for
performing perimetry. Therefore, they represent a realistic
control group for field tests occurring in the clinical setting
among whom unsuspected neurological disease might be
useful to identify.
For each neurological patient, we matched one glaucoma
and one glaucoma suspect case by age. In addition, we
required both the right and left visual fields from the glaucoma
subject to have an MD within 30% of the same eye in the
neurological field pair. Differences between neurological and
glaucoma/glaucoma suspect patients by age were not significantly different, by design (Table 1). Likewise, the MD values of
neurological and glaucoma patients were also insignificantly
different by design. The pointwise pattern deviation values
from each visual field were then used to calculate the NHT
score as described below.
The overall group of patients was expanded from the 276
patients in our initial report11 to a total of 633 patients. In
order to divide the patients into a training set and a validation
set for use with the machine learning classifiers, we placed
three patients in the training set for each patient in the
validation set, as suggested in prior publications.16
TABLE 2. Patient Distribution by Diagnosis in Training and Validation
Sets
Training
Set, n (%)
All
Glaucoma or glaucoma suspects
Neurological patients

Validation
Set, n (%)

474

159

316 (67)
158 (33)

106 (67)
53 (23)

43 (27)
115 (73)

12 (23)
41 (77)

Neurological diagnoses
Bitemporal
Homonymous

Development and Validation of an Improved NHT

IOVS j February 2014 j Vol. 55 j No. 2 j 1019

The neurological patient fields were classified by type
(bitemporal, right or left homonymous) by one of two neuroophthalmologists and were each consistent with the clinical
findings of the patient as to location of their central nervous
system disease.

Calculation of the NHT score
The NHT score was calculated as previously described from
scores assigned to the pattern deviation values of individual
field test points, grouped into two clusters on either side of the
vertical midline (Fig. 1). The NHT patterns do not include
points near the blind spot nor points in the nasal field that are
typically affected in glaucoma. In brief, the NHT score assigned
to each eye is calculated as the absolute value of the difference
between the sum of pointwise scores between these two
regions. Hence, if the pattern deviation values were normal on
both sides or equally abnormal on both sides, the score would
be low, while the greater the numerical value of the NHT, the
higher the likelihood of chiasmal or postchiasmal disease.
To improve on our prior algorithm, we now define the NHT
laterality score as the difference between the scores of the
right and left NHT regions in the visual field of a given eye,
retaining the positive or negative sign of the value (Fig. 1).
Since this value retains its sign, it is intended to distinguish
bitemporal from homonymous neurological damage. A person
with homonymous defects, for instance, will have NHT
laterality scores that have the same sign in both eyes, with
recognition of right or left homonymous by whether the sides
that are positive or negative are in the right or left halves of the
fields. Bitemporal defects would have NHT laterality scores of
opposite signs in the two eyes.

Construction of Models to Evaluate the New NHT
ANOVA was used to compare age, MD, PSD, and NHT scores
between diagnosis groups. ANOVA was also used to evaluate
differences between the three types of neurological disease:
bitemporal, left homonymous, and right homonymous. The
GHT asymmetry was also compared among the neurological
patients using Fisher’s exact test.
Receiver operating characteristic analysis was used to
evaluate the performance of each model with regard to
distinguishing subjects with neurological visual field defects
from those either diagnosed as glaucoma or as a glaucoma
suspect. The first classifier tested was logistic regression using
combinations of the single eye NHT scores as inputs
(maximum value between the two eyes, minimum value,
mean value, and sum of two absolute values). In addition, we
compared neurological with glaucoma/glaucoma suspect
groups in logistic models using the two NHT laterality scores
from a given subject combined with the previously defined
NHT score (absolute value). Models were created using the
training set of 474 patients, and then tested using the
validation set of 159 patients.
We additionally evaluated three machine learning algorithms as methods to distinguish neurological visual field
defects from those of glaucoma/glaucoma suspects. In this
analysis, we included not only the NHT scores from the point
cluster comparison groups in Figure 1, but also scores
calculated from six additional mirror image clusters that
included either fewer or more points than the standard cluster.
An NHT score was calculated for each of the six additional
patterns for each eye using the pattern deviation values for the
standard pattern, as well as only the superior or inferior points
for each of these clusters. The absolute cross-vertical difference
in the sum of these values was the NHT score. In addition to
the NHT score and NHT laterality scores, other candidate
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FIGURE 1. Clusters of visual field points compared by the NHT, on
either side of vertical midline, shown here outlined as dumbbell-shaped
regions in a right eye, 24-2 pattern. Scores proportional to the depth of
the defect are calculated for each point and then summed for each
region. Overall scores are then calculated as the difference between
nasal and temporal hemifields, either maintaining the sign (NHT
laterality score) or calculating the absolute value (NHT score). Open
circles indicate the points that fall in or near the blind spot, and which
are not included.

