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Ahmet Alanay, MD,{ Emre Acaroğlu, MD,jj Francisco Javier Sánchez Pérez-Grueso, MD,!!
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Study Design. Retrospective review of prospectively-collected,
multicenter adult spinal deformity (ASD) databases.
Objective. To apply artificial intelligence (AI)-based
hierarchical clustering as a step toward a classification

scheme that optimizes overall quality, value, and safety for ASD
surgery.
Summary of Background Data. Prior ASD classifications
have focused on radiographic parameters associated with patient
reported outcomes. Recent work suggests there are many other
impactful preoperative data points. However, the ability to
segregate patient patterns manually based on hundreds of data
points is beyond practical application for surgeons. Unsuper-
vised machine-based clustering of patient types alongside surgi-
cal options may simplify analysis of ASD patient types,
procedures, and outcomes.
Methods. Two prospective cohorts were queried for surgical
ASD patients with baseline, 1-year, and 2-year SRS-22/ODI/
SF-36v2 data. Two dendrograms were fitted, one with surgical
features and one with patient characteristics. Both were built
with Ward distances and optimized with the gap method.
For each possible n patient cluster by m surgery, normalized
2-year improvement and major complication rates were
computed.
Results. Five hundred-seventy patients were included. Three
optimal patient types were identified: young with coronal plane
deformity (YC, n¼ 195), older with prior spine surgeries (ORev,
n¼157), and older without prior spine surgeries (OPrim,
n¼218). Osteotomy type, instrumentation and interbody fusion
were combined to define four surgical clusters. The intersection
of patient-based and surgery-based clusters yielded 12 sub-
groups, with major complication rates ranging from 0% to
51.8% and 2-year normalized improvement ranging from
#0.1% for SF36v2 MCS in cluster [1,3] to 100.2% for SRS self-
image score in cluster [2,1].
Conclusion. Unsupervised hierarchical clustering can identify
data patterns that may augment preoperative decision-making
through construction of a 2-year risk–benefit grid. In addition to
creating a novel AI-based ASD classification, pattern identifica-
tion may facilitate treatment optimization by educating surgeons
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on which treatment patterns yield optimal improvement with
lowest risk.
Key words: adult spinal deformity, artificial intelligence,
classification, complications, hierarchical clustering, outcomes,
predictive analytics, quality, scoliosis, surgery.
Level of Evidence: 4
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T he level of heterogeneity of clinical presentation and
treatment options for adult spinal deformity (ASD) is
one of the most salient features of the condition.1–5

Although several reports suggest that, on average, operative
treatment for selected patientswithASDprovides reliefof pain
and disability,6–12 these studies do not address the substantial
clinical and operative heterogeneity that impacts decision-
making at the individual patient level. An objective classifica-
tion to guide which ASD patients may benefit the most from
surgical treatment and which surgical treatments may produce
the best outcomes is lacking. Such a classification could prove
useful for counseling and for efforts to optimize the safety and
cost-effectiveness of ASD treatment.13–16

Several classifications based upon radiographic parame-
ters have been proposed for ASD.17–20 Currently, the Scoli-
osis Research Society (SRS)-Schwab classification, a clinical
impact-based system derived from linear regression using
sagittal spino-pelvic measurements, is the most widely
accepted and applied ASD classification.20 This classifica-
tion has good reliability and intra- and inter-observer agree-
ment, and subsequent validation studies have explored the
relationship between the classification clusters and patient-
reported outcome measures (PROMs).20–22 However, the
SRS-Schwab classification is based solely on radiographic
parameters correlated with PROMs and does not account
for potentially important demographic and clinical factors,
including patient age, frailty measures, body mass index
(BMI), and history of previous surgical treatment.

Knowledge about individual prognostic factors for ASD
provides limited information about complex interactions
between patient and treatment characteristics. Analysis
based upon simultaneous interaction among many variables
may define previously unrecognized associations between
outcomes and complication risk and serve as the basis for
novel hypothesis-driven research. However, the ability to
segregate patient patterns manually based on hundreds of
data points is beyond practical application for surgeons.
Thus, patient-centered research for ASD surgery might
benefit from a broader application of analytical approaches.

