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A
rti�cial neural netw

orks (A
N

N
s) have been used in a w

ide variety of real-w
orld applications and it em

erges as a prom
ising �eld 

across various branches of m
edicine. This review

 aim
s to identify the role of A

N
N

s in spinal diseases. Literature w
ere searched from

 

electronic databases of S
copus and M

edline from
 1993 to 2020 w

ith English publications reported on the application of A
N

N
s in spi-

nal diseases. The search strategy w
as set as the com

binations of the follow
ing keyw

ords: “arti�cial neural netw
orks,” “spine,” “back 

pain,” “prognosis,” “grading,” “classi�cation,” “prediction,” “segm
entation,” “biom

echanics,” “deep learning,” and “im
aging.” The 

m
ain �ndings of the included studies w

ere sum
m

arized, w
ith an em

phasis on the recent advances in spinal diseases and its applica-

tion in the diagnostic and prognostic procedures. A
ccording to the search strategy, a set of 3,653 articles w

ere retrieved from
 M

edline 

and S
copus databases. A

fter careful evaluation of the abstracts, the full texts of 89 eligible papers w
ere further exam

ined, of w
hich 

79 articles satis�ed the inclusion criteria of this review
. O

ur review
 indicates several applications of A

N
N

s in the m
anagem

ent of 

spinal diseases including (1) diagnosis and assessm
ent of spinal disease progression in the patients w

ith low
 back pain, perioperative 

com
plications, and readm

ission rate follow
ing spine surgery; (2) enhancem

ent of the clinically relevant inform
ation extracted from

 

radiographic im
ages to predict P�rrm

ann grades, M
odic changes, and spinal stenosis grades on m

agnetic resonance im
ages auto

-

m
atically; (3) prediction of outcom

es in lum
bar spinal stenosis, lum

bar disc herniation and patient-reported outcom
es in lum

bar fusion 

surgery, and preoperative planning and intraoperative assistance; and (4) its application in the biom
echanical assessm

ent of spinal 

diseases. The evidence suggests that A
N

N
s can be successfully used for optim

izing the diagnosis, prognosis and outcom
e prediction 

in spinal diseases. Therefore, incorporation of A
N

N
s into spine clinical practice m

ay im
prove clinical decision m

aking.
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A
rtificial n

eu
ral n

etw
o

rk
 (A

N
N

) m
o

d
els rep

resen
t a 

m
ath

em
atical ren

d
itio

n
 o

f th
e h

u
m

an
 n

ervo
u

s system
 

th
at h

ave b
een

 b
ro

ad
ly ap

p
lied

 to
 so

lve vario
u

s n
o

n
lin

-

ear p
ro

b
lem

s in
 th

e b
io

m
ed

ical aren
a [1

,2
]. A

N
N

 is a 

m
ach

in
e-learn

in
g tech

n
iq

u
e ad

ep
t at learn

in
g th

e rela-

tio
n

sh
ip

s b
etw

een
 sp

ecified
 in

p
u

t an
d

 o
u

tp
u

t variab
les. 

http://crossmark.crossref.org/dialog/?doi=10.31616/asj.2020.0147&domain=pdf&date_stamp=2020-08-31
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N
eu

ra
l n

etw
o

rk
s h

av
e b

een
 u

sed
 p

red
o

m
in

an
tly

 fo
r 

p
attern

-reco
gn

itio
n

 regard
in

g p
red

ictio
n

 an
d

 classifica-

tio
n

. �
e h

isto
ry an

d
 th

eo
ry o

f A
N

N
s h

as b
een

 rep
o

rted
 

in
 d

etail elsew
h

ere [1-4]. In
 ad

d
itio

n
, th

e ad
van

tages an
d

 

d
isad

van
tages o

f A
N

N
 h

ave also
 b

een
 p

revio
u

sly rep
o

rted
 

b
y u

s [1,2]. A
N

N
 is a p

ro
m

isin
g �

eld
 w

ith
 n

u
m

ero
u

s ap
-

p
licatio

n
s acro

ss vario
u

s b
ran

ch
es o

f m
ed

icin
e w

h
erein

 

it serves as a d
ecisio

n
 su

p
p

o
rt to

o
l to

 p
ro

vid
e eco

n
o

m
ic 

so
lu

tio
n

s to
 tim

e an
d

 reso
u

rce m
an

agem
en

t [5]. R
ecen

tly, 

artificial in
telligen

ce an
d

 related
 algo

rith
m

s h
ave facili-

tated
 rap

id
 ad

van
ces in

 th
e assessm

en
t o

f sp
in

al d
iseases 

[2,5]. M
o

reo
ver, A

N
N

s are ap
p

lied
 fo

r clin
ical d

iagn
o

sis, 

p
ro

gn
o

sis, o
u

tco
m

e p
red

ictio
n

 fo
llo

w
in

g sp
in

al su
rgery, 

research
, an

d
 b

io
m

ech
an

ical assessm
en

ts o
f sp

in
al d

iseas-

es [2]. H
o

w
ever, th

ere h
as b

een
 little u

tilizatio
n

 o
f A

N
N

s 

in
 sp

in
e clin

ical p
ractice. G

iven
 th

e recen
t ad

van
ces in

 th
e 

m
an

agem
en

t o
f sp

in
al d

iseases an
d

 th
e fu

n
d

am
en

tal ro
le 

o
f d

ecisio
n

, th
is co

m
p

reh
en

sive review
 is co

n
d

u
cted

 aim
-

in
g to

 d
escrib

e th
e A

N
N

-aid
ed

 d
ecisio

n
 su

p
p

o
rt system

 

fo
r m

an
agem

en
t o

f sp
in

al d
iseases, in

clu
d

in
g d

iagn
o

sis, 

p
ro

gn
o

sis, an
d

 o
u

tco
m

e p
red

ictio
n

.

M
e

th
o

d
s

A
N

N
 b

ased
 m

eth
o

d
o

lo
g

y h
as b

een
 rep

o
rted

 in
 d

etail else-

w
h

ere [1,2].

1
. S

earch
 strateg

y

A
 d

etailed
 search

 o
f o

rigin
al articles w

as p
erfo

rm
ed

 o
n

 

M
ed

lin
e (th

ro
u

gh
 th

e P
u

b
M

ed
 search

 en
gin

e) an
d

 Sco
p

u
s 

(E
lsevier) d

atab
ases to

 id
en

tify th
e ap

p
licatio

n
s o

f A
N

N
s 

d
iag

n
o

sis, p
red

ictio
n

, an
d

 p
ro

g
n

o
sis o

f sp
in

al d
isease. 

�
e review

 is in
ten

d
ed

 to
 in

clu
d

e all th
e fu

ll-text p
u

b
lica-

tio
n

s in
 th

e E
n

glish
 b

io
m

ed
ical jo

u
rn

als. T
h

e fo
llo

w
in

g 

co
m

b
in

atio
n

s o
f keyw

o
rd

s w
ere search

ed
 w

ith
in

 th
e titles 

an
d

 ab
stracts: “artificial n

eu
ral n

etw
o

rk
s,” “sp

in
e,” “b

ack
 

p
ain

,” “p
ro

gn
o

sis,” “grad
in

g,” “classi�
catio

n
,” “p

red
ictio

n
,” 

“seg
m

en
tatio

n
,” “b

io
m

ech
an

ics,” “d
eep

 learn
in

g
,” an

d
 

“im
agin

g.” �
e stru

ctu
ral k

eyw
o

rd
s w

ere selected
 d

u
e to

 

th
eir lik

elih
o

o
d

 o
f b

ein
g m

en
tio

n
ed

 in
 eith

er th
e title o

r 

th
e ab

stract o
f relevan

t articles. Sin
ce th

e first stu
d

y o
f 

A
N

N
s in

 sp
in

e d
iseases p

u
b

lish
ed

 in
 1993, w

e p
erfo

rm
ed

 

a co
m

p
reh

en
sive search

 co
verin

g th
e p

erio
d

 1993 to
 2020. 

A
n

 in
itial search

 w
as carried

 o
u

t in
 N

o
vem

b
er 2019 an

d
 

u
p

d
ated

 th
rice in

 2020 (Jan
u

ary, F
eb

ru
ary, an

d
 M

arch
).

2
. In

clu
sio

n
 an

d
 exclu

sio
n

 criteria

A
ll research

 articles o
n

 A
N

N
s in

 sp
in

al d
iseases w

ere 

screen
ed

 in
 th

e S
co

p
u

s an
d

 M
ed

lin
e d

atab
ases. E

ach
 ar-

ticle w
as in

d
ep

en
d

en
tly review

ed
 b

y tw
o

 review
ers an

d
 

d
isagreem

en
ts w

ere sen
t to

 each
 o

th
er fo

r reso
lu

tio
n

, o
n

ly 

th
e articles em

p
h

asize o
n

 th
e m

o
st recen

t ad
van

ces an
d

 

th
eir ap

p
licatio

n
 in

 th
e sp

in
al d

iseases w
ere in

clu
d

ed
. 

P
u

b
licatio

n
s o

n
 o

th
er d

isease co
n

d
itio

n
s o

r an
im

al stu
d

ies 

w
ere exclu

d
ed

.

3
. D

ata syn
th

esis

T
h

e fin
d

in
gs fro

m
 th

e all id
en

tified
 stu

d
ies w

ere su
m

-

m
arized

 in
 a d

escrip
tive tab

le, in
clu

d
in

g au
th

o
rs’ n

am
es, 

p
u

b
licatio

n
 year, stu

d
y

 settin
g

, stu
d

y
 sam

p
le, d

isease 

co
n

d
itio

n
s (if relevan

t d
ata is availab

le), an
d

 m
ain

 resu
lts 

o
r co

n
clu

sio
n

s. Su
b

seq
u

en
tly, th

e fin
d

in
g

s w
ere so

rted
 

ch
ro

n
o

lo
gically.

R
e

su
lts

1
. S

tatistics

T
h

e review
ers id

en
tified

 an
d

 screen
ed

 3
,6

5
3

 u
n

iq
u

e ab
-

stracts. A
fter screen

in
g, 3

,5
6

4
 p

ap
ers w

ere fo
u

n
d

 to
 b

e 

irrelevan
t. �

en
, th

e rem
ain

in
g 89 p

ap
ers w

ere exam
in

ed
 

an
d

 th
e fu

ll text w
ere review

ed
 fo

r eligib
ility criteria. U

l-

tim
ately, w

e in
clu

d
ed

 7
9

 stu
d

ies o
n

 q
u

alitative an
alysis. 

