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Abstract BACKGROUND CONTEXT: Preoperative survival estimation in spinal metastatic disease helps
determine the appropriateness of invasive management. The SORG ML 90-day and 1-year machine
learning algorithms for survival in spinal metastatic disease were previously developed in a single
institutional sample but remain to be externally validated.

PURPOSE: The purpose of this study was to externally validate these algorithms in an indepen-
dent population from another institution.

STUDY DESIGN/SETTING: Retrospective study at a large, tertiary care center.

PATIENT SAMPLE: Patients 18 years or older who underwent surgery between 2003 and 2016.
OUTCOME MEASURES: Ninety-day and 1-year mortality.

METHODS: Baseline characteristics of the validation cohort were compared to the developmental
cohort for the SORG ML algorithms. Discrimination (c-statistic and receiver operating curve), cali-
bration (calibration slope, intercept, calibration plot, and observed proportions by predicted risk
groups), overall performance (Brier score), and decision curve analysis were used to assess the per-
formance of the SORG ML algorithms in the validation cohort.

RESULTS: Overall, 176 patients underwent surgery for spinal metastatic disease, of which 44
(22.7%) experienced 90-day mortality and 99 (56.2%) experienced 1-year mortality. The validation
cohort differed significantly from the developmental cohort on primary tumor histology, metastatic
tumor burden, previous systemic therapy, overall comorbidity burden, and preoperative laboratory
characteristics. Despite these differences, the SORG ML algorithms generalized well to the valida-
tion cohort on discrimination (c-statistic 0.75—0.81 for 90-day mortality and 0.77—0.78 for 1-year
mortality), calibration, Brier score, and decision curve analysis.

CONCLUSION AND RELEVANCE: Initial results from external validation of the SORG ML
90-day and 1-year algorithms for survival prediction in spinal metastatic disease suggest potential
utility of these digital decision aids in clinical practice. Further studies are needed to validate or
refute these algorithms in large patient samples from prospective, international, multi-institutional
trials. © 2019 Published by Elsevier Inc.
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Background

The spine is the most common site of bony metastasis
and metastatic epidural spinal cord compression occurs in
up to 10% of cancer patients [1—3]. Surgery is undertaken
in spinal metastatic disease to reduce pain, improve quality
of life, and preserve ambulatory status [4,5]. Since the ran-
domized controlled trial by Patchell et al., there has been
increased enthusiasm for surgical intervention in spinal
metastatic disease [0,7]. However, the decision for opera-
tive intervention requires preoperative estimation of
expected postoperative survival [8].

The SORG machine learning (ML) 90-day and 1-year
algorithms were previously developed to preoperatively
predict survival in patients with metastatic spinal tumors
[9]. Two time-points for estimation of survival were chosen
to provide both short- and long-term survival estimates.
Individual provider preference on patient counseling may
depend on factors such as primary tumor histology and
patient functional status. Ninety-day survival estimation
may be useful for patients who have relatively poor progno-
sis such as lung primary tumors. One-year survival estima-
tion may be useful in patients with relatively good
prognosis such as prostate primary tumors. Though these
algorithms showed promise in the developmental cohort,
they were produced from a single institutional sample and
remain to be externally validated.

The primary purpose of this study was to externally vali-
date or refute these algorithms in an independent population
of patients from another institution. Comparison of the
baseline characteristics in the two populations was further
undertaken to determine if the algorithms would generalize
to the independent population.

Methods

Guidelines

This validation study followed the Transparent Report-
ing of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) [10].

Source of data

Health records review was approved by the institutional
review board (NA_00067508) for retrospective chart
review on patients who underwent surgery for spinal meta-
static disease at a high volume, tertiary care center.

Participants

The inclusion criteria for the study were: (1) adult
patients between the ages of 18 and 100 at the time of sur-
gery; (2) surgical resection for metastatic spine lesion
between 2003 and 2016; (3) primary tumor histology con-
firmed by pathology; (4) availability of electronic health
records (EHR) with clinical presentation, imaging, and

operative notes; and (5) date of death recorded in the EHR
or most recent follow-up available.