The goal of artificial intelligence (AI) is to mimic human
cognitive functions.23 As the availability of healthcare data
is rapidly increasing and techniques for big data analysis are
advancing, powerful AI techniques have been applied to
reveal clinically useful information buried within vast
amounts of data, as means of augmenting clinical deci-
sion-making.23–26 Highly sophisticated algorithms can be
applied through AI in order to ‘‘learn’’ based on large

volumes of healthcare data and these insights may then
be applied to aid in clinical practice.23 AI-based unsuper-
vised multivariate analyses, such as hierarchical clustering,
have been extensively applied across multiple basic science
and health fields.27–32 However, these techniques have not
previously been applied to spine research.

Given its marked heterogeneity, application of AI-based
hierarchical clustering to ASD could provide data-driven,
patient-focused insight. The objective of the present study
was to apply AI-based hierarchical clustering analysis of
patient types and surgical intervention categories to a large
prospectively-collected, multicenter series of surgically-
treated ASD patients as a step toward defining a classifica-
tion scheme that optimizes overall quality, value, and safety.

METHODS

Patient Population
Two independent and compatible prospective multicenter
ASD databases, one from the United States and the other
from Europe, were queried and merged. Inclusion criteria
were: patients with radiographically-confirmed ASD, age
more than or equal to 18 years, with a plan for surgical
treatment at time of enrollment, and eligible for 2-year
follow-up. ASD was defined by the presence of at least
one of the following: scoliosis more than or equal to 208,
sagittal vertical axis (SVA) more than or equal to 5 cm,
pelvic tilt (PT) more than or equal to 258, or thoracic
kyphosis (TK) more than or equal to 608. Only patients
with available 2-year follow-up were analyzed in the present
study. Patients were enrolled through an Institutional
Review Board (IRB) approved protocol at 17 sites (11 in
the United States, two in Spain, two in Turkey, one in
France, and one in Switzerland).

Patient Parameters
Patient characteristics at baseline were divided into two
categories, objective measurements (including demo-
graphics and radiographic parameters) and PROMs. Demo-
graphic measures included patient age, sex, height, weight,
and number of previous spine surgeries. Full-length free-
standing antero-posterior and lateral spine radiographs
were analyzed using validated software33–35 for assessment
of radiographic parameters based on standard techniques.36

PROMs included the Oswestry Disability Index,37 Scoli-
osis Research Society-22r,38,39 and the OptumTM SF-36v21

Health Survey.40 ODI scores are presented as inverse values,
with scores of 0 and 100 reflecting the most and least degrees
of disability, respectively. For the SF36v2, the physical
component summary (PCS) and mental component sum-
mary (MCS) scores were assessed.

Surgical Parameters
Collected surgical characteristics included: number of prior
spine surgeries, surgical approach, number of fused verte-
bral levels, use of pelvic fixation, operative time, estimated
blood loss (EBL), and length of hospital stay (LOS). In
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addition, use of interbody fusion (IBF) was collected and
whether it was performed as a transforaminal lumbar inter-
body fusion (TLIF) or anterior lumbar interbody fusion
(ALIF). Osteotomies were collected, including Smith-Peter-
son osteotomies (SPO), pedicle subtraction osteotomies
(PSO), and vertebral column resections (VCRs). Complica-
tions were assessed and classified as recommended by Car-
reon et al.41

Statistical Analysis
The current paper presents a multivariate statistical
approach, distinct from standard multivariable modeling
such as multiple linear or logistic regression. Multivariate
analysis is often defined as having two or more outcome
variables. The main purpose of multivariate analysis is to
empirically explore the underlying data-generating process.
Hierarchical clustering was used as the main instrument for
the creation of representative clusters of patients with high
within group similarity and the highest dissimilarity across
other groups.

