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Prediction of glaucomatous visual field progression
using artificial neural network
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Train group Test group p-value

Patients, count 3375 1249

Eyes, count 3918 1306

Laterality (right eye), count 1949 (50.3%) 645 (49.4%) 0.823
Age, years 56.5(11.7) 56.6 (11.8) 0.707
No. of HVF tests, count 8.73(2.83) 8.77 (3.05) 0.668
Follow-up time, years 7.24 (2.77) 7.27 (2.54) 0.669
Initial MD, dB” -3.96 (5.41) -4.09 (5.67) 0.478
Initial PSD, dB” 4.69 (4.05) 4.82 (4.17) 0.332
Initial VFI, %" 88.8 (16.7) 88.3(17.4) 0.319

*Arithmetic mean of three baseline tests

HVF: Humphrey visual field, MD: mean deviation, PSD: pattern standard deviation, VFI: visual field index

Numbers in the parentheses are standard deviations if not denoted otherwise.

M
o

#2. AOF T =at H A2 7| =

m

Not progressed Progressed p-value
Eyes, count 4897 327
Laterality (right eye), count 2419 (49.4%) 175 (46.5%) 0.149
Age, years 56.3 (11.6) 59.6 (12.4) <0.001"
No. of HVF tests, count 8.73 (2.86) 8.88(3.28) 0.423
Follow-up time, years 7.27(2.72) 6.82(2.57) 0.002"
Initial MD, dB -3.76 (5.44) -7.04 (5.19) <0.001"
Initial PSD, dB 4.54 (4.04) 7.50 (3.75) <0.001"
Initial VFI, % 89.3 (16.7) 79.8 (16.5) <0.001"

*statistically significant at p < 0.05 level **Arithmetic mean of three baseline tests

HVF: Humphrey visual field, MD: mean deviation, PSD: pattern standard deviation, VFI: visual field index

Numbers in the parentheses are standard deviations if not denoted otherwise.
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3‘0 6 )
= ® 600
= °
& 2
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—— AUC = 0.86 ' ,
0.0 ¥ ; . ; . Not progressed Progressed
0.0 0.2 0.4 0.6 0.8 1.0 Predicted label
1 - Specifity
H 3 HAEFOM ASAUET A MY3HEYSE 0|88 LY Wl 05 HE,
Sensitivity Specificity PPV NPV DOR Kappa’
Neural network model 0.54 0.90 0.29 0.96 10.57 0.31
Indices linear model 0.19 0.75 0.05 0.93 0.70 -0.03
Pointwise linear model 0.03 0.96 0.06 0.93 0.74 -0.01
Transformed pointwise linear model™ 0.21 0.80 0.07  0.93 1.06 0.01

* Cohen's kappa

**Visual field thresholds have been transformed using Gaussian mixture model before PLR and inverse-

transformed after regression.

PPV = positive predictive value, NPV = negative predictive value, DOR = diagnostic odds ratio



1ok

100

otof Mg s B 3712 AJofHA Aotz

oo

= ATO0IN

A 0f

S
o

.I

A
(il

0902 2 A Atk
D1!

o

(o]
PIN

=3
o g

=

=
= ==t 20| At= 9|

olE
o7} B& E=57(0f o2 Z0|

=

dR0l= & 29%01M HHZ

e
o
—

g2 =t
o| %

Of AlopZ
=0l AlOF
]

7| I

He

| 7

O Z o9

=

AUC 0.86
pS|

1Al

e
[
—

2 0] Af
ZISSH 24O LiEtGT
32

4

SN

t

o 2
—_ —

A=
T

I median kappa = 0.32

Of

MD
k2t
F

FSFRILE.

=X

o
e

De Moraes et al. Off (2™

| =LHE ZIEo| 7|&= 92l Glaucoma Change Probability (GCP) criteria Of

—

-1.46dB/3yrs 2F TAFS

3

C
8

F

o
[

I

=
L} H

-
o

F

A
(hll

b

=)
—_

2
MHo=

X

3|
q

-

—
=

X
o

3

X
o

JEo= i

=

=
= 2uE 7| ofHFH 2 ThAICt

Ol M= BH7LX| indexO|

= OFOl| A &

I

E 4= -0.03dB/monthZ 367}

e
o

(registration)O| L}

=

o
00|M 12

Sl 2~

=)