QOutcome

Survival was ascertained through manual chart review
and structured documentation in the EHR. The date of last
review was March 8, 2019. The primary outcomes of inter-
est were 90-day and 1-year mortality.

Predictors

The following variables were assessed based on the fac-
tors needed as inputs to the SORG ML algorithms [9]: age
(years), sex, body mass index (kilograms per meter squared
[kg/m?]), Eastern Cooperative Oncology Group [ECOG]
performance status, primary tumor histology (based on
groupings by Katagiri et al.) [11], presence of visceral
metastases (metastases in liver or lung), presence of brain
metastases, three or more spine metastases, previous sys-
temic therapy, preoperative presence of any Charlson
comorbidity other than metastatic disease [12], American
Spinal Injury Association (ASIA) Impairment Scale, and
preoperative laboratory characteristics [white blood cell
count (x10° per microliter [iL]), hemoglobin (grams per
deciliter [g/dL]), platelet count (x103/uL), absolute lym-
phocyte count (x 10°/uL), absolute neutrophil count (x 10’/
uL), platelet to absolute lymphocyte ratio, neutrophil to
absolute lymphocyte ratio, albumin (g/dL), alkaline phos-
phatase (international units per liter [[U/L]), calcium (milli-
grams per deciliter [mg/dL]), creatinine (mg/dL), and
international normalized ratio (INR).

Missing data

Rates of missing data for variables were as follows: body
mass index=53 (30.1), alkaline phosphatase=40 (22.7),
absolute lymphocyte=47 (26.7), absolute neutrophil=47
(26.7), platelet to lymphocyte ratio=47 (26.7), neutrophil to
lymphocyte ratio=47 (26.7), international normalized
ratio=15 (8.5). The missForest multiple imputation tech-
nique was used for imputation [13].

Statistical analysis and methods

Discrimination was calculated by computing the c-statis-
tic (also known as the area under the receiver operating
curve [AUC] for binary classification) and by plotting the
receiver operating curve [14]. Models no better than chance
have AUC =0.5 and perfect models have AUC=1. Calibra-
tion was calculated by computing the calibration slope and
intercept and by plotting the calibration plot. Perfect models
have calibration intercept=0 and calibration slope=1. The
Brier score is the average mean squared difference between
the model predictions and the observed outcomes and it
captures both discrimination and calibration [15]. The null
model Brier score was calculated to compare the incremen-
tal benefit of the algorithms to a theoretical null model that
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would assign a predicted probability to every patient equal
to the observed prevalence of 90-day and 1-year mortality
in the validation cohort. Finally, decision curve analysis
was undertaken to the net benefit (weighted average of true
positives and false positives) of the algorithm in compari-
son to the default strategies of changing management for all
patients or for no patients [16]. Decision curve analysis
allows for estimation of the model’s expected utility in clin-
ical practice by comparing true positives and false positives
generated by the model.
Net benefit is defined as:

True Positives—relativeWeight(False Positives)

Net benefit = Number of Patients
Relative weight is defined by the threshold:

threshold probability
1—threshold probability

relative Weight =

The decision curve analysis offers a visual comparison
of various treatment strategies. The point in time the deci-
sion curve analysis refers to is the point before surgery
when management changes are possible. The decision
curve analysis does not prescribe what these management
changes may be. The horizontal lines (labeled “none”) refer
to the expected net benefit without any changes in manage-
ment. Without making any changes there are no benefits
(net benefit>0) or harms (net benefit<0) from this strategy.
The slanted vertical line (labeled “all”) refers to the strategy
of changing management for all patients. The relative
weight varies with the chosen threshold probability and as
the threshold probability increases, the relative weight
increases. False positives are weighted more and the net
benefit becomes negative for the strategy of changing man-
agement for all patients.