Two dendrograms based on hierarchical clustering,42

built upon Ward distances43 and optimized with the gap
method,44 were generated by fitting the data separately to
the patient parameters and to the surgical parameters.
Cluster analysis was performed for each dendrogram to
find correlations of the value space and to separate the data
values into manageable, discreet subgroups based on simi-
larity metrics.45 Two-year outcomes were stratified based
on the occurrence of major complications and normalized
improvements in PROMs.

Efficiency Grid
To evaluate the safety of various surgical approaches as they
directly relate to improvement for ASD patients (i.e., ‘‘risk–
benefit’’ assessment), a theoretical surgical efficiency grid
was created. This grid was built based upon each of the N by
M patient and surgical clusters for each of the eight PROMs
(ODI, five SRS-22r domains, and the SF-36v2 MCS and
PCS) and the 2-year incidence of major complications. The
unit of benefit was deemed as normalized improvement in
all PROMs and the unit of cost was the 2-year cumulative
incidence of the first major complication (requiring medical
intervention).

RESULTS
Of 1612 patients, 1,064 (66.0%) were eligible for 2-year
follow-up. Of those eligible for 2-year follow-up, 869
(81.7%) achieved 2-year follow-up, and of these patients
570 (65.6%) met inclusion criteria and had complete data at
baseline and follow-up. Table 1 presents the main descrip-
tive statistics for assessed patient parameters, including
demographics, radiographic measures, and PROMs. Mean
patient age was 56.8 years, and women represented 78.8%
of the patients.

Primary surgical parameters are summarized in Table 2.
Of 570 patients, 237 (41.7%) had a history of previous spine
surgery. Mean surgical time was 346 minutes, and mean

EBL was 1660 cm3. On average, patients had 10.7 vertebral
levels fused and LOS averaged 8.9 days. Major complica-
tions were reported in 36.2% of patients. The most common
major complications included radiographic (24.6%),
implant-related (22.2%), infection (16.7%), and neurologic
(11.9%). A detailed assessment of the complications from
the US cohort has been previously published.14

Patient-Based Dendrogram and Clusters
A phylogenic dendrogram resulting from application of
hierarchical clustering to the patient parameters is shown
in Figure 1. A total of three clusters was found to be
optimal given the sample size and patient characteristics
(gap statistic K¼0.67; Figure 2). Table 3 presents the
average of each variable grouped by cluster. All variables
were statistically significantly different across groups
(overall P-value % 0.004).

The first cluster included 195 patients (Table 3) and is
termed the ‘‘Young Coronal’’ cluster, since these patients
were the youngest of three clusters (mean age¼47.6 yr) and
had deformity that was predominantly scoliosis (mean
major Cobb angle¼50.48). These patients had relatively
normal mean global alignment in both the sagittal
(SVA¼17.3 mm) and coronal (global coronal alignment
[GCA]¼27.7 mm) planes, had a low incidence of previous
spine surgery (8%), and had the best baseline PROM scores.

The second cluster included 157 patients (Table 3) and is
termed the ‘‘Old Revision’’ cluster based on the relatively
older mean age (62.3 yr) and high incidence of previous
surgery (48%). These patients had the highest mean SVA
(88.1 mm), intermediate mean coronal malalignment
(GCA¼28.1 mm), and the lowest mean major coronal
Cobb angle (32.78). Patients in the Old Revision cluster
had the poorest baseline mean PROM values.

The third cluster included 218 patients (Table 3) and is
termed the ‘‘Old Primary’’ cluster owing to a relatively older
mean age (61.0 yr) and low incidence of previous spine
surgery (7%). These patients had intermediate mean values
for global sagittal alignment (SVA¼66.8 mm), major coro-
nal Cobb angle (36.68), and baseline PROM scores.

