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ACKGROUND CONTEXT: The SORG machine-learning algorithms were previously devel-

oped for preoperative prediction of overall survival in spinal metastatic disease. On sub-group anal-

ysis of a previous external validation, these algorithms were found to have diminished performance

on patients treated after 2010.

PURPOSE: The purpose of this study was to assess the performance of these algorithms on a large

contemporary cohort of consecutive spinal metastatic disease patients.

STUDY DESIGN/SETTING: Retrospective study performed at a tertiary care referral center.

PATIENT SAMPLE: Patients of 18 years and older treated with surgery for metastatic spinal dis-

ease between 2014 and 2016.

OUTCOMEMEASURES: Ninety-day and one-year mortality.

METHODS: Baseline patient and tumor characteristics of the validation cohort were compared

to the development cohort using bivariate logistic regression. Performance of the SORG

algorithms on external validation in the contemporary cohort was assessed with discrimination

(c-statistic and receiver operating curve), calibration (calibration plot, intercept, and slope),

overall performance (Brier score compared to the null-model Brier score), and decision curve

analysis.

RESULTS: Overall, 200 patients were included with 90-day and 1-year mortality rates of

55 (27.6%) and 124 (62.9%), respectively. The contemporary external validation cohort

and the developmental cohort differed significantly on primary tumor histology, presence of

visceral metastases, American Spinal Injury Association impairment scale, and preoperative

laboratory values. The SORG algorithms for 90-day and 1-year mortality retained

good discriminative ability (c-statistic of 0.81 [95% confidence interval [CI], 0.74−0.87] and
0.84 [95% CI, 0.77−0.89]), overall performance, and decision curve analysis. The algorithm

for 90-day mortality showed almost perfect calibration reflected in an overall calibration

intercept of �0.07 (95% CI: �0.50, 0.35). The 1-year mortality algorithm underestimated mor-

tality mainly for the lowest predicted probabilities with an overall intercept of 0.57 (95% CI:

0.18, 0.96).

CONCLUSIONS: The SORG algorithms for survival in spinal metastatic disease generalized well

to a contemporary cohort of consecutively treated patients from an external institutional. Further

validation in international cohorts and large, prospective multi-institutional trials is required to
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confirm or refute the findings presented here. The open-access algorithms are available here:

https://sorg-apps.shinyapps.io/spinemetssurvival/. © 2020 Elsevier Inc. All rights reserved.
Keywords: E
xternal validation; Machine learning; Mortality; Prediction; Prognostication; Spinal metastases
Introduction

The consideration whether surgical treatment is desir-

able for patients with spinal metastatic disease, involves

balancing the advantages of surgery (avoiding neurological

sequelae, increasing comfort, and prolonging survival)

against the disadvantages (longer length of stay in the hos-

pital, reoperations and surgical complications with potential

increased mortality) [1−7]. Recently, a multicenter, inter-

national study by Dea et al. showed that patients with a life

expectancy shorter than 3 months but with a good baseline

performance status can benefit from surgery in terms of

quality of life, opposed to the prerequisite of expected sur-

vival longer than three months as a surgical indication [8].

Proper estimation of postoperative survival—in addition to

examination of the baseline performance status—can there-

fore play a decisive role in the preoperative debate concern-

ing different treatment options in these patients [8,9].

The SORG machine-learning (ML) algorithms for pre-

diction of 90-day and 1-year survival in spinal metastatic

disease were developed with patients from Massachusetts

General Hospital and Brigham and Women’s Hospital [10].

Subsequentially, these algorithms were externally validated

on an independent patient population from The Johns Hop-

kins Hospital [11]. However, these algorithms had dimin-

ished performance on subanalysis of contemporary patients

upon external validation. In patients who underwent surgery

before 2010, the 90-day and 1-year algorithms had c-statis-

tic of 0.87 and 0.86 respectively. In comparison, in patients

who underwent surgery in 2010 or later, the 90-day and 1-

year algorithms had c-statistic of 0.77 and 0.76, respec-

tively. The diminished performance of these algorithms on

contemporary cohorts of patients is troubling since the pur-

pose of these tools is application to present-day and future

spinal metastatic disease patients.