Importantly, the threshold probability depends on the
provider using the algorithms and is not an intrinsic prop-
erty of the algorithms. Certain providers may have a higher
threshold for changing management than others. This may
also depend on the management changes suggested. For
example, if the management change is increased surveil-
lance and preoperative optimization, a threshold for inter-
vening may be predicted 90-day mortality>0.25. However,
if the management changes are delaying surgery and pursu-
ing nonoperative care, the threshold for 90-day mortality
may be>0.5 or >0.75. The specific threshold will vary from
one provider to the next. The decision curve analysis is use-
ful because once the provider has determined their thresh-
old probability for taking action, the decision curve can
show the expected utility (net benefit) of using the algo-
rithms at that specific threshold. Simultaneously, the deci-
sion curve analysis allows for the comparison of selectively
changing management for patients based on the algorithm’s
predicted probabilities at this threshold as compared to the
default strategies of changing management for all patients
or for no patients.

Sensitivity analyses were conducted by measuring the
performance of the algorithms across these utilities in both
the full population of patients with imputed data as well as
the subpopulation of patients with complete data. Addition-
ally, performance of the algorithms was assessed for in sub-
sets of patients who underwent surgery from 2003—2009
relative to 2010—2016.

The baseline characteristics of the validation cohort were
compared to those of the developmental cohort with bivari-
ate logistic regression. Significance was defined a priori
as p<.05.

Data analysis was undertaken with the Anaconda Distri-
bution (Anaconda, Inc., Austin, TX), R version 3.5.1 (The
R Foundation, Vienna, Austria), RStudio version 1.0.153
(RStudio, Boston, MA), and Python version 3.6 (Python
Software Foundation, Wilmington, DE).

Results

Overall, 176 patients with spinal metastatic disease were
included, of which 44 (22.7%) experienced 90-day mortal-
ity and 99 (56.2%) experienced 1-year mortality. Seventy-
one (40.3%) of the patients were female and the median
age was 62 (interquartile range [IQR]=52—69) [Table 1].

In comparison to the developmental cohort for the
SORG ML algorithms, the population in this study differed
significantly (p<.05) on performance status, primary tumor
histology, presence of brain metastases, three or more spine
metastases, other Charlson comorbidities, preoperative
ASIA status, and laboratory characteristics (white blood
cell, hemoglobin, platelet).

The SORG ML 90-day algorithm achieved AUC=0.75
in the validation cohort (Fig. 1A). The calibration plot of
the algorithm in the validation cohort showed excellent
calibration from predicted probability=0 to predicted proba-
bility=0.5 (Fig. 2A). With predicted probabilities greater
than 0.5, the algorithm underestimated the observed
proportion of patients with 90-day mortality. This was
reflected in the negative calibration intercept of —0.10
with calibration slope=0.64. For patients with predicted
mortality probabilities less than 0.3 (n=120), the mean 90-
day mortality was 12.5% (95% confidence interval [CI]:
6.5%—18.5%). For patients with predicted probabilities
0.3 to 0.6 (n=36), the mean 90-day mortality was 38.9%
(95% CI: 22.2%—55.6%). For patients with predicted prob-
abilities greater than 0.6 (n=20), the mean 90-day mortality
was 55% (95% CI: 31.1%—78.9%). The raw Brier score for
90-day mortality was 0.157 relative to the null model Brier
score of 0.176. On decision curve analysis in the validation
cohort, the algorithm provided greater net benefit than the
default strategies of changing management for all patients
or for no patients (Fig. 3A).