Surgically-Based Dendrogram and Clusters
A phylogenic dendrogram based on hierarchical clustering
analysis applied to the surgical parameters is shown in
Figure 3. A total of four clusters was found to be optimal
given the sample size and patient characteristics (gap
statistic K¼0.68; Figure 4). Table 4 presents the average
of each variable grouped by cluster. All variables were
statistically significantly different across groups (overall
P-value <0.001).

The first and fourth clusters included 142 and 162
patients, respectively (Table 4). These clusters had the great-
est number of vertebral levels fused, 11.4 and 11.8, respec-
tively. Although both also had the highest utilization of
osteotomies, three-column osteotomies (3CO) were pre-
dominantly used for patients in the first cluster and SPOs
were predominantly used for correction in patients in the
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TABLE 1. Patient Parameters: Demographics, Radiographic Measures, and Patient-Reported
Outcomes Scores for 570 Adult Spinal Deformity Patients!

Variable Mean or % SD Median Min Max SE

Preoperative baseline
Gender (% women) 79 1.7
Height, cm 162.55 9.61 162 104.5 195.6 0.4
Weight, kg 70.31 16.03 68 40 158.8 0.67
Age, yr 56.75 16.32 59.93 18.05 86.42 0.68
Sagittal alignment (SVA,
cm)

55.64 69.55 44.89 #83.73 314.09 2.91

Coronal alignment (GCA,
cm)

31.24 31.4 23.86 0 288.95 1.32

Major curve Cobb angle, 8 40.27 21 38.4 0 123.7 0.88
Pelvic tilt, 8 23.28 11.03 23.39 #12.66 67.9 0.46
Inverse ODI scorey 57.55 18.89 56 8 100 0.79
SRS-22r function score 2.98 0.88 3 1 5 0.04
SRS-22r mental health score 3.31 0.93 3.25 1 5 0.04
SRS-22r pain score 2.49 0.88 2.4 1 5 0.04
SRS-22r self-image score 2.43 0.73 2.4 1 4.6 0.03
SRS-22r subtotal score 2.8 0.66 2.82 1.09 4.5 0.03
SF36v2 MCS score 44.53 13.19 45.62 10.59 73.53 0.55
SF36v2 PCS score 33.38 9.85 32.29 8.65 63.58 0.41

1-year postoperative
Sagittal alignment (SVA,
cm)

23.83 51.38 18.99 #114.08 181.03 2.15

Coronal alignment (GCA,
cm)

4.98 30.23 8.66 #162.17 113.25 1.27

Major curve Cobb angle, 8 9.09 23.43 10.96 #77.5 100.2 0.98
Pelvic tilt, 8 20.83 9.6 20.79 #15.29 61.13 0.4
Inverse ODI scorey 72.44 18.94 74.78 16 100 0.79
SRS-22r function score 3.5 0.9 3.6 1 5 0.04
SRS-22r mental health score 3.75 0.88 4 1 5 0.04
SRS-22r pain score 3.45 0.96 3.6 1 5 0.04
SRS-22r self-image score 3.64 0.86 3.6 1 5 0.04
SRS-22r subtotal score 3.63 0.74 3.73 1.14 5 0.03
SF36v2 MCS score 49.34 12.32 52.58 10.48 73.95 0.52
SF36v2 PCS score 40.98 10.03 41.42 11.47 66.45 0.42

2-years Postoperative
Sagittal alignment (SVA,
mm)

30.36 54.23 24.54 #109.2 237.1 2.34

Coronal alignment (GCA,
mm)

23.37 19.57 18.18 0 114.8 1.34

Major curve Cobb angle, 8 20.59 16.35 17 0 94.5 0.87
Pelvic tilt, 8 20.87 10.11 21 #6.3 61.87 0.45
Inverse ODI scorey 72.51 19.98 76 17.78 100 0.84
SRS-22r function score 3.53 0.95 3.6 1.2 5 0.04
SRS-22r mental health score 3.72 0.92 3.8 1 5 0.04
SRS-22r pain score 3.44 1.06 3.6 1 5 0.04
SRS-22r self-image score 3.57 0.91 3.6 1 5 0.04
SRS-22r subtotal score 3.6 0.81 3.68 1.23 5 0.03
SF36v2 MCS score 48.57 12.43 51.33 7.32 70.87 0.52
SF36v2 PCS score 40.95 11.06 41.12 13.01 71.61 0.46

!SD, standard deviation; SE, standard error, SVA, C7-S1 sagittal vertical axis; SRS, Scoliosis Research Society.
yFor the purposes of computational analyses, ODI scores are presented as inverse values, with scores of 0 and 100 reflecting the most and least degrees of
disability, respectively.

