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Abstract

Purpose To utilize natural language processing (NLP) of MRI reports and various clinical variables to develop a preliminary
model predictive of the need for surgery in patients with low back and neck pain. Such a model would be beneficial for inform-
ing clinical practice decisions and help reduce the number of unnecessary surgical referrals, streamlining the surgical process.
Methods A historical cohort study was conducted using de-identified data from patients referred to a spine assessment clinic.
Various demographic, clinical, and radiological variables were included as potential predictors. Full-text radiology reports
of patients’ MRI findings were vectorized using NLP before applying machine learning algorithms to develop models pre-
dicting who underwent surgery. Outputs from these models were then entered into a logistic regression model with clinical
variables to develop a preliminary model predictive of surgical recommendations.

Results Of the 398 patients assessed, 71 underwent spine surgery. NLP variables were significant predictors in univariate
analysis but did not remain in the final logistic regression model. An outcome of receiving surgery was predicted by a pri-
mary symptom of low back and leg pain (adjusted odds ratio 2.81), distal pain indicated by a pain diagram (adjusted odds
ratio 2.49) and self-reported difficulties walking (adjusted odds ratio 2.73).

Conclusion A logistic regression model was created to predict which patients may require spine surgery. Simple clinical
variables appeared more predictive than variables created using NLP. However, additional research with more data samples
is needed to validate this model and fully evaluate the usefulness of NLP for this task.

Keywords Surgical outcome - Predictive factors - Back and neck pain - Spinal surgery

Introduction

Low back and neck pain are common health conditions and
major causes of disability that affect quality of life and par-
ticipation in daily activities [1, 2]. Many people are referred
< Douglas P. Gross to spine surgeons to address their spinal conditions; how-
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number of patients needed to be seen by the surgeon but often
still involves a long waitlist for patients. If patients who are
highly likely to require surgery could be identified based on
self-reported patient characteristics, clinical features or diag-
nostic imaging reports, the triage process could be further
optimized.

Predictive models based on patient clinical and psycho-
social characteristics exist for predicting spine surgery out-
comes [6-9]; however, fewer predictive models have been
developed using self-report patient characteristics and/
or diagnostic imaging textual reports for triaging poten-
tial surgery candidates. One earlier attempt to improve
the decision-making and selection of patients for lumbar
fusion surgery was unsuccessful [10]. Willems concluded
that “currently used tests do not improve the results of
fusion by better patient selection, these tests should not
be recommended for surgical decision making in standard
care.”’[10] Since then, advancements in computer technol-
ogy and machine learning methods have opened the door
for more sophisticated modeling. [11] Accuracy has proven
to be fair to good [12, 13], with the most promising models
incorporating data from diagnostic imaging (area under the
curve =0.88) [14].

In the current study, we examined patients referred to
a spine assessment clinic in Edmonton, Alberta, to deter-
mine whether we could develop a preliminary model for
predicting the need for surgical intervention. We used a
combination of traditional regression analyses and more
advanced machine learning techniques to construct this
model. Particularly, the current study aimed to use both
natural language processing (NLP) of textual reports of
patients’ magnetic resonance imaging (MRI) and logistic
regression analysis to develop a preliminary model pre-
dictive of surgical decision-making outcomes. This study
aimed to address a gap in the current literature, as limited
research has utilized NLP from textual reports of patients’
MRIs to predict surgical decision-making outcomes. How-
ever, due to the sample size and exploratory nature of this
study, the resulting model will need further validation
before it can be readily applied in clinical settings. We
hypothesized that we would be able to develop a model
that would be moderately accurate for identifying who
requires spine surgery. Specifically, we hypothesized that
based on patient-reported symptoms and MRI reports, a
model using both logistic regression and NLP could be
developed to predict patients who would be offered sur-
gery. We also hypothesized that predictive model accu-
racy would be substantially improved (R? improvement
of >0.2) by adding NLP of MRI textual reports to the
preliminary logistic regression model.
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Methods
Design

A historical cohort study was conducted, with predictor
variables collected prior to the surgical decision. Histori-
cal cohort designs are a form of observational research
allowing the investigation of exposures (i.e., predictive
factors) and outcomes, such as surgical outcomes, of par-
ticipants [15]. Observational studies can be limited by
their inability to derive causal results; however, they are
particularly useful for testing associations between predic-
tor variables and an outcome. This research was approved
by the University of Alberta’s Health Research Ethics
Board.

