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Abstract
Diabetic macular edema (DME), a leading cause of vision impairment in diabetes, is primarily treated with intravitreal anti-vascular endothelial growth factor

(anti-VEGF)  injections.  However,  variable  treatment  response  rates  often  lead  to  persistent  edema  and  irreversible  vision  loss.  Accurate  prediction  of

treatment response is therefore critical for optimizing treatment strategies and preserving visual function. This review examines the application of artificial

intelligence (AI) to predict anti-VEGF treatment outcomes in DME. While optical coherence tomography (OCT) imaging has shown significant progress, the

potential of optical coherence tomography angiography (OCTA) and fluorescein angiography (FA) remains under-exploited. AI holds considerable promise

for  enhancing  predictive  accuracy.  Future  research  should  focus  on  multimodal  imaging  approaches  integrating  structural,  ischemic,  and  vascular

information to develop more accurate and reliable predictive models for personalized DME treatment.
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 Introduction

Diabetic  macular  edema (DME),  characterized by fluid accumula-
tion in the macular region, is the leading cause of vision impairment
in  diabetic  retinopathy  (DR)[1].  The  first-line  treatment  for  DME  is
intravitreal injection of anti-vascular endothelial growth factor (anti-
VEGF) agents. However, some patients do not respond well to initial
anti-VEGF  medications,  resulting  in  persistent  macular  edema[2].
Over  time,  prolonged  macular  edema  can  lead  to  damage  to
photoreceptors and retinal atrophy, which would cause irreversible
vision  loss.  Therefore,  it  is  crucial  to  identify  biomarkers  that  can
predict  the  effectiveness  of  anti-VEGF  treatment,  allowing  the
recognition  of  patients  at  risk  of  developing  refractory  macular
edema early on, thus leading to early combination with anti-inflam-
matory  treatments  or  initial  use  of  second-generation  therapies,
such as faricimab and 8 mg aflibercept. Optical coherence tomogra-
phy  (OCT)  is  a  widely  utilized  imaging  modality  in  medical  retina,
serving as a key tool for diagnosis and treatment evaluation in daily
clinical  practice.  Among  its  imaging  features,  central  subfoveal
thickness  (CST)  is  a  primary  anatomical  measure.  However,  CST
severity  shows limited predictive value for  treatment response and
demonstrates a weak correlation with visual acuity and outcomes[3].
In  recent  years,  artificial  intelligence  (AI)  has  been  increasingly
applied to various imaging modalities to aid in predicting anti-VEGF
treatment outcomes in DME. Traditional AI models primarily help to
quantify  image  biomarkers,  offering  efficiency  in  processing  vast
amounts  of  data.  AI's  potential  lies  in  its  ability  to  integrate  multi-
modal data (including clinical, demographic, and multimodal imag-
ing)  to  provide  a  more  comprehensive  assessment  of  patient  risk
and response to treatment. This integration may enhance personal-
ized  treatment  plans  by  allowing  clinicians  to  better  understand
individual  patient  characteristics  and  tailor  treatment  strategies
accordingly.  The  goal  of  this  review  is  to  summarize  the  current

state  of  AI-driven  prediction  of  anti-VEGF  treatment  outcome  in
DME  and  to  identify  the  existing  gaps  in  current  algorithms  and
clinical applications for further research.

 Methodology

To assess the current landscape of AI models related to anti-VEGF
treatment response in DME, a comprehensive literature review was
conducted  using  Google  Scholar  and  PubMed  for  the  period  from
January  1,  2019,  to  December  31,  2024.  The  search  strategy  incor-
porated  a  range  of  keywords,  including  'diabetic  macular  edema',
'anti-vascular  endothelial  growth  factor',  'prediction',  'treatment
response', 'optical coherence tomography', 'optical coherence tomo-
graphy  angiography',  'fluorescein  angiography',  'ultra-widefield
fluorescein  angiography',  'artificial  intelligence',  'machine  learning',
and 'deep learning'.  The selection was  limited to  articles  published
in  English.  Studies  focused  on  pathologies  other  than  DME  were
excluded  from  this  study.  Prediction  of  anti-VEGF  treatment  out-
comes in DME includes anatomical and/or visual function responses,
as well as treatment intervals. The narrative review includes all three
of these outcomes, as detailed in Table 1.

 AI-driven studies utilizing optical coherence
tomography (OCT) to predict anti-VEGF
treatment outcomes in DME

OCT  biomarkers  such  as  CST,  disorganization  of  retinal  inner
layers (DRIL), hyperreflective foci (HRF), ellipsoid zone (EZ) integrity,
and subretinal  Fluid (SRF)  dominate prediction models,  with estab-
lished  associations  to  anatomical  outcomes[17].  Predicting  visual
function  (visual  acuity)  is  more  complex  and  less  reliable  than  CST
changes  due  to  weak  correlations  between  structural  and  func-
tional  outcomes.  DRIL  is  strongly  associated  with  poor  visual  and

REVIEW
 

© The Author(s)
www.maxapress.com/vns

www.maxapress.com

mailto:gmstansw@nus.edu.sg
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
mailto:gmstansw@nus.edu.sg
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
https://doi.org/10.48130/vns-0025-0027
http://www.maxapress.com/vns
http://www.maxapress.com


  Ta
b

le
 1

.  
  S

um
m

ar
y 

of
 re

se
ar

ch
 a

rt
ic

le
s 

on
 a

p
p

lic
ab

ili
ty

 o
f A

I i
n 

D
M

E 
tr

ea
tm

en
t o

ut
co

m
e 

p
re

d
ic

tio
n.