GCA indicates global coronal alignment; MCS, mental component score; ODI, Oswestry Disability Index; PCS, physical component score.
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TABLE 2. Surgical Parameters for 570 Adult Spinal Deformity Patients!

Variable Mean or % SD Median Min Max SE

Previous spine surgery (%) 41.7 2
Any major complication (%) 36.2 2
Total surgical time, min 345.74 134.47 342 43 802 5.63
Estimated blood loss, cm3 1660.16 1465.51 1300 20 12200 61.38
Number of fused vertebral levels 10.7 4.21 10 0 23 0.18
Use of pelvic fixation (%) 59.5 2
Use of interbody fusion (%) 54.4 2
Use of Smith-Petersen osteotomy (%) 50.0 2
Use of 3-column osteotomy (%) 20.8 1.7
Length of hospitalization, d 8.88 6.49 7 0 83 0.27
!SD indicates standard deviation; SE, standard error.

Figure 1. Phylogenic dendrogram from application of unsupervised hierarchical clustering to patient parameters. Each dot represents a patient
of the sample and colors represent the portions of the dendrogram in each of the three patient clusters. Blue represents young coronal patients
(YC), yellow old revision patients (ORev) and gray old first time (OPrim). Patients with similar characteristics are placed closer to the center of
each cluster, while being closer to the borders present observations with greater intra-cluster and lower inter-cluster variability.
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fourth cluster. Thus, the first and fourth clusters may be
termed the ‘‘3CO’’ and ‘‘SPO’’ clusters, respectively.

The second cluster included 72 patients (Table 4). These
patients had an average of 10.0 vertebra fused. Since treat-
ment for these patients did not include osteotomies, IBF, or
pelvic fixation, this group is termed the ‘‘No Osteotomy/No
IBF’’ cluster.

The third cluster included 194 patients (Table 4). Since
use of IBF was by far the greatest in this group (89%) and
these patients had the fewest number of vertebral levels

fused (9.5), these patients may be considered part of the
‘‘IBF’’ cluster.

Efficiency Grid
The intersection of patient-based clusters with the surgery-
based clusters yielded 12 subgroups of different patient
types under the same surgical cluster over nine outcomes,
eight PROMs, and the incidence of major complications.
The mean 2-year normalized PROM improvement and
major complication rates are summarized for these 12

Figure 2. Plot of gap statistic versus number of clusters for patient parameters. A total of three clusters was found to be optimal given the
sample size and patient characteristics (gap statistic K¼0.67).

TABLE 3. Average and Standard Deviation of Variables for Each Patient Cluster!

Patient Cluster
Sample

Size
Prior Spine
Surgeries Age, yr SVA, mm GCA, mm

Major Curve
Cobb, 8

Inverse
ODI

SRS-22r Sub-
total Score SF36v2 MCS SF36v2 PCS

1 (YC) 195 0.08 (0.31) 47.6 (18.1) 17.3 (47.4) 27.7 (23.7) 50.4 (20.8) 74.7 (13.8) 3.44 (0.40) 53.0 (9.62) 40.8 (9.76)

2 (ORev) 157 0.48 (1.28) 62.3 (11.7) 88.1 (73.4) 28.1 (24.4) 32.7 (18.8) 41.6 (13.3) 2.05 (0.36) 31.0 (9.37) 28.9 (6.43)