�
e �

o
w

ch
art o

f th
e literatu

re review
 p

ro
cess is illu

strated
 

in
 F

ig. 1. O
verall, w

e p
u

rsu
ed

 fo
u

r catego
ries o

f stu
d

ies, 

n
am

ely d
iagn

o
sis, p

ro
gressio

n
, o

u
tco

m
e p

red
ictio

n
, an

d
 

u
se o

f A
N

N
s in

 th
e b

io
m

ech
an

ical assessm
en

ts o
f sp

in
al 

d
iseases. �

e m
ain

 �
n

d
in

gs w
ere gro

u
p

ed
 an

d
 p

resen
ted

 

as fo
llo

w
s [6-81].

2
. D

iag
n

o
sis

In
 sp

in
al d

iseases, A
N

N
s h

ave b
een

 su
ccessfu

lly tested
 fo

r 

d
iagn

o
sis o

f p
ed

iatric lo
w

 b
ack

 p
ain

 [6,9,11], n
o

rm
al an

d
 

ab
n

o
rm

al cervical sp
in

e verteb
ra [8], sco

lio
sis sp

in
al d

e-

fo
rm

ity [7,10], an
d

 id
en

ti�
catio

n
 o

f risk
 facto

rs asso
ciated

 

w
ith

 th
e d

evelo
p

m
en

t o
f co

m
p

licatio
n

s fo
llo

w
in

g p
o

steri-

o
r lu

m
b

ar sp
in

e fu
sio

n
 [23]. B

esid
es, arti�

cial in
telligen

ce 

m
o

d
els h

ave b
een

 em
p

lo
yed

 fo
r m

ed
ical im

age an
alysis 

assessm
en

t, su
ch

 as th
o

se p
o

rtrayed
 in

 th
e T

ab
le 1.
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3
. S

p
in

al p
ro

g
n

o
sis

In
 ad

d
itio

n
 to

 th
e ap

p
licatio

n
 o

f in
 id

en
tifyin

g th
e p

atien
ts 

w
ith

 h
ig

h
 risk

 o
f h

yp
o

ten
sio

n
 d

u
rin

g sp
in

al an
esth

esia 

[52], A
N

N
S h

ave b
een

 tested
 to

 d
eterm

in
e th

e p
ro

gn
o

sis 

o
f lo

w
 b

ack
 p

ain
 [51,53] aim

in
g to

 au
to

m
atically p

red
ict 

(an
d

 id
en

tify risk
 facto

rs fo
r) th

e co
m

p
licatio

n
s fo

llo
w

-

in
g p

o
sterio

r lu
m

b
ar sp

in
e fu

sio
n

 su
rgery [1

6
], an

d
 to

 

d
evelo

p
 an

d
 evalu

ate a set o
f p

red
ictive m

o
d

els fo
r co

m
-

m
o

n
 ad

verse even
ts a�

er sp
in

e su
rgery [57]. A

lso, A
N

N
s 

are u
sefu

l fo
r d

evelo
p

in
g

 n
o

vel co
m

p
u

tatio
n

al to
o

ls to
 

p
red

ict clin
ical o

u
tco

m
es, retu

rn
 to

 w
o

rk
, p

h
ysical d

is-

ab
ility, o

ccu
rren

ce o
f co

m
p

licatio
n

s, read
m

issio
n

 rates, 

w
alk

in
g

 ab
ility, d

isch
arg

e, an
d

 d
isp

o
sitio

n
 fo

llo
w

in
g 

sp
in

e su
rgery [54,55,58]. N

eu
ral n

etw
o

rk
 tech

n
iq

u
es h

ave 

also
 b

een
 ap

p
lied

 to
 d

evelo
p

 p
red

ictive algo
rith

m
s fo

r 

p
o

sto
p

erative co
m

p
licatio

n
s fo

llo
w

in
g an

terio
r cervical 

d
iscecto

m
y an

d
 fu

sio
n

 [56], an
d

 to
 evalu

ate clin
ically rel-

evan
t im

p
ro

vem
en

t in
 leg p

ain
, b

ack
 p

ain
 an

d
 fu

n
ctio

n
al 

d
isab

ility after lu
m

b
ar d

isc h
ern

iatio
n

 (L
D

H
) su

rgery 

[59], an
d

 to
 au

to
m

atically q
u

an
tify m

u
scle fat in

�
ltratio

n
 

fo
llo

w
in

g w
h

ip
lash

 in
ju

ry [6
2

]. In
 ad

d
itio

n
, A

N
N

s h
ave 

b
een

 sh
o

w
n

 to
 accu

rately p
red

ict su
rvival, d

isch
arge an

d
 

h
o

sp
ital read

m
issio

n
 rates fo

llo
w

in
g

 sp
in

al m
etastasis 

su
rgery [57,60,61], to

 p
red

ict d
isch

arge to
 reh

ab
ilitatio

n
 

an
d

 u
n

p
lan

n
ed

 read
m

issio
n

s in
 p

atien
ts receivin

g sp
in

al 

fu
sio

n
 [63], an

d
 to

 p
red

ict p
ro

lo
n

ged
 o

p
io

id
 p

rescrip
tio

n
 

a�
er su

rgery fo
r L

D
H

 [64]. L
ast b

u
t n

o
t least, A

N
N

s h
ave 

b
een

 u
sed

 to
 p

red
ict th

e su
rvival rate fo

llo
w

in
g a sp

in
o

-

p
elvic ch

o
n

d
ro

sarco
m

a d
iagn

o
sis [65] an

d
 to

 p
red

ict th
e 

o
ccu

rren
ce o

f fo
u

r typ
es o

f m
ajo

r co
m

p
licatio

n
s, n

am
ely 

card
iac co

m
p

licatio
n

s, w
o

u
n

d
 co

m
p

licatio
n

s, v
en

o
u

s 

th
ro

m
b

o
em

b
o

lism
, an

d
 m

o
rtality in

 th
e p

atien
ts u

n
d

er-

go
in

g sp
in

e fu
sio

n
, an

d
 it h

as ach
ieved

 b
etter resu

lts th
an

 

((A
rtificial neural netw

ork [m
h] O

R
 deep learning [m

h] O
R

 artificial 

intelligence [m
h]) A

N
D

 (spinal [tiab] O
R

 m
usculoskeletal [tiab] O

R
 

lum
bar [tiab] O

R
 vertebra [tiab] O

R
 disc [tiab] O

R
 cervical [tiab] O

R
 cord 

[tiab] O
R

 stenosis [tiab])) A
N

D
 (prognosis [tiab] O

R
 predict [tiab] O

R
 

outcom
e [tiab] O

R
 biom

echanic [tiab] O
R

 load [tiab] O
R

 force [tiab] O
R

 

biom
edical [tiab] O

R
 m

edical [tiab] O
R

 segm
entation [tiab] O

R
 classi�-

cation [tiab] O
R

 grading [tiab])

A
utom

atic search w
ith above query: 899

A
fter screening, rem

oving duplicate and m
anual 

re�nem
ent, 3,564 papers w

ere found irrelevant

8 9 of full text articles assessed for eligibility, 10 of full text ar-

ticles excluded, w
ith reasons:

Letter to editor (N
=2)

A
nim

al study (N
=3)

C
onference (N

=5)

Final article for review
: 79

A
utom

atic search w
ith above query: 2,657

PubM
ed

S
C

O
PU

S

((((S
pine [Title/A

bstract] O
R

 m
usculoskeletal [Title/A

bstract] O
R

 lum
-

bar [Title/A
bstract] O

R
 vertebra [Title/A

bstract] O
R

 disc [Title/A
bstract] 

O
R

 cervical [Title/A
bstract] O

R
 cord [Title/A

bstract] O
R

 stenosis [Title/

A
bstract]) A

N
D

 (prognosis [Title/A
bstract] O

R
 predict [Title/A

bstract] 

O
R

 outcom
e [Title/A

bstract] O
R

 biom
echanic [Title/A

bstract] O
R

 load 

[Title/A
bstract] O

R
 force [Title/A

bstract] O
R

 biom
edical [Title/A

bstract] 

O
R

 m
edical [Title/A

bstract] O
R

 segm
entation [Title/A

bstract] O
R

 clas-

sification [Title/A
bstract] O

R
 grading [Title/A

bstract])) A
N

D
 (“neural 

netw
ork” [Title/A

bstract] O
R

 “deep learning” [Title/A
bstract] O

R
 “arti-

�cial intelligence” [Title/A
bstract]))) A

N
D

 “journal article” [Publication 

Type])

Fig
. 1. Flow

chart of literature search, selection, and identi�cation.
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Table 1. A list of papers on ANN used in spine diagnosis

Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Bishop et al. [6] 1997 USA 161 22 MLP: resilient propaga-

tion neural networks, 

and radial basis function 

neural networks

LBP Yes To determine specific char-

acteristics of trunk motion 

associated with different 

categories of spinal dis-

orders and to determine 

whether an ANNs can be 

effective in distinguishing 

patterns.

The neural network classifier produced the 

best results with up to 85% accuracy on 

“validation” data.

Jaremko et al. 

[7]

2001 Canada 49 18 MLP: a three-layer back-

propagation arti�cial 

neural network using 

the Levenberg-Mar-

quardt algorithm

Spinal defor-

mity

NR To assess whether full-torso 

surface laser scan images 

can be effectively used to 

estimate spinal deformity 

with the aid of an ANNs.

The ANNs estimated the maximal Cobb 

angle within 6° in 63% of the test data. set 

and was able to distinguish a Cobb angle 

greater than 30° with a sensitivity of 1.0 

and speci�city of 0.75. ANNs of full-torso 

scan imaging showed promise to accu-

rately estimate scoliotic spinal deformity in 

a variety of patients.

Stanley et al. 

[8]

2001 USA 118 118 MLP Cervical spine 

vertebra

Yes Comparing various classi-

fiers including an ANNs, 

K-Means algorithm, qua-

dratic discriminant classi-

�er and LVQ3.

Results from those classifiers are reported 

for recognizing vertebrae as normal or ab-

normal.

Liszka-Hackzell 

et al. [9]

2002 Sweden 30 10 MLP LBP NR To explore new techniques 

of patient assessment that 

may prospectively identify 

of patients experience 

extended chronic pain and 

disability at risk of devel-

oping poor outcomes.

There was a good correlation between the 

true and predicted values for general health 

(r=0.96, p<0.01) and mental health (r=0.80, 

p<0.01). ANNs can be applied effectively 

to categorizing patients with acute and 

chronic LBP.