The SORG ML 1-year algorithm achieved AUC=0.77 in
the validation cohort (Fig. 1B). The calibration plot of the
algorithm in the validation cohort showed good calibration
for predicted probabilities less than 0.1 and greater than 0.4
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Table 1
Baseline characteristics of validation cohort, n=176
Variable n (%) | median (IQR) p Value
Validation cohort (n=176) Developmental cohort (n=732)
Age 62.0 (52.0—69.0) 61 (53—69) 87
Female sex 71 (40.3) 306 (41.8) 72
Body mass index (kg/m?) 25.9 (22.6-30.7) * 26.3(23.1-29.7) " .82
ECOG <.001
0-2 109 (61.9) 440 (81.6) *
3—4 67 (38.1) 99 (18.4) °
Primary tumor histology <.001
Group 1 61 (34.7) 219 (29.9)
Group 2 98 (55.7) 254 (34.7)
Group 3 17 (9.7) 259 (35.4)
Visceral metastases 49 (27.8) 252 (34.4) .078
Brain metastases 7(4.0) 81 (11.1) .006
Three or more spine metastases 64 (36.4) 404 (55.2) <.001
Previous systemic therapy 102 (58.0) 418 (57.1) .84
Other Charlson comorbidity 67 (38.1) 441 (60.7) <.001
ASIA .006
Normal (E) 72 (40.9) 379 (52.6) 1
Impaired (A—D) 104 (59.1) 342 (47.4) 9
White blood cell (10°/uL) 9.04 (6.30—12.5) 8.20 (6.06—10.9 .009
Hemoglobin (g/dL) 11.7 (10.5—12.8) 12.1 (10.7—13.3) .049
Platelet (10°/uL) 225 (169—289) 259 (196—337) ** <.001
Absolute lymphocyte (10%/uL) 0.82(0.51-1.36) ' 0.90 (0.58—1.43) I .85
Absolute neutrophil (10°/uL) 7.22 (4.37-9.80) ' 6.32 (4.48—8.80) 45
Platelet lymphocyte ratio 247 (150—440) * 281 (173—461) I .80
Neutrophil lymphocyte ratio 8.06 (4.11—-14.3) ! 7.22 (3.64—12.8) 11 21
Albumin (g/dL) 3.80 (3.40—4.30) ' 3.80 (3.40—4.20) ¥ 49
Alkaline phosphatase (IU/L) 92.0(75.8—132.2) | 94.5 (73.0—140) " 98
Creatinine (mg/dL) 0.80 (0.60—1.00) 0.80 (0.69—1.00) ** 26
INR 1.00 (1.00—1.10) 1.10 (1.00—1.10) ** 072
Ninety-day mortality 40 (22.7) 181 (25.1) Sl
One-year mortality 99 (56.2) 385 (54.3) 99

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/m?), kilograms per meter squared; (mg/dL), milligrams

per deciliter; uL, microliter.

Bold values p < 0.05 are statistically significant.

* Missing in 53 (30.1).
T Missing in 40 (22.7).
Missing in 47 (26.7).
Missing in 15 (8.5).

" Missing in 90 (12.3).
¥ Missing in 193 (26.4).
* Missing in 11 (11.5).
*#% Missing in 89 (12.2).
' Missing in 218 (29.8).
H Missing in 215 (29.3).
5 Missing in 185 (25.3).
" Missing in 194 (26.5).
* Missing in 89 (12.2).

@

(Fig. 2B). Overall, the algorithm had higher predicted prob-
abilities than the observed proportions in the validation
cohort and this was reflected in the calibration intercept
with 0.43 and calibration slope=0.77. For patients with pre-
dicted mortality probabilities less than 0.3 (n=60), the mean
1-year mortality was 28.3% (95% CI: 16.6%—40.1%). For
patients with predicted probabilities 0.3 to 0.6 (n=41), the
mean 1-year mortality was 53.7% (95% CI: 37.7%—70.0%).
For patients with predicted probabilities greater than 0.6

(n=75), the mean 1-year mortality was 55% (95% CI:
31.1%—78.9%). The Brier score for 1-year mortality was
0.199 relative to the null model Brier score of 0.246. On
decision curve analysis in the validation cohort, the algo-
rithm provided greater net benefit than the default strate-
gies of changing management for all patients or for no
patients (Fig. 3B).