3 (OPrim) 218 0.07 (0.29) 61.0 (13.8) 66.8 (67.8) 36.8 (40.1) 36.6 (19.2) 53.7 (13.2) 2.78 (0.37) 46.8 (10.4) 30.0 (8.00)

Overall
P-value

<0.001 <0.001 <0.001 <0.001 0.004 <0.001 <0.001 <0.001 <0.001 <0.001

P-trend 0.723 <0.001 <0.001 0.003 <0.001 <0.001 <0.001 <0.001 <0.001

Inter-cluster
P-values

1 vs. 2y

1 vs. 3z

2 vs. 3y

1 vs. 2y

1 vs. 3y

2 vs. 3z

1 vs. 2y

1 vs. 3y

2 vs. 3§

1 vs. 2z

1 vs. 3{

2 vs. 3jj

1 vs. 2y

1 vs. 3y

2 vs. 3z

1 vs. 2y

1 vs. 3y

2 vs. 3y

1 vs. 2y

1 vs. 3y

2 vs. 3y

1 vs. 2y

1 vs. 3y

2 vs. 3y

1 vs. 2y

1 vs. 3y

2 vs. 3z

!SVA, C7-S1 sagittal vertical axis; YC, young coronal patient cluster.
yP<0.001.
zP>0.05.
§P¼0.004.
{P¼0.009.
jjP¼0.023.

GCA indicates global coronal alignment; MCS, mental component score; ODI, Oswestry Disability Index (note that the score shown is the inverse ODI);
OPrim, old primary patient cluster; ORev, old revision patient cluster; PCS, physical component score; SRS, Scoliosis Research Society.
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subgroups in Figure 5. Plots of percentage PROM improve-
ment at 2-year follow-up versus major complication rate are
shown for each PROM in Figure 6. Change for each PROM
from baseline to follow-up is graphically depicted for each
of the patient clusters in Figure 7.

This structure allows comparison of the ratio of risk-to-
benefit of surgical interventions over homogeneous patients;
however, it is not necessarily designed for primary causal
inference, rather for hypothesis building. For example,
although patients in the Old Revision cluster (patient cluster
No. 2) undergoing surgery that included a 3CO (3CO
surgery cluster, surgery cluster No. 1) faced a considerably

higher risk of complications than patients treated without an
osteotomy or interbody (No Osteotomy/No IBF surgery
cluster, surgery cluster No. 2), the 3CO cluster patients
demonstrated an overall greater improvement in PROM
scores (Figures 5 and 6).

DISCUSSION
Through the novel application of AI to ASD, the present
study has demonstrated that unsupervised hierarchical clus-
tering can identify subtle data patterns and classify patients
and treatments according to observable characteristics.
Patient types and intervention categories were defined with

Figure 3. Phylogenic dendrogram from application of unsupervised hierarchical clustering to surgical parameters. Each dot represents a patient
of the sample and colors represent the portions of the dendrogram in each of the four surgery clusters. Blue represnts three-column osteotomy
patients (3CO), yellow no osteotomy no interbody fusion (No Ost./IBF), gray represents interbody fusion patients (IBF) and red represents
Smith-Peterston osteotomy (SPO). Patients with similar surgical characteristics are placed closer to the center of each cluster, while being
closer to the borders present observations with greater intra-cluster and lower intercluster variability.
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a purely data-driven approach that did not rely on a priori
assumptions. Use of AI-based hierarchical clustering enables
inclusion and simultaneous analysis of significantly more
overall patient demographic characteristics, frailty factors,
radiographic and functional status measures than existing
ASD classification schemes. Crossing the defined patient

clusters and intervention categories produced a novel ASD
classification consisting of 12 patient subgroups, with dif-
fering baseline parameters, treatment approaches, and rates
of major complications.

We also present a potential theoretical benchmark for
evaluating the safety of various surgical treatment

Figure 4. Plot of gap statistic versus number of clusters for surgery parameters. A total of four clusters was found to be optimal given the
sample size and patient characteristics (gap statistic K¼0.68).