As such, the primary purpose of this study was to assess

the performance of these algorithms on a large contempo-

rary cohort of consecutive spinal metastatic disease patients

treated between 2014 and 2016 at the Memorial Sloan Ket-

tering Cancer Center.
Methods

Guidelines

This retrospective external validation study has been

performed according to the Transparent Reporting of a

Multivariable Prediction Model for Individual Prognosis or

Diagnosis (TRIPOD) [12]. This study was approved by our

institutional review board.
Source of data

Medical records of consecutive patients treated with sur-

gery for metastatic bone disease in the spine at a large ter-

tiary care academic medical center were manually

reviewed [JV].
Participants

For this study these inclusion criteria were used: (1)

patients of at least 18 years of age or older at the time of

surgery, (2) surgical procedure for the resection of meta-

static spine lesion performed between 2014 and 2016, (3)

pathologic confirmation of primary tumor pathology
Outcome

Survival was established by manual review of the medi-

cal records. The last date of review was August 14th, 2019.

Ninety-day and 1-year mortality were the primary outcomes

of this study, and outcomes were available for 199 (99.5%)

and 197 (98.5%) patients, respectively.
Predictors

The variables needed to complete the SORG ML algo-

rithms were collected [10], namely: age (years), gender,

body mass index [kilograms per meter squared (kg/m2)],

Eastern Cooperative Oncology Group (ECOG) perfor-

mance status, histology of primary tumor (groups based on

Katagiri et al [13]), visceral metastases (yes/no) [metastases

in liver or lung], brain metastases (yes/no), three or more

spine metastases (yes/no), previous systemic therapy (yes/

no), preoperative presence of any Charlson comorbidity

other than metastatic disease (yes/no) [14], American Spi-

nal Injury Association (ASIA) Impairment Scale, and pre-

operative laboratory characteristics [white blood cell count

(£103 per microliter [mL]), hemoglobin (grams per decili-

ter [g/dL]), platelet count (£103/mL), absolute lymphocyte

count (£103/mL), absolute neutrophil count (£103/mL),

platelet to absolute lymphocyte ratio, neutrophil to absolute

lymphocyte ratio, albumin (g/dL), alkaline phosphatase

(international units per liter [IU/L]), calcium (milligrams

per deciliter [mg/dL]), creatinine (mg/dL), and international

normalized ratio].
Missing data

Data was missing for several variables with the follow-

ing rates: alkaline phosphatase = 8 (4%), ECOG perfor-

mance status = 7 (3.5%), albumin = 6 (3%), ASIA = 4

(2%), 1-year survival = 3 (1.5%). Ninety-day survival = 1

https://sorg-apps.shinyapps.io/spinemetssurvival/
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(0.5%). Missing values were imputed using the nonpara-

metric MissForest methodology [15].
Statistical analysis and methods

Baseline patient and tumor characteristics of the valida-

tion cohort were compared to the development cohort using

the chi-square test for categorical variables and the Mann-

Whitney U test for continuous variables. The threshold for

significance was established a-priori as p<.05.
Individual predicted probabilities were calculated for

each patient by inputting the variables in the SORG ML

algorithms. The same metrics used for the measurement of

algorithm performance during internal and initial external

validation [10,11]—were used for validation in this study.

Which were discrimination, calibration, overall perfor-

mance, and decision curve analysis. Discrimination was

measured using the c-statistic (which is also known as the

area under the receiver operating characteristic curve

[AUC] for binary classification) and visualized by plotting

the receiver operating characteristic curve [16]. The AUC

plots sensitivity against 1—specificity for all potential cut-

offs for a test and ranges from 0.5 (no better than chance) to

1.0 (perfect discriminative ability). After the AUC was gen-

erated, the Optimal Cutpoints method was performed to cal-

culate the Youden index [17], for the maximization of both

sensitivity and specificity. Then, The F1-score was com-

puted to calculate the harmonic mean of precision (PPV)

and recall (sensitivity) [18]. Additionally assessed discrimi-

nation performance measures were sensitivity, specificity,

PPV, and negative-predictive value. Calibration—which

compares the observed to the predicted proportion of out-

comes—was assessed by plotting the calibration plot and

subsequently calculating the calibration slope and intercept.