—
=

=

N
S E[ACLS27 A|OFHAO M= 2 "o Y& HX| =Lt

MD, PSD2} VFI

-

A0l 2o, 7| &0 22| AH&E[2 U= MD, PD, PSDet

0.5 dB/yr O]
X|O|Ck19 =LY Z 2hXIO| A MD, PSDR} VFIC| £=X| 3 H

b2

—
od
—

—
xSt

= _
=c}0]
HI C
=

AL
T

=

3

Ea

—_
AL 2|

HIAl

A0l A
OFZ|7tX| global indicesO| Al Ol = HE=o| Bzt7t {3o/0|5H A|OF

a

—

—

3

[ ]

=
MIZ}X] index & £71X| O]
ot

—

Z
ol B2 379 HAtRte ==

=
o)
L
—
[ox |
S
L

L—

MD
=

|12
o

[
—

I_%:ik El._20—22
~
=

=}

I

-
o
=

FCF7 2R

o

S

| EH7| 2Ot
F

My

a

F

EEHE X220 A median MD
1.08dB/3yrs 7} L8 Chg=0f &

7| EL CT, MRI, H2]
VFI 25 &5 AHCHO| A

UL = A0

FDAOA &9
Sff S E|

==l
x
9
o}
o
i



27t ALt = M= SFCHY AloFEALS] &= X7t

=

Io

PR} SFRALY.

10

M
i
Bt

A

X229

=
—

o
U
X0

—

jod

~NO

LT HC}

3

~O
<0
0

3

X

LI A

ojn

A|OFXtZ2E convolutional neural network (CNN)

=
—

A0l M
green, blue 2| 3 X & O|0|M Y = MSIACE A|AEA RS 2

=
[

= AlOFZH ARt

S
o

AlZl& €39 sliding window 2 &

19,24, 3EH0| Al

~

22t
za

-
o

37 Alofet 1 =

—

—

=

E
=

ol Al A

q

o

o
[s}

e Rt ]

A8 5L S|

A

i

A|OFE AL

7 oto] LHE BE

ojgiet ==

=X 2,

=

L 3 O|Ly

=
e

o
ol 7|

o

H

At
o

Atelof M2|olH, oA &

t7] <15H
O, AlOFZ

-
=ro
—

—

ol

=

=

7| 0{ELt. o

AlOEAIE S 1

—

FACH SEX|2H 2 X FSOlA A[OFHALZL

-
[e]

F

—

-

(s}
FAIAIE 2401 ALk =XrH Xt=zo| tHEX el of

=fr

Iso 2 H|
M

—

HEE FEA7I= 202 O|0{& £ ULE = AOM AHESH CNN 2¥ 2| =Lt
A

OtL|D AlOfEdol THEHE

2t A|OFZARZEO] A
1 B 2ol A

N
=
L

d

Ct.

Y

Efl(hidden state)E Sdlf 1tH Xt=o| E4

0
Kl
nr

Kl

.|

.|

OFOf| A

I
Jjo

X|
Ny B

Mo
ol

o

O L| A}t
- 1 O

{

—

-
O:

%g

C|10 QL2831 RNN A E 2H 9

tofl o 2{=0|

2
[S)

recurrent neural network (RNN)2| 7i'E0]| 1982 H=H0j| O|O] H|QE|RA S,

EOZ 2™ A7l long short term memory networks (LSTM)O|Lt 2014 Hof| =

AtZF M| Qtst gated recurrent units (GRU)

=

=

Ol
!
=]

=k

of &

XA X 2|0 M self-attention Bt 2 M= HEQAT}

K
<H
oF-

T0

ol

AT UL HEZ AAE

O,

ol
ot

of xt27t 40f

2 kL33 ofof H]

CHefe

=35

f

N



tX X}E 9|

Ol A
[=Ne)

271 of2{ 204, Zf 72l E X}0| 7t

I

Of A2 ofoj| ek

k=)

o

M
[517] QI3 HTE0| O RO{R| T QAL}s

A2t SHET| o2 §

o
—

ok A S| AlOFH ALR

o

O (noisy), 717t0| E21tAlst, B X&)

o

ot
LS

M A HezE B

0
g0l 2ot

Wen et al.

=

=

X
=

=
—

70

=

=

O 3712 AJoF HAL

AlE

=

AlZteiel AlotaAE S BE X0

=

—

Ct
OfHAM M2 .