TABLE 4. Average and Standard Deviation of Variables for Each Surgery Cluster!

Surgery
Clustery

Sample
Size Osteotomy

Number
Levels

Pelvic
Fixation IBF TLIF ALIF SPO PSO 3CO

1
3CO

142 0.85 (0.36) 11.4 (4.81) 0.66 (0.47) 0.60 (0.49) 0.25 (0.44) 0.15 (0.36) 1.01 (2.24) 0.65 (0.49) 0.84 (0.44)

2
No Ost./
IBF

72 0.00 (0.00) 10.0 (3.36) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

3
IBF

194 0.47 (0.50) 9.48 (4.34) 0.72 (0.45) 0.89 (0.31) 0.69 (0.47) 0.10 (0.30) 1.99 (2.61) 0.00 (0.00) 0.00 (0.00)

4
SPO

162 0.98 (0.14) 11.8 (3.34) 0.65 (0.48) 0.32 (0.47) 0.01 (0.11) 0.32 (0.47) 4.98 (2.54) 0.00 (0.00) 0.00 (0.00)

Overall P-
value

<0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001

P-trend <0.001 0.766 0.015 0.356 0.343 <0.001 <0.001 <0.001 <0.001

Inter-cluster P-
values

1 vs 2z

1 vs. 3z

1 vs. 4§

2 vs. 3z

2 vs. 4z

3 vs. 4z

1 vs 2{

1 vs. 3z

1 vs. 4{

2 vs. 3{

2 vs. 4jj

3 vs. 4z

1 vs 2z

1 vs. 3{

1 vs. 4{

2 vs. 3z

2 vs. 4z
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Figure 5. Summary of average 2-year normalized patient-reported outcome measure improvement and major complication rates across
clusters. MCS indicates mental component score; ODI, Oswestry Disability Index; OPrim, old primary patient cluster; ORev, old revision
patient cluster; PCS, physical component score; SRS, Scoliosis Research Society; YC, young coronal patient cluster; surgery clusters are as
follows: 1¼ 3CO, 2¼no osteotomy/no IBF, 3¼ IBF; 4¼ SPO.

Figure 6. Plots of percentage patient-reported outcome measure improvement at 2-years follow-up versus major complication rate for each
outcome measure. MCS indicates mental component score; ODI, Oswestry Disability Index; PCS, physical component score; SRS, Scoliosis
Research Society; surgery clusters are as follows: 1¼3CO, 2¼no osteotomy/no IBF, 3¼ IBF; 4¼ SPO.
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approaches compared directly to PROM improvement.
There are several hypotheses that arise for further ASD
research. First, regarding which specific outcomes are more
likely to experience the greatest improvement 2-years after
surgery, the data suggest that self-image and pain scores are
the PROMs for which patients may experience the greatest
improvement, especially among elderly patients (Figure 5).
Second, regarding which type of patient experiences greater
improvements in PROMs with surgery, our results suggest
that patients with worse initial status are the ones with the
greatest benefit. This is consistent with a previous risk–
benefit assessment that concluded that elderly ASD patients,
despite starting with the worst pain and disability and facing
the greatest risk of complications, stood to gain the most
from surgery.10 A third hypothesis arises from a better
understanding of surgical efficiency as the ratio of compli-
cation incidence to PROM improvement, with the present
data suggesting that less invasive approaches may be asso-
ciated with a more favorable risk–benefit ratio.