Y
ea

r
A

u
th

o
rs

O
b

je
ct

iv
e

Im
ag

in
g

 m
o

d
al

it
y

u
se

d
D

at
as

et
s

A
I m

o
d

el
O

u
tc

o
m

e
p

re
d

ic
te

d
Pe

rf
o

rm
an

ce

20
24

B
ae

k 
et

 a
l.[4

]
G

en
er

at
e 

p
o

st
-t

re
at

m
en

t
O

C
T 

im
ag

es
, l

o
n

g
-t

er
m

an
at

o
m

ic
al

 p
re

d
ic

ti
o

n

O
C

T 
+

 fu
n

d
u

s
32

7 
D

M
E 

ey
es

 fr
o

m
 R

C
T

K
IN

G
FI

SH
ER

, o
n

e 
ye

ar
fo

llo
w

-u
p

G
A

N
s 

(C
yc

le
G

A
N

,
Pi

x2
Pi

xH
D

)
A

n
at

o
m

ic
al

PP
V

, s
en

si
ti

vi
ty

, s
p

ec
ifi

ci
ty

, a
n

d
 k

ap
p

a 
fo

r r
es

id
u

al
 fl

u
id

ra
n

g
in

g
 fr

o
m

 0
.5

00
 t

o
 0

.8
89

, 0
.4

55
 t

o
 1

.0
00

, 0
.3

57
 t

o
 0

.8
57

,
an

d
 0

.5
37

 t
o

 0
.9

29
. P

PV
, s

en
si

ti
vi

ty
, s

p
ec

ifi
ci

ty
, a

n
d

 k
ap

p
a

fo
r h

ar
d

 e
xu

d
at

e 
w

er
e 

ra
n

g
in

g
 fr

o
m

 0
.5

00
 t

o
 1

.0
00

, 0
.5

45
 t

o
0.

90
0,

 0
.6

00
 t

o
 1

.0
00

, a
n

d
 0

.6
42

 t
o

 0
.8

94
.

20
22

A
lr

ya
la

t 
et

 a
l.[5

]
Pr

ed
ic

t 
an

ti
-V

EG
F

an
at

o
m

ic
al

 re
sp

o
n

se
 (e

.g
.,

C
ST

 re
d

u
ct

io
n

)

O
C

T
10

1 
D

M
E 

p
at

ie
n

ts
, t

h
re

e
m

o
n

th
 fo

llo
w

-u
p

U
-N

et
, E

ff
ic

ie
n

tN
et

A
n

at
o

m
ic

al
Th

e 
cl

as
si

fic
at

io
n

 a
cc

u
ra

cy
 o

f c
la

ss
ify

in
g

 p
at

ie
n

ts
' i

m
ag

es
in

to
 g

o
o

d
 a

n
d

 p
o

o
r r

es
p

o
n

d
er

s 
w

as
 7

5%
.

20
24

M
en

g
 e

t 
al

.[6
]

Pr
ed

ic
t 

p
er

si
st

en
t 

D
M

E 
af

te
r

an
ti

-V
EG

F 
vi

a 
O

C
T-

o
m

ic
s

O
C

T
11

3 
ey

es
 fr

o
m

 8
2 

p
at

ie
n

ts
w

it
h

 D
M

E
RF

 +
 R

ad
io

m
ic

s
A

n
at

o
m

ic
al

Th
e 

lo
g

is
ti

c 
cl

as
si

fie
r a

ch
ie

ve
d

 a
 s

en
si

ti
vi

ty
 o

f 0
.9

04
,

sp
ec

ifi
ci

ty
 o

f 0
.7

41
, F

1 
sc

o
re

 o
f 0

.8
87

, a
n

d
 A

U
C

 o
f 0

.9
10

. T
h

e
SV

M
 c

la
ss

ifi
er

 s
h

o
w

ed
 a

 s
en

si
ti

vi
ty

 o
f 0

.9
23

, s
p

ec
ifi

ci
ty

 o
f

0.
66

7,
 F

1 
sc

o
re

 o
f 0

.8
81

, a
n

d
 A

U
C

 o
f 0

.8
97

. T
h

e 
B

PN
N

cl
as

si
fie

r e
xh

ib
it

ed
 a

 s
en

si
ti

vi
ty

 o
f 0

.9
62

, s
p

ec
ifi

ci
ty

 o
f 0

.9
26

,
F1

 s
co

re
 o

f 0
.9

62
, a

n
d

 A
U

C
 o

f 0
.9

82
. O

C
T-

o
m

ic
s 

sc
o

re
s 

w
er

e
p

o
si

ti
ve

ly
 c

o
rr

el
at

ed
 w

it
h

 t
h

e 
ra

te
 o

f d
ec

lin
e 

in
 C

ST
 a

ft
er

tr
ea

tm
en

t 
(P

ea
rs

o
n

's
 R

 =
 0

.4
4)

.
20

20
Ra

st
i e

t 
al

.[7
]

Pr
ed

ic
t 

an
ti

-V
EG

F
an

at
o

m
ic

al
 re

sp
o

n
se

 (p
o

st
-

tr
ea

tm
en

t 
re

ti
n

al
 t

h
ic

kn
es

s)

O
C

T
12

7 
su

b
je

ct
s 

tr
ea

te
d

 fo
r

D
M

E 
w

it
h

 t
h

re
e

co
n

se
cu

ti
ve

 in
je

ct
io

n
s 

o
f

an
ti

-V
EG

F 
ag

en
ts

d
ee

p
 C

N
N

A
n

at
o

m
ic

al
A

n
 a

ve
ra

g
e 

A
U

C
 o

f 0
.8

66
 in

 d
is

cr
im

in
at

in
g

 re
sp

o
n

si
ve

 fr
o

m
n

o
n

-r
es

p
o

n
si

ve
 p

at
ie

n
ts

, w
it

h
 a

n
 a

ve
ra

g
e 

p
re

ci
si

o
n

,
se

n
si

ti
vi

ty
, a

n
d

 s
p

ec
ifi

ci
ty

 o
f 8

5.
5%

, 8
0.

1%
, a

n
d

 8
5.

0%
.

