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Abstract B
ACKGROUND CONTEXT: Among adult spinal deformity (ASD) patients, heterogeneity in

patient pathology, surgical expectations, baseline impairments, and frailty complicates compari-

sons in clinical outcomes and research. This study aims to qualitatively segment ASD patients

using machine learning-based clustering on a large, multicenter, prospectively gathered ASD

cohort.

PURPOSE: To qualitatively segment adult spinal deformity patients using machine learning-based

clustering on a large, multicenter, prospectively gathered cohort.

STUDY DESIGN/SETTING: Machine learning algorithm using patients from a prospective mul-

ticenter study and a validation cohort from a retrospective single center, single surgeon cohort with

complete 2-year follow up.

PATIENT SAMPLE: About 805 ASD patients; 563 patients from a prospective multicenter study

and 242 from a single center to be used as a validation cohort.

OUTCOME MEASURES: To validate and extend the Ames-ISSG/ESSG classification using

machine learning-based clustering analysis on a large, complex, multicenter, prospectively gath-

ered ASD cohort.

METHODS: We analyzed a training cohort of 563 ASD patients from a prospective multicenter

study and a validation cohort of 242 ASD patients from a retrospective single center/surgeon cohort

with complete two-year patient-reported outcomes (PROs) and clinical/radiographic follow-up.

Using k-means clustering, a machine learning algorithm, we clustered patients based on baseline

PROs, Edmonton frailty, age, surgical history, and overall health. Baseline differences in clusters

identified using the training cohort were assessed using Chi-Squared and ANOVA with pairwise

comparisons. To evaluate the classification system’s ability to discern postoperative trajectories, a

second machine learning algorithm assigned the single-center/surgeon patients to the same 4 clus-

ters, and we compared the clusters’ two-year PROs and clinical outcomes.

RESULTS: K-means clustering revealed four distinct phenotypes from the multicenter training

cohort based on age, frailty, and mental health: Old/Frail/Content (OFC, 27.7%), Old/Frail/Dis-

tressed (OFD, 33.2%), Old/Resilient/Content (ORC, 27.2%), and Young/Resilient/Content (YRC,

11.9%). OFC and OFD clusters had the highest frailty scores (OFC: 3.76, OFD: 4.72) and a higher

proportion of patients with prior thoracolumbar fusion (OFC: 47.4%, OFD: 49.2%). ORC and YRC

clusters exhibited lower frailty scores and fewest patients with prior thoracolumbar procedures

(ORC: 2.10, 36.6%; YRC: 0.84, 19.4%). OFC had 69.9% of patients with global sagittal deformity

and the highest T1PA (29.0), while YRC had 70.2% exhibiting coronal deformity, the highest

mean coronal Cobb Angle (54.0), and the lowest T1PA (11.9). OFD and ORC had similar align-

ment phenotypes with intermediate values for Coronal Cobb Angle (OFD: 33.7; ORC: 40.0) and

T1PA (OFD: 24.9; ORC: 24.6) between OFC (worst sagittal alignment) and YRC (worst coronal

alignment). In the single surgeon validation cohort, the OFC cluster experienced the greatest
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increase in SRS Function scores (1.34 points, 95%CI 1.01−1.67) compared to OFD (0.5 points,

95%CI 0.245−0.755), ORC (0.7 points, 95%CI 0.415−0.985), and YRC (0.24 points, 95%CI

-0.024−0.504) clusters. OFD cluster patients improved the least over 2 years. Multivariable Cox

regression analysis demonstrated that the OFD cohort had significantly worse reoperation outcomes

compared to other clusters (HR: 3.303, 95%CI: 1.085−8.390).
CONCLUSION: Machine-learning clustering found four different ASD patient qualitative pheno-

types, defined by their age, frailty, physical functioning, and mental health upon presentation,

which primarily determines their ability to improve their PROs following surgery. This reaffirms

that these qualitative measures must be assessed in addition to the radiographic variables when

counseling ASD patients regarding their expected surgical outcomes. © 2024 Elsevier Inc. All

rights reserved.
Keywords: A
dult spinal deformity; Classifications; Frailty; Machine learning; Mental health; Patient reported outcomes;

Phenotypes; Spinal deformity surgery
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Introduction

Adult spinal deformity (ASD) impacts approximately

60% of elderly patients, significantly affecting their health-

related quality of life (HRQoL) [1−3]. Prospective evaluation

of SF-36 scores indicate that patients with sagittal malalignment

endure disability levels comparable to individuals with limited

extremity use [1], surpassing other chronic conditions [4].

Although corrective surgery has proven beneficial for a

significant proportion of ASD patients [5−9], heterogeneity
in patient pathology [6], surgical expectations [10,11],

baseline physical and mental impairments [11,12], and

frailty [13] complicates precise clinical decision-making

and patient counseling. For example, Smith et al. reported

that while perioperative complication rates increased with

age (17%, 42%, and 71% for ages 25−44, 45−64, 65−85
respectively), older patients experienced superior improve-

ments in ODI and leg pain compared to younger individuals

[6].

Over the last 2 decades, classification schemes like the

Scoliosis Research Society (SRS)-Schwab classification

have emerged to mitigate heterogeneity by conceptualizing

uniform subgroups with distinct presentations, needs, and

postoperative trajectories [14−17]. However, a classifica-

tion scheme based solely on radiographic parameters corre-

lated with PROMs may not adequately capture the complex

interplay of demographic and clinical factors [18,19].