The discrimination of the SORG ML 90-day algorithm
in subpopulations of patients with lung, breast, prostate,
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Fig. 1. (A-B) Receiver operating curve for 90-day (A) and 1-year mortality (B) in validation cohort, n=176. AUC, area under receiver operating curve.
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Fig. 2. (A-B) Calibration plots for 90-day (A) and 1-year (B) mortality in validation cohort, n=176.

and renal primaries was 0.70, 0.87, 0.60, and 0.76, respec-
tively (Table 2). The discrimination of the SORG ML 1-
year algorithm in subpopulations of patients with lung,
breast, prostate, and renal primaries was 0.92, 0.76, 0.75,
and 0.78, respectively (Table 2).
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On sensitivity analysis in the subpopulation of patients
(n=91) with complete data available for the SORG ML
algorithms without requiring multiple imputation, the AUC
of the SORG 90-day algorithm in the validation cohort was
0.81 and the AUC of the I-year algorithm was 0.78
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Fig. 3. (A-B) Decision curve analysis with net benefit by threshold probability for 90-day (A) and 1-year (B) mortality in validation cohort, n=176.



Table 2

Discrimination (c-statistic) of algorithms by primary tumor histology in

validation cohort

Validation cohort

Ninety-day

One-year

Overall (n=176)
Lung (n=33)
Breast (n=37)
Prostate (n=27)
Renal (n=36)

0.75 (0.66—0.83)
0.70 (0.49—0.85)
0.87 (0.56—0.97)
0.60 (0.36—0.80)
0.76 (0.53—0.90)

0.77 (0.70—0.83)
0.92 (0.68—0.99)
0.76 (0.51-0.91)
0.75 (0.49-0.90)
0.78 (0.58—0.90)

Table 3

Discrimination (c-statistic) of SORG ML algorithms by primary tumor

histology in subset of validation cohort with complete data, n=91

Validation cohort

Ninety-day

One-year

Overall (n=91)
Lung (n=20)
Breast (n=22)
Prostate (n=11)
Renal (n=13)

0.81 (0.70—0.89)
0.85 (0.58—0.96)
0.83 (0.41-0.97)
0.67 (0.31-0.90)
0.77 (0.41-0.94)

0.78 (0.67—0.87)
0.97 (0.67—0.99)
0.67 (0.36—0.88)
0.89 (0.42—0.99)
0.97 (0.62—0.99)

(Table 3). For patients with complete date, the discrimina-
tion of the SORG ML 90-day algorithm in patients with
lung, breast, prostate, and renal primaries was 0.85, 0.83,
0.67, and 0.77, respectively (Table 3). For patients with
complete date, the discrimination of the SORG ML 1-year
algorithm in patients with lung, breast, prostate, and renal
primaries was 0.97, 0.67, 0.89, and 0.97, respectively
(Table 3).

In patients with complete data who underwent surgery
from 2003 to 2009 (n=31), the AUC of the SORG 90-day
algorithm was 0.87 and the AUC of the SORG 1-year algo-
rithm was 0.86. In patients with complete data who under-
went surgery from 2010 to 2016 (n=60), the AUC of the
SORG 90-day algorithm was 0.77 and the AUC of the
SORG 1-year algorithm was 0.76.

Discussion

Determining the appropriateness of surgical intervention
in spinal metastatic disease requires reliable, externally val-
idated scoring systems to preoperatively predict the survival
at key postoperative time-points such as 90-day and 1-year
[1,4,17—19]. The SORG ML algorithms were previously
developed for this purpose but were not externally validated
[9]. In this study, these algorithms were externally validated
in an independent population from a high volume, tertiary
care center.

The population of patients used in this study to exter-
nally validate the SORG ML algorithms was previously
used to compare nine scoring systems in spinal metastatic
disease (Tokuhashi, revised Tokuhashi, Tomita, Bauer,
modified Bauer, Katagiri, van der Linden, SORG Classic,
SORG nomogram) [20—27]. In the prior study, the SORG
nomogram achieved the best performance for 90-day with
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AUC=0.70 and the Tokuhashi, SORG nomogram, and
Katagiri scoring systems achieved the best performance for
1-year mortality with AUC=0.78. Relative to these bench-
marks, the SORG ML algorithms improved on 90-day mor-
tality (AUC=0.75—0.81) and performed similarly on 1-year
mortality (AUC=0.77—0.78). However, the prior study
examined discrimination of scoring systems alone as the
primary mode of determining the optimal preoperative tool.
As prescribed by the TRIPOD guidelines for prediction,
calibration and decision curve analysis are critical [8,10,14]
and this study also demonstrated fair calibration and good
decision curve analysis of the SORG ML algorithms.
Nater et al. recently completed the first calibration study of
eight multivariate models (Tokuhashi, revised Tokuhashi,
Tomita, van der Linden, Oswestry Spinal Risk Index,
Bauer, modified Bauer, Bollen) of survival in spinal meta-
static disease in a prospective multicenter study and found
that all had poor calibration. In the study, the Bartels model
achieved the best calibration with calibration slope=0.45.
Relative to these benchmarks [28], the SORG ML algo-
rithms achieved good performance with calibration
slope=0.64 for 90 days and 0.77 for 1 year.