Z+ZF
a4
-|

:_|:

A

=
=

Alof

=

—

FIHo AJOFH A} CHA

—

t7] A7Qt CNN 2 287310
s

= Aot RACHE HolM FAHI Ol

o=
ArBE o =M AlZHo]

q

=
=

ol
=]

d

o

Xpof 7t e
OlAFN
oo =

—

—

f

—

YSr7|of 2Lt

| AlOF

oto

O
tgst7] o2

H
[

of &7 d7oM=E 2=

o

AOR A £ =0 X}O[S

=

—

st7|

—

(=)

7t
M AIZEEHS] A[OFHALES O] 8o

=

=

—

—

£40]

|
AlOFZ£2| o]

A0l M

=}

B2
HH
o
0

m
N

|.
1

o
=]

F

—

X=0
O

—

—

AlOFH A} O] 2|0 &=

—

oz g0 AEE

X
=

.|

3

A &M

Al
=

—

)lkxl DI‘

AlOFH AR S O| 8ot

—

—

AT M= 5,224

A0l M
M=SaAl X =0 Chet =

=

7|Z=22 AUC 0.86 2120 M O O]

=
—

b ECF

|
pal

<

Xtz 9|

FA O]
1 =

e
o
=

KA AlOFEl 7t 8-S EESHA =0t ECf CHEAo|1 F

o
[«3N=]

10

o2 7|ty =t



F51 2 7oA M8 ASHUBTS ZAZ: 1 EHA 22 (A2 THA 22 (B)

(A) (B)

input: | [(None, 8, 9, 3,1)] Encoded through first model Original data
InputLayer
output: | [(None, 8,9, 3,1)]
nput: | [(None, 8,9, 3,1)] input: | [(None, 8,9, 3,1)]
InputLayer InputLayer
output: | [(None, 8,9, 3, 1)] output: | [(None, 8,9, 3,1)]
input: one, 8,9,3.1
Conv3D I o )
output: | (None, 8,9, 3, 16) -
input: | [(None, 8,9, 3, 1), (None, 8, 9, 3, 1)]
Subtract
output: (None, 8,9,3,1)
N o mput: | (None, 8,9, 3, 16) l
- output: | (None, 8,9, 3, 16)
input: one, 8,9,3,1 input: one, 8,9,3.1
Conv3D ; i ) Conv3D : o )
output: | (None, 8,9, 3, §) output: | (None, 8,9, 3, 8)
mput: | (None, 8,9, 3, 16)
ReLU
output: | (None, 8,9, 3, 16) - -
input: | (None, 8,9, 3, 8) nput: | (None, 8,9, 3, §)
ReLU ReLU
output: | (None, 8,9, 3, 8) output: | (None, 8, 9, 3, §)
nput: one, 8, 9,3, 16
Conv3D - L )
output: | (None, 8,9, 3, — P 2.9.5.3) — P 5.9.3.9)
input: one, 8,9, 3, input: one, 8,9, 3,
Conv3D L Conv3D !
output: | (None, 8,9, 3, 16) output: | (None, 8.9, 3, 16)
ik - mput: | (None, 8,9, 3, 32)
output: | (None, 8, 9, 3, 32) c— YT — YT
input: one, §,9,3, 1 input: one, 8,9, 3, 1
ReLU : ) ) ReLU 2 il )
output: | (None, 8, 9, 3, 16) output: | (None, 8, 9, 3, 16)
input: one, 8,9, 3, 32
ReLU P & )
output: | (None, 8,9, 3, 32) p—— o 5.9.3.10) p— T 5.9.3.10)
input: one, 8,9, 3, input: one, 8,9, 3,
Conv3D ! Conv3D -
output: | (None, 8,9, 3, 32) output: | (None, 8.9, 3, 32)
input: one, 8,9, 3, 32
Conv3D : o )
output: | (None, 8.9, 3, 64) - ™ 5.9.3.32) - ™ 5.9.3.32)
input: one, §,9,3,32 input: one, §,9,3,32
ReLU ! ReLU !
output: | (None, 8,9, 3, 32) output: | (None, 8,9, 3, 32)

o - input: | (None, 8,9, 3, 64) \ /
- output: | (None, 8,9, 3,64)

& o put: | ((None, 8,9, 3, 32), (None, 8, 9, 3, 32))
output: (None, 8.9, 3, 64)
input: one, 8.9, 3, 64
RelU l; t g 89164; l
output: one, 8,9, 3,
mput: | (None, 8, 9, 3, 64)
Flatten
output: (None, 13824)
input: one, 8,9, 3,64
Fiattel l t: (N(N 13824) )
output: one, 13
u input: | (None, 13824)
Dense
output: (None, 128)
put: | (None, 13824)
Dense
output: | (None, 4608)
input: | (None, 128)
Dense
l output: | (None, 2)
input: (None, 4608)
Reshape
output: | (None, 8, 9, 64)

)

input: | (None, 8, 9, 64)
output: | (None, 8, 9, 32)

:

mput: | (None, 8, 9, 32)
output: | (None, 8, 9, 16)

)

nput: | (None, 8, 9, 16)
output: | (None, 8,9,1)

Conv2DTranspose

Conv2DTranspose

Conv2DT;

P

11




Xt

1.