Incorporating artificial intelligence (AI) and its subset,

machine learning (ML) into clinical care offers a critical

and burgeoning opportunity to enhance patient-specific

care by leveraging the staggering amount of demographic,

radiographic, laboratory, and operative data collected dur-

ing routine clinical visits [20−23]. Recently, Ames et al.

[19] pioneered the use of unsupervised AI-based hierarchi-

cal clustering in spinal research to discern novel patient

cohorts characterized by demographics, frailty indicators,

radiographic metrics, and functional status.

The objective of the present study was to validate and

extend the Ames-ISSG/ESSG classification using machine

learning (ML)-based clustering analysis on a large, com-

plex, multicenter, prospectively gathered adult spinal
deformity (ASD) cohort. We concentrated on a comprehen-

sive range of preoperative patient-reported outcomes

(PROs), particularly physical and mental health metrics,

frailty indices, and health status markers, hypothesizing

that the interplay of mental health, frailty, and preoperative

physical disability imposes a limit on the potential improve-

ment of patients’ PROs, particularly among heterogeneous

elderly individuals. This investigation is the first to corrobo-

rate our clusters in an external dataset with long-term

patient-reported and clinical outcomes.

Methods

Patient inclusion and exclusion criteria

The present study (NCT04194138) comprises a retro-

spective analysis performed on patients diagnosed with

adult congenital, degenerative, idiopathic, or iatrogenic spi-

nal deformities, with the primary deformity apex located

between the cervicothoracic and thoracolumbar regions. All

eligible participants satisfied at least one radiographic and

one procedural inclusion criterion. Radiographic criteria

encompassed pelvic incidence-lumbar lordosis (PI-LL) ≥
25˚, T1 Pelvic Angle (T1PA) ≥ 30˚, Sagittal Vertical Axis

(SVA) ≥ 15 cm, thoracic scoliosis ≥ 70˚, thoracolumbar/

lumbar (TL/L) scoliosis ≥ 50˚, and global coronal malalign-

ment ≥ 7 cm. Procedural criteria consisted of 3-column

osteotomy (3CO) and spinal fusion with a minimum of 7

levels of instrumentation (See Supplementary Methods for

Exclusion Criteria).

Training and validation datasets

We generated distinct patient phenotypes utilizing data

from our prospectively collected dataset, which included

563 unique patients who underwent deformity correction

between July 1, 2018, and October 1, 2022, across 18 spinal

deformity centers. Subsequently, we validated the applica-

bility and prognostic potential of our classification retro-

spectively using an external single-center, single-surgeon

dataset. There was no overlap of patients between the train-

ing and validation cohorts; patients eligible for inclusion
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from the validation arm and present within the multicenter

dataset were excluded from the validation analysis.

Within the single-center dataset, all patients underwent

posterior spinal fusion (PSF) and had a minimum follow-up

of 2 years. The primary outcome for the 4 clusters was the

change in Scoliosis Research Society 22r Questionnaire

scores from preoperative to 2-year time points, focusing

specifically on the Function, Pain, Self-Image, Mental

Health, and Satisfaction domains. Secondary outcome was

intraoperative complication rate, readmission, and reopera-

tion at 90-day, 1-year, 2-year, and 3-year timepoints.
Statistical analysis

The objective of this study was to develop preoperative

phenotypes for ASD patients based on clinical and qualita-

tive factors, rather than spinal alignment parameters which

have previously been used in morphotyping [24]. We

refined a comprehensive electronic health record dataset

of over 500 potential data elements by incorporating

aggregate health measures (eg, Charleson Comorbidity

Index [CCI] for preoperative health status), selecting

known health status indicators (eg, Edmonton Frailty

Score), and excluding rare variables (<1% of cohort).

(List of abstracted variables are provided in Supple-

mentary Methods).

We employed unsupervised machine learning cluster-

ing. Patients were clustered based on their baseline

patient-reported outcome measures, frailty, age, and pre-

operative health status (Supplementary Table 1). We uti-

lized k-means clustering with Euclidean distance [25],

which is a centroid-based clustering method that parti-

tions a dataset into k clusters by minimizing the sum of

squared distances within each cluster [26,27]. Briefly,

each cluster is represented by its centroid, the arithmetic

mean of the data points assigned to it. The process

involves randomly selecting centroids for each cluster,

assigning data points to the nearest centroid, recomputing

centroids by averaging all points in a cluster, and repeat-

ing these steps until the sum of distances between data

points and their corresponding centroids is minimized.

This approach allows for the identification of distinct

groups of, such that individuals within the same cluster

exhibit greater similarity in their baseline characteristics

compared to those in other clusters. Supplemental Figure

1 presents the silhouette coefficient for each patient. The

silhouette coefficient, ranging from -1 to 1 (with 1 signi-

fying an ideal fit of an observation to a phenotype). The

mean silhouette score was 0.566, indicating an acceptable

degree of cohesion and separation among the identified

clusters.

After establishing clusters, we compared demographic,

alignment, and clinical variables by cluster. Differences

across clusters were tested using Brown-Forsythe and

Welch’s analysis of variance (ANOVA) with post-hoc
Downloaded for Anonymous User (n/a) at Duke University fr
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Games-Howell pairwise comparisons for continuous varia-

bles and x2 [P(ChiSq)] tests for binary variables.

Next, to validate our clusters, we employed a random for-

ests machine learning algorithm with two objectives: (1) to

identify the most influential variables determining the pheno-

type a patient belongs to, and (2) to externally validate the

applicability of the classification scheme. The random forest

algorithm examined the association between a multitude of

baseline variables and cluster assignment, and subsequently

assigned patients within the validation cohort to the appropri-

ate clusters garnered from the training cohort.