Study sample

Data were collected from the electronic medical record of
patients presenting to the Kaye Edmonton Spine Assess-
ment Clinic between November 1, 2019, and June 30,
2021. Patients with a wide variety of spinal conditions
are referred to the clinic. Referrals include a spinal MRI,
a description of the patients’ primary symptoms and a
self-report questionnaire. A registered nurse reviews these
documents and does an assessment with the patient, either
through telehealth or in-person. Patients who could pos-
sibly benefit from surgery are then seen by a spine surgeon
who makes the final decision with the patient about sur-
gery. We obtained textual MRI reports from radiologists
for 763 patients referred to the spine assessment clinic,
133 (17.4%) of whom were assessed as surgical patients,
and 630 (82.6%) were not surgical (see Fig. 1). Further, we
obtained patient self-report data from a clinical assessment
questionnaire completed by 398 of these patients prior
to being seen at the spine assessment clinic. Of the 398
patients, 71 (17.8%) were surgical, and 327 (82.2%) were
not. The predictive model was based on data from these
398 patients (see Fig. 1).

Measures: independent variables

The dataset included various descriptive variables
extracted from the patient self-assessment questionnaire,
including demographic factors (e.g., age, sex, height,
weight), health/condition-related factors (e.g., primary
symptoms, pain ratings, symptom duration, mechanism of



European Spine Journal

Fig. 1 Participant flowchart .
Patients
Patients With MRI Report Included in the
Data (n=763) NLP Model
/ \ (n=763)
Patients With Patients Without
Clinical Clinical
Assessment Data Assessment Data
(n=398) (n=365)
y
Patients Excluded
Included in the From the Final
Final Model Model (n=365)
(n=398)

AN

injury, pain location, walking difficulties, previous spinal
surgery, attending allied healthcare professionals, medi-
cations used, injury impact, past conditions), a measure
of disability (i.e., Oswestry Disability Index (ODI)) [16],
and a global health rating (numerical rating scale 0—100).

Machine learning applications

We explored predictive natural language processing (NLP), a
form of machine learning, to predict outcomes from radiolo-
gists’ textual report of patients” MRI findings [17]. Machine
learning is concerned with the design of algorithms to dis-
criminate between classes (outcomes) based on empirical
data [18]. NLP is a subfield of machine learning that pro-
vides a solution for analysis of narrative electronic data,
such as that usually found in radiology reports, rather than
discrete data points [19]. In NLP, textual data are converted
to structured (discrete) data for further analysis.

Using the larger dataset of 763 participants with MRI
and outcome data, we used NLP to create a model capable
of reviewing individual patient radiology reports, then mak-
ing a recommendation of whether that patient requires spine
surgery. The text from the reports was processed (removed
stop words, conversion of all characters to lowercase, and
exploration of three different methods for text vectorization:
bag-of-words, term frequency-inverse document frequency
(TF-IDF), and word2vec text vectorization) [20]. The terms

Surgical Non-Surgical
Patients Patients
(n=71) (n=327)

severe central stenosis, severe spinal cord compression,
or large, extruded disc fragment were prioritized as being
indicative of a patient requiring surgery. Next, machine
learning classifiers were used to generate models classify-
ing cases as surgical or not surgical. As it proved challeng-
ing to develop a model with balanced performance due to
class imbalance in the dataset, three models (an ensemble
of logistic regression and support vector machine with TF-
IDF text vectorization, logistic regression with word2vec
text vectorization, and logistic regression with TF-IDF text
vectorization) were created prioritizing specificity, recall,
and precision, respectively. Each of these models was used
to generate a variable that was then entered into the final
logistic regression model to explore their utility in the final
prediction task.

Outcome (dependent) variable

The outcome variable for this study was the final clinical
decision made by the neurosurgeon who saw the patient at
the spine assessment clinic (e.g., surgery or no surgery).
The surgical assessments conducted at the spine assessment
clinic were completed by one of five experienced neurosur-
geons. All five neurosurgeons hold the qualification of fel-
low of the Royal College of Surgeons of Canada (in neuro-
surgery), a designation recognized by the health community
as proof of world-class expertise.
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Data analysis

Descriptive statistics for the 398 patients with a patient self-
assessment questionnaire were conducted. We compared the
71 surgical patients to the 327 non-surgical patients using
appropriate statistical tests (i.e., ¢ tests and Chi-square
tests). Logistic regression was used to examine associations
between all potential predictor variables and the surgical
recommendation. This included calculating univariate odds
ratios for the 763 patients with NLP models of MRI textual
report results.