20
20

C
ao

 e
t 

al
.[8

]
Pr

ed
ic

t 
an

ti
-V

EG
F

an
at

o
m

ic
al

 re
sp

o
n

se
 (g

o
o

d
re

sp
o

n
d

er
s 

vs
 b

ad
re

sp
o

n
d

er
)

O
C

T
71

2 
D

M
E 

ey
es

, t
re

at
ed

w
it

h
 t

h
re

e 
m

o
n

th
ly

co
n

se
cu

ti
ve

 in
tr

av
it

re
al

co
n

b
er

ce
p

t 
in

je
ct

io
n

s

O
C

T 
fe

at
u

re
 e

xt
ra

ct
io

in
-

C
N

N
, r

es
p

o
n

d
er

p
re

d
ic

ti
o

n
-R

F/
SV

M

A
n

at
o

m
ic

al
Th

e 
se

n
si

ti
vi

ty
, s

p
ec

ifi
ci

ty
 a

n
d

 A
U

C
 o

f r
es

p
o

n
d

er
 p

re
d

ic
ti

o
n

ta
sk

 w
as

 0
.9

00
, 0

.8
51

, a
n

d
 0

.9
23

.

20
22

X
u

 e
t 

al
.[9

]
G

en
er

at
e 

p
o

st
-t

re
at

m
en

t
O

C
T 

im
ag

es
, s

h
o

rt
-t

er
m

an
at

o
m

ic
al

 p
re

d
ic

ti
o

n

O
C

T
63

2 
p

ai
rs

 o
f p

re
-

th
er

ap
eu

ti
c 

an
d

 p
o

st
-

th
er

ap
eu

ti
c 

O
C

T 
im

ag
es

o
f p

at
ie

n
ts

 w
it

h
 D

M
E

G
A

N
(p

ix
2p

ix
H

D
)

A
n

at
o

m
ic

al
Th

e 
M

A
E 

o
f t

h
e 

C
M

T 
b

et
w

ee
n

 t
h

e 
sy

n
th

et
ic

 O
C

T 
im

ag
es

an
d

 t
h

e 
ac

tu
al

 im
ag

es
 w

as
 2

4.
51

 ±
 1

8.
56

 μ
m

.

20
22

X
ie

 e
t 

al
[1

0]
Pr

ed
ic

t 
B

C
V

A
, C

ST
 re

d
u

ct
io

n
u

si
n

g
 O

C
T

O
C

T
n 

=
 2

54
, m

u
lt

i-n
at

io
n

co
h

o
rt

, s
ix

 m
o

n
th

s
SV

M
, R

F
Fu

n
ct

io
n

al
an

d
an

at
o

m
ic

al

Th
e 

A
C

C
 a

n
d

 A
U

C
 o

f s
tr

u
ct

u
ra

l p
re

d
ic

ti
o

n
s 

o
f r

et
in

al
p

ig
m

en
t 

ep
it

h
el

ia
l d

et
ac

h
m

en
t 

w
er

e 
cl

o
se

 t
o

 1
.0

00
. T

h
e

M
A

E 
an

d
 M

SE
 o

f v
is

u
al

 a
cu

it
y 

p
re

d
ic

ti
o

n
s 

w
er

e 
n

ea
rl

y 
0.

3 
to

0.
4 

lo
g

M
A

R.
 T

h
e 

A
C

C
 o

f t
re

at
m

en
t 

p
la

n
 re

g
ar

d
in

g
co

n
ti

n
u

o
u

s 
in

je
ct

io
n

 w
as

 a
p

p
ro

ac
h

in
g

 7
0%

20
20

Li
u

 e
t 

al
.[1

1]
Pr

ed
ic

t 
C

ST
 a

n
d

 B
C

V
A

o
u

tc
o

m
es

 p
o

st
 t

h
re

e
in

je
ct

io
n

s

O
C

T
M

u
lt

i-
ce

n
te

r c
o

h
o

rt
, 3

63
O

C
T 

im
ag

es
 a

n
d

 7
,5

87
cl

in
ic

al
 d

at
a 

re
co

rd
s 

fr
o

m
36

3 
ey

es

En
se

m
b

le
 (R

F 
+

 D
L)

Fu
n

ct
io

n
al

an
d

an
at

o
m

ic
al

Fo
r C

FT
 p

re
d

ic
ti

o
n

, M
A

E,
 R

M
SE

, a
n

d
 R

2 w
as

 6
6.

59
, 9

3.
73

,
an

d
 0

.7
1 

in
 t

h
e 

tr
ai

n
in

g
 s

et
, w

it
h

 a
n

 A
U

C
 o

f 0
.9

0 
fo

r
d

is
ti

n
g

u
is

h
in

g
 t

h
e 

ey
es

 w
it

h
 g

o
o

d
 a

n
at

o
m

ic
al

 re
sp

o
n

se
. F

o
r

B
C

V
A

 p
re

d
ic

ti
o

n
, M

A
E,

 R
M

SE
, a

n
d

 R
2 w

as
 0

.1
9,

 0
.2

9,
 a

n
d

0.
60

, i
n

 t
h

e 
tr

ai
n

in
g

 s
et

, w
it

h
 a

n
 A

U
C

 o
f 0

.8
0 

fo
r

d
is

ti
n

g
u

is
h

in
g

 e
ye

s 
w

it
h

 a
 g

o
o

d
 fu

n
ct

io
n

al
 re

sp
o

n
se

.
20

22
Z

h
an

g
 e

t 
al

.[1
2]

Pr
ed

ic
t 

V
A

 o
n

e 
m

o
n

th
 a

ft
er

an
ti

-V
EG

F 
th

er
ap

y
O

C
T 

(f
ea

tu
re

s
ex

tr
ac

te
d

 m
an

u
al

ly
)

+
 c

lin
ic

al
 d

at
a

28
1 

D
M

E 
ey

es
lin

ea
r r

eg
re

ss
io

n
 +

 R
F

re
g

re
ss

io
n

Fu
n

ct
io

n
al

Fo
r t

h
e 

p
re

d
ic

ti
o

n
 o

f V
A

 v
ar

ia
n

ce
 a

t 
o

n
e 

m
o

n
th

, t
h

e 
M

A
Es

w
er

e 
0.

16
4–

0.
16

9 
lo

g
M

A
R,

 a
n

d
 t

h
e 

M
SE

s 
w

er
e 

0.
05

6–
0.