Within the validation cohort, to determine whether

clusters were associated with differential trajectories we

performed a mixed effects model to evaluate the changes

in PROs over time. Cluster assignment and time (6 and

12 months) and cluster £ time interaction was included

as fixed effects. To evaluate clinical outcomes, the asso-

ciation between cluster and reoperation was examined

using Kaplan-Meier estimators. Reoperation was then

compared using a Cox model analysis adjusted for age,

gender, total instrumented levels, and undergoing 3-col-

umn osteotomy.

Clustering was implemented using the Cluster package

in R version 4.0 (R Project for Statistical Computing).

Graphics were constructed using GraphPad Prism (v8.4.2)

(GraphPad Software, La Jolla, CA, USA, www.graphpad.

com). The remaining statistical analyses were performed in

SAS version 9.4 (SAS Institute) with 2-tailed p<.05 to

establish the statistical significance.
Results

Characterizing the multicenter prospective cohort for

patient phenotype generation

Of the 563 ASD patients included in the analysis, the

mean (Standard Error Mean[SEM]) age was 60.8 (0.64)

years, the majority were female (379 [67.3%]), and the

mean Edmonton Frailty score was 3.28 (0.1). 235 (41.7%)

had prior thoracolumbar fusion. Among patients with prior

thoracolumbar surgeries, 98 (41.7%) had ≥2 procedures

(Table 1).
Demographics: age and frailty integration identifies four

preoperative Phenotypes

Figure 1 illustrates the 4 phenotypes identified by the K-

means algorithm, which were named using 3 axes [Age

(Young vs. Old), frailty (Frail vs. Resilient), and mental

health (Content vs. Distressed)]. The "Old/Frail/Content”

[OFC] cluster comprised of 156 patients (27.7%; green

circles), "Old/Frail/Distressed” [OFD] cluster comprised of

187 patients (33.2%; purple squares), “Old/Resilient/Con-

tent”[ORC] cluster comprised of 153 patients (27.2%; blue

triangles), and the “Young/ Resilient/Content” [YRC] clus-

ter comprised of 67 patients (11.9%; red triangles).
om ClinicalKey.com by Elsevier on February 26, 2024. 
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Table 1

Characterization of demographics, baseline spinal alignment, and patient-

reported outcomes in the training cohort of a prospective, multicenter clin-

ical trial

Total Cohort

[N=563]

Demographics

Age 60.75 (0.64)

Edmonton Frailty 3.28 (0.1)

Female Sex 379 (67.32)

Revision Surgery 199 (35.35)

Prior Thoracolumbar Fusion 235 (41.74)

1 Prior Procedure 135 (57.45)

2+ Prior Procedures 98 (41.7)

Spinal Alignment

Max Cobb Angle 36.96 (1.03)

Sacral Slope[SS] 29.53 (0.56)

Pelvic Tilt[PT] 24.79 (0.49)

Pelvic Incidence[PI] 54.32 (0.57)

PI - LL 16.94 (1.01)

Lumbar Lordosis [LL] 37.37 (1.06)

Thoracic Kyphosis [TK] -40.6 (0.99)

Cervical Lordosis [CL] 10.24 (0.73)

T1 Pelvic Angle [T1PA] 24.44 (0.61)

Cranial SVA to Hip [CrSVA-H] 36.92 (3.22)

SRS Schwab Classification − Coronal Curve

N − No Coronal Curve 295 (52.4)

T − Thoracic Curve with Lumbar Curve < 30 7 (1.24)

L − Thoracolumbar Curve with Thoracic Curve < 30 141 (25.04)

D − Double Curve 120 (21.31)

SRS Schwab Classification − Pelvic Tilt

0 − PT<20 220 (39.08)

+ − 20 < PT < 30 179 (31.79)

++ − PT > 30 164 (29.13)

SRS Schwab Classification − C7 Sagittal Vertical Axis

0 − C7 SVA < 4 cm 254 (45.12)

+ − 4cm < C7SVA < 9.5 cm 150 (26.64)

++ − C7SVA > 9.5 cm 159 (28.24)

SRS Schwab Classification − PI − LL Modifier

0 − PI-LL < 10 238 (42.27)

+ − 10 < PI-LL < 20 87 (15.45)

++ − PI-LL > 20 238 (42.27)

Baseline Patient Reported Outcome Scores

B/L SRS Function 2.92 (0.04)

B/L SRS Pain 2.52 (0.04)

B/L SRS Image 2.44 (0.03)

B/L SRS Mental 3.57 (0.03)

B/L SRS Mean 2.86 (0.03)

B/L SRS Satisfaction 2.92 (0.04)

B/L SRS Total Mean 2.87 (0.03)

B/L ODI 43.64 (0.75)

Legend: A total of 563 adult patients with spinal deformity (ASD)

were utilized to generate preoperative phenotypes. Data are presented as

the mean, with the standard error of the mean (SEM) enclosed in parenthe-

ses.