variables were provided to the algorithms, including the
individual pattern deviation values, the probability of pattern
deviation values, total deviation values, and the between eye
difference of the deviation values at each point using the
symmetric coordinates. These candidate-independent variables
were assessed in the following three models, developing their
algorithm in the training data set of 474 patients, and then
testing it in the validation set of 159 patients.
Model one was a decision tree model,17 which follows a
recursive algorithm that identifies a variable that best splits the
data into two groups. This process is then applied separately to
each subgroup recursively until the subgroups either reach a
minimum size or until no further improvement can be made.
The resulting model is represented as binary trees. Model two
was a random forest model18 created by the generation of
multiple decision trees, each giving a classification. The model
chooses the decision tree, or classification, that shows up most
frequently. Model three was the least absolute shrinkage and
selection operator (LASSO),19 a logistic regression model. Here,
the variables related to total deviation and pattern deviation
were not included because they are highly correlated with
variables generated from the probability of pattern deviation.
LASSO is a regression method that involves penalizing the
absolute size of the regression coefficients. As a result, some of
the parameter estimates may be exactly zero. The larger the
penalty applied, the further the estimates are shrunk toward
zero. The areas under ROC curves from different models were
compared using the method of DeLong et al.20
The analyses were performed with statistical software (Stata
version 12.1; StataCorp, College Station, TX; and R version
2.15.3; R Development Core Team, University of Auckland,
Auckland, New Zealand), with the rpart, randomForest, and
glmnet packages. P values  0.05 were considered statistically
significant.
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RESULTS
Our previous analysis found an AUC for the maximum NHT
score of 0.90 (confidence interval [CI]: 0.86, 0.94). A
maximum NHT score of 30 or more had a sensitivity of 87%
(CI: 78%, 93%) and specificity of 73% (CI, 66%–79%). Examples
of visual field test results and their maximum NHT scores for
the current data set are shown in Figure 2.
To allow evaluation of the machine learning classifiers, we
mixed two sets of matched neurological—glaucoma—glaucoma suspect triplets into two: a training set and a validation set.
The AUCs for the maximum NHT score and the sum of NHT
scores were similar to those previously determined with the
smaller published dataset (Table 3). The highest AUC was for a
model in which both the sum of NHT scores and the NHT
laterality score for right and left eyes were included
(significantly better than the sum of NHT scores alone for
training set, P < 0.001, v2 test).
The machine learning algorithms also had high AUC values
for separating neurological visual fields from glaucoma and
glaucoma suspect visual fields (Table 4). However, the AUC of
the decision tree, random forest, and LASSO algorithms did not
differ significantly from that of the logistic model of NHT sum
and laterality values (P ¼ 0.055, v2 test), though their values
were generally somewhat higher.
The range of sensitivity versus specificity values for
particular values of the maximum NHT score showed 89%
sensitivity and 72% specificity for a score of 30, 83%/91% at a
score of 50, and 75%/98% for a value of 70 (Table 5). The
positive predictive value (PPV) ranged from 62% using a
maximum NHT score of 30 to 95% for a maximum NHT score
of 70. The negative predictive value (NPV) ranged from 93% to
89% at these cutoffs, respectively.
We also sought to determine the ability of the NHT laterality
score to identify the specific type of neurological defect. The
first step in this process was to use a cutoff for the maximum
NHT score that would be a reasonable mix of sensitivity and
specificity. Using the score of 50 among all cases in both
datasets, 44/53 (83%) were correctly classified as neurological
patients (Table 6). Among the nine neurological patients that
were not captured by the cutoff, three (33%) were bitemporal,
four (45%) were left homonymous, and two (22%) were right
homonymous. With a maximum NHT score of 70 as the
dividing line, the correct differentiation of neurological cases
from glaucoma and glaucoma suspect cases was not substantially different from that of a score of 50 (Table 6).
One of the primary goals of this work was to enhance our
prior algorithm by classifying the pattern of neurological field
loss as bitemporal, right homonymous, left homonymous, or
binasal. These classifications were then compared with the
true clinical diagnosis. Among the training and validation
datasets combined, there were only six misclassifications for
the 164 neurological patients with the maximum NHT score ‡
50 (Table 7). There was near-perfect identification of the
homonymous hemianopic types, while five bitemporal cases
were classified as right homonymous and one left homonymous was classified as binasal. Among the 51 glaucoma and
glaucoma suspect patients with a maximum NHT score ‡ 50,
seven were diagnosed as bitemporal, nine as left homonymous,
and six as right homonymous; 29 were binasal.