To address our first hypothesis, we used logistic regres-
sion to identify factors predictive of surgery. We used a pur-
poseful modeling strategy [21], where independent variables
identified as significantly different at p <0.10 between sur-
gical and non-surgical cases in the descriptive comparison
were sequentially entered into a multivariable regression
model. Besides key demographic variables such as age and
sex, variables that were at p > 0.10 were removed to form
the preliminary logistic regression analysis. To test our sec-
ond hypothesis, the most predictive NLP variable identified
through univariate logistic regression analysis was forced
into the preliminary logistic regression model. The final
multivariable logistic regression model included all vari-
ables significantly associated with the outcome at p <0.05.
Change in Nagelkerke R? value was examined. The relevant
assumptions for multivariable regression analysis (e.g., mul-
ticollinearity, linearity of independent variables) were tested.
[22] All analyses were conducted with IBM SPSS v28.

Results
Patient characteristics

Patient demographic and clinical characteristics according
to whether they were recommended for surgery following
their visit to the spine assessment clinic (n=71) or were
deemed non-surgical (n=327) are shown in Table 1. Surgi-
cal patients were more likely to report low back combined
with leg pain (78.9% vs. 47.1%, p <0.001), difficulties
walking (63.4% vs. 36.1%, p <0.001), had previous X-ray
imaging completed (73.2% vs. 60.0%,p =0.04), and used
daily narcotic (35.2% vs. 16.8%, p=0.001) and neuroleptic
(38.0% vs. 19.3%, p<0.001) medication. When asked to
allocate the proportion of pain experienced in either their
spine or extremity, surgical patients were more likely to
report a proportion of back pain of less than 60% (62.0% vs.
33.3%, p<0.001) and a proportion of leg pain greater than
60% (46.5% vs. 26.3%, p=0.05). Similarly, on the bodily
pain diagram, surgical patients were more likely to represent
their pain as radiating distally into their extremities (66.2%
vs. 37.0%, p <0.001). Total ODI percentage (50.2% vs.
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44.1%, p0.01) and the ODI subscores of pain intensity (3.25
vs. 2.78, p=0.004), personal care (1.49 vs. 1.24, p0.04),
walking (2.25 vs. 1.64, p<0.001), standing (2.85 vs. 2.41,
p=0.01), sex (2.67 vs. 2.33, p=0.02), and social (2.92 vs.
2.48, p=0.01) were higher in surgical patients.

There were missing data on the self-reported measures,
with 107 (26.9%) patients not completing at least one of
the questionnaire measures. Patients with missing data on
the self-reported measures were significantly less likely to
have a primary symptom report of low back and leg pain
(26.0% versus 62.9%, p <0.001), less likely to report dif-
ficulty walking (17.8% versus 49.5%, p<0.001), and less
likely to report a secondary symptom of numbness in the
arms or legs (34.6% versus 47.4%, p<0.001). They were
also less likely to be recommended for surgery (10.3% ver-
sus 20.6%, p=0.02).

NLP variables

The univariate odds ratios (OR) and 95% confidence inter-
vals (CI) predicting surgery for the NLP variables are shown
in Table 2. The model prioritizing specificity (OR 1.56, 95%
CI0.88, 2.79) was not significantly associated with surgery.
In contrast, the output from the models prioritizing recall
(OR 1.68,95% CI 1.15, 2.44) and precision (OR 1.97, 95%
CI 1.33, 2.93) were significantly associated with the surgical
recommendation.

Factors predictive of surgery

Univariate associations, preliminary, and final regression
models displaying crude and adjusted ORs (95% Cls) pre-
dicting a surgical recommendation are shown in Table 3.
Various health/injury-related variables were found to be
significantly associated with a surgical recommendation in
the final regression model, with a Nagelkerke R of 0.2. In
the final model, patients had higher odds of being in the
surgical group if they reported low back and leg pain (AOR
2.81, 95% CI 1.21, 6.52), distal pain (AOR 2.49, 95% CI
1.22, 5.08), and difficulties walking (AOR 2.73, 95% CI
1.39,5.37). Age (AOR 1.01, 95% CI 0.99-1.03), female sex
(AOR 0.78, 95% CI 0.40—1.51), the proportion of back pain
(AOR 0.54, 95% C10.28, 1.05), and the NLP precision vari-
able (AOR 0.84, 95% CI 0.42, 1.69) did not enter the final
model predicting surgical recommendation.