Abbreviations: B/L refers to baseline or preoperative measure; SRS

refers to the Scoliosis Research Society 22r questionnaire; ODI refers to

the Oswestry Disability Index. All other abbreviations are specified within

the text of the table; No. Prior Thoracolumbar Surgeries refers to the num-

ber of prior thoracolumbar procedures
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Patients in the OFC Cluster had a mean (SEM) age of

67.9 (0.72) years, significantly older than OFD Cluster

(61.4[0.89] years), ORC Cluster (62.3 [1.08] years), and
Downloaded for Anonymous User (n/a) at Duke University fro
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YRC Cluster (38.9 [2.31] years) (all pairwise p<.0001).
OFC and OFD clusters exhibited the highest Edmonton

Frailty scores, with OFD being the frailest: OFC (3.76

[0.16]), OFD (4.72 [0.19]), ORC (2.10 [0.14]), and YRC

(0.84 [0.15]) (all pairwise P < 0.0001; OFC vs. OFD:

0.0008). Additionally, the proportion of patients with prior

thoracolumbar fusion showed significant differences among

the 4 clusters. OFC and OFD Clusters had approximately

50% of patients with prior thoracolumbar procedures: OFC

(47.4%), OFD (49.2%), ORC (36.6%), and YRC (19.4%)

(p[ChiSq]<.0001) (Table 2).

Baseline alignment: confluence of global sagittal and

coronal deformity differentiates phenotypes

The 4 unique phenotypes revealed specific spinal defor-

mity patterns in both the coronal (SRS-Schwab Classifica-

tions T, L, or D) and global sagittal plane (SRS-Schwab C7

SVA Classifications + or ++). OFC Cluster had 69.9%

(n=109) of patients with global sagittal deformity

(p<.0001). In contrast, 70.2% (n=47) of YRC patients

exhibited coronal deformity, with only 22.4% (n=15) pre-

senting concomitant global sagittal deformity (Table 3).

This observation aligns with YRC having the highest mean

coronal Cobb Angle [OFC: 30.5(1.59) vs. OFD: 33.7(1.82)

vs. ORC: 40.0(1.87) vs. YRC: 54.0(3.15), p<.0001 for

YRC vs. all others] (Supplemental Table 1). Additionally,

OFC had the highest T1PA, while YRC had the lowest

[OFC: 29.0(1.03) vs. OFD: 24.9(0.94) vs. ORC: 24.6(1.16)

vs. YRC: 11.9(1.74), p<.0001 for YRC vs. all; p<.05 for

OFC vs. all] (Supplemental Table 1).

OFD and ORC exhibited similar alignment phenotypes

to one another, with no significant differences in propor-

tions of patients presenting with isolated global sagittal

deformity (p[ChiSq]=.0812), isolated coronal deformity (p

[ChiSq]=.0505), or mixed coronal and sagittal deformity (p

[ChiSq]=.3273). The mean Coronal Cobb Angle, mean

T1PA, and CrSVA-H were intermediate between OFC

(which had the worst sagittal alignment) and YRC (which

had the worst coronal alignment) (Supplemental Table 1).

Distinguishing phenotypes by functioning and mental

health in the training Cohort

Numerous significant baseline pairwise differences were

observed among patient-reported outcomes (Table 4). How-

ever, the four phenotypes were best distinguished by the

intersection of their physical functioning/activity and men-

tal health domains. YRC exhibited the best SRS-22r activ-

ity score (4.22§0.06) compared to OFC (2.48§0.04), OFD

(2.37§0.04), and ORC (3.47§0.04) (p<.0001 for all pair-

wise comparisons) (Table 4).

The mental health score in OFD (2.71§0.04) was signifi-

cantly worse than those in OFC (4.11§0.04, p<.0001),
ORC (3.99§0.04, p<.0001), and YRC (3.71§0.08,

p<.0001) demonstrating the worst physical function and

mental health of the four clusters (Table 4).
m ClinicalKey.com by Elsevier on February 26, 2024. 
opyright ©2024. Elsevier Inc. All rights reserved.



Fig. 1. Clustering of Adult Spinal Deformity (ASD) Patients Based on Preoperative Health Characteristics and Patient-Reported Outcomes. Four clusters

were found using the k-means method with Euclidean distance. For the purpose of data visualization, the x- and y-axes are principal components patient

reported outcome surveys and preoperative health measures including frailty, comorbidities, age, and surgical history.
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This interaction is important, as OFC demonstrated simi-

larly poor physical functioning as OFD (SRS-22r Activity:

2.48§0.04, p=.2115 vs. OFD) but significantly better men-

tal health (SRS-22r Mental Health: 4.11§0.04, p<.0001)
(Table 4).
Random forests regression classification for external

validation in single-surgeon cohort

Our random forest regression model revealed that the top

5 patient-reported survey predictors, ranked in order of

importance, were: VR-12 Physical Component Score

(14.0), VR-12 Mental Component Score (12.8), SRS Men-

tal Health (11.2), PROMIS Anxiety (11.1), and PROMIS

Depression (9.57), highlighting the predominance of mental

health-related PROs. Meanwhile, the top 5 variables other

than patient-reported outcomes (PROs) ranked in order of

importance were: Age (5.80), Edmonton Frailty (3.04),

T1PA (2.61), PI-LL (2.05), and Coronal Cobb Angle (1.76)

(Supplemental Figure 2).