DISCUSSION
We developed the NHT to aid clinicians in the recognition of
neurological patterns in visual fields for patients in whom such
defects might not otherwise have been noticed. In the original
report, in which we used the maximum NHT value between
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the two eyes of a subject, the metric performed similarly to
experienced clinicians in the separation of neurological from
glaucoma or glaucoma suspect fields. The present report
extends that evaluation of the NHT by generating a method in
which data from both eyes are included in the analysis in order
to identify the type of neurological field defect pattern
(homonymous, bitemporal). We also improved on our prior
analysis by including new cases and by evaluating the
performance of machine learning classifiers. The higher the
NHT score for a given pair of visual fields, the more likely that
neurological disease is to be the cause of the field findings.
In practical usage, the ‘‘ideal’’ ROC value may not be that
which most serves the pragmatic purpose of the NHT score.
We envision the NHT approach to be one in which clinicians
who are performing visual field testing for the most common
reason—identification of glaucomatous visual field loss—will
be alerted to an unexpected neurological defect in the field
test. If this is to be the purpose, then one would not choose a
criterion that is the most sensitive to neurological defects, nor
the point on the ROC curve closest to the (0,1) point on the
plot, but rather a criterion that is reasonably sensitive to
neurological findings, but highly specific. One should not be
unduly alarmed about the possibility that there is a neurological defect when the chance is very low. Thus, a maximum
NHT score in the range of 70 would seem appropriate to keep
the chance of false-positive alerting to central nervous system
disease below 2% to be the most useful. This threshold also
provides a reasonable positive predictive value of 95%.
However, there may be a role for providing the NHT score in
more subtle cases as a borderline finding meriting further
history or examination.
It was gratifying that the specific categorization of the type
of neurological defect was highly accurate (e.g., bitemporal,
homonymous right/left). While not perfect, this method would
point the clinician to some degree toward the proper location
for topographical diagnostic testing and etiology. While some
glaucoma eyes were above the NHT score criterion as
neurological, it is reassuring that more than 60% of these were
binasal defects. There are occasional neurological diseases,
such as dolichoectatic carotid arteries that give binasal defects,
but glaucoma is the overwhelmingly dominant reason for such
defects. Thus, the specificity of the topographical characterization of our binocular NHT algorithm not only helps to
identify such defects, but also gives their type.
We also evaluated three machine classifier algorithms as
methods to identify neurological field pattern as distinct from
glaucoma/glaucoma suspect. The LASSO method had the
highest AUC of all methods studied. While there were slightly
higher values of the AUC in ROC analysis for these methods,
there was no statistically significant increase in their predictive
value over the simpler NHT parameter. It might be considered
that these methods are more complicated to implement, since
they have multiple inputs from the field data. However, once
the coding to generate this large number of inputs is written,
the methods are rapidly implementable. As in other such
algorithms, however, the specific values that lead to segregation of neurological from non-neurological field findings are
not easily extracted.
While the NHT is promising for clinical use in detecting
chiasmal and postchiasmal field defects, the test was not
designed to replace clinician judgment. Additional clinical data,
including visual acuity, color vision, ophthalmoscopic appearance, and historical information, must be used to assist in this
differentiation. The NHT will also identify as abnormal visual
field defects produced by patients who intentionally simulate
quadrantanopia, hemianopia, and bitemporal defects.21 Due to
the protocol for threshold testing with the HFA instrument, a
subject who fails to respond to stimuli at the cardinal point in
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FIGURE 2. Examples of visual field defects caused by chiasmal injury. (A) A subtle example of a bitemporal defect with a maximum NHT score of 40.
(B) An example of a bitemporal defect with more significant abnormalities in a number of individual test locations, but with the same NHT score of
40 as the example in (A), due to abnormal points in the ‘‘unaffected’’ hemifield. (C) An example of a bitemporal defect with an NHT score of 51.
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TABLE 3. Summary of ROC Analysis for the Various NHT Parameters Using Training and Validation Datasets
Training, n ¼ 474
Predictors
NHT
NHT
NHT
NHT