Lin et al. [10] 2008 USA 25 Patterns 12 Patterns MLP: a multilayer feed-

forward, back-propaga-

tion ANN

Spinal defor-

mity

NR To identify the classi�cation 

of unspecified patterns of 

the scoliosis spine models

The accuracy was within 2.0 mm. The study 

showed that the data do not seem to be 

adequate enough due to participate study 

were small. Nevertheless, ANNs was use-

ful with high accuracy to identify the clas-

sification patterns of the scoliosis spinal 

deformity.

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Sari et al. [11] 2010 Türkiy 169 169 MLP: the designed ANN 

consisted of feed-for-

ward back propagation, 

two hidden layers

LBP NR Comparison of ANNs and 

adaptive neuro-fuzzy 

inference system for the 

assessment of the LBP

The results showed that the ANNs and 

adaptive neuro-fuzzy inference system 

behave very similar to real data. The use of 

these systems can be used to successfully 

diagnose the back pain intensity.

Veronezi et al. 

[12]

2015 Brazil 68 Radiographies 

for the training 

stage

68 Images for tests 

and 70 for valida-

tion

Neural networks Osteoarthritis 

of the lumbar 

spine

NR For the diagnosis of osteoar-

thritis of the lumbar spine

The validation was carried out on the best 

results, achieved accuracy of 62.85%, sen-

sitivity of 65.71%, and speci�city of 60%. 

Although the neural network presented 

an average efficacy, because this was 

an innovative study, its results showed a 

potential for the use of computer-based 

arti�cial neural networks to assist and sup-

port practitioners.

Zhang et al. 

[13]

2017 China 235 Radiographs 105 Radiographs DNN Scoliosis as-

sessment

Yes To perform automatic mea-

surements of Cobb angle 

for scoliosis assessment

The differences between the computer-aided 

measurement and the manual measure-

ment by the surgeon were higher than 5�. 

The variability of Cobb angle measure-

ments could be reduced if the DNN system 

was trained with enough vertebral patches.

Jamaludin et 

al. [14]

2017 UK 90% in a train-

ing set of 1,806 

patients

10% in an indepen-

dent sample of 203 

patients

CNN Lumbar IVDs 

and vertebral 

bodies

Yes To automate the process 

of grading lumbar IVDs 

and vertebral bodies from 

MRIs.

The detection system achieved 95.6% accu-

racy in terms of disc detection and labeling. 

The model was able to produce predictions 

of multiple pathological grading that con-

sistently matched those of the radiologist. 

The system could be beneficial in aiding 

clinical diagnoses in terms of objectivity of 

grading and the speed of analysis.

Wang et al. 

[15]

2017 China A set of 26 cases A set of 26 cases Deep Siamese neural 

networks

Spinal metasta-

sis

NR A multi-resolution approach 

for spinal metastasis de-

tection in MRI

The results showed that the proposed ap-

proach correctly detects all the spinal 

metastatic lesions. The results indicated 

that the proposed Siamese neural network 

method, combined with the aggregation 

strategy, provided a viable strategy for the 

automated detection of spinal metastasis 

in MRI images.

Table 1. Continued

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Kim et al. [16] 2018 USA 15,840 6,789 ANNs Posterior 

lumbar spine 

fusion

Yes Comparison of ANNs, LR, 

and ASA class to identify 

risk factors of developing 

complications following 

posterior lumbar spine fu-

sion

ANN and LR both outperformed ASA class 

for predicting all four types of complica-

tions. ANN had greater sensitivity than LR 

for detecting wound complications and 

mortality. In summary, machine learning 

in the form of LR and ANNs were more 

accurate than benchmark ASA scores for 

identifying risk factors of developing com-

plications following posterior lumbar spine 

fusion, suggesting they are potentially 

great tools for risk factor analysis in spine 

surgery.

Kim et al. [17] 2018 South 

Korea

Total training epoch 

was 200

The experiments 

were done using 

5-fold cross 

validation and each 

experiment had 5 

test images and 20 

training images.

CNN IVDs Yes To segmentation of the IVDs 

from MR spine images

The proposed network achieved 3% higher 

DSC than conventional U-net for IVD 

segmentation (89.44% vs. 86.44%, respec-

tively; p<0.001). For IVD boundary segmen-

tation, the proposed network achieved 

10.46% higher DSC than conventional 

U-net (54.62% vs. 44.16%, respectively; 

p<0.001).

Kim et al. [18] 2018 South 

Korea

Four-fold cross 

validation on 

a patient-level 

independent split

Four-fold cross vali-

dation on a patient-

level independent 

split

DCNN Tuberculous 

and pyogenic 

spondylitis

Yes To differentiate between 

tuberculous and pyogenic 

spondylitis on MR imaging, 

compared to the perfor-

mance of skilled radiolo-

gists

When comparing the AUC value of the 

DCNN classifier (0.802) with the pooled 

AUC value of the three readers (0.729), 

there was no significant difference 

(p=0.079). In differentiating between tu-

berculous and pyogenic spondylitis using 

MR images, the performance of the DCNN 

classi�er was comparable to that of three 

skilled radiologists.

Han et al. [19] 2018 Canada The dataset com-

prises 253 lumbar 

scans from 253 

patients

The dataset com-

prises 253 lumbar 

scans from 253 

patients

Recurrent neural network IVDs, vertebrae, 

and neural 

foraminal 

stenosis

NR To perform automated 

segmentation and clas-

sification (i.e., normal and 

abnormal) of IVDs, verte-

brae, and neural foramen 

in MRIs

Extensive experiments on MRIs of 253 pa-

tients have demonstrated that Spine-GAN 

achieved high pixel accuracy of 96.2%, 

Dice coefficient of 87.1%, sensitivity of 

89.1%, and specificity of 86.0%, which 

revealed its effectiveness and potential as 

a clinical tool.

Table 1. Continued

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Chmelik et al. 

[20]

2018 Czechia Dataset con-

sisted of 120,000 

samples in total, 

in 31 cases

Dataset consisted of 

120,000 samples in 

total, in 31 cases

DCNN Metastatic 

spinal lesions

Yes To address the segmenta-

tion and classification to 

define metastatic spinal 

lesions in 3D CT data

Algorithm enables detection, segmentation 

and classi�cation of small lesions greater 

than 1.4 mm
3
 (with diameter greater than 

0.7 mm) and works also with cervical 

vertebrae not treated in other considered 

methods for spinal analysis of CT scans.

Liao et al. [21] 2018 USA 242 CT scans from 

125 patients are 

used for training

60 CT scans for test-

ing

Deep learning, CNN, re-

current neural network, 

multi-task learning

Vertebrae NR To automatically vertebrae 

identi�cation and localiza-

tion in spinal CT images

The experimental results showed that ap-

proach outperforms the state-of-the-art 

methods by a signi�cant margin.

Al Arif et al. 

[22]

2018 UK 124 X-ray images 172 Images CNN Cervical verte-

brae

NR To automatically framework 

for segmentation of cervi-

cal vertebrae in X-ray im-

ages

A Dice similarity coefficient of 0.84 and 

a shape error of 1.69 mm have been 

achieved. The framework could take an 

X-ray image and produce a vertebrae 

segmentation result without any manual 

intervention.

Han et al. [23] 2018 China 160 (80%) 40 (20%) DMML-Net LNFS NR To automatically pathogen-

esis-based diagnosis of 

lumbar neural foraminal 

stenosis

DMML-Net achieves high performance 

(0.845 mean average precision) on T1/T2-

weighted MRI scans from 200 subjects. 

This method showed an efficient tool for 

clinical LNFS diagnosis.

Li et al. [24] 2018 China Voxel changes for 

each IVD in 12 

subjects within 2 

time points

Voxel changes for 

each IVD in 12 

subjects within 2 

time points

FCN IVDs Yes To automatically localization 

and segmentation of IVDs 

from multi-modality 3D MR 

data

Algorithm achieved state-of-the-art IVD 

segmentation performance from multi-

modality images. Compared with network 

trained with single-scale context image, 

the proposed 3D multi-scale FCN could 

generate features with high discrimination 

capability.

Zhou et al. [25] 2019 China The dataset con-

tains 4,417 videos

The dataset contains 

4,417 videos

Deep learning Lumbar verte-

bras

NR To automatically detect 

lumbar vertebras in MRI 

images

Algorithm achieved the accuracy of 98.6% 

and the precision of 98.9%. Most failed 

results were involved with wrong S1 loca-

tions or missed L5. The study demonstrated 

that a lumbar detection network supported 

by deep learning can be trained success-

fully without annotated MRI images.

Table 1. Continued

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Wang et al. 

[26]

2019 China Data set of 98 spine 

CT scans

Data set of 98 spine 

CT scans

Combining deep stacked 

sparse autoencoder 

contextual features and 

structured

regression forest

Vertebrae Yes To automatically vertebra 

localization and identi�ca-

tion from CT

Compared with the hidden Markov model 

and the method based on CNN, the pro-

posed approach could effectively and auto-

matically locate and identify spinal targets 

in CT scans, and achieve higher localization 

accuracy, low model complexity

Lessmann et 

al. [27]

2019 Nether-

land

Five diverse 

datasets, including 

multiple modali-

ties (CT and MR)

Five diverse datasets, 

including multiple 

modalities (CT and 

MR)

CNN Vertebrae Yes To automatically vertebra 

segmentation and identi�-

cation

The anatomical identification had an ac-

curacy of 93%. Vertebrae were classified 

as completely or incompletely visible with 

an accuracy of 97%. The proposed iterative 

segmentation method compares favorably 

with state-of-the-art methods and is fast, 

�exible, and generalizable.

Lang et al. [28] 2019 China A total of 61 

patients with 

clinical spinal MRI 

database with a 

DCE sequence

A total of 61 patients 

(30 lung cancers 

and 31 non-lung 

cancers)

CNN Spinal metasta-

ses originated 

from lung and 

other cancers

Yes To differentiate metastatic 

lesions in the spine origi-

nated from primary lung 

cancer and other cancers

Classification using CNN achieved a mean 

accuracy of 0.71±0.043, whereas a convo-

lutional long short-term memory improved 

accuracy to 0.81±0.034. DCE-MRI machine-

learning analysis methods had potential 

to predict lung cancer metastases in the 

spine.