The random forest algorithm analyzed the training

cohort and assigned patients in a single-center validation

cohort (n=242) to the four distinct clusters characterized as

follows: OFC comprised of 156 patients (27.7%)
Downloaded for Anonymous User (n/a) at Duke University fr
For personal use only. No other uses without permission. 
(Supplemental Figure 4); OFD of 187 patients (33.2%)

(Supplemental Figure 5); ORC of 153 patients (27.2%)

(Supplemental Table 6); and YRC of 67 patients (11.9%)

(Supplemental Table 7). The observed baseline pairwise

differences among clusters in the training cohort were con-

sistently identified in our single-center cohort, as presented

in Supplemental Table 2 with representative case examples

presented in Supplemental Figure 4-7.
Mixed effects model to compare postoperative

improvements across patient clusters in the validation

dataset

Within the validation cohort, all clusters exhibited

improvement from preoperative to 2 years postop (p<.0001
for OFC, OFD, and ORC; p=.0832 for YRC). Patients in

the OFC cluster experienced a significantly greater increase

in SRS Function scores (improvement of 1.34 points,

95%CI, 1.01−1.67 points) compared to patients in the OFD

cluster (improvement of 0.5 points, 95% CI, 0.245−0.755;
p<.0001), the ORC cluster (improvement of 0.7 points,

95%CI, 0.415−0.985; p=.0045), and the YRC cluster

(improvement of 0.24 points, 95%CI, -0.024 to 0.504;

p<.0001).
om ClinicalKey.com by Elsevier on February 26, 2024. 
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Table 2

Demographic Profiles of the Four Preoperative Phenotypes Distinguished by the K-Means Clustering Algorithm

Total Training

Cohort

[N=563]

OFC

[N=156, 27.7%]

OFD

[N=187, 33.2%]

ORC

[N=153, 27.2%]

YRC

[N=67; 11.9%]

OFC vs

OFD

OFC vs

ORC

OFC vs

YRC

OFD vs

ORC

OFD vs

YRC

ORC vs

YRC

Mean Silhouette Width 0.566 0.568 0.591 0.56 0.505 ⎯ ⎯ ⎯ ⎯ ⎯ ⎯

Demographics

Age 60.75 (0.64) 67.86 (0.72) 61.38 (0.89) 62.29 (1.08) 38.96 (2.31) <0.0001 0.0001 <0.0001 0.9154 <0.0001 <0.0001

Edmonton Frailty 3.28 (0.1) 3.76 (0.16) 4.72 (0.19) 2.1 (0.14) 0.84 (0.15) 0.0008 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Female Sex 379 (67.32) 97 (62.18) 133 (71.12) 102 (66.67) 47 (70.15) 0.3736 * ⎯ ⎯ ⎯ ⎯ ⎯

Revision Surgery 199 (35.35) 62 (39.74) 81 (43.32) 45 (29.41) 11 (16.42) 0.0002 * ⎯ ⎯ ⎯ ⎯ ⎯

Prior Thoracolumbar Fusion 235 (41.74) 74 (47.44) 92 (49.2) 56 (36.6) 13 (19.4) <0.0001 * ⎯ ⎯ ⎯ ⎯ ⎯

1 Prior Procedure 135 (57.45) 38 (51.35) 47 (51.09) 39 (69.64) 11 (84.62) 0.0233 * ⎯ ⎯ ⎯ ⎯ ⎯

2+ Prior Procedures 98 (41.7) 34 (45.95) 45 (48.91) 17 (30.36) 2 (15.38) ⎯ ⎯ ⎯ ⎯ ⎯

Legend: Data are presented as mean with standard error of the mean (SEM) for continuous variables or as the number of patients followed by the percentage of the cohort in parentheses for categorical varia-

bles. For continuous variables, P values are derived from the adjusted Brown-Forsythe and Welch’s ANOVA, with Games-Howell post-hoc assessment for pairwise comparisons. For categorical variables

[female sex, revision surgery, prior thoracolumbar fusion, number of prior thoracolumbar fusions], P values result from the Chi-Squared Test. The asterisk (*) indicates that the P value corresponds to the Chi-

Squared Test and does not represent a pairwise comparison.

Table 3

Baseline alignment profiles of the four preoperative phenotypes distinguished by the k-means clustering algorithm

Schwab Classification

Coronal Deformity

Schwab Classification

C7 SVA Deformity

Deformity

Indication

Total Cohort

[N=563]

OFC

[N=156, 27.7%]

OFD

[N=187, 33.2%]

ORC

[N=153, 27.2%]

YRC

[N=67; 11.9%]

P Value

[Indicated Row versus

All Others]

P Value

[OFD vs. ORC]

No Coronal Curve [N] C7 SVA < 4cm [0] Regional [TK or PI-LL] 129 (22.91%) 28 (17.95%) 52 (27.81%) 34 (22.22%) 15 (22.39%) 0.1899 0.2385

No Coronal Curve [N] C7 SVA > 4cm [+ or ++] Sagittal Alone 166 (29.48%) 65 (41.67%) 60 (32.09%) 36 (23.53%) 5 (7.46%) <0.0001 0.0812

Any Coronal Curve

[T, L, or D]

C7 SVA < 4cm [0] Coronal Alone 125 (22.2%) 19 (12.18%) 30 (16.04%) 39 (25.49%) 37 (55.22%) <0.0001 0.0505

Any Coronal Curve

[T, L, or D]

C7 SVA > 4cm [+ or ++] Mixed Coronal & Sagittal 143 (25.4%) 44 (28.21%) 45 (24.06%) 44 (28.76%) 10 (14.93%) 0.132 0.3273

- C7 SVA > 4cm [+ or ++] Any Global Sagittal 309 (54.88%) 109 (69.87%) 105 (56.15%) 80 (52.29%) 15 (22.39%) <0.0001 n/a

Any Coronal Curve

[T, L, or D]

- Any Coronal 268 (47.6%) 63 (40.38%) 75 (40.11%) 83 (54.25%) 47 (70.15%) <0.0001 n/a

Legend: Patients were grouped based on their coronal alignment (leftmost column) and global sagittal alignment (second column from the left), with the deformity indication being a combination of these

two factors. To create statistically significant cohorts, the SRS-Schwab Classification was utilized. In the coronal plane, categories T, L, and D were combined into a single group, indicating the presence of any

coronal curve. In the sagittal plane, + and ++ categories were merged to signify the presence of global sagittal deformity. Patients with any coronal curve and +/++ sagittal deformity were classified as "Mixed

Coronal and Sagittal Deformity." Data are shown as the number of patients followed by the cohort percentage in parentheses. The P value corresponds to the results from the Chi-Squared Test, comparing the

specified row against all other patients not in that row. The rightmost column displays the results of the Chi-Squared Test specifically comparing OFD and ORC.