10.

11.

12.

23

(=)

Tham YC, Li X, Wong TY, et al. Global prevalence of glaucoma and projections of
glaucoma burden through 2040: A systematic review and meta-analysis.

Ophthalmology. 2014;121(11):2081-2090.
WHO. World Report on Vision. Vol 214.; 2019.
Quigley HA. Glaucoma. Lancet. 2011;377(9774):1367-1377.

Bengtsson B. Prediction of Glaucomatous Visual Field Loss by Extrapolation of

Linear Trends. Arch Ophthalmol. 2009;127(12):1610.

Wilkins MR, Fitzke FW, Khaw PT. Pointwise linear progression criteria and the
detection of visual field change in a glaucoma trial. £ye. 2006;20(1):98-106.

Shon K, Wollstein G, Schuman JS, et al. Prediction of glaucomatous visual field

progression: Pointwise analysis. Curr Eye Res. 2014;39(7):705-710.

Viswanathan AC, Crabb DP, McNaught Al et al. Interobserver agreement on visual
field progression in glaucoma: A comparison of methods. Br J Ophthalmol.

2003;87(6):726-730.

Taketani Y, Murata H, Fujino Y, et al. How Many Visual Fields Are Required to
Precisely Predict Future Test Results in Glaucoma Patients When Using Different

Trend Analyses? Investig Opthalmology Vis Sci. 2015;56(6):4076.

Devalla SK, Liang Z, Pham TH, et al. Glaucoma management in the era of artificial

intelligence. BrJ Ophthalmol. 2020;104(3):301-311.

Wen JC, Lee CS, Keane PA, et al. Forecasting future humphrey visual fields using

deep learning. PLoS One. 2019;14(4):1-14.

Anderson DR, Patella VM. Automated Static Perimetry. 2nd ed. St. Louis: Mosby;
1999.

Nordmann JP, Mesbah M, Berdeaux G. Scoring of visual field measured through

Humphrey perimetry: Principal component varimax rotation followed by validated

12



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

cluster analysis. Investig Ophthalmol Vis Sci. 2005;46(9):3169-3176.

Bengtsson B, Heijl A. A Visual Field Index for Calculation of Glaucoma Rate of

Progression. Am J Ophthalmol. 2008;145(2):343-353.

Pedregosa F, Varoquaux G, Gramfort A, et al. Scikit-learn: Machine Learning in
Python. J Mach Learn Res. 2011;12(85):2825-2830.
http://jmlir.org/papers/v12/pedregosalla.html.

Bishop C. Pattern Recognition and Machine Learning. New York: Springer; 2006.

Attias H. A Variational Bayesian Framework for Graphical Models. In: In Advances

in Neural Information Processing Systems 12. MIT Press; 2000:209-215.

Blei D, Jordan M. Variational inference for Dirichlet process mixtures. Bayesian

Anal. 2004;1(1).

Heijl A, Leske MC, Bengtsson B, et al. Reduction of intraocular pressure and

glaucoma progression. Evidence-Based Eye Care. 2003;4(3):137-139.

De Moraes CG, Liebmann JM, Levin LA. Detection and measurement of clinically
meaningful visual field progression in clinical trials for glaucoma. Prog Retin Eye

Res. 2017;56(1):107-147.

Rao HL, Senthil S, Choudhari NS, et al. Behavior of visual field index in advanced

glaucoma. Investig Ophthalmol Vis Sci. 2013;54(1):307-312.

Valente C, D'Alessandro E, lester M. Classification and Statistical Trend Analysis in

Detecting Glaucomatous Visual Field Progression. J Ophthalmol. 2019;2019.

Gardiner SK, Demirel S. Detecting Change Using Standard Global Perimetric Indices
in Glaucoma. Am J Ophthalmol. 2017;176:148-156.