Discussion

Our initial hypothesis was partly supported as numerous
variables were associated with a need for surgical inter-
vention, and a moderately predictive logistic regression
model was produced. However, in contrast to our initial
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Table 1 Descriptive characteristics of patients assessed in the spine assessment clinic (n=2398)

Variables Full sample Surgery No surgery p value
(n=398) (n="71) (n=327)
Age 55.5(+14.8) 57.9 (+£15.6) 55.0(+14.6) 0.13
Sex 0.71
Male 222 (100%) 41 (18.5%) 181 (81.5%)
Female 176 (100%) 30 (17.0%) 146 (83.0%)
Height in cm (n=341) 168.98 (+15.14) 169.63 (£ 13.02) 168.83 (+15.01) 0.70
Weight in Kg (n=343) 85.60 (+£21.00) 84.19 (£20.38) 85.90 (+21.16) 0.57
Smoke 0.28
Yes 80 (100%) 11 (13.8%) 69 (86.2%)
No 225 (100%) 43 (19.1%) 182 (81.9%)
Missing 93 (100%) 17 (18.2%) 76 (81.8%)
Referral primary symptom <0.001*
Neck pain with arm pain 31 (100%) 2 (6.5%) 29 (93.5%)
Low back pain with leg pain 210 (100%) 56 (26.7%) 154 (73.3%)
Other 154 (100%) 12 (7.8%) 142 (92.2%)
Difficulty walking <0.001*
Yes 163 (100%) 45 (27.6%) 118 (72.4%)
No 235 (100%) 26 (11.1%) 209 (88.9%)
Missing 0 0 0
Primary pain rating (n=181) 0.35
Low-moderate pain (1-6) 65 (100%) 9 (13.8%) 56 (86.2%)
Severe pain (7-10) 326 (100%) 61 (18.7%) 265 (81.3%)
Missing 7 (100%) 1 (14.3%) 6 (85.7%)
Referral secondary symptom
Neck pain 0.14
Yes 75 (100%) 9 (12.0%) 66 (88.0%)
No 323 (100%) 62 (19.2%) 261 (80.8%)
Missing 0 0 0
Neck pain with arm symptoms 0.28
Yes 49 (100%) 6 (12.2%) 43 (87.8%)
No 349 (100%) 65 (18.6%) 284 (81.4%)
Missing 0 0 0
Mid back pain 0.12
Yes 70 (100%) 8 (11.4%) 62 (88.6%)
No 328 (100%) 63 (19.2%) 265 (80.8%)
Missing 0 0 0
Low back pain 0.70
Yes 149 (100%) 28 (18.8%) 121 (81.2%)
No 249 (100%) 43 (17.3%) 206 (82.7%)
Missing 0 0 0
Low back pain with leg symptoms 0.18
Yes 157 (100%) 33 (21.0%) 124 (79.0%)
No 241 (100%) 38 (15.8%) 203 (84.2%)
Missing 0 0 0
Arm pain only 0.29
Yes 5 (100%) 0 5 (100%)
No 393 (100%) 71 (18.1%) 322 (81.9%)
Missing 0 0 0
Leg pain only 0.82
Yes 15 (100%) 3(20.0%) 12 (80.0%)
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Table 1 (continued)