Abbreviations: n/a indicates that the row was not evaluated statistically, a decision that was made a priori. For the SRS-Schwab Coronal Classification[N − No Coronal Curve, T − Thoracic Curve with

Lumbar Curve < 30, L − Thoracolumbar Curve with Thoracic Curve < 30, D − Double Curve]. For the SRS-Schwab Sagittal Classification[0 − C7 SVA < 4cm, + − 4cm < C7SVA < 9.5cm, ++ − C7SVA >
9.5cm]
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The relative magnitude of improvement experienced by

the four clusters was also evident in the SRS Pain domain.

Patients in the OFC cluster improved significantly more

than those in all other clusters. Notably, patients in the

OFD cluster, characterized by poor preoperative physical

functioning and mental health, consistently improved the

least, contrasting sharply with patients in the OFC cluster,

who had comparable preoperative physical functioning and

pain scores (Table 5).

Interestingly, all clusters demonstrated nearly identical

improvement in SRS Mental Health scores, with no signifi-

cant difference in the magnitude of change for all pairwise

comparisons (OFC: 0.37 points vs. OFD: 0.31 points vs.

ORC: 0.46 points vs. YRC: 0.3 points, p>.69 for all pairs)

(Table 5).
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Clinical outcomes across patient clusters in the validation

dataset

To assess the impact of patient phenotype on reopera-

tion, we performed a multivariable Cox regression analysis,

adjusting for age, gender, total instrumented levels, and

three-column osteotomy procedures. Kaplan-Meier survival

curves revealed that the reoperation-free survival rates sig-

nificantly differed among YRC, ORC, OFC, and OFD,

listed from best to worst outcomes (log-rank test, x2=7.456

and p=.0063) (Fig. 2). After adjusting for confounding fac-

tors, the OFD cohort showed significantly worse two-year

reoperation outcomes (HR: 3.303 [95%CI: 1.085−8.390])
compared to the OFC cohort, whereas ORC (HR: 0.6517

[95%CI: 0.088−3.436]) and YRC (HR: 0.3862 [95%CI:

0.0191−2.799]) demonstrated statistically similar results

(Table 6).
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Discussion

Our utilization of ML in two separate ASD cohorts rein-

forces the capability of unsupervised clustering to discern

subtle patterns, categorize patients, reveal previously

unconsidered variables, and predict patient trajectories.

Data-driven AI/ML clustering approaches can incorporate a

plethora of variables into classification schemes, enabling

granular patient population segmentation. Given the rapid

evolution of AI/ML, continuous comparison with existing

frameworks remains crucial.

Review of AI/ML applications in spinal deformity: how do

we cluster ASD patients preoperatively?

Utilizing a systematic review algorithm, we identified 226

unique titles and 66 full-text articles, ultimately distilling

them down to four studies (Supplemental Methods; Supple-

mental Table/Figure 3). Among the included studies, one

study [19] suggested a preoperative qualitative classification

for ASD patients, whereas the remaining studies [24,28,29]

aimed to characterize distinct spine shapes by proposing

patient clusters solely based on spinal alignment measures.
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Table 5

Mean Change in SRS-22r Domains Over Time in a Single-Center, Single-Surgeon Validation Cohort

Are the changes in PROs significantly different within clusters? Are the changes in PROs significantly different between clusters?

OFC

[N=42, 17.35%]

OFD

[N=71

[29.33%]

ORC

[N=60

24.79%]

YRC

[N=69

28.51%]

OFC vs OFD OFC vs ORC OFC vs YRC OFD vs ORC OFD vs YRC ORC vs YRC

Baseline SRS Function 2.45 (0.06) 2.54 (0.04) 3.6 (0.04) 4.34 (0.04)

Baseline to One-Year 0.98 (<0.0001) 0.15 (0.3506) 0.52 (<0.0001) -0.05 (0.8965) <0.0001 0.0692 <0.0001 0.1098 0.5766 0.0042

Baseline to Two-Year 1.34 (<0.0001) 0.5 (<0.0001) 0.7 (<0.0001) 0.24 (0.0832) <0.0001 0.0045 <0.0001 0.6097 0.346 0.0312

One-Year to Two-Year 0.36 (0.0279) 0.35 (0.0037) 0.18 (0.2992) 0.29 (0.027) >0.9999 0.766 0.9798 0.7236 0.9806 0.9099

Baseline SRS Pain 2.26 (0.07) 2.2 (0.04) 3.18 (0.05) 3.93 (0.04)

Baseline to One-Year 0.93 (<0.0001) 0.18 (0.3003) 0.77 (<0.0001) 0.31 (0.037) 0.0016 0.8672 0.014 0.0083 0.8792 0.0671