Galbusera et 

al. [29]

2019 Italy 443 50 Deep learning approach To extract 

anatomical 

parameters 

from biplanar 

radiographs 

of the spine

NR To automatically determine 

the shape of the spine

The standard errors of the estimated pa-

rameters ranged from 2.7° (for the pelvic 

tilt) to 11.5° (for the L1–L5 lordosis). The 

proposed method was able to automati-

cally determine the spine shape in biplanar 

radiographs and calculate anatomical and 

posture parameters in a wide scenario of 

clinical conditions with a very good visual 

performance.

Hopkins et al. 

[30]

2019 USA 78 26 ANN CSM NR (1) To predict CSM diagno-

sis; and (2) to predict CSM 

severity

Median accuracy of model was 90.00%. 

Machine learning provided a promising 

method for prediction, diagnosis, and even 

prognosis in patients with CSM.

Table 1. Continued

(Continued on next page)



R
eview

 of A
N

N
 in Spine

A
sia

n
 S

p
in

e
 Jo

u
r

n
a

l
551

Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Horng et al. 

[31]

2019 Taiwan 35 Images captured 

from young sco-

liosis. The dataset 

consisted of 595 

vertebra images

35 Images captured 

from young scolio-

sis

CNN approach Cobb angle 

measurement 

of Spine

Yes To automatically measure 

spine curvature using the 

anterior-posterior view 

spinal X-ray images

The segmentation results of the Residual U-

Net were superior to the other two CNNs. 

The proposed system can be applied in 

clinical diagnosis to assist doctors for a 

better understanding of scoliosis severity 

and for clinical treatments.

Pang et al. [32] 2019 China T1-weighted MR 

images of 215 

subjects and T2-

weighted MR 

images of 20 

subjects

T1-weighted MR 

images of 215 

subjects and T2-

weighted MR im-

ages of 20 subjects

Cascade ampli�er regres-

sion network

Spine NR To automatically quantita-

tive measurement of the 

spine (i.e., multiple indices 

estimation of heights, 

widths, areas, and so on 

for the vertebral body and 

disc)

The proposed approach achieved impressive 

performance with mean absolute errors of 

1.22±1.04 mm and 1.24±1.07 mm for the 

30 lumbar spinal indices estimation of the 

T1-weighted and T2-weighted spinal MR 

images, respectively. The proposed method 

showed a great potential in clinical spinal 

disease diagnoses and assessments.

Li et al. [33] 2019 China 120 Cases were 

used for experi-

ments

120 Cases were used 

for experiments

DNN To paraspinal 

muscle 

segmentation

NR To automatically segmenta-

tion of the paraspinal 

muscle in MRI

The experimental results show that the 

model can achieve higher predictive capa-

bility. The dice coef�cient of the multi�dus 

is as high as 0.949, and the Hausdorff 

distance is 4.62 mm. The proposed method 

can quickly calculate the cross-sectional 

area of the paraspinal muscles, which 

provides a convenient condition for doctors 

to screen sarcopenia and also quantify the 

changes of paraspinal muscles before and 

after lumbar spine surgery.

Chen et al. [34] 2019 China End-to-end training 

at the spine level 

is proposed to 

allow the FCN to 

directly learn the 

long-range image 

patterns from full-

size CT volumes

End-to-end training 

at the spine level is 

proposed to allow 

the FCN to directly 

learn the long-range 

image patterns 

from full-size CT 

volumes

FCN Vertebrae iden-

ti�cation and 

localization

NR To automatically identifica-

tion and localization of ver-

tebrae in spinal CT imaging

The proposed framework was quantitatively 

evaluated on the public dataset from the 

MICCAI 2014 Computational Challenge 

on Vertebrae Localization and Identifica-

tion and demonstrates an identification 

rate (within 20 mm) of 94.67%, a mean 

identi�cation rate of 87.97%, and a mean 

error distance of 2.56 mm on the test set, 

thus achieving the highest performance 

reported on this dataset.

Table 1. Continued
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No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Rak et al. [35] 2019 Germany The �rst whole 

spine images of 

64 subjects were 

contained. The 

second 23.

The �rst whole 

spine images of 

64 subjects were 

contained. The 

second 23.

Combining CNNs and 

star convex cuts

Whole spine 

segmentation 

by MRI

Yes To automatically approach 

for fast vertebral body 

segmentation in 3D MRI of 

the whole spine

Complete whole spine segmentation took 

32.4±1.92 seconds on average. Results 

were superior to those of previous works 

at a fraction of their run time, which illus-

trated the efficiency and effectiveness of 

their whole spine segmentation approach.

Pan et al. [36] 2019 China Cobb angles on 

248 chest X-rays 

were measured 

automatically 

using a computer-

aided method

Cobb angles on 

248 chest X-rays 

were measured 

automatically using 

a computer-aided 

method

The Cobb angle of the 

spinal curve was mea-

sured from the output 

of the Mask R-CNN 

models

Spine align-

ment assess

Yes To automatically measure 

the Cobb angle and diag-

nose scoliosis on chest 

X-rays, a computer-aided 

method was proposed

Intraclass correlation coefficient between 

the computer-aided and manual methods 

for Cobb angle measurement was 0.854. 

These results indicated that the computer-

aided method had good reliability for Cobb 

angle measurement on chest X-rays. In 

conclusion, the computer-aided method 

has potential for automatic Cobb angle 

measurement and scoliosis diagnosis on 

chest X-rays.

Weng et al. 

[37]

2019 Taiwan The ResUNet 

was trained and 

evaluated on 990 

standing lateral 

radiographs

The ResUNet was 

trained and evaluat-

ed on 990 standing 

lateral radiographs

CNN Spine align-

ment assess

Yes To develop a CNN tools for 

measuring the SVA from 

lateral radiography of 

whole spine for key point 

detection (ResUNet)

The SVA calculation takes approximately 

0.2 seconds per image. The intra-class cor-

relation coefficient of the SVA estimates 

between the algorithm and physicians of 

different years of experience ranges from 

0.946 to 0.993, indicating an excellent con-

sistency. The superior performance of the 

proposed method and its high consistency 

with physicians proved its usefulness for 

automatic measurement of SVA in clinical 

settings.

Huang et al. 

[38]

2019 China 50 Sets lumbar 

MRIs

50 Sets lumbar MRIs DL Vertebrae 

and IVDs on 

lumbar spine

NR To develop a DL based 

program (Spine Explorer) 

for automated segmenta-

tion and quantification of 

the vertebrae and IVDs on 

lumbar spine MRIs

The trained Spine Explorer automatically 

segments and measures a lumbar MRI in 

half a second, with mean intersection-over-

union of 94.7% and 92.6% for the vertebra 

and disc, respectively. Spine Explorer was 

an ef�cient, accurate, and reliable tool to 

acquire comprehensive quantitative mea-

surements for lumbar vertebra and disc. 

Implication of such deep learning-based 

program can facilitate clinical studies of 

the lumbar spine.

Table 1. Continued
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Jakubicek et 

al. [39]

2019 Czech 

Repub-

lic

130 CT scans 130 CT scans Two CNNs together 

with a spine tracing 

algorithm

Spine-ends 

and spine 

centerline 

delimitation 

assessment 

are important 

in many spine 

diagnostic 

tasks

NR To develop a CNN to au-

tomatic spine centerline 

detection in CT data

Based on the evaluation of 130 CT scans 

including heavily distorted and complicated 

cases, it turned out that this new combina-

tion enables fast and robust detection with 

almost 90% of correctly determined spinal 

centerlines with computing time of fewer 

than 20 seconds.

Lyu et al. [40] 2019 China 75 Groups imaging 

data

75 Groups imaging 

data

CNN To assessment 

of spine 

scoliosis by 

Scolioscan 

from 3D 

ultrasound

Yes To develop a CNN to select 

the best ultrasound images 

automatically, and com-

pare with the classi�cation 

method of DenseNet.

The result showed that the proposed CNN 

achieves the perfect accuracy of 100% 

while conventional DenseNet achieved 

35% only. This proves that the CNN was 

more suitable to highlight the best quality 

of ultrasound image from multiple medio-

cre ones.

Watanabe et 

al. [41]

2019 Japan 10,788 Moiré 

image-radiograph 

pairs

198 Moiré image-

radiograph pairs

CNN To assessment 

of spine 

scoliosis

NR To create a scoliosis screen-

ing system that estimates 

spinal alignment, the Cobb 

angle, and vertebral rota-

tion from moiré images.

The proposed method of estimating the 

Cobb angle and the angle of virtual reality 

from moiré images using a CNN was ex-

pected to enhance the accuracy of scoliosis 

screening.

Kök et al. [42] 2019 Türkiy 300 Individuals 

aged between 8 

and 17 years

300 Individuals aged 

between 8 and 17 

years

k-NN, NB, Tree, ANN, 

SVM, RF, and LR algo-

rithms were used.

CVS Yes To determine CVS for growth 

and development periods 

by the frequently used 

seven arti�cial intelligence 

classi�ers, and to compare 

the performance of these 

algorithms with each other

kNN and LR algorithms had the lowest 

accuracy values. SVM-RF-Tree and NB 

algorithms had varying accuracy values. 

ANN could be the preferred method for 

determining CVS.

Iriondo et al. 

[43]

2020 USA 38 Scans from 31 

unique patients, 

with a total of 80 

segmented slices

20 Segmented slices CNN to segment lumbar 

IVDs by MRI

Lumbar IVDs NR To assess associations be-

tween disc degeneration, 

disability, and LBP

This work presented a scalable pipeline for 

fast, automated assessment of disc relax-

ation times, and voxel-based relaxometry 

that overcomes limitations of current region 

of interest-based analysis methods and 

may enable greater insights and associa-

tions between disc degeneration, disability, 

and LBP.

Table 1. Continued
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Lee et al. [45] 2020 South 

Korea

233 101 Deep convolutional 

networks

To identify indi-

viduals with 

abnormal 

BMD from 

spine X-ray 

images

NR To analysis of spine X-ray 

features extracted by deep 

learning to alert high-risk 

osteoporosis populations

A combination of feature extraction was 

found, by VGGnet and classification by 

random forest based on the maximum BCR 

yielded the best performance in terms of 

the AUC (0.74), accuracy (0.71), sensitivity 

(0.81), speci�city (0.60), BCR (0.70), and F1-

score (0.73). Finally, the combination for 

the best performance in predicting high-

risk populations with abnormal BMD was 

identi�ed.