The discrepancies in calibration may be due to two
factors. The first factor is the difference in baseline charac-
teristics (performance status, primary tumor histology,
metastatic tumor burden, overall comorbidity burden, pre-
operative motor deficit, and laboratory characteristics)
between the validation cohort and developmental cohort
[29]. The second factor is the relatively small sample size
of the validation cohort. Previous studies have shown that
at smaller sample sizes for validation cohorts, interpretations
of the calibration plot can be unreliable and Van Calster
et al. have recommended a minimum of 200 events (90-day
and 1-year mortality) and 200 nonevents (90-day and 1-year
survival) to reliably assess calibration plots [30—32]. In the
context of spinal metastatic disease, achieving a sample size
of 200 patients who experienced 90-day mortality, given
the observed 90-day mortality of 22.7%, would require a
total sample size of 881. The 176 patients in this study
spanned 13 years at a high-volume tertiary care center.
Without multi-institutional collaboration, it would be very
difficult to collect the minimum number of patients recom-
mended for reliable assessment of calibration plots.
Although not as compelling as perfect calibration plots,
the observed 90-day and 1-year mortality for the risk strata
predicted probabilities less than 0.3, 0.3 to 0.6, and greater
than 0.6 show that the models do predict probabilities that
approximate the observed proportions of events.

There are several limitations that must be acknowledged
to appropriately contextualize the findings of this study.
Though external validation of the SORG ML algorithms
was achieved in an independent population, the study
design was retrospective, and the patients came from a dif-
ferent but single institution. The sample size of the study
was relatively small, particularly in analyses that examined
subpopulations of patients with single primary tumor
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histology. Future studies are needed that will assess the pre-
dictive performance of the SORG ML algorithms in large,
prospective, multicenter samples. In addition, the validation
cohort originated from the same nation as the developmen-
tal cohort. International validation in multiple countries
remains to be undertaken. The sample size of the present
study also posed limitations potentially on optimal calibra-
tion of the models in the developmental cohort as well as
the subpopulation of patients with complete data not requir-
ing multiple imputations. In addition, as a web-based tool,
the SORG ML algorithms require reliable access to internet
connectivity which may not be available in all settings. Tra-
ditional scores and printable paper-based nomograms
remain useful for resource-constrained settings. Further-
more, the SORG ML algorithms provide survival estimates
at specific time-points (90 days and 1 year) as opposed
to prior scores.

Despite these limitations, this study is the first external
validation of the SORG ML algorithms in an independent
population. The SORG ML algorithms achieved the best
performance for 90-day mortality and achieved similar per-
formance for 1-year mortality. The nature of machine learn-
ing algorithms allows them to be updated easily with new
data over time. Another avenue of future research for the
SORG ML algorithms is to retrain them by combining the
patients from both institutions (developmental and valida-
tion) and externally validating them on a third population,
potentially from multiple institutions. Such work is ongoing
and continuous updating of these models will help improve
prognostication in spinal metastatic disease.

Conclusions

Initial results from external validation of the SORG ML
90-day and 1-year algorithms for survival prediction in spinal
metastatic disease suggest potential utility of these digital
decision aids in clinical practice. Further studies are needed to
validate or refute these algorithms in large patient samples
from prospective, international, multi-institutional trials.
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