Baseline to Two-Year 1.46 (<0.0001) 0.87 (<0.0001) 0.8 (<0.0001) 0.52 (0.0001) 0.0193 0.0105 <0.0001 0.9806 0.1921 0.4327

One-Year to Two-Year 0.53 (0.0022) 0.69 (<0.0001) 0.03 (0.9735) 0.21 (0.2174) 0.8512 0.082 0.3879 0.0024 0.0341 0.7652

Baseline SRS Image 2.44 (0.07) 2.03 (0.04) 2.81 (0.04) 3.09 (0.05)

Baseline to One-Year 1.45 (<0.0001) 0.28 (0.026) 1.36 (<0.0001) 1.19 (<0.0001) <0.0001 0.9615 0.468 <0.0001 <0.0001 0.7297

Baseline to Two-Year 1.42 (<0.0001) 1.31 (<0.0001) 1.39 (<0.0001) 1.28 (<0.0001) 0.924 0.9985 0.8615 0.9602 0.9974 0.9085

One-Year to Two-Year -0.03 (0.9747) 1.03 (<0.0001) 0.03 (0.9665) 0.09 (0.6994) <0.0001 0.988 0.9074 <0.0001 <0.0001 0.9833

Baseline SRS Mental 3.99 (0.04) 2.76 (0.04) 3.83 (0.05) 3.99 (0.05)

Baseline to One-Year 0.16 (0.393) 0.13 (0.358) 0.19 (0.1739) 0.23 (0.0512) 0.9974 0.9977 0.9704 0.9748 0.8843 0.9926

Baseline to Two-Year 0.37 (0.0074) 0.31 (0.0033) 0.46 (<0.0001) 0.3 (0.0067) 0.9802 0.945 0.9704 0.7187 0.9999 0.6868

One-Year to Two-Year 0.21 (0.2012) 0.18 (0.1408) 0.27 (0.0301) 0.07 (0.7565) 0.9974 0.9826 0.8096 0.9217 0.8522 0.513

Baseline SRS Satisfaction 2.86 (0.1) 2.55 (0.07) 3.08 (0.07) 3.33 (0.06)

Baseline to One-Year 1.41 (<0.0001) 0.16 (0.4486) 1.35 (<0.0001) 1.17 (<0.0001) <0.0001 0.9934 0.6932 <0.0001 <0.0001 0.8089

Baseline to Two-Year 1.3 (<0.0001) 0.98 (<0.0001) 1.19 (<0.0001) 1.28 (<0.0001) 0.4535 0.9619 0.9997 0.7159 0.3967 0.9703

One-Year to Two-Year -0.11 (0.7961) 0.82 (<0.0001) -0.16 (0.5263) 0.11 (0.7015) 0.0002 0.9962 0.7474 <0.0001 0.0016 0.5404

Legend.Mean changes from baseline were estimated with a generalized linear mixed-effects model for repeated measures for change in SRS-22r Function, Pain, Self-Image, Mental Health, and Satisfaction

domains, with fixed effects for baseline SRS-score, age, sex, time, and with random effects for clusters.
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We qualitatively compared our study to the only other

analysis assessing qualitative, preop clustering of ASD

patients by Ames and colleagues [19]. Methodologically,

Ames and colleagues clustered “patient related factors”

[age, sex, height, weight, and number of previous spine sur-

geries], “radiographic factors” [coronal and sagittal meas-

ures], and PROs[ODI, SRS-22r, and SF36v2], but it is

unclear exactly which variables, and scores were input into

the clustering algorithm. In contrast, we clustered variables

listed in the Supplemental Methods, which include the sub-

domains of all PROs[SRS22r, ODI, PROMIS, VR12,

NRS], frailty [Edmonton Frailty domains], and patient char-

acteristics [Age, Number of comorbidities, Charleson

comorbidity, functional status, and spine surgical history]

but importantly excluded alignment measures.

When comparing our clusters, we find that Ames’ “YC:

Young Coronal” cohort is nearly identical to our YRC clus-

ter. Operative treatment for the YRC cohort is driven by

pronounced coronal plane deformity and concerns about

further curve progression [30], while robust compensatory

mechanisms mitigate sagittal deformity. Uniquely, motiva-

tion for operative care within YRC cohort is a function of

diminished self-image perception, mild-moderate back pain

(less severe than in older cohorts), and partial functional

impairment− the confluence of which affects their quality

of life [31,32]. Consistently, in this sub-population, SRS

Self-Image domain has been reported to demonstrate the

strongest correlation with patient satisfaction − which is

distinct from the ORC, OFC, ORD cohorts [33]. Moreover,

in YRC patients, PROs might be an insufficient marker of

operative success. That is, it could be impossible to achieve

MCID thresholds due to the ceiling of the instruments

deployed, the fact that worse baseline health scores predict
Downloaded for Anonymous User (n/a) at Duke University fr
For personal use only. No other uses without permission. 
more significant quantitative PROM improvement [11], and

an inherent limit to quantitative improvement given a high

functional baseline.

Similar to Ames’ classification, the “OPrim: Old Pri-

mary” cluster resembles our ORC cluster which have simi-

lar age (61.019 vs. 62.3), moderate sagittal malalignment

(66.819 vs. 47.8), and similar coronal Cobb angle (36.619

vs. 40.03). However, our ORC cluster had superior SRS-

total score at baseline compared to the OPrim cluster [19]

(3.29 vs. 2.7819). Consequently, we theorize that a propor-

tion of elderly patients undergoing a primary procedure

(OPrim) are marked by increased frailty, poor physical

function, and poor mental health that are captured within

the OPrim cluster − but are prone to limited PRO improve-

ment and higher complication rates.