Won et al. [44] 2020 South 

Korea

542 L4–5 axial MR 

images

542 L4–5 axial MR 

images

DCNN To identify 

spine stenosis 

grading from 

MRI

Yes To compare the diagnostic 

agreement between the 

experts and trained artifi-

cial CNN classi�ers

Final agreement between the expert and the 

model trained with the labels of the expert 

was 77.9% and 74.9%, and the differences 

between each expert and the trained 

models were not significant. They were 

concluded that automatic diagnosis using 

deep learning may be feasible for spinal 

stenosis grading.

Lee et al. [46] 2020 South 

Korea

280 Pairs of lumbar 

spine CT scans 

and MR T2 images

15 Pairs of lumbar 

spine CT scans and 

MR T2 images

GANs To diagnosis of 

spine disease

Yes To apply GANs, to synthe-

size spine MR images from 

CT images

The mean overall similarity of the synthetic 

MR T2 images evaluated by radiologists 

was 80.2%. Synthesis of MR images from 

spine CT images using GANs will improve 

the spine diagnostic usefulness of CT. To 

better inform the clinical applications of 

this technique, further studies are needed 

involving a large dataset, a variety of pa-

thologies, and other MR sequence of the 

lumbar spine.

Bae et al. [47] 2020 South 

Korea

Patients (N=17, 

1,684 slices)

Healthy controls 

(N=24, 3,490 slices)

CNN Cervical spine Yes To identify superior and in-

ferior vertebrae in a single 

slice of CT images, and 

a post-processing for 3D 

segmentation and separa-

tion of cervical vertebrae

The results demonstrated that automated 

method achieved comparable accuracies 

with inter- and intra-observer variabilities 

of manual segmentation by human experts, 

which is time consuming.

Table 1. Continued

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Jakubicek et 

al. [48]

2020 Czech 

Repub-

lic

The more samples, 

the more accurate

The more samples, 

the more accurate

CNN Incomplete 

spines 

assessment 

in patients 

with bone 

metastases 

and vertebral 

compression 

by CT imag-

ing

NR To localization and iden-

tification of vertebrae in 

3D CT scans of possibly 

incomplete spines in 

patients with bone me-

tastases and vertebral 

compressions

The proposed framework, which combined 

several advanced methods including also 

three CNNs, worked fully automatically 

even with incomplete spine scans and 

with distorted pathological cases. The 

achieved results allow including the 

presented algorithms as the first phase 

to the fully automated computer-aided di-

agnosis system for automatic spine-bone 

lesion analysis in oncological patients.

Kim et al. [49] 2020 South 

Korea

330 CT images 14 CT images CNN for segmentation To diagnosis 

of back pain

Yes To improve diagnosis of 

back pain by spine seg-

mentation in CT scans us-

ing algorithmic methods

The CNN method achieved an average 

dice coefficient of 90.4%, a precision 

of 96.81%, and an F1-score of 91.64%. 

The proposed CNN approach can be very 

practical and accurate for spine segmen-

tation as a diagnostic method.

Rehman et al. 

[50]

2020 Pakistan 25 CT image data 

(both healthy and 

fractured cases)

25 CT image data 

(both healthy and 

fractured cases)

A novel combination 

of traditional region-

based level set with 

deep learning frame-

work

To diagnosis of 

osteoporotic 

fractures 

by vertebral 

bone seg-

mentation

NR To predict shape of verte-

bral bones accurately

Dice score was found to be 96.4%±0.8% 

without fractured cases and 92.8%±1.9% 

with fractured cases in dataset (lumber 

and thoracic). The proposed technique 

outperformed other state-of-the-art tech-

niques and handled the fractured cases 

for the �rst time ef�ciently.

LVQ was used for quantizing the learning data to feed them to ANN.

ANN, arti�cial neural network; MLP, multilayer perceptron neural networks; LBP, low back pain; NR, not reported; LVQ, learning vector quantization; DNN, deep neural network; CNN, convolutional neural 

network; IVD, intervertebral disc; MRI, magnetic resonance imaging; LR, logistic regression; ASA, American Society for Anesthesiology; MR, magnetic resonance; DSC, Dice similarity coef�cient; DCNN, 

deep convolutional neural network; AUC, area under the curve; 3D, three-dimensional; CT, computed tomography; DMML-Net, deep multiscale multitask learning network; LNFS, lumbar neural foraminal 

stenosis; FCN, fully convolutional networks; DCE, dynamic contrast enhanced; CSM, cervical spondylotic myelopathy; SVA, sagittal vertical axis; DL, deep learning; k-NN, k-nearest neighbors; NB, Naive 

Bayes; Tree, decision tree; SVM, support vector machine; RF, random forest; CVS, cervical vertebrae stages; BMD, bone mineral density; BCR, balanced classi�cation rate; GANs, generative adversarial 

networks.

Table 1. Continued
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Table 2. A list of papers on ANN used in spine prognosis

Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN 

models

Main focus Results/conclusion(s)

Training Testing

Dickey et al. 

[51]

2002 USA 157 29 MLP: three-layer 

ANNs were used 

with 32 inputs, one 

hidden layer and 

one output

LBP Yes To investigate the 

relationship between 

intervertebral mo-

tion, intravertebral 

deformation, and pain 

in chronic LBP patients

The neural network model showed a strong 

relationship between observed and predicted 

pain (r=0.997). ANNs are able to effectively 

describe relationships between pain and ver-

tebral motion in chronic LBP.

Lin et al. [52] 2008 Taiwan 1,126 375 MLP Spine Yes Comparison of ANNs 

and LR to identify 

patients with high risk 

of hypotension during 

spinal anesthesia

The ANN model had a sensitivity of 75.9% 

and speci�city of 76.0%. The LR model had a 

sensitivity of 68.1% and speci�city of 73.5%. 

The area under receiver operating character-

istic curves were 0.796 and 0.748. The ANN 

model performed signi�cantly better than the 

LR model. The prediction of clinicians had the 

lowest sensitivity of 28.7%, 22.2%, 21.3%, 

16.1%, and 36.1%, and speci�city of 76.8%, 

84.3%, 83.1%, 87.0%, and 64.0%.

Parsaeian et 

al. [53]

2012 Iran 17,294 17,295 MLP: a three-layer 

perceptron with 

nine inputs, three 

hidden and one 

output neurons was 

employed

LBP Yes To compare empirically 

predictive ability of 

an arti�cial neural 

network with a LR in 

prediction of LBP

The area under the ROC curve (SE), root mean 

square, and -2loglikelihood of the logistic 

regression was 0.752 (0.004), 0.3832, and 

14,769.2, respectively. The area under the 

ROC curve (SE), root mean square and -2log-

likelihood of the arti�cial neural network was 

0.754 (0.004), 0.3770, and 14,757.6, respec-

tively. ANNs would give better performance 

than LR.

Papić et al. 

[54]

2016 Serbia Data set included 

145 patients, 

and 10-fold cross 

validation

10-Fold cross validation The classi�cation 

problem was ap-

proached using deci-

sion trees, SVM and 

MLP combined with 

RELIEF algorithm for 

feature selection.

LDH Yes To predict the return to 

work after operative 

treatment of LDH

MLP provided best recall of 0.86 for the class 

of patients not returning to work. The predic-

tive modeling indicated at the most decisive 

risk factors in prolongation of work absence: 

psychosocial factors, mobility of the spine and 

structural changes of facet joints and profes-

sional factors including standing, sitting, and 

microclimate.

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN 

models

Main focus Results/conclusion(s)

Training Testing

Kim et al. [16] 2018 USA 15,840 (70%) 6,789 (30%) ML Posterior lumbar 

spine fusion 

surgery

Yeas To automatically predict 

(identify risk factors 

for) complications 

following posterior 

lumbar spine fusion 

and compared with 

regression model (LR)

Though ML and LR had comparable AUC values 

for predicting all types of complications as 

cardiac complications, wound complications, 

venous thromboembolism, and mortality. 

However, ANN had greater sensitivity than LR 

for detecting wound complications and mor-

tality. ML and LR were more accurate than 

benchmark ASA scores

Karhade et al. 

[55]

2018 USA 21,091 5,273 ML algorithms Lumbar degen-

erative disc

NR To use ML to develop 

an open-access web 

application for preop-

erative prediction of 

nonroutine discharges 

in surgery for elec-

tive inpatient lumbar 

degenerative disc 

disorders

The rate of nonroutine discharge for 26,364 

patients who underwent elective inpatient 

surgery for lumbar degenerative disc disorders 

was 9.28%. Machine learning algorithms 

showed promising results on internal valida-

tion for preoperative prediction of nonroutine 

discharges.

Arvind et al. 

[56]

2018 USA 14,615 Patients 6,264 ANN, LR, SVM, and 

RF models

Cervical discec-

tomy

Yes To develop predictive 

algorithms for postop-

erative complications 

following anterior 

cervical discectomy 

and fusion

The SVM and RF models were no better than 

random chance at predicting any of the 

postoperative complications (p<0.05). ANN 

and LR algorithms outperform ASA physical 

status classification for predicting individual 

postoperative complications. Additionally, 

neural networks have greater sensitivity than 

LR when predicting mortality and wound com-

plications.

Han et al. [57] 2019 USA 355,607 (70%) 152,403 (30%) MLA Spine surgery Yes To develop and evalu-

ate a set of predictive 

models for common 

adverse events after 

spine surgery

The predictive models for adverse events fol-

lowing spine surgery built based on this data 

showed greater accuracy versus the previous 

models, with AUC ranging between 0.7 and 

0.76, which account for patient-, diagnosis-, 

and procedure-related factors.

Table 2. Continued

(Continued on next page)
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN 

models

Main focus Results/conclusion(s)

Training Testing

DeVries et al. 

[58]

2019 Canada 862 Patients 

included that walk 

(n=323) not walk 

(n=318)

862 Patients included MLA tSCI Yes To automatically 

prognosticate walking 

recovery in patients 

with tSCI and com-

pared with LR

MLAs had comparable prognostication as 

the previously reported models. Overall, no 

relevant differences were found between the 

models suggesting that using a more sophis-

ticated MLA and a greater amount of neuro-

logical data does not improve the prediction 

of walking recovery in tSCI patients.

Staartjes et al. 

[59]

2019 N e t h e r -

land

A total of 422 were 

included and data 

training, sets was 

60%.

Data validation, and 

test sets was in a 

20%/20% ratio.

Deep learning-based 

analytics

LDH Yes To evaluate a clinically 

relevant improvement 

in leg pain, back pain, 

and functional disabil-

ity after LDH surgery 

by deep learning and 

compared with regres-

sion model

After 1 year, 337 (80%), 219 (52%), and 337 

(80%) patients reported a clinically relevant 

improvement in leg pain, back pain, and 

functional disability, respectively. The regres-

sion models provided inferior performance 

measures for each of the outcomes. The study 

demonstrated that generating personalized 

and robust deep learning-based analytics for 

outcome prediction was feasible even with 

limited amounts of center-speci�c data.