AUC

maximum
sum
laterality right and left
sum, NHT laterality right and left

Validation, n ¼ 159

95% CI

0.88
0.89
0.69
0.92

0.85,
0.86,
0.64,
0.89,

AUC

0.92
0.92
0.75
0.95

95% CI

0.92
0.92
0.68
0.93

0.87,
0.87,
0.58,
0.88,

0.97
0.97
0.78
0.98

TABLE 4. Summary of ROC Analysis for the Machine Learning Classifiers Using Training and Validation Datasets
Training, n ¼ 474

Testing, n ¼ 159

Algorithm

AUC

95% CI

AUC

95% CI

Decision tree
Random forest
LASSO

0.95
1.00
0.95

0.93, 0.97
1.00, 1.00
0.93, 0.97

0.90
0.95
0.96

0.84, 0.96
0.92, 0.99
0.92, 0.99

TABLE 5. Sensitivity and Specificity for Detection of Neurological Visual Fields in the Validation Data Using Different Cutoffs in the Value of the
Maximum NHT Score Between Right and Left Eyes
NHT Maximum
30
35
40
50
55
65
70

Sensitivity

Specificity

PPV

NPV

0.89
0.87
0.85
0.83
0.79
0.77
0.75

0.72
0.78
0.84
0.91
0.95
0.97
0.98

0.62
0.67
0.73
0.81
0.89
0.93
0.95

0.93
0.92
0.91
0.91
0.90
0.89
0.89

TABLE 6. Distribution of Cases at Reasonable Cutoffs of the Maximum NHT Score Between Two Eyes or the Sum of the NHT Scores Between Two
Eyes

Group

NHT
Maximum
<50

NHT
Maximum
‡50

NHT Sum
<70

NHT Sum
‡70

Neurological, n (%)
Glaucoma, n (%)
Suspect, n (%)

9 (17)
43 (81)
52 (98)

44 (83)
10 (19)
1 (2)

9 (17)
42 (70)
52 (98)

44 (83)
11 (20)
1 (2)

TABLE 7. Categorization of Neurological Cases Using a Combination of the NHT Laterality Score and NHT Score
Neurological Type by Clinical Diagnosis
Neurological Type Using Binocular
NHT Scores
Bitemporal, n (%)
Left homonymous, n (%)
Right homonymous, n (%)
Binasal, n (%)
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Bitemporal

Left Homonymous

Right Homonymous

31 (86)
0
5 (14)
0

0
75 (99)
0
1 (1)

0
0
52 (100)
0
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each visual field quadrant at the beginning of the test will
subsequently receive only bright stimuli directed to that
quadrant. To ‘‘produce’’ a defect in that quadrant, one must
respond only to dim lights and not to bright ones. Such
artificially produced visual defects can be identical to true
neurological defects, and neither a clinician nor the NHT
would be able to determine that they were spurious without
further clinical history and evaluation.
In summary, the NHT can distinguish chiasmal and
postchiasmal visual field defects from defects caused by
glaucoma, and compares favorably with the performance of
subspecialists in discriminating neurological field defects.
Using the visual field information from both eyes, it can also
categorize the pattern as bitemporal or homonymous. We
believe this test will be most useful in the general eye care
setting, where neurological disease can be missed or mistaken
for other eye disease. The algorithms discussed here have the
potential to be included on perimetry machines and incorporated into clinical practice.
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