An algorithm with perfect calibration has a calibration slope

of 1 and an intercept of 0 [16,19,20]. The calibration slope

which is lesser than one indicates that the algorithm pre-

dicted outcomes are excessive (too high for patients with

high predicted probabilities of 90-day or 1-year mortality

and too low for patients with low predicted probabilities), a

calibration slope greater than one implies the opposite

[19,21]. Furthermore, a negative calibration intercept sug-

gests overestimation and a positive intercept suggests

underestimation of the outcome [19,21]. Overall perfor-

mance was measured by assessment and comparison of the

Brier score and the null-model Brier score. The Brier score

can be assessed by computing the average mean squared

difference between the predicted and observed outcomes—
the Brier score ranges from 0 (excellent prediction) to 1

(worst prediction) [22]. For correct interpretation of the

Brier score a comparison should be performed with the

null-model Brier score, which assigns a predicted probabil-

ity equal to the observed prevalence of the outcome to each

patient. Last, decision curve analysis was performed to

establish the net benefit (weighted average of true positives

and false positives) of the algorithms across a range of
different threshold probabilities [23]. Different treatment

strategies can be compared using the decision curve analy-

sis. The none line (horizontal) represents the expected net

benefit when no management changes are made, whereas

the all line represents the net benefit when treatment has

been changed for all patients. Different management

changes are not distinguished by the decision curve analysis

[23].

Statistical software used for data analysis and model

validation was: R version 3.5.1 (The R Foundation, Vienna,

Austria)
Results

In total, 200 patients were included in this study 90-day

and 1-year mortality rates of 55 (27.6%) and 124 (62.9%),

respectively. Eighty-nine (44.5%) patients had the female

gender, and the median age was 63.4 (interquartile range

54.2−71.0; Table 1).
Baseline characteristics between the developmental

cohort and the validation cohort differed significantly

(p<.05) on primary tumor histology, the presence of vis-

ceral metastases, preoperative ASIA-score, albumin value,

creatinine value, and 1-year mortality.

The SORG ML algorithm for 90-day mortality predic-

tion in spinal metastatic disease achieved an AUC of 0.81

(95% confidence interval [CI], 0.74−0.87) on external vali-

dation (Fig. 1A). At a threshold equal to the Youden index

(threshold=0.25), the SORG ML algorithm for 90-day mor-

tality had an F1-score of 0.63 (95% CI, 0.50−0.74). Addi-
tional discrimination performance measures are available in

Supplemental Table 1. The calibration plot showed good

calibration between predicted probability 0.0 and 0.7 in the

validation cohort (Fig. 2A). For predicted probabilities of

0.7 and larger the algorithm overestimated the observed

proportion of patients with 90-day mortality, reflected in

the overall calibration intercept of �0.07 (95% CI, �0.50

−0.35) and calibration slope of 0.64 (95% CI, 0.42−0.86).
The Brier score for 90-day mortality was 0.17 compared to

the null model Brier score of 0.20. Decision curve analysis

showed that the SORG ML algorithm for 90-day mortality

prediction resulted in a larger net benefit compared to the

default strategies of changing the treatment for all or no

patients (Fig. 3A).

The SORG ML algorithm for 1-year mortality prediction

in spinal metastatic disease achieved an AUC of 0.84 (95%

CI, 0.77−0.89) on external validation (Fig. 1B). At a

threshold equal to the Youden index (threshold=0.58), the

SORG ML algorithm for 90-day mortality had an F1-score

of 0.80 (95% CI, 0.71−0.87) (For additional discrimination

performance measures see Supplemental Table 1). The cali-

bration plot showed good calibration between predicted

probability 0.25 and 0.7 and predicted probabilities higher

than 0.8 (Fig. 2B). With predicted probabilities of 0.25 and

lower, and between 0.7 and 0.8 the SORG ML algorithm

underestimated 1-year mortality, which was reflected in an



Table 1

Comparison of external validation population to development population

Variable n (%) | median (IQR) p value

Validation cohort(n=200) Developmental cohort(n=732)

Age 63.4 (54.2−71.0) 61 (53−69) .60

Female Sex 89 (44.5) 306 (41.8) .49

Body mass index (kg/m2) 26.3 (23.3−29.7) 26.3 (23.1−29.7) .66

ECOG .15

0−2 167 (86.5) 440 (81.6)

3−4 26 (13.5) 99 (18.4)

Primary Tumor Histology

Group 1 37 (18.5) 219 (29.9) .003

Group 2 72 (36.0) 254 (34.7)

Group 3 91 (45.5) 259 (35.4)

Visceral Metastases 127 (63.5) 252 (34.4) <.001

Brain Metastases 30 (15.0) 81 (11.1) .17

Three or More Spine Metastases 99 (49.5) 404 (55.2) .18

Previous Systemic Therapy 111 (55.5) 418 (57.1) .75

Other Charlson Comorbidity 121 (60.5) 441 (60.7) 1.00

ASIA <.001

Normal (E) 162 (82.7) 379 (52.6)