Karhade et al. 

[60]

2019 USA 1,432 (80%) 358 (20%) MLA Spinal metastatic 

disease

NR To automatically predict 

30-day mortality of 

patients undergoing 

surgery for spinal 

metastatic disease

The 30-day mortality for the 1,790 patients 

undergoing surgery for spinal metastatic 

disease was 8.49%. MLAs were promising 

for prediction of postoperative outcomes in 

spinal oncology and these algorithms could be 

integrated into clinically useful decision tools.

Karhade et al. 

[61]

2019 USA 587 (80%) 145 (20%) Five models (penalized 

logistic regression, 

random forest, 

stochastic gradient 

boosting, neural net-

work, and support 

vector machine)

To develop 

predictive 

algorithms 

for spinal meta-

static disease

NR To automatically predict 

90-day and 1-year 

mortality in spinal 

metastatic disease

Overall, 732 patients were identified with 90-

day and 1-year mortality rates of 181 (25.1%) 

and 385 (54.3%), respectively. The �nal mod-

els were incorporated into an open access 

web application able to provide predictions 

as well as patient-speci�c explanations of the 

results generated by the algorithms.

Table 2. Continued
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN 

models

Main focus Results/conclusion(s)

Training Testing

Weber et al. 

[62]

2019 USA Train and test a 

CNN for muscle 

segmentation 

and automatic 

money �ow index 

calculation were 

performed using 

high resolution 

fat-water images 

from 39 partici-

pants

Train and test were 

performed using high 

resolution fat-water 

images from 39 

participants

Deep learning CNN 

models

Muscle fat 

in�ltration 

following whip-

lash injury in 

cervical spine

NR To automatically quanti-

�cation of muscle fat 

in�ltration following 

whiplash injury

Overall, CNN’s may improve d the ef�ciency and 

objectivity of muscle measures allowing for 

the quantitative monitoring of muscle proper-

ties in disorders of and beyond the cervical 

spine.

Goyal et al. 

[63]

2019 USA A total of 59,145 

cases were 

analyzed. The best 

combination se-

lected by a 10-fold 

cross-validation 

procedure.

10-Fold cross-validation 

procedure

ML algorithms Spinal fusion 

surgery

NR To develop algorithms 

to predict discharge to 

rehabilitation and un-

planned readmissions 

in patients receiving 

spinal fusion

The incidence rates of discharge to nonhome 

facility and 30-day unplanned readmission 

were 12.6% and 4.5%, respectively. All 

classification algorithms showed excellent 

discrimination (AUC >0.80; range, 0.85–0.87) 

for predicting nonhome discharge. Multiple 

ML algorithms were found to reliably predict 

nonhome discharge with modest performance 

noted for unplanned readmissions

Karhade et al. 

[64]

2019 USA 4,331 (80%) 1,082 (20%) ML algorithms LDH Yes To develop algorithms for 

prediction of prolonged 

opioid prescription 

after surgery for LDH

Overall, 5,413 patients were identified, with 

sustained postoperative opioid prescription 

of 416 (7.7%) at 90 to 180 days after surgery. 

The elastic-net penalized logistic regression 

model had the best discrimination (c-statistic 

0.81) and good calibration and overall per-

formance. They showed that preoperative 

prediction of prolonged postoperative opioid 

prescription with this model can help identify 

candidates for increased surveillance after 

surgery.

Table 2. Continued
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Author Year Country

No. of sample size

Model type Conditions

Comparison 

with non-

ANN 

models

Main focus Results/conclusion(s)

Training Testing

Ryu et al. [65] 2020 South 

Korea

870 218 RED_SNN: �nal 

network consists of 

embedding layer, 

long short-term 

memory layer, four 

fully connected 

layers.

Spino-pelvic 

chondrosar-

coma

Yes To predict survival 

following a spino-

pelvic chondrosarcoma 

diagnosis

The median c-index of the five validation sets 

was 0.84 (95% con�dence interval, 0.79–0.87). 

Risk estimate distance survival neural network 

(RED_SNN) was a valid method to predict 

survival for spinal and pelvic chondrosarcoma, 

and it appears to be comparable to other 

methods.

ANN, arti�cial neural network; MLP, multilayer perceptron neural networks; LBP, low back pain; LR, logistic regression; ROC, receiver operating characteristic; SE, standard error; SVM, support vector 

machine; LDH, lumbar disc herniation; ML, machine learning; NR, not reported; AUC, area under the curve; ASA, American Society for Anesthesiology; NR, not reported; RF, random forest decision tree; 

MLA, machine learning algorithms; tSCI, traumatic spinal cord injury; CNN, convolutional neural network; RED_SNN, risk estimate distance survival neural network.
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Table 3. A list of papers on ANN used in spine outcome prediction

Author Year Country

No. of sample size
Model 

type
Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Azimi et al. [3] 2014 Iran 84 84 ANN model LSS Yes To develop an ANN model for 

predicting 2-year surgical 

satisfaction, and to compare 

the new model with traditional 

predictive tools in patients with 

lumbar spinal canal stenosis

The ANN model displayed a better accuracy rate in 

96.9% of patients, a better Hosmer-Lemeshow statis-

tic in 42.4% of patients, and a better receiver operat-

ing characteristic-AUC in 80% of patients, compared 

with the LR model. ANNs can predict 2-year surgical 

satisfaction in LSS patients with a high level of accu-

racy.

Azimi et al. [66] 2015 Iran 201 201 ANN model Recurrent LDH Yes To develop an ANN model to 

predict recurrent LDH

Compared with the LR model, the ANN model was as-

sociated with superior results: accuracy rate, 94.1%; 

H-L statistic, 40.2%; and AUC, 0.83% of patients. 

ANNs could be used to predict the diagnostic statues 

of recurrent and nonrecurrent group of LDH patients 

before the �rst or index microdiscectomy.

Azimi et al. [4] 2016 Iran 102 101 ANN model LDH Yes To develop an ANNs model for 

predict successful surgery 

outcome in LDH

Compared to the LR model, the ANN model showed bet-

ter results: accuracy rate, 95.8%; H-L statistic, 41.5%; 

and AUC, 0.82% of patients. ANNs can predict suc-

cessful surgery outcome with a high level of accuracy 

in LDH patients.

Azimi et al. [67] 2017 Iran 174 86 ANN model LSCS Yes To accurately select patients for 

surgery or non-surgical options 

and to compare such with the 

traditional clinical decision-

making approach in LSCS 

patients

The ANN model displayed better accuracy rate (97.8%), 

a better H-L statistic (41.1%) which represented a 

good-�t calibration, and a better AUC (89.0%), com-

pared to the LR model. ANN model could predict the 

optimal treatment choice for LSCS patients in clinical 

setting and is superior to LR model.

Karhade et al. 

[68]

2019 USA 844 (80%) 209 (20%) ML algorithm SEA NR To develop ML algorithms for 

prediction of in-hospital and 90-

day postdischarge mortality in 

SEA

Overall, 1,053 SEA patients were identi�ed in the study, 

with 134 (12.7%) experiencing in-hospital or 90-

day postdischarge mortality. The stochastic gradient 

boosting model achieved the best performance across 

discrimination, c-statistic=0.89, calibration, and deci-

sion curve analysis. ML algorithms showed promise 

on internal validation for prediction of 90-day mortality 

in SEA.

(Continued on next page)
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Author Year Country

No. of sample size
Model 

type
Conditions

Comparison 

with non-

ANN models

Main focus Results/conclusion(s)

Training Testing

Stopa et al. 

[69]

2019 USA 144 Patients 144 Patients ML algorithm Lumbar disc dis-

orders surgery

NR To predict nonroutine discharge 

for patients undergoing surgery 

for lumbar disc disorders

A nonroutine discharge rate of 6.9% (n=10). The neural 

network algorithm generalized well to the institutional 

data, with a c-statistic of 0.89. ML showed that a reli-

able method for identifying patients with lumbar disc 

disorder at risk for nonroutine discharge,

Zhang et al. 

[70]

2019 China 58 22 ML Lumbar vertebral 

strength of 

elderly men

NR To predict vertebral strength 

based on clinical quantitative 

computed tomography images 

by using machine learning

High accuracy was achieved to predict vertebral 

strength. This study provided an effective approach 

to predict vertebral strength and showed that it may 

have great potential in clinical applications for nonin-

vasive assessment of vertebral fracture risk.

Hopkins et al. 

[71]

2019 USA 17,448 5,816 DNN Spinal fusions NR To develop an AI model to predict 

30-day readmissions after 

posterior lumbar fusion

Mean positive predictive value was 78.5%. Mean nega-

tive predictive value was 97%. The DNN model was 

able to predict those patients who would not require 

readmission.

Hopkins et al. 

[72]

2020 USA 3,034 1,012 DNN Spinal fusions NR To develop an AI model for predict 

surgical site infections after 

posterior spinal fusions

The five highest weighted variables were congestive 

heart failure, chronic pulmonary failure, hemiplegia/

paraplegia, multilevel fusion, and cerebrovascular 

disease, respectively. Notable factors that were pro-

tective against infection were intensive care unit ad-

mission, increasing Charlson Comorbidity Index score, 

race (White), and being male. They reported that AI 

was relevant and impressive tools that should be em-

ployed in the clinical decision making for patients.

ANN, arti�cial neural network; LSS, lumbar spinal stenosis; AUC, area under the curve; LR, logistic regression; LDH, lumbar disk herniation; H-L statistic, Hosmer-Lemeshow statistic; LSCS, lumbar spi-

nal canal stenosis; ML, machine learning; SEA, spinal epidural abscess; NR, not reported; DNN, deep neural network; AI, arti�cial intelligence.

Table 3. Continued
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Table 4. A list of papers on ANN used in the biomechanical assessments of spinal disease

Author Year Country
No. of sample size

Model 

type
Conditions

Comparison 

with non-ANN 

models

Main focus Results/conclusion(s)
Training Testing

Mann et al. [73] 1993 USA The more samples, 

the more ac-

curate

The more 

samples, the 

more accurate

MLP Lumbar spine 

disorder

NR To determine the reliability 

of the patient pain draw-

ing when diagnosing low-

back disorders and to 

delineate the pain mark 

patterns particular to each 

disorder by comparing 

physicians with computer-

ized methods

The physicians averaged 51% accuracy 

with individual preferences for certain 

disorder groups. The computerized 

methods demonstrated comparable 

accuracy (48%) and more agreement in 

classi�cation. ANNs was useful to clini-

cians for making accurate predictions 

of diagnosis from pain drawings.