It is notable that, when the data alone are permitted to
define relevant patient clusters, the results are three rela-
tively simple, yet intuitive, groups of patients: Young Coro-
nal, Old Primary, and Old Revision. In ASD, many
differences have been noted between younger versus older
patients, including the most common etiologies.1–5,46,47

Younger adults with ASD are often those with underlying
adolescent idiopathic scoliosis in contrast to the older

adults, for which the etiologies are often more related to
degenerative pathologies and tend to include coronal curves
of lesser magnitude and greater sagittal malalignment. A
distinction between the older patients with and without a
history of previous surgery is also intuitive. Previously
operated patients may face greater risk of complications
and require more aggressive surgical techniques, including
higher-grade osteotomies.14 Lacking from the primary fac-
tors that distinguished patient clusters are sagittal spino-
pelvic radiographic parameters, which may suggest that
these measures are not the key distinguishing factors.48–50

It is also notable that the AI-based clustering, driven by
the surgical data alone, produced four patterns of surgical
treatment that are distinct and relevant approaches. The No
Osteotomy/No IBF cluster may represent a situation in
which a deformity is either very flexible or the desired
correction is limited. The IBF and SPO clusters may repre-
sent situations in which deformities have at least some
degree of flexibility, while the 3CO cluster likely reflects
those cases with rigid fused deformities.

Previous studies have applied predictive analytics to the
surgical treatment of ASD.51–54 Scheer et al54 published a
series of models, including the ability to predict the occur-
rence of major complications following ASD surgery with
87% accuracy. They have also provided models to predict
the occurrence of clinically significant proximal junction
kyphosis with 86% accuracy53 and to predict the likelihood

Figure 7. Normalized change for each of the assessed patient-reported outcome measures from baseline to follow-up time points for each of
the patient clusters. MCS indicates mental component score; ODI, Oswestry Disability Index (note that the score shown is the inverse ODI);
PCS, physical component score; SRS, Scoliosis Research Society; Patient clusters are as follows: 1¼ young coronal (YC); 2¼old revision
(ORev); 3¼old primary (OPrim).
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of achieving the minimal clinically important difference for
ODI following ASD surgery.52 Although these models and
others have produced potentially clinically useful tools for
specific, focused questions, the AI-based techniques used in
the present study have the potential for far broader patient-
focused insight into the complex features of ASD. Allowing
advanced AI algorithms to sift through hundreds of param-
eters without a priori assumptions may continue to reveal
previously unrecognized associations, especially as large
ASD databases continue to accumulate data.

The primary strengths of the current analyses include the
use of data derived from multiple centers across the United
States and Europe, which enhances the generalizability of
the findings. In addition, the depth of data granularity is
substantially greater, including assessment of a wide range
of radiographic measures and PROMs, than is available
through most other data registries. The present study is not
without limitations. The numbers of patient and operative
clusters are dependent on sample size and observation
heterogeneity. Although 570 ASD patients represent a rela-
tively large number, data intensive hierarchical clustering
techniques tend to benefit from even larger populations. We
acknowledge that the described model and classification are
not static and are likely to undergo further iterative refine-
ments as future data are accumulated. We also anticipate
further research that focuses on testing of some of the
presented hypothesis, as well as contrasting the PROMs
with more objective measures.

CONCLUSION
Unsupervised AI-based hierarchical clustering provides a
novel ASD classification methodology which facilitates
inclusion and simultaneous analysis of significantly more
overall patient demographics, frailty factors, radiographic
measurements, and functional status-based data points
than existing classification schemes. The hierarchical clus-
tering techniques applied in the present study have identi-
fied data patterns and classification clusters that may
augment preoperative decision-making through construc-
tion of a 2-year risk–benefit grid. In addition to creating a
novel AI-based ASD classification which may enhance
outcome and complication prediction, pattern identifica-
tion may facilitate treatment optimization by educating
surgeons on which treatment patterns yield optimal
improvement with lowest risk.

Key Points

Adult spinal deformity (ASD) is a heterogeneous
condition with a broad range of surgical options.

Prior ASD classifications have focused on
radiographic parameters associated with patient-
reported outcomes measures.

Recent work suggests there are many other
impactful preoperative data points.

The ability to segregate patient patterns manually
based on hundreds of data points is beyond
practical application for surgeons.

Artificial intelligence (AI)-based unsupervised
multivariate analyses, such as hierarchical
clustering, have been extensively applied across
multiple basic science and health fields to reveal
clinically useful information buried within vast
amounts of data.
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