Variables Full sample Surgery No surgery p value
(n=398) (n=171) (n=327)
No 383 (100%) 68 (17.8%) 315 (82.2%)
Missing 0 0 0
Numbness/tingling in arms/legs 0.32
Yes 175 (100%) 35 (20.0%) 140 (80.0%)
No 223 (100%) 36 (16.1%) 187 (83.9%)
Missing 0 0 0
Weakness in arms/legs 0.15
Yes 128 (100%) 28 (21.9%) 100 (78.1%)
No 270 (100%) 43 (15.9%) 227 (84.1%)
Missing 0 0 0
Clumsiness of hands 0.37
Yes 46 (100%) 6 (13.0%) 40 (87.0%)
No 352 (100%) 65 (18.5%) 287 (81.5%)
Missing 0 0 0
Balance difficulties 0.19
Yes 94 (100%) 21 (22.3%) 73 (77.7%)
No 304 (100%) 50 (16.4%) 254 (83.6%)
Missing 0 0 0
Other 1.00
Yes 56 (100%) 10 (17.9%) 46 (82.1%)
No 342 (100%) 61 (17.8%) 281 (82.2%)
Missing 0 0 0
Secondary pain rating (n=167) 0.60
Low-moderate pain (1-6) 97 (100%) 20 (20.6%) 77 (79.4%)
Severe pain (7-10) 248 (100%) 45 (18.1%) 203 (81.9%)
Missing 53 (100%) 6 (11.3%) 47 (88.7%)
Primary symptom duration 0.40
12 Weeks or less 30 (100%) 7 (23.3%) 23 (76.7%)
3-12 months 126 (100%) 26 (20.6%) 100 (79.4%)
1 Years plus 238 (100%) 38 (16.0%) 200 (84.0%)
Missing 4 (100%) 0 4 (100%)
Mechanism of injury 0.57
Trauma/injury 49 (100%) 8 (16.3%) 41 (83.7%)
Work-related injury 34 (100%) 5 (14.7%) 29 (85.3%)
Fall 23 (100%) 7 (30.4%) 16 (69.6%)
Vehicle collision 23 (100%) 4 (17.4%) 19 (82.6%)
Unknown cause 211 (100%) 40 (19.0%) 171 (81.0%)
Other 48 (100%) 6 (12.5%) 42 (87.5%)
Missing 10 (100%) 1 (10.0%) 9 (90.0%)
Claims 0.91
No claims 338 (100%) 60 (17.8%) 278 (82.2%)
Yes claims present 60 (100%) 11 (18.3%) 49 (81.7%)
Missing 0 0 0
Change in symptoms 0.70
Yes 353 (100%) 63 (17.8%) 290 (82.2%)
No 39 (100%) 6 (15.4%) 33 (84.6%)
Missing 6 (100%) 2(33.3%) 4 (66.7%)
Reported symptom Change 0.16
Worsening 298 (100%) 57 (19.1%) 241 (80.9%)
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Table 1 (continued)

Variables Full sample Surgery No surgery p value
(n=398) (n=171) (n=327)
Improving 40 (100%) 4 (10.0%) 36 (90.0%)
Missing 60 (100%) 10 (16.7%) 50 (83.3%)
Similar symptoms in past 0.76
Yes 156 (100%) 27 (17.3%) 129 (82.7%)
No 210 (100%) 39 (18.6%) 171 (81.4%)
Missing 32 (100%) 5(15.2%) 27 (81.8%)
Past spine surgery 0.97
Yes 44 (100%) 8 (18.2%) 36 (81.8%)
No 351 (100%) 63 (17.9%) 288 (82.1%)
Missing 3 (100%) 0 3 (100%)
Agree to surgery 0.08
Yes 330 (100%) 67 (20.3%) 263 (79.7%)
No 44 (100%) 4(9.1%) 40 (90.9%)
Missing 24 (100%) 0 24 (100%)
Goals of surgery 0.10
Relief of neck/back pain 174 (100%) 26 (14.9%) 148 (85.1%)
Relief of arm/leg pain 117 (100%) 29 (24.8%) 88 (75.2%)
N/A 1 (100%) 0 1 (100%)
Missing 106 (100%) 16 (15.1%) 90 (84.9%)
Reported proportion of neck pain 0.24
59 or less 63 (100%) 5(7.9%) 58 (92.1%)
60 or more 69 (100%) 10 (14.5%) 59 (85.5%)
Missing 266 (100%) 56 (21.0%) 210 (79.0%)
Reported proportion of arm pain 0.11
59 or less 77 (100%) 13 (16.9%) 64 (83.1%)
60 or more 45 (100%) 3(6.7%) 42 (93.3%)
Missing 276 (100%) 55 (19.9%) 221 (80.1%)
Reported proportion of back pain <0.001%*
59 or less 153 (100%) 44 (28.8%) 109 (71.2%)
60 or more 156 (100%) 21 (13.5%) 135 (86.5%)
Missing 89 (100%) 6 (6.7%) 83 (93.3%)
Reported proportion of leg pain 0.05*
59 or less 183 (100%) 33 (18.0%) 150 (82.0%)
60 or more 119 (100%) 33 (27.7%) 86 (72.3%)
Missing 97 (100%) 5(5.2%) 91 (93.8%)
Pain diagram <0.001%*
Central 164 (100%) 17 (10.4%) 147 (89.6%)
Distal 168 (100%) 47 (28.0%) 121 (72.0%)
Whole body 40 (100%) 3(7.5%) 37 (92.5%)
Missing 26 (100%) 4 (15.4%) 22 (84.6%)
Allied healthcare providers 0.09
Yes 287 (100%) 57 (19.9%) 230 (80.1%)
No 111 (100%) 14 (12.6%) 97 (87.4%)
Missing 0 0 0
Imaging
X-ray 0.04*
Yes 248 (100%) 52 (21.0%) 196 (79.0%)
No 150 (100%) 19 (12.7%) 131 (87.3%)
Missing 0 0 0
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Table 1 (continued)