05
9

lo
g

M
A

R.
20

24
W

an
g

 e
t 

al
.[1

3]
Pr

ed
ic

t 
B

C
V

A
 p

o
st

-a
n

ti
-V

EG
F

th
er

ap
y 

in
 t

el
em

ed
ic

in
e

O
C

T 
+

 c
lin

ic
al

/
d

em
o

g
ra

p
h

ic
 d

at
a

A
PT

O
S 

20
21

 D
at

as
et

, p
re

-
tr

ea
tm

en
t 

an
d

 p
o

st
-

tr
ea

tm
en

t 
28

64
 O

C
T

im
ag

es
 o

f 2
21

 p
at

ie
n

ts

Se
m

i-
su

p
er

vi
se

d
 C

N
N

Fu
n

ct
io

n
al

A
cc

u
ra

cy
 o

f V
A

 p
re

d
ic

ti
o

n
 3

8.
18

%
, M

A
E 

0.
10

6,
 R

M
SE

 0
.1

41
,

R2 0
.7

22

20
22

K
ar

 e
t 

al
.[1

4]
Pr

ed
ic

t 
an

ti
-V

EG
F 

B
C

V
A

o
u

tc
o

m
es

 (r
es

p
o

n
d

er
s 

vs
n

o
n

-r
es

p
o

n
d

er
)

U
W

FA
+

O
C

T
D

M
E 

ey
es

 fr
o

m
 t

h
e

PE
RM

EA
TE

 s
tu

d
y 

(2
9 

ey
es

fo
r U

W
FA

 s
tu

d
y 

an
d

 2
8

ey
es

 fo
r O

C
T 

st
u

d
y)

Re
sN

et
50

, R
es

N
et

10
1,

In
ce

p
ti

o
n

-v
3 

an
d

D
en

se
N

et
20

1

Fu
n

ct
io

n
al

Th
e 

b
es

t 
p

er
fo

rm
in

g
 D

L 
m

o
d

el
 h

ad
 a

 m
ea

n
 A

U
C

 o
f 0

.5
07

 ±
0.

04
2 

o
n

 U
W

FA
 im

ag
es

, a
n

d
 h

ig
h

es
t 

o
b

se
rv

ed
 A

U
C

 o
f 0

.5
03

fo
r f

lu
id

-c
o

m
p

ar
tm

en
ta

liz
ed

 O
C

T 
im

ag
es

.

20
21

Pr
as

an
n

a 
et

 a
l.[1

5]
Pr

ed
ic

ti
n

g
 t

h
er

ap
eu

ti
c

d
u

ra
b

ili
ty

 o
f i

n
tr

av
it

re
al

af
lib

er
ce

p
t 

in
je

ct
io

n

U
W

FA
13

 e
ye

s 
w

it
h

 D
M

E 
an

d
 1

4
ey

es
 w

it
h

 R
V

O
 fr

o
m

 t
h

e
PE

RM
EA

TE
 s

tu
d

y

M
ac

h
in

e 
le

ar
n

in
g

Fu
n

ct
io

n
al

Th
e 

cr
o

ss
-v

al
id

at
ed

 A
U

C
 w

as
 0

.7
7 

±
 0

.1
4 

u
si

n
g

 b
as

el
in

e
le

ak
ag

e 
d

is
tr

ib
u

ti
o

n
 fe

at
u

re
s 

an
d

 0
.7

3 
±

 0
.1

0 
fo

r t
h

e 
U

W
FA

b
as

el
in

e 
to

rt
u

o
si

ty
 m

ea
su

re
s.

20
21

G
al

la
rd

o
 e

t 
al

.[1
6]

Pr
ed

ic
t 

lo
w

 a
n

d
 h

ig
h

tr
ea

tm
en

t 
d

em
an

d
 in

p
at

ie
n

ts
 w

it
h

 D
M

E

O
C

T+
d

em
o

g
ra

p
h

ic
d

at
a

33
3 

ey
es

 (2
85

 p
at

ie
n

ts
)

w
it

h
 R

V
O

 o
r D

M
E

RF
Tr

ea
tm

en
t

in
te

rv
al

M
ea

n
 A

U
C

 o
f 0

.7
6 

an
d

 0
.7

8 
fo

r l
o

w
 a

n
d

 h
ig

h
 d

em
an

d
 in

RV
O

 a
n

d
 D

M
E 

m
o

d
el

.

PP
V

, P
o

si
ti

ve
 P

re
d

ic
ti

ve
 V

al
u

e;
 R

C
T,

 R
an

d
o

m
iz

ed
 C

o
n

tr
o

lle
d

 T
ri

al
; G

A
N

, G
en

er
at

iv
e 

A
d

ve
rs

ar
ia

l N
et

w
o

rk
; C

N
N

, C
o

n
vo

lu
ti

o
n

al
 N

eu
ra

l N
et

w
o

rk
; R

F,
 R

an
d

o
m

 F
o

re
st

; S
V

M
, S

u
p

p
o

rt
 V

ec
to

r M
ac

h
in

e;
 M

SE
, M

ea
n

 S
q

u
ar

ed
 E

rr
o

r; 
M

A
E,

M
ea

n
 A

b
so

lu
te

 E
rr

o
r; 

RM
SE

, R
o

o
t 

M
ea

n
 S

q
u

ar
ed

 E
rr

o
r, 

D
L:

 D
ee

p
 L

ea
rn

in
g

.

  AI for predicting DME treatment response

Page 2 of 7   Cao et al. Visual Neuroscience 2025, 42: e027



anatomical  outcomes[18−20].  The  presence of  HRF is  linked to  favor-
able  anti-VEGF  outcomes  if  reduced  post-treatment.  EZ  integrity  is
correlated  with  visual  improvement,  with  disruption  of  the  EZ
suggesting poorer treatment outcomes[21,22].  The presence of base-
line SRF is associated with favorable visual outcomes in some cases,
but  this  has  been  inconsistently  validated  across  studies[23].  More-
over,  chronic  large  cysts  and  central  thickness  reductions  are  core
but insufficient as stand-alone predictors for DME.