Impaired (A-D) 34 (17.3) 342 (47.4)

Hemoglobin (g/dL) 11.9 (10.1−13.3) 12.1 (10.7−13.3) .29

Platelet (103/mL) 263.0 (196.8−334.8) 259 (196−337) .91

Absolute Lymphocyte (103/mL) 0.90 (0.60−1.30) 0.90 (0.58−1.43) .22

Absolute Neutrophil (103/mL) 7.10 (4.50−10.00) 6.32 (4.48−8.80) .07

Platelet Lymphocyte Ratio 282.1 (185.9−493.0) 281 (173−461) .49

Neutrophil Lymphocyte Ratio 8.74 (4.10−13.57) 7.22 (3.64−12.8) .08

Albumin (g/dL) 4.00 (3.60−4.20) 3.80 (3.40−4.20) .002

Alkaline Phosphatase (IU/L) 102.5 (77.0−141.5) 94.5 (73.0−140) .26

Creatinine (mg/dL) 0.80 (0.60−0.90) 0.80 (0.69−1.00) .005

INR 1.07 (1.01−1.15) 1.10 (1.00−1.10) .28

Ninety-Day Mortality 55 (27.6) 181 (25.1) .53

One-Year Mortality 124 (62.9) 385 (54.3) .04

ASIA, American Spinal Injury Association Impairment Scale; BMI, body mass index; ECOG, Eastern Cooperative Oncology Group performance status;

g/dL, grams per deciliter; IU/L, international units per liter; IQR, interquartile range; kg/m2, kilograms per meter squared; mg/dL, milligrams per deciliter;

mL, microliter.
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overall calibration intercept of 0.57 (95% CI, 0.18−0.96)
and calibration slope of 0.85 (95% CI, 0.59−1.11). The
Brier score for 1-year mortality was 0.16 compared to the

null model Brier score of 0.23. The decision curve analysis

for the SORG ML algorithm to predict 90-day mortality
Table 2

Overview of the performance measures for 90-day and 1-year mortality on

external validation, n=200

Metric 90-day mortality 1-year mortality

Discrimination

AUC 0.81 (0.74, 0.87) 0.84 (0.77, 0.89)

F1-score* 0.63 (0.50, 0.74) 0.80 (0.71, 0.87)

Calibration

Intercept �0.07 (�0.50, 0.35) 0.57 (0.18, 0.96)

Slope 0.64 (0.42, 0.86) 0.64 (0.42, 0.86)

Overall performance

Brier score 0.17 (0.13, 0.20) 0.16 (0.13, 0.19)

Null-model Brier score 0.20 0.23

AUC, area under the receiver operating curve.

* At the threshold equal to the Youden index (90-d mortality thresh-

old=0.25, 1-year mortality threshold=0.58).
showed that above a high-risk threshold of 0.3 the algorithm

resulted in a larger net benefit compared to changing the

treatment for all of none patients, below the threshold of

0.3 changing management for all patient provided a greater

net benefit than the algorithm (Fig. 3B). An overview of the

performance measures is given in Table 2.
Discussion

Decision guidance for opting between surgery and other

treatment modalities for patients with metastatic spine dis-

ease by using repeatedly externally validated survival pre-

diction tools, can optimize treatment processes and

decrease unnecessary—potentially harmful—treatment of

these patients, especially for those with a lesser baseline

performance status [8,24,25]. The SORG ML algorithms

were developed and externally validated on two indepen-

dent patient populations from different tertiary care centers

in the United States [10,11]. Following the TRIPOD

guidelines [12], algorithms should be repeatedly validated

for the assessment of possible performance inadequacies



Fig. 1. Area under the receiver operating curve (AUC) for the ML algorithm for (A) 90-day and (B) 1-year mortality on external validation, n=200. AUC,

area under the receiver operating characteristic curve; ML, machine learning.

Fig. 2. Calibration plots which indicate the agreement between observed and predicted outcomes for the ML algorithm for 90-day mortality and 1-year mor-

tality on external validation, n=200. Predicted probabilities were subdivided into 5 bins for which the mean observation is plotted against the mean calculated

predicted probability, with corresponding 95% confidence interval. ML, machine learning.