Variables Full sample Surgery No surgery p value
(n=398) (n=171) (n=327)
CT scan 0.39
Yes 64 (100%) 9 (14.1%) 55 (85.9%)
No 334 (100%) 62 (18.6%) 272 (81.4%)
Missing 0 0 0
MRI 0.20
Yes 346 (100%) 65 (18.8%) 281 (81.2%)
No 52 (100%) 6 (11.5%) 46 (88.5%)
Missing 0 0 0
Bone scan 0.24
Yes 36 (100%) 9(25.0%) 27 (75.0%)
No 362 (100%) 62 (17.1%) 300 (82.9%)
Missing 0 0 0
Nerve test 0.97
Yes 34 (100%) 6 (17.6%) 28 (82.4%)
No 218 (100%) 39 (17.9%) 179 (82.1%)
Missing 146 (100%) 26 (17.8%) 120 (82.2%)
Spinal injections 0.66
Yes 82 (100%) 16 (19.5%) 66 (80.5%)
No 316 (100%) 55 (17.4%) 261 (82.6%)
Missing 0 0 0
Work impact 0.69
Working normal/restricted hours 152 (100%) 28 (18.4%) 124 (81.6%)
Not working/on leave due to current condition 179 (100%) 30 (16.8%) 149 (83.2%)
Missing 67 (100%) 13 (19.4%) 54 (80.6%)
Impact—able to do most activities 0.08
Yes 88 (100%) 10 (11.4%) 78 (88.6%)
No 163 (100%) 33 (20.2%) 130 (79.8%)
Missing 147 (100%) 28 (19.0%) 119 (81.0%)
Impact—minor difficulty 0.97
Yes 147 (100%) 25 (17.0%) 122 (83.0%)
No 128 (100%) 22 (17.2%) 106 (82.8%)
Missing 123 (100%) 24 (19.5%) 99 (80.5%)
Impact—major difficulty 0.23
Yes 259 (100%) 50 (19.3%) 209 (80.7%)
No 69 (100%) 9 (13.0%) 60 (87.0%)
Missing 70 (100%) 12 (17.1%) 58 (82.9%)
Impact—social impact 0.67
Yes 235 (100%) 45 (19.1%) 190 (80.9%)
No 99 (100%) 17 (17.2%) 82 (82.8%)
Missing 64 (100%) 9 (14.1%) 55 (85.9%)
Psychological impact on safety 0.21
Agree 213 (100%) 42 (19.7%) 171 (80.3%)
Disagree 163 (100%) 24 (14.7%) 139 (85.3%)
Missing 22 (100%) 5(22.7%) 17 (77.3%)
Psychological impact on worry 0.31
Agree 287 (100%) 49 (17.1%) 238 (82.9%)
Disagree 97 (100%) 21 (21.6%) 76 (78.4%)
Missing 14 (100%) 1(7.1%) 13 (92.9%)
Psychological impact on Hope 0.11
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Table 1 (continued)