 AI-based OCT biomarker automation and fluid
quantification

As the manual  interpretation of  OCT B-scan images  for  DME can
be  time-consuming  and  error-prone,  research  focused  on  AI-
assisted  OCT  biomarker  identification  has  emerged.  Midena  et  al.
validated  an  AI  algorithm  for  identifying  and  quantifying  different
major  OCT biomarkers  (IRF,  SRF,  ELM,  EZ integrity,  and HRF)  in  303
DME eyes. The accuracy of the automatic quantification of IRF, SRF,
ELM, and EZ ranged between 94.7% and 95.7%, while the accuracy
of  quality  parameters  ranged  between  99.0%  and  100.0%[24].
Tripathi  et  al.  investigated  an  AI-driven  system  that  can  extract
specific  biomarkers  such  as  DRIL,  HRF,  and  cystoids  from  OCT
images, and DME severity can be determined using these automati-
cally  detected  features[25].  AI  algorithm  is  promising  in  providing  a
reliable  and  reproducible  assessment  of  the  most  important  OCT
biomarkers  in  DME,  allowing  clinicians  to  routinely  identify  and
quantify these parameters[5].

Cao et al.  used auto-segmented HRD, SRF,  and IRF from baseline
OCT images and a self-explainable machine learning (ML) model to
predict the initial anti-VEGF therapeutic responsiveness of DME[8]. In
a  post  hoc  analysis  of  DRCR  Protocol-T,  IRF  and  SRF  volumes  were
automatically  quantified  using  deep  learning  during  anti-VEGF
treatment,  and  their  changes  were  correlated  with  visual  acuity
outcomes[23].  Gallardo  et  al.  adopted  morphological  features  auto-
matically extracted from the OCT volumes at baseline and after two
consecutive  visits,  as  well  as  patient  demographic  information,  to
train  random  forest  models  to  predict  the  probability  of  the  long-
term treatment demand of DME and retinal vein occlusion (RVO)[16].
Their ML model achieved a mean AUC of 0.76 and 0.78 for low and
high  demand  for  RVO  and  DME.  Michl  et  al.  used  deep  learning  to
analyze  macular  fluid  volumes  (localisation  and  quantification  of
IRF/SRF) and treatment response in anti-VEGF therapy across multi-
ple  retinal  conditions,  and  they  found  a  specific  anatomical
response of IRF/SRF to anti-VEGF therapy in DME[26]. Therefore, auto-
mated  quantification  of  IRF  and  SRF  provides  a  more  comprehen-
sive  observation  for  monitoring  DME  treatment  efficacy,  which
is  beneficial  for  studies  on  the  predictive  effectiveness  of  DME
treatment.

 Emerging radiomics-based assessment of OCT

In addition to the established OCT biomarkers mentioned above,
textural-based  OCT  radiomics  features  represent  another  area  of
exploration. Radiomics refers to the extraction and analysis of exten-
sive  advanced  quantitative  imaging  features  from  medical  images
using  computer  vision  and  image  processing  techniques.  Numer-
ous works  in  oncology have used texture-based radiomics  features
from  different  tumor  subcompartments  to  predict  treatment
response  across  a  range  of  cancer  types.  Ehlers  et  al.  extracted
radiomic features from each of the fluid compartments (IRF and SRF)
and various retinal tissue compartments on SD-OCT scans obtained
from the PERMEATE clinical trial[14,15].  In this trial,  eyes were treated
with 2 mg intravitreal aflibercept injection q4 weeks for the first six

months, and then administered q8 weeks at months eight, ten, and
12.  'Non-rebounders'  were  eyes  that  maintained/improved  BCVA
following  the  first  8-week  challenge,  while  'rebounders'  were  eyes
that  exhibited  at  least  one  letter  worsening  in  BCVA  following  the
first 8-week challenge.

Top-performing features selected from the consensus of different
feature selection methods were evaluated in conjunction with four
different ML classifiers to distinguish eyes tolerating extended inter-
val  dosing  and  those  requiring  more  frequent  dosing.  Eventually,
they found that the combination of fluid and retinal tissue features
yielded  a  cross-validated  AUC  of  0.78  ±  0.08  in  distinguishing
rebounders from non-rebounders, and the texture-based radiomics
features  pertaining to  IRF  subcompartment  were  most  discriminat-
ing between rebounders and non-rebounders to anti-VEGF therapy.
Meng  et  al.  used  radiomics  features  derived  from  the  segmented
OCT images using the Pyradiomics module within the 3D Slicer soft-
ware, as well as clinical data, to develop and evaluate an OCT-omics
prediction  model  for  assessing  anti-VEGF  treatment  response  in
patients with DME[6]. The OCT-omics scores were significantly higher
in the non-persistent DME group than in the persistent DME group
and  were  also  positively  correlated  with  the  rate  of  decline  in  CST
after treatment. These findings highlighted the predictive power of
the pretreatment OCT-omics in assessing the prognosis of DME.

 Deep learning models using OCT scans as input
to predict treatment outcome

Deep  learning  techniques  are  increasingly  being  used  in  OCT
scans  to  predict  treatment  responses  in  DME.  Rasti  et  al.  designed
and evaluated a deep convolutional neural network using pre-treat-
ment  OCT  scans  as  input  and  differential  retinal  thickness  as
output[7].  The  algorithm  achieved  an  average  AUC  of  0.866  in
discriminating  responsive  from  non-responsive  patients,  with  an
average  precision,  sensitivity,  and  specificity  of  85.5%,  80.1%,  and
85.0%,  respectively.  This  study demonstrated the effectiveness of  a
deep  learning-based  automated  system  in  predicting  anti-VEGF
treatment  response  directly  using  pretreatment  OCT  scans,  poten-
tially streamlining patient management.