The most notable divergence between the two analyses

lies in our hypothesis that older, frail patients, including

those undergoing revision, constitute a heterogeneous group

vulnerable to distinct postoperative trajectories. Our exami-

nation of changes in PROs (Table 5), KM curves (Fig. 2),

and analyses of complications and reoperations (Table 6)

collectively suggest that OFC and OFD differ significantly.

The primary factors differentiating these patients are base-

line mental health (VR12 MCS, SRS-Mental Health) and

frailty.

The discrepancy between our cluster analysis and Ames

and colleagues’, despite similar overarching approaches,

could stem from the different tools used to assess mental

health, pain, and frailty. For instance, PROMIS allows for a

more refined evaluation of functional limitations by incor-

porating pain interference, anxiety, and depression. It corre-

lates strongly with ODI [34] and SRS-22r [35], presenting

better ceiling and floor effects than SRS-22r [36]. The
om ClinicalKey.com by Elsevier on February 26, 2024. 
Copyright ©2024. Elsevier Inc. All rights reserved.
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capacity of PROMIS and VR12 to capture essential aspects

of pain and mental health may have contributed to the sig-

nificant divergence between OFC and OFD clusters in our

analysis, while the prior analysis considered elderly, revi-

sion patients more homogeneously [37,38]. As predictive

analytics advances, it is crucial to emphasize the validity,

robustness, and relevance of input variables.

Confluence of patient qualitative phenotype and deformity

type drive Complications and PROs

Apart from the study by Ames et al. [19], other included

analyses utilize ML/AI algorithms to cluster sagittal mor-

phology of ASD patients, using alignment measures that

were purposefully omitted from our clustering algorithms.

Durand and colleagues [24], for example, reviewed 915

ASD preoperative lateral radiographs and employed an arti-

ficial neural network to discern 6 morphologies characteriz-

ing sagittal profiles among ASD patients. Qualitatively,

these phenotypes consisted of varying degrees of positive

sagittal balance, lower extremity compensation (pelvic ret-

roversion), and lumbo-pelvic alignment. Intriguingly, all

clusters displayed comparable improvements in PROs over

a 2-year follow-up but differed in clinical outcomes such as

PJF incidence, ranging from 5% to 18% across clusters − a

figure comparable to the two-year reoperation range

observed across our clusters (1.45%−21.13%) [24]. More

recently, Lafage and colleagues proposed a simplified clas-

sification of preoperative alignment among ASD patients,

introducing 4 cohorts: hyper-thoracic kyphosis, moderate

sagittal imbalance, severe sagittal imbalance, and severe

coronal imbalance [28]. Nonetheless, this study only

reported a 30-day follow-up, which prevents drawing con-

clusions on outcomes over an extended period.

Combined with the findings presented here, the literature

suggests that a patient’s expected complication rate and

PRO improvement can be determined by mapping their

qualitative phenotype, as defined in our study, and their spi-

nal deformity phenotype. We suggest that the main determi-

nant of patients’ PROs is the qualitative phenotype, while

the alignment phenotype plays a lesser role. In contrast, the

primary factor influencing patients’ clinical outcomes such

as PJK/PJF is likely their alignment phenotype, with the

qualitative phenotype contributing to a smaller extent.

Limitations

This study has several limitations beyond those inherent

to retrospective analyses. Firstly, the qualitative classifica-

tion is confined to operative ASD patients treated by mem-

bers of our study group, excluding nonoperative patients,

cervical spine deformity cases, and those from different

clinical sites, which could reveal a broader range of patient

phenotypes. Similarly, although the clusters encompass

most patients presenting at an ASD center, it is possible

that certain phenotypes, such as young, resilient, and dis-

tressed (YRD) patients, exist but were not adequately
m ClinicalKey.com by Elsevier on February 26, 2024. 
opyright ©2024. Elsevier Inc. All rights reserved.
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represented in our cohorts to be identified. Secondly, the

intentional exclusion of alignment measures from the clus-

tering algorithm precludes a comprehensive evaluation of a

patient’s presentation, which depends on both their physical

and mental disposition and their pathology. Combining the

clusters presented here and those in Ames [19] with those

from Lafage [28] or Durand [24] could produce a more

comprehensive classification scheme. Thirdly, due to the

immaturity of our training cohort, we were unable to track

long-term outcomes concerning these patient clusters.

Lastly, to mitigate the “black box” nature of AI/ML models,

future works will concentrate on enhancing the accessibility

of phenotyping patients using actionable pathways.

Conclusion

In our multicenter, prospective cohort study involving

563 ASD patients, machine learning clustering discerned

four distinct preoperative phenotypes— "Old/Frail/Con-

tent" (OFC), "Old/Frail/Distressed" (OFD), "Old/Resilient/

Content" (ORC), and "Young/Resilient/Content" (YRC)—
predicated on age, frailty, physical functioning, and mental

health. When corroborated in a single-surgeon validation

cohort, all phenotypes showed postoperative improvements

in PROs over 2-years, but the OFC cluster exhibited signifi-

cantly greater improvements in SRS Function and Pain

scores, whereas SRS Mental Health improved comparably

across all clusters. Clinically, the OFD cluster exhibited

worse reoperation outcomes compared to all other clusters,

substantiating that a patient’s preoperative qualitative phe-

notype influences patients’ capacity to improve their PROs

following ASD correction.
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