Variables Full sample Surgery No surgery p value
(n=398) (n=171) (n=327)
Agree 257 (100%) 52 (20.2%) 205 (79.8%)
Disagree 120 (100%) 16 (13.3%) 104 (86.7%)
Missing 21 (100%) 3(14.3%) 18 (85.7%)
Psychological impact on enjoyment 0.25
Agree 358 (100%) 68 (19.0%) 290 (81.0%)
Disagree 29 (100%) 3(10.3%) 26 (89.7%)
Missing 11 (100%) 0 11 (100%)
Medication use 0.16
Yes 356 (100%) 69 (19.4%) 287 (80.6%)
No 29 (100%) 2 (6.9%) 27 (93.1%)
Choose not to answer 4 (100%) 0 4 (100%)
Missing 9 (100%) 0 9 (100%)
Medication use duration 0.82
Less than 3 months 70 (100%) 16 (22.9%) 54 (77.1%)
3 months to 1 year 89 (100%) 19 (21.3%) 70 (78.7%)
Over 1 year 150 (100%) 29 (19.3%) 121 (80.7%)
Missing 89 (100%) 7(7.9%) 82 (92.1%)
Use of over the counter medications 0.14
Never/intermittent 163 (100%) 26 (16.0%) 137 (84.0%)
Daily 160 (100%) 36 (22.5%) 124 (77.5%)
Missing 75 (100%) 9 (12.0%) 66 (88.0%)
Non-steroidal anti-inflammatory Medication 0.27
Never/intermittent 208 (100%) 42 (20.2%) 166 (79.8%)
Daily 64 (100%) 9 (14.1%) 55 (85.9%)
Missing 126 (100%) 20 (15.9%) 106 (84.1%)
Muscle relaxant Medication 0.43
Never/intermittent 220 (100%) 40 (18.2%) 180 (81.8%)
Daily 57 (100%) 13 (22.8%) 44 (77.2%)
Missing 121 (100%) 18 (14.9%) 103 (85.1%)
Narcotic medication 0.001*
Never/intermittent 196 (100%) 28 (14.3%) 168 (85.7%)
Daily 80 (100%) 25 (31.2%) 55 (68.8%)
Missing 122 (100%) 18 (14.8%) 104 (85.2%)
Anti-depressant Medication 0.13
Never/intermittent 190 (100%) 30 (15.8%) 160 (84.2%)
Daily 76 (100%) 18 (23.7%) 58 (76.3%)
Missing 132 (100%) 23 (17.4%) 109 (82.6%)
Neuroleptic medication <0.001%*
Never/intermittent 185 (100%) 24 (13.0%) 161 (87.0%)
Daily 90 (100%) 27 (30.0%) 63 (70.0%)
Missing 123 (100%) 20 (16.3%) 103 (83.7%)
Past medical history
Physical conditions 0.14
Yes 232 (100%) 47 (20.3%) 185 (79.7%)
No 166 (100%) 24 (14.5%) 142 (85.5%)
Missing 0 0 0
Psychological Conditions 0.54
Yes 143 (100%) 24 (16.8%) 119 (83.2%)
No 233 (100%) 45 (19.3%) 188 (80.7%)
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Table 1 (continued)

Variables Full sample Surgery No surgery p value
(n=398) (n=171) (n=327)

Missing 22 (100%) 2(9.1%) 20 (90.9%)

Global health rating 0.09
Score of 0-59 187 (100%) 40 (21.4%) 147 (78.6%)
Score of 60-100 197 (100%) 29 (14.7%) 168 (85.3%)
Missing 14 (100%) 2 (14.3%) 12 (85.7%)

Oswestry disability index (ODI) 45.1% (£ 18.3%) 50.2% (+15.1%) 44.1% (£ 18.7%) 0.01*

Total percentage (n=321)
ODI pain intensity (n=380) 2.86 (=1.32) 3.25 (+1.06) 2.78 (+1.35) 0.004*
ODI personal care (n=379) 1.28 (£1.03) 1.49 (+£0.80) 1.24 (£1.07) 0.04*
ODI lifting (n=376) 2.98 (+1.35) 322 (x1.17) 2.93 (+1.38) 0.054
ODI walking (n=381) 1.75 (= 1.34) 225 (x1.28) 1.64 (+=1.33) <0.001°%*
ODI sitting (n=382) 2.06 (=1.38) 2.06 (£1.33) 2.06 (+1.40) 0.50
ODI standing (n=383) 2.49 (+1.46) 2.85 (+1.40) 241 (+1.46) 0.01*
ODI sleep (n=366) 1.90 (+1.40) 1.89 (£1.28) 1.90 (+1.43) 0.46
ODI sex (n=367) 2.39 (=1.18) 2.67 (+1.03) 2.33(x1.20) 0.02*
ODI social (n=369) 2.56 (=1.39) 2.92 (+1.09) 248 (+1.44) 0.01*
ODI travel (n=368) 2.08 (x1.35) 232 (+1.42) 2.03 (x1.33) 0.12