 Generative adversarial networks (GANs) applied
to OCT for predicting anti-VEGF therapy
outcomes in DME

GANs are  a  type of  deep learning model  made up of  two neural
networks—a  generator  and  a  discriminator—that  compete  in  a
minimax game.  The generator  creates synthetic  data (e.g.,  images),
while the discriminator tries to distinguish real data from generated
data.  GANs support tasks such as data augmentation, super-resolu-
tion,  segmentation,  and  disease  progression  prediction  in  numer-
ous  medical  specializations.  In  DME  cases,  GANs  have  been  effec-
tively applied to OCT imaging to predict both short-term and long-
term  outcomes  of  anti-VEGF  therapy.  Xu  et  al.  used  a  pix2pixHD
GAN to predict post-therapy OCT changes, particularly edema reso-
lution,  based  on  pre-treatment  OCT  images[9].  Metrics  like  mean
absolute  error  (MAE)  of  central  macular  thickness  (CMT)  demon-
strated precise alignment with real outcomes. Alryalat et al. applied
multiple  GAN  architectures  (CycleGAN,  UNIT,  Pix2PixHD,  RegGAN)
for  predicting  residual  fluid  and  hard  exudates  at  52  weeks  using
multi-time-point OCT datasets[4]. The approach improved predictive
accuracy  by  incorporating  temporal  OCT  data  (weeks  4/12,
augmenting  baseline)  and  provided  clinically  useful  outputs.  The
application  of  GANs  to  OCT  imaging  for  predicting  anti-VEGF
outcomes in DME is promising, but challenges in dataset scalability
and model interpretability remain to be addressed.
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 AI approaches combining OCT and clinical data

AI frameworks integrating OCT images/biomarkers with systemic
variables  helped  to  improve  the  prediction  of  anti-VEGF  treatment
outcomes. Liu et al. used deep learning on OCT images and classical
ML  on  OCT-derived  features/clinical  variables  to  predict  post-treat-
ment central foveal thickness (CFT) and best-corrected visual acuity
(BCVA)[11]. A machine learning system was used to predict anti-VEGF
outcomes using OCT/clinical data. For CFT prediction, they achieved
an  area  under  the  receiver  operating  characteristic  curve  (AUC)  of
0.90 for distinguishing eyes with a good anatomical response. Wang
et al. proposed a multimodal algorithm based on a semi-supervised
learning  framework,  combining  OCT  images  and  clinical  data  to
automatically predict the VA values of DME patients after anti-VEGF
treatment.  They  achieved  accuracy  scores  of  65.2%  for  CST  predic-
tion and 33.04% for VA prediction[13].

 AI-driven studies utilizing fluorescein
angiography (FA)/ultra-wide-field FA (UWFA) to
predict anti-VEGF treatment outcomes in DME

While  OCT  is  widely  used  to  evaluate  structural  changes  during
treatment,  FA/UWFA  provides  critical  information  on  retinal  perfu-
sion and vascular integrity. FA visualizes retinal vasculature in detail,
capturing  leakage,  capillary  dropout,  and  microaneurysms.  These
vascular abnormalities are key determinants of disease severity and
response  to  anti-VEGF  therapy.  Leakage  observed  on  FA  has  been
widely studied as a predictor of anti-VEGF response in DME. Several
studies  reported  that  leakage  patterns—classified  as  focal  (micro-
aneurysm-associated)  vs  diffuse  (wide,  non-microaneurysm-
associated)—are  central  predictive  markers.  Microaneurysm
(MA)-associated focal leakage has been consistently linked to better
anti-VEGF  response,  as  it  primarily  reflects  VEGF-driven  vascular
activity[27,28]. Residual or persistent leaking MAs, however, are corre-
lated with incomplete treatment response or residual edema, espe-
cially  in  refractory  cases[29].  Diffuse  leakage  is  associated  with
suboptimal treatment outcomes, likely reflecting chronic vascular or
inflammatory  damage  that  does  not  fully  respond  to  VEGF  inhibi-
tion  alone[30].  Quantitative  analyses  of  leakage  distribution  have
shown  that  diffuse  leakage  requires  more  frequent  injections  and
longer treatment timelines to achieve partial resolution[31].

Macular ischemia (MI), defined as an enlargement of the FAZ and
perifoveal  capillary  loss,  is  another  important  clinical  feature  in  DR.
Zheng  et  al.  developed  software  for  automated  measurements  of
the  FAZ  on  FA  photos,  which  demonstrated  good  reproducibility
and a linear correlation with manual grading by retina specialists[32].
Ischemia  markers  appear  to  limit  visual  recovery  and  anatomical
improvements  with  anti-VEGF  therapy.  Studies  consistently  show
that enlarged FAZ or perifoveal capillary loss strongly predicts poor
outcomes  following  anti-VEGF  therapy[30].  Macular  ischemia  results
in irreversible  damage to the retinal  structure and reduced oxygen
supply, limiting the potential for VEGF suppression to restore retinal
function.

UWFA expands imaging coverage to the peripheral retina, allow-
ing  for  panretinal  assessment  of  nonperfusion  and  vascular  abnor-
malities. Semi-automated or fully automated tools focus on measur-
ing  metrics  such  as  leakage  area,  leakage  intensity,  retinal  vascular
bed  area  (RVBA),  and  nonperfusion  indices  to  standardize
predictions[33]. Quantitative leakage analysis via segmentation algo-
rithms  has  demonstrated  significant  correlations  between  leakage
extent  and  treatment  responses.  Baseline  and  treatment-induced
changes  in  leakage  have  also  been  quantitatively  assessed  to  eva-
luate  therapy  responsiveness.  RVBA,  a  novel  metric  from  UWFA,

correlated  with  macular  volume  improvement  and  baseline  non-
perfusion  index[34].  However,  peripheral  ischemia  and  global
nonperfusion  assessed  via  UWFA  do  not  strongly  correlate  with
anti-VEGF response in  all  studies,  reflecting variability  in  peripheral
leakage relevance[34,35].