Ongphiphadhanakul 

et al. [74]

1997 Thailand 100 29 MLP Low BMD NR To evaluate the risk factors 

associated with low BMD 

and assess the prediction 

of low BMD using an 

ANN compared to a LR

There was no significant difference in 

terms of accuracy, sensitivity, and 

speci�city in the prediction of low BMD 

at the lumbar spine or the femoral neck 

between ANN model and LR model. 

Results showed that ANN did not per-

form better than convention statistical 

methods in the prediction of low BMD.

Nussbaum et al. [75] 1997 USA The more samples, 

the more ac-

curate

The more 

samples, the 

more accurate

MLP Lumbar muscle 

recruitment 

during static 

loading

NR To examine inter-individual 

differences in the patterns 

of torso muscle recruit-

ment during 3D static 

moment loading of the 

lumbar spine.

It was speculated that inter individual 

muscle recruitment differences may 

be important for assessing individual 

musculoskeletal risk.

Wang et al. [76] 2002 USA The EMG signals 

of 10 �exor 

and extensor 

muscles

The EMG signals 

of 10 �exor 

and extensor 

muscles

MLP Joint moments NR To determine muscle activa-

tions from EMG signals.

The results showed that the neural net-

work model can be used to represent 

the relationship between EMG signals 

and joint moments well.

Arjmand et al. [77] 2013 Iran 5,220 Load posi-

tions and the 

more samples, 

the more ac-

curate

The more 

samples, the 

more accurate

Five-layer, feed-

forward neural 

network model

Spinal loads and 

muscle forces

Yes Two ANNs was constructed, 

trained, and tested to map 

inputs of a complex trunk 

FE model to its outputs for 

spinal loads and muscle 

forces and compared to 

regression equations.

Results indicated that the ANNs were 

more accurate in mapping input-

output relationships of the FE model 

(RMSE=20.7 N for spinal loads and 

RMSE=4.7 N for muscle forces) as 

compared to regression equations 

(RMSE=120.4 N for spinal loads and 

RMSE=43.2 N for muscle forces). Using 

these user-friendly tools, spine loads 

and trunk muscle can be easily esti-

mated.

(Continued on next page)
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Comparison 

with non-ANN 
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Main focus Results/conclusion(s)
Training Testing

Amaritsakul et al. [78] 2013 Taiwan 25 Screw designs 

were used as 

the learning set.

10 Randomly 

selected screw 

designs

MLP: a three-

layered ANN

Optimization 

design of spinal 

pedicle screws

Yes Using the 3D FE analytical 

results based on an L25 

orthogonal array, bend-

ing and pullout objective 

functions were developed 

by an ANN algorithm, and 

the trade-off solutions 

known as Pareto optima 

were explored by a GA.

Multi-objective optimization study of 

spinal pedicle screws using the hybrid 

of ANN and GA could achieve an ideal 

with high bending and pullout perfor-

mances simultaneously.

Hu et al. [79] 2018 USA 44 Chronic LBP 

and healthy 

individuals

44 Chronic LBP 

and healthy 

individuals

Deep neural 

networks

LBP NR To recognize LBP patients 

from healthy population 

performed static standing 

tasks, while their spine 

kinematics and center of 

pressure were recorded.

Results indicated that deep neural net-

works could recognize LBP populations 

with precision up to 97.2%. Results 

showed a deep learning network can 

solve the above classi�cation problem 

with both promising precision and re-

call performance.

Aghazadeh et al. [80] 2019 Iran 15 Individuals each 

performed 135 

load-handling 

activities

15 Individuals 

each per-

formed 135 

load-handling

activities

Coupled ANNs The risk of spine 

injury during 

manual mate-

rial handling

NR To estimate 3D whole-body 

posture, lumbosacral mo-

ments, and spinal loads 

during load-handling 

activities

The results showed outputs of the 

coupled ANNs for L4–L5 IDPs during a 

number of activities were in agreement 

with measured IDPs. Hence, coupled 

ANNs were found to be robust tools 

to evaluate posture, lumbosacral mo-

ments, spinal loads, and thus risk of 

injury during load-handling activities.

Liu et al. [81] 2019 China The model was 

trained for 20 

epochs with a 

mini-batch size 

of 16.

The model was 

trained for 20 

epochs with a 

mini-batch size 

of 16.

CSNN Tracking the 

motion of the 

lumbar spine

NR To automatically track lum-

bar vertebras with rotated 

bounding boxes in digi-

talized video fluoroscopic 

imaging, sequences.

Results indicated that the proposed 

tracking method can track the lumbar 

vertebra steadily and robustly. The 

study demonstrated that the lumbar 

tracker based on CSNN can be trained 

successfully without annotated lumbar 

sequences.

Table 4. Continued

(Continued on next page)



Parisa A
zim

i et al.
566

A
sian Spine J 2020;14(4):543-571

in
tro

d
u

ced
 b

y Jam
alu

d
in

 et al. [14,89] h
elp

s in
 clin

ical an
d

 

algo
rith

m
ic research

 [90]. �
is system

 can
 extract a w

id
e 

ran
ge o

f relevan
t m

easu
rem

en
ts fro

m
 m

agn
etic reso

n
an

ce 

(M
R

) im
ages au

to
m

atically in
clu

d
in

g P
�

rrm
an

n
 grad

es, 

M
o

d
ic ch

an
ges, sp

in
al sten

o
sis, g

rad
in

g
 L

S
S

 in
to

 fo
u

r 

grad
es, an

d
 d

isc h
ern

iatio
n

. �
e so

�
w

are n
eed

s to
 b

e ab
le 

to
 learn

 w
ith

o
u

t h
u

m
an

 in
p

u
t an

d
 classify m

u
ltip

le rad
io

-

lo
gical featu

res sim
u

ltan
eo

u
sly. T

h
erefo

re, th
e Sp

in
eN

et 

so
ftw

are system
 ad

o
p

ts a n
eu

ral n
etw

o
rk

 w
h

ich
 allo

w
s 

it to
 learn

 an
d

 classify m
u

ltip
le sco

res at th
e sam

e tim
e. 

T
h

e Sp
in

eN
et so

ftw
are to

o
l is availab

le o
n

lin
e at h

ttp
://

zeu
s.ro

b
o

ts.o
x

.ac.u
k

/sp
in

en
et/. M

ean
w

h
ile, th

e au
th

o
rs 

stated
 th

at th
is is n

eith
er a d

iagn
o

stics to
o

l n
o

r a m
ed

ical 

d
evice; h

en
ce, it sh

o
u

ld
 b

e u
sed

 fo
r research

 o
n

ly [90]. In
 

th
e fu

tu
re, A

N
N

 to
o

ls fo
r th

e sp
in

al w
o

rk
flo

w
 m

ay h
elp

 

to
 em

p
o

w
er th

e sp
in

e su
rgeo

n
 in

 m
an

agem
en

t o
f sp

in
al 

d
iseases, p

o
sitively en

gage th
e p

atien
ts, red

u
ce th

e p
ro

b
-

ab
ility o

f erro
r an

d
 im

p
ro

ve sp
in

e su
rgeo

n
 e�

cien
cy.

A
N

N
s h

ave b
een

 effectively ap
p

lied
 fo

r b
io

m
ech

an
ics 

o
f sp

in
e, su

ch
 as estim

atio
n

 o
f lo

ad
s an

d
 stresses [8

0
], 

estim
atio

n
 o

f th
e m

aterial p
ro

p
erties o

f b
io

lo
gical tissu

es 

[7
4

], an
d

 an
alysis o

f th
e m

o
tio

n
 an

d
 g

ait [8
1

]. A
 clear 

u
n

d
erstan

d
in

g o
f b

io
m

ech
an

ical p
rin

cip
les is vital fo

r th
e 

treatm
en

t o
f sp

in
al d

iso
rd

ers [9
1

]. In
 view

 o
f th

e d
irect 

an
d

 in
vasive in

 v
iv

o
 m

easu
rem

en
ts o

f sp
in

al lo
ad

s an
d

 

m
u

scle fo
rces, research

ers h
ave d

ecid
ed

 to
 ap

p
ly A

N
N

s 

fo
r sp

in
al b

io
m

ech
an

ical assessm
en

t b
y u

sin
g d

ifferen
t 

p
o

ssib
le m

o
d

els [77]. Y
et, th

e u
se o

f arti�
cial in

telligen
ce 

tech
n

iq
u

es in
 clin

ical b
io

m
ech

an
ics o

f th
e sp

in
e is still in

 

its in
fan

cy. H
o

w
ever, co

n
tin

u
ed

 assessm
en

t u
sin

g A
N

N
 

m
eth

o
d

s an
d

 u
n

d
erstan

d
in

g o
f m

ath
em

atical an
d

 b
io

en
-

gin
eerin

g p
rin

cip
les w

ill en
su

re th
e d

isco
very o

f n
ew

 so
lu

-

tio
n

s an
d

 m
o

re effective w
ays o

f h
elp

in
g sp

in
e p

atien
ts, 

esp
ecially sp

in
e su

rgery [75-78]. In
 gen

eral, at th
e p

resen
t 

tim
e, th

ere is n
o

 clin
ical ap

p
licatio

n
 availab

le fo
r b

io
m

e-

ch
an

ics o
f sp

in
e. N

o
n

eth
eless, th

e afo
rem

en
tio

n
ed

 stu
d

ies 

clearly d
em

o
n

strate th
e p

o
ten

tial o
f n

eu
ral n

etw
o

rk
 in

 th
is 

aren
a.