Fig. 3. Decision curve analysis with standardized net benefit by threshold probability for the ML algorithm for 90-day and 1-year mortality on external vali-

dation, n=200. ML, machine learning.
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among in different independent populations [26,27]. Hence,

the purpose of this study was to assess the validity of the

SORG ML survival algorithms in an external population of

patients with metastatic spinal disease. In this external
validation among a contemporary cohort of consecutively

treated patients, we found that the SORM ML algorithms

retained good discrimination and overall performance.

The SORG ML algorithm for 90-day mortality retained
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almost perfect overall calibration. For the 1-year mortality

algorithm the overall calibration retained moderate and

underestimated mainly for the lowest predicted probabilities.

Numerous survival prognostication tools have been

developed for patients with spinal metastatic disease. A

prior study of nine different scoring systems found that the

best tool achieved an AUC of 0.70 for 90-day mortality and

an AUC of 0.78 for 1-year mortality [13,28−31]. The

SORG ML algorithm for 90-day mortality shows improved

discriminative abilities, with an AUC of 0.83 on internal

validation, 0.75 on initial external validation, and 0.81 on

this secondary external validation. Similarly, the SORG

ML algorithm for 1-year mortality also shows improved

discriminative abilities, with an AUC of 0.85 on internal

validation, 0.77 on initial external validation, and 0.84 on

this secondary external validation. A possible explanation

for the improved predictability compared to the initial

external validation may be that the size of this cohort was

larger. Unfortunately, none of the other previously devel-

oped algorithms showed results following the TRIPOD

guidelines as no calibration results and decision curve anal-

ysis were taken into account during development of these

tools [12]. A follow-up prospective multi-institutional study

assessed calibration of some of the previously developed

tools and found that calibration results were poor in all

models—where the best model achieved an calibration

slope of 0.45 (perfect calibration slope=1) [9]. In contrast,

the SORG ML algorithm for 90-day mortality achieved a

calibration slope of 0.64 in both the initial as in this second-

ary external validation; while the SORG ML algorithm for

1-year mortality achieved calibration slopes of 0.77 and

0.85 for the initial and this secondary external validation,

respectively [11].

There are several limitations that should be discussed,

and this study should thus be interpreted in the context of

its design. First, patients were retrospectively included in

the validation cohort from a single, though independent,

population. Prospective external validation preferably using

international multi-institutional collaborations remains to

be performed. Second, the baseline characteristics differed

between the validation and the developmental cohort on

some disease factors. The validation cohort consisted of

patients that had a higher proportion of rapidly growing

tumors, more patients with visceral metastases, and higher

albumin levels [10]. The reason for these differences is

unknown but indicate that the algorithms keeps accurate

discriminative ability and overall performance with vari-

ability in tumor histology. Third, this study suffered from a

relatively small sample size. The suggested minimum of

200 events and nonevents for reliable interpretation of cali-

bration results by van Calster et al [19], could not be met as

the total cohort consisted of 200 patients. This low number

might thus have again caused the calibration incongruities

as previous research has shown that calibration plot inter-

pretation could be less reliable in smaller validation cohorts

[20,32,33]. Not only reliability of calibration results will
improve with larger cohorts, but also subgroup analysis of

various patient and treatment characteristics will be more

reliable. Fourth, despite that development, internal valida-

tion, and primary external validation have been performed

in independent datasets, this secondary validation was also

performed in a hospital located in the United States; hence,

future studies on this topic should seek to validate this algo-

rithm in a non-American population.

Still, these analysis show that the SORG algorithms

are—to our knowledge—currently among the best perform-

ing externally validated prediction tools for 90-day and 1-

year mortality in patients with metastatic spine disease. The

algorithms are freely available as a web application at:

https://sorg-apps.shinyapps.io/spinemetssurvival/. Health care

providers may use this application as an aid to optimize treat-

ment trajectories and as patient education tools in daily

clinic. When using the algorithms, clinicians should be aware

that the algorithm was developed and validated on surgically

treated patients. Thus, applicability to patients treated with

different treatment modalities remains to be determined.

Future studies can therefore aim to study the performance of

these algorithms for non-operatively managed patients.

Conclusions

The SORG algorithms for survival in spinal metastatic

disease generalized well to a contemporary cohort of con-

secutively treated patients from an external institutional.

Further validation in international cohorts and large, pro-

spective multi-institutional trials is required to confirm or

refute the findings presented here.

Supplementary materials

Supplementary material associated with this article can

be found in the online version at https://doi.org/10.1016/j.

spinee.2020.05.003.
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