Recent studies have employed AI and deep learning algorithms to
analyze  fluorescein  angiograms  for  correlations  with  anti-VEGF
outcomes. ML algorithms have been applied to large UWFA datasets
to  segment  features  like  leakage  and  vascular  tortuosity,  demon-
strating  potential  for  predicting  treatment  interval  lengths  in
DME[36]. Dong et al. applied deep learning to UWFA images, classify-
ing  patients  based  on  their  ability  to  tolerate  extended  anti-VEGF
dosing intervals[36]. Their findings emphasized the role of peripheral
non-perfusion  zones  and  leakage  area  as  critical  biomarkers  for
stratifying treatment responders vs non-responders. Textural-based
radiomics features were also explored in UWFA to predict therapeu-
tic response[25,26]. Firstly, UWFA scans were evaluated using an auto-
mated vessel  and leakage segmentation platform, and a panretinal
vascular  skeletonised  map  and  leakage  localisation  masks  were
generated.  The  masks  were  then  exported  for  further  computa-
tional  analysis,  which  involved  quantitative  measures  of  leakage
shape/spatial  distribution  and  quantitative  measures  of  vessel  tor-
tuosity.  Eventually,  two  new  computer-extracted  radiomics-based
imaging  biomarkers  derived  from  UWFA  for  the  prediction  of
extended  interval  tolerance  to  intravitreal  anti-VEGF  aflibercept
treatment  for  DME[15].  However,  further  efforts  are  needed to  stan-
dardize quantitative metrics in UWFA, and deep learning models for
FA/UWFA should be validated against clinical outcomes using large,
multi-site datasets.

 AI-driven studies utilizing optical coherence
tomography angiography (OCTA) to predict anti-
VEGF treatment outcomes in DME

OCTA  is  a  noninvasive  imaging  technique  that  can  quickly  and
noninvasively  capture  high-resolution  images  of  all  the  vascular
layers of the retina and choroid. In contrast to FA, OCTA images are
not  obscured  by  hyperfluorescence  from  dye  leakage,  and  there-
fore,  they  can  generate  high  contrast,  well-defined  images  of  the
microvasculature.  OCTA-based  biomarkers,  particularly  baseline
vessel  density  (VD)  and  foveal  avascular  zone  (FAZ)  metrics,  have
shown strong predictive value for  anti-VEGF treatment response in
DME[37,38].  Higher  baseline  VD,  especially  in  the  superficial  capillary
plexus  (SCP),  is  consistently  associated  with  better  visual  and
anatomical  outcomes[38,39].  The  foveal  avascular  zone  (FAZ)  is
another prominent feature in OCTA images of the macula. The size,
shape,  and  fragmentation  status  of  the  FAZ  serve  as  potential  bio-
markers.  Smaller  FAZ  area  and  more  regular  FAZ  contours  predict
favorable  treatment  responses[39,40].  In  addition,  improved  per-
fusion density (PD) in SCP is linked to responder status, with higher
SCP PD noted in responders[38].

Microaneurysms  detected  by  OCTA  might  serve  as  a  biomarker
for  a  short-term clinical  response to  anti-VEGF treatment,  although
further validation is required, as MAs were manually selected by the
examiner[40].  Intercapillary  area  (ICA),  assessed  by  customised
MATLAB  software,  was  a  significant  predictor  of  macular  thickness
outcomes  after  intravitreal  anti-VEGF  therapy  in  initially  treatment-
naïve eyes with DME[41].  A lower vessel  diameter index in the deep
capillary  plexus  (DCP)  has  also  been  observed  in  responders
compared to non-responders[38].

Diabetic  macular  ischemia  (DMI)  involves  capillary  nonperfusion
and reduced blood flow in the macula, leading to ischemic damage.
Some  studies  suggested  that  severe  DMI  may  be  associated  with
a  limited  visual  response  to  anti-VEGF  therapy[42].  A  multitask
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deep-learning  system  has  been  proposed  and  shown  promise  in
facilitating  simplified,  automated  DMI  assessment  from  OCTA
images, which could enhance screening and monitoring for diabetic
patients  at  high  risk  of  visual  loss.  The  study  also  emphasized  DCP
ischemia as a greater contributor to visual decline.

Widefield  OCTA  (WF-OCTA)  captures  the  retinal  and  choroidal
microvasculature  over  a  larger  field  of  view  than  standard  OCTA,
enabling detection of peripheral ischemic changes, such as nonper-
fused  areas  (NPAs),  in  addition  to  macular  features.  Several  studies
have  focused  on  the  application  of  AI  to  automate  the  analysis  of
WF-OCTA features. For example, Guo et al. developed deep learning
models such as MEDnet and parallel U-Nets to detect and segment
NPAs  in  WF-OCTA  and  widefield  montaged  scans[43].  Their  work
demonstrated  high  accuracy  in  handling  imaging  artifacts  and
isolating NPAs across retinal microvascular plexuses. Similarly, semi-
automated quantification methods, such as those proposed by Alib-
hai et al. and Garg et al.[44,45], provided robust tools to correlate NPA
burden  with  DR  progression.  If  AI-based  analysis  of  WF-OCTA-
derived  metrics,  such  as  NPAs,  can  be  utilized  to  predict  anti-VEGF
efficacy,  it  would  significantly  improve  our  understanding  of  treat-
ment responses in DME.

The  most  noted  challenges  in  OCTA-based  AI  models  involved
motion  artifacts,  noise,  and  projection  errors  disproportionately
affecting  ischemic  zones[46].  Recently,  an  AI-based  super-resolution
framework  has  been  developed  to  enhance  OCTA  images  with
learnable texture generation, facilitating improved vessel segmenta-
tion and ischemia assessment in DME[47].  Novel algorithms enhanc-
ing  OCTA  image  quality  provide  potential  foundational  data  for
future  AI-driven  models  that  integrate  ischemia  and  other  macular
parameters to predict anti-VEGF response in DME.

Unlike OCT and FA, there is a noticeable gap in studies that inte-
grate  OCTA  features  with  AI  models  for  predicting  anti-VEGF
response in DME. Future research directions should focus on devel-
oping fully automated OCTA extraction algorithms to enable large-
scale  biomarker-based  predictions  and  combining  OCTA-derived
ischemia metrics with emerging AI technologies to improve person-
alized  treatment  predictions  in  DME.  Furthermore,  integrating
super-resolution  techniques  into  AI  pipelines  will  be  crucial  to
ensure the accuracy and reliability of ischemia biomarkers extracted
from OCTA[47].