Nishio M, Tanaka Y. Heterogeneity in pulmonary emphysema: Analysis of CT
attenuation using Gaussian mixture model. Fehrenbach H, ed. PLoS One.
2018;13(2):e0192892.

Yantao Song, Zexuan Ji, Quansen Sun. An extension Gaussian mixture model for

13



25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

brain MRI segmentation. In: 2014 36th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society. IEEE; 2014:4711-4714.

Ghazvinian Zanjani F, Zinger S, de With PHN. Deep Convolutional Gaussian Mixture
Model for Stain-Color Normalization of Histopathological Images. In: ; 2018:274-
282.

Liu C, Ma J, Ma Y, et al. Retinal image registration via feature-guided Gaussian

mixture model. J Opt Soc Am A. 2016;33(7):1267.

Nongpiur ME, Gong T, Lee HK, et al. Subgrouping of primary angle-closure
suspects based on anterior segment optical coherence tomography parameters.

Ophthalmology. 2013;120(12):2525-2531.

Sadouk L. CNN Approaches for Time Series Classification. In: Time Series Analysis -

Data, Methods, and Applications. IntechOpen; 2019.

Hopfield JJ. Neural networks and physical systems with emergent collective

computational abilities. Proc Nat!/ Acad Sci. 1982;79(8):2554-2558.

Hochreiter S, Schmidhuber J. Long Short-Term Memory. Neural Comput.
1997;9(8):1735-1780.

Chung J, Gulcehre C, Cho K, et al. Empirical Evaluation of Gated Recurrent Neural

Networks on Sequence Modeling. December 2014. http://arxiv.org/abs/1412.3555.

Vaswani A, Shazeer N, Parmar N, et al. Attention Is All You Need. CoRR.
2017;abs/1706.0. http://arxiv.org/abs/1706.03762.

Ismail Fawaz H, Forestier G, Weber J, et al. Deep learning for time series

classification: a review. Data Min Know! Discov. 2019;33(4):917-963.

Baytas IM, Xiao C, Zhang X, et al. Patient subtyping via time-aware LSTM networks.
Proc ACM SIGKDD Int Conf Know! Discov Data Min. 2017;Part F129685:65-74.

Che Z, Purushotham S, Cho K, et al. Recurrent Neural Networks for Multivariate

Time Series with Missing Values. Sci Rep. 2018;8(1):1-12.

14



36. RuanT, Lei L, Zhou Y, et al. Representation learning for clinical time series
prediction tasks in electronic health records. BMC Med Inform Decis Mak.

2019;19(Suppl 8):1-14.

15



Abstract

Purpose: To assess predictability of glaucomatous visual field (VF) progression using

artificial neural network.

Participants: A total of 5,224 eyes of 3,313 glaucoma patients who underwent regular

VF examination at the glaucoma clinic of Asan Medical Center between 1998 and 2018.

Methods: Eyes which had shown significant deterioration in at least two criteria based
on global indices (mean deviation MD worse than 1.46dB, pattern standard deviation
(PSD) 0.97dB, and visual field index (VFI) < -3.69%) in three years from the first test after
consecutive 3 baseline VF tests and the deterioration was kept after 3 years up to 6
years were classified as progression group. Three linear models, linear regression based
on global indices, pointwise linear regression (PLR) and PLR after transformation through
Gaussian mixed model were fitted with the three baseline tests. Predicted MD, PSD and
VFI at 3 years after baseline tests from linear models were calculated to determine
predicted progression. Neural network was constructed in two stages: first stage
consisting of three networks predicting visual field at one, two and three years after
baseline tests respectively, and the second stage predicting visual field progression using
three baseline tests and predicted three tests from the first stage. Linear and neural
network models were compared using sensitivity, specificity and diagnostic odds ratio
(DOR).

Results: Among 5224 eyes, 327 eyes were classified as progression group (5.92%).
Progression group had significantly higher age, worse initial MD, PSD and VFI than non-
progression group (p < .001 for all). Training set was constructed with 75% of eyes
(3,918 eyes) and remaining 25% of eyes (1,306 eyes) were used as test set. Of three
linear models, transformed PLR has performed the best with sensitivity of 0.21, specificity
of 0.80 and DOR of 1.06. The neural network model was significantly better with area
under the receiver operating characteristic curve (AUC) of 0.86 and sensitivity of 0.54 at

specificity 0.90 resulting in DOR of 10.57.

Conclusion: The neural network model has shown significantly better performance than

linear models for the prediction of the VF progression.
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