T
h
ere w

as co
n
sid

erab
le h

etero
g
en

eity
 in

 th
e m

o
d
elin

g
 

m
e
th

o
d

s u
se

d
. S

tu
d

ie
s v

a
rie

d
 w

ith
 re

g
a
rd

 to
 th

e
 in

c
lu

-

sio
n

 c
rite

ria
, in

p
u

t a
n

d
 o

u
tp

u
t v

a
ria

b
le

s u
se

d
, m

a
c
h

in
e 

le
a
rn

in
g

 te
c
h

n
iq

u
e
s a

p
p

lie
d

, a
n

d
 m

o
d

e
ls p

e
rfo

rm
a
n

c
e 

fo
r th

e
 e

v
a
lu

a
tio

n
 o

f th
e
 fo

u
r c

a
te

g
o

rie
s o

f issu
e
s d

is-

c
u

sse
d

 a
b

o
v

e
. Y

e
t, L

R
, n

e
u

ra
l n

e
tw

o
rk

s, a
n

d
 su

p
p

o
rt 

v
ecto

r m
ach

in
es (S

V
M

) are th
e m

o
st co

m
m

o
n
ly

 ap
p
lied

 

co
m

p
u

ter-b
ased

 alg
o

rith
m

s. H
o

w
ev

er, th
ese alg

o
rith

m
s 

are d
ev

elo
p

in
g

 an
d

 req
u

ire fu
rth

er im
p

ro
v

em
en

t. A
s an

 

Author Year Country

No. of sample size
Model 

type
Conditions

Comparison 

with non-ANN 

models

Main focus Results/conclusion(s)
Training Testing

Zhang et al. [70] 2019 China 80 Subjects with 

QCT data of 

lumbar spine 

were randomly 

selected

80 Subjects with 

QCT data of 

lumbar spine 

were randomly 

selected

Machine learn-

ing models

To predict verte-

bral strength

NR The parameters extracted 

from QCT images were 

used to predict vertebral 

strength through machine 

learning models.

The 58 parameters were simpli�ed to �ve 

features and nine PCs. High accuracy 

was achieved by using the �ve features 

or the nine PCs to predict vertebral 

strength. This study provided an ef-

fective approach to predict vertebral 

strength and showed that it may have 

great potential in clinical applications 

for noninvasive assessment of vertebral 

fracture risk.

ANN, arti�cial neural network; MLP, multilayer perceptron neural networks; NR, not reported; BMD, bone mineral density; LR, logistic regression; 3D, three-dimensional; EMG, electromyogram; FE, �nite 

element; RMSE, root mean square error; GA, genetic algorithm; LBP, low back pain; IDP, intradiscal pressure; CSNN, convolutional siamese neural network; QCT, quantitative computed tomography; PCs, 

principal components.

Table 4. Continued



R
eview

 of A
N

N
 in Spine

A
sia

n
 S

p
in

e
 Jo

u
r

n
a

l
567

ex
am

p
le, th

e fo
llo

w
in

g
 m

ach
in

e learn
in

g
 tech

n
iq

u
es are 

th
e
 m

o
st re

c
o

m
m

e
n

d
e
d

 to
 b

e
 e

m
p

lo
y

e
d

: B
i-d

ire
c
tio

n
a
l 

L
o

n
g

 S
h

o
rt-T

e
rm

 M
e
m

o
ry, D

e
e
p

 L
e
a
rn

in
g

 a
n

d
 N

e
u

ra
l 

N
etw

o
rk

, E
x
trem

e M
ach

in
e L

earn
in

g
, S

V
M

 an
d
 T

B
asts, 

R
andom

 Forest, and B
oosting [92]. O

n the other hand, 
th

e
 c

o
m

p
a
riso

n
 o

f d
iffe

re
n

t n
e
u

ra
l n

e
tw

o
rk

 a
lg

o
rith

m
s 

co
u
ld

 assist in
 th

e selectio
n
 o

f th
e b

est m
o
d
el fo

r m
ak

in
g
 

su
re th

at it h
as th

e b
est p

erfo
rm

an
ce. H

o
w

ev
er, it is also

 

cru
cial to

 co
n

sid
er th

e ad
v

an
tag

es an
d

 d
isad

v
an

tag
es o

f 

th
ese alg

o
rith

m
s b

ased
 o

n
 th

e d
ataset d

etails an
d
 p

lan
ed

 

application to m
ake the best choice [92]. H

ence, there is a 
n
eed

 fo
r m

eth
o
d
 stan

d
ard

izatio
n
 in

 o
rd

er to
 ap

p
ly

 A
N

N
s 

sp
in

e
 c

lin
ic

a
l p

ra
c
tic

e
.A

lth
o

u
g

h
 th

e
 c

u
rre

n
t re

se
a
rc

h
 

h
ig

h
lig

h
ts th

e p
ro

m
ise an

d
 p

o
ten

tial o
f n

eu
ral n

etw
o
rk

s in
 

sp
in

e d
iso

rd
ers, th

ere is co
n

tin
u

in
g

 d
eb

ate w
h

eth
er n

eu
-

ral n
etw

o
rk

s co
u

ld
 o

r sh
o

u
ld

 b
e u

sed
 in

 ro
u

tin
e clin

ical 

p
ractice. A

t p
resen

t, th
ere is a p

au
city

 o
f literatu

re o
n
 th

e 

clin
ical ap

p
licatio

n
 o

f n
eu

ral n
etw

o
rk

s in
 sp

in
e clin

ical 

decision-m
aking. In addition, there are no specific con

-

sen
su

s reco
m

m
en

d
atio

n
s fo

r d
esig

n
in

g
 an

 o
p

tim
al A

N
N

 

for clinical practice [2]. H
ence, in order to develop an 

A
N

N
 to

o
l fo

r sp
in

e clin
ical p

ractice, it is reco
m

m
en

d
ed

 

th
at an

 in
tern

atio
n
al cen

ter n
eed

 to
 co

n
sid

er th
e fo

llo
w

in
g
 

subjects: (1) to create a m
ultidisciplinary team

 of spine 
clin

ician
s, en

g
in

eers an
d
 d

ata scien
tists to

 ev
alu

ate A
N

N
 

to
o
ls; (2

) to
 d

esig
n
 m

eth
o
d
s o

f d
ata co

llectio
n
 fo

r train
in

g
 

an
d
 testin

g
, an

d
 stan

d
ard

izatio
n
 fo

r each
 sp

in
al d

iso
rd

ers; 

(3
) to

 select th
e b

est n
eu

ral n
etw

o
rk

 alg
o
rith

m
; (4

) to
 d

e-

v
elo

p
 an

d
 im

p
ro

v
e u

ser-frien
d

ly
 so

ftw
are en

v
iro

n
m

en
t; 

(5) to validate (“m
odel testing”); (6) to assess A

N
N

s as 
tools for perform

ing R
C

T; and (7) to provide up-to-date 
A

N
N

 m
o
d
els w

h
ich

 co
u
ld

 h
an

d
le h

ig
h
er p

atien
t d

ata (b
ig

 

d
ata) en

try
 fo

r au
g
m

en
tin

g
 au

g
m

en
t d

ecisio
n
-m

ak
in

g
 ef-

ficacy [2]. In general, the prelim
inary results from

 tools 
are satisfacto

ry. H
o
w

ev
er, it still req

u
ires m

an
y
 effo

rts to
 

m
ak

e th
e A

N
N

 to
o
ls m

o
re accu

rate an
d
 to

 m
ak

e th
e id

ea 

p
ractically

 ach
iev

ab
le.

A
N

N
 tech

n
o

lo
g

y h
as b

een
 attractin

g su
b

stan
tial 

atten
tio

n
 in

 sp
in

al d
isease, b

u
t th

ere are ch
allen

ges 

to
 b

e im
p

lem
en

ted
 in

 clin
ical settin

g. Several lim
ita-

tio
n

s exist in
 m

o
st o

f th
e stu

d
ies o

n
 A

N
N

s in
 sp

in
al 

d
iseases, in

clu
d

in
g

 larg
ely

 h
etero

g
en

eo
u

s stu
d

y 

d
esign

, d
ata an

alysis, m
o

d
elin

g tech
n

iq
u

e, train
in

g 

an
d

 testin
g featu

res ap
p

lied
, algo

rith
m

s em
p

lo
yed

, 

an
d

 en
d

 p
o

in
ts. H

en
ce, a fo

cu
sed

 syn
th

esis o
f th

e 

literatu
re can

n
o

t b
e p

ro
vid

ed
. In

 ad
d

itio
n

, th
e search

 

strateg
y w

as lim
ited

 to
 th

e k
ey

w
o

rd
s in

 th
e titles 

o
r ab

stracts o
f p

u
b

licatio
n

s. T
h

u
s, w

e m
ig

h
t h

ave 

m
issed

 so
m

e p
ap

ers. S
eco

n
d

ly, th
is w

o
rk

 restricted
 

th
e q

u
ery search

 fo
r articles in

 P
u

b
M

ed
. T

h
ird

ly, 

n
o

n
-E

n
glish

 p
u

b
licatio

n
s w

ere n
o

t co
n

sid
ered

 in
 th

is 

stu
d

y. W
e b

elieve th
at th

e research
 regard

in
g th

e ap
-

p
licatio

n
 o

f A
N

N
s in

 sp
in

al d
iseases h

ave also
 b

een
 

p
u

b
lish

ed
 in

 o
th

er lan
gu

ages. F
o

u
rth

ly, m
o

st A
N

N
s 

algo
rith

m
s in

 th
ese stu

d
ies w

ere valid
ated

 w
ith

 th
eir 

d
ataset, it m

ay b
e lack

 o
f ex

tern
al valid

atio
n

 an
d

 

gen
eralizab

ility o
f th

eir resu
lts. F

i�
h

ly, so
m

e stu
d

ies 

d
id

 n
o

t co
m

p
are A

N
N

s w
ith

 co
n

ven
tio

n
al statisti-

cal an
alysis; h

en
ce, a co

m
p

ariso
n

 b
etw

een
 an

y tw
o

 

m
o

d
els is lim

ited
 [2].

C
o

n
c

lu
sio

n
s

�
e evid

en
ce su

ggests th
at A

N
N

s can
 b

e su
ccessfu

lly u
sed

 

fo
r sp

in
al d

isease to
 m

an
age its d

iagn
o

sis, p
ro

gn
o

sis an
d

 

o
u

tco
m

e p
red

ictio
n

. F
u

rth
er A

N
N

s algo
rith

m
 retrain

in
g, 

gen
eralizab

ility o
f m

o
d

els, d
ata stan

d
ard

izatio
n

 in
 n

eu
ral 

n
etw

o
rk

s, an
d

 fo
cu

s o
n

 th
e ap

p
licatio

n
 o

f A
N

N
s as a to

o
l 

in
 clin

ical sp
in

e p
ractice, w

ill au
gm

en
t d

ecisio
n

-m
ak

in
g 

e�
cacy.

C
o

n
�

ic
t o

f In
te

re
st

N
o

 p
o

ten
tial co

n
�

ict o
f in

terest relevan
t to

 th
is article w

as 

rep
o

rted
.
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