 AI-driven multimodal imaging for predicting
anti-VEGF treatment outcomes in DME

OCT  provides  high-resolution  cross-sectional  structural  imaging
of  the  retina,  while  OCTA  adds  vascular  insights,  capturing  blood
flow  and  macular  perfusion,  and  FA  offers  dynamic  information
about  vascular  leakage  and  ischemia.  By  integrating  these  modali-
ties,  multimodal  imaging  provides  a  comprehensive  view  of  the
retina, combining structural,  functional,  and vascular characteristics
to  better  understand  disease  complexity  and  predict  treatment
outcomes in DME.

Single-modality approaches, such as OCT-derived biomarkers (e.g.,
fluid  compartments  and  DRIL)  or  OCTA-derived  biomarkers  (e.g.,
vessel  density  and  flow  voids),  provide  valuable  insights  but  fail  to
capture  the  full  spectrum  of  disease  activity.  For  instance,  OCT-
derived  markers  miss  critical  vascular  and  ischemic  factors  influenc-
ing  anti-VEGF  efficacy,  while  OCTA  biomarkers  alone  may  not  fully
predict  fluid  dynamics  or  functional  outcomes  like  visual  acuity
improvement. Multimodal imaging addresses these gaps by combin-
ing  vascular  and  leakage  data  (OCTA,  FA)  with  structural  findings
(OCT),  enabling  the  identification  of  patterns  that  distinguish  good
responders, suboptimal responders, and non-responders[48].

Studies have demonstrated the utility of multimodal approaches.
For  instance,  co-localizing  FA  leakage  with  OCT-detected  cystoid
spaces improves diagnostic specificity for VEGF-driven mechanisms
in  DME[30].  Kar  et  al.[49] carried out  a  radiogenomic  assessment  and
revealed  strong  correlations  between  VEGF  expression  and  seven
UWFA leakage morphologic features,  one vascular tortuosity-based
UWFA  feature,  and  two  OCT-derived  IRF  texture  features,  further
validating  the  role  of  multimodal  imaging  in  treatment  response
prediction.

Multimodal  imaging  fusion  models  encompass  feature-level
fusion, image-level fusion, decision-level fusion, and, more recently,
transformer-based  architectures  and  attention  mechanisms.  Future
clinical  applications  of  multimodal  fusion  in  DME  are  expected  to
include  responder  classification,  visual  acuity  prediction,  and  injec-
tion  frequency  optimization  (Fig.  1).  However,  data  heterogeneity
and the limited availability of multimodal datasets continue to pose
significant  challenges  for  integrating  multimodal  imaging  in  DME,
restricting  the  progress  of  AI  research.  To  address  these  issues,
greater  emphasis  must  be  placed  on  standardizing  datasets  and
promoting data sharing across institutions. Additionally, incorporat-
ing  longitudinal  imaging  data  to  track  disease  progression  over
successive  anti-VEGF  treatments  is  essential  for  enabling  more
dynamic and precise outcome predictions.

 Conclusions

AI  has  shown  great  potential  in  predicting  anti-VEGF  treatment
outcomes for  DME (Table 1),  leveraging advanced imaging modali-
ties  like  OCT,  OCTA,  and FA.  By  analyzing biomarkers  and integrat-
ing  multimodal  data,  AI  offers  insights  into  treatment  response,
visual  acuity  improvement,  and  injection  optimization.  However,
critical  evaluation  reveals  significant  gaps  in  the  current  AI  models
and their  clinical  applicability.  To translate these models effectively
into real-world practice, several challenges must be addressed. First,
data heterogeneity is a major concern. Validation of AI models using
larger and more diverse patient datasets is essential to ensure their
generalizability across different populations. Second, the standardi-
zation  of  OCT  protocols  is  vital  to  minimize  variability  introduced
by  different  imaging  devices  and  clinical  settings.  Additionally,
incorporating  these  models  into  clinical  trials  will  be  crucial  for
demonstrating  their  efficacy  and  practical  value  in  various  medical
environments.  Furthermore,  addressing  ethical  considerations—
such  as  patient  data  privacy  and  the  transparency  of  AI
decision-making  processes—is  imperative  to  build  clinician  and
patient confidence in these technologies. By systematically address-
ing  these  challenges,  the  clinical  utility  of  AI  models  in  predicting
anti-VEGF treatment outcomes can be enhanced.

The future of AI in DME treatment prediction lies in personalized
treatment  plans,  integration  of  multimodal  imaging,  and  real-time
decision  support.  Advanced  models  will  utilize  biomarkers,
radiomics,  and  longitudinal  data  to  enhance  predictive  accuracy.
Collaborative  efforts  to  standardize  datasets  and  ensure  robust
model development are crucial for global adoption. The use of large
language models  (LLMs)  and foundation models  in  DME treatment
prediction  holds  significant  promise  for  advancing  eyecare
outcomes. LLMs can effectively process and analyze a variety of data
types,  including  clinical  notes,  structured  patient  data,  and  various
modalities  of  retinal  imaging,  thereby  improving  the  accuracy  of
treatment  predictions.  By  utilizing  patient-specific  information,
LLMs can assist in tailoring treatment plans that consider individual
characteristics,  medical  histories,  and  current  fundus  conditions,
enabling  ophthalmologists  to  make  informed  decisions  based  on
up-to-date research and established guidelines. Foundation models
like  RETFound[50] can  enhance  the  development  of  AI  models  by
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efficiently  extracting  relevant  features  from  complex  datasets  and
integrating  various  data  sources  for  improved  accuracy.  They  also
enable transfer learning and predictive analytics, ultimately leading
to  more  robust  and  generalizable  applications  in  healthcare.
Embracing  AI-driven  precision  medicine  is  essential  for  transform-
ing  the  management  of  DME.  This  approach  paves  the  way  for
tailored,  efficient,  and effective treatment strategies that ultimately
enhance patient outcomes.
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