Means are compared using independent sample 7 tests comparing surgery and no-surgery groups

Frequencies are compared using Chi-square tests of association comparing surgery and no-surgery groups

Table2. Univz.lriate regres.sion Unadjusted odds ratio (95% p value Nagelkerke

analysis showing associations confidence interval) R squared

between output from the natural

language processing models and Variable (output for each case)

future surgery (n=763) Model prioritizing specificity 1.56 (0.88-2.79) 0.13 0.005

Model prioritizing recall 1.68 (1.15-2.44) 0.007* 0.016
Model prioritizing precision 1.97 (1.33-2.93) <0.001%* 0.024

hypothesis, the results of the NLP analysis did not improve
model accuracy and did not enter the final logistic regres-
sion model predicting surgical recommendation. In fact,
the three variables in the final predictive model (low back
and leg pain, distal pain, and difficulties walking) are com-
monly collected clinical variables that are easily measured
using a simple self-report questionnaire. This suggests that
the variables most predictive of surgical eligibility are
actually self-report data easily obtained through an intake
questionnaire. In comparison, the NLP analysis results
suggest that the MRI data provided little additional pre-
dictive value above what the self-report data offer. Limited
research has used machine learning techniques such as
NLP to model the predictive value that textual reports of
patients’ MRI findings have on surgical decision-making.
As such, the results of the current study add to our cur-
rent knowledge regarding factors associated with surgical
decision-making. Results from models like this could be
used to screen patients referred for surgical consultation

@ Springer

or shared with primary care physicians to help them deter-
mine appropriate surgical referrals. However, due to the
small sample size in the surgical outcome group, this pre-
liminary model requires further validation before it can be
readily applied in clinical settings.

The combination of low back and leg pain, as well as
distal pain, is most likely indicative of radiculopathy due to
lumbar spinal stenosis or disc pathology [1]. These indica-
tors are commonly used by clinicians to distinguish between
mechanical back pain (i.e., non-specific) and more specific
pathology that may be remedial to surgery [23, 24]. Dif-
ficulty walking is likely an indicator of the severity of the
condition as well as potential neurologic involvement due
to compression of dorsal nerve roots, which again would be
remediated by surgery [24]. The empirically derived predic-
tive model, therefore, makes conceptual and clinical sense.
In fact, these variables are already most likely the key factors
the clinician in the spine assessment clinic uses to determine
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Table 3 Logistic regression
analysis predicting whether
the patient underwent surgery
(n=281)

Unadjusted odds ratio (95% p value

confidence interval)

Adjusted odds ratio (95%  p value

confidence interval)

Variables
Block 1
Age
Sex
Female
Nagelkerke R?
Block 2
Age
Sex
Female
Primary symptom
Other
Neck and arm pain
Low back and leg pain
Nagelkerke R?
Block 3
Age
Sex
Female
Primary symptom
Other
Neck and arm pain
Low back and leg pain
Pain diagram
Central
Distal
Whole body
Nagelkerke R’
Block 4
Age
Sex
Female
Primary symptom
Other
Neck and arm pain
Low back and leg pain
Pain diagram
Central
Distal
Whole body
Walking difficulties
Yes
Proportion of back pain
60% or greater
Nagelkerke R’
Block 5
Age
Sex

Female

1.01 (1.00-1.03)

0.87 (0.47-1.59)

1.01 (1.00-1.03)
0.87 (0.47-1.59)
1.0

2.75 (0.50-15.21)
3.70 (1.66-8.23)
1.01 (1.00-1.03)
0.87 (0.47-1.59)
1.0

2.75 (0.50-15.21)
3.70 (1.66-8.23)
1.0

2.83 (1.46-5.51)
0.64 (0.17-2.34)
1.01 (1.00-1.03)
0.87 (0.47-1.59)
1.0

2.75 (0.50-15.21)
3.70 (1.66-8.23)
1.0

2.83 (1.46-5.51)
0.64 (0.17-2.34)

2.67 (1.42-5.01)

0.43 (0.23-0.79)

1.01 (1.00-1.03)

0.87 (0.47-1.59)

0.38

0.65

0.38

0.65

0.25

0.001*

0.38

0.65

0.25
0.001*

0.002*

0.50

0.38

0.65

0.25
0.001*

0.002*

0.50

0.002*

0.007*

0.38

0.65

1.01 (0.99-1.03)

0.83 (0.45-1.54)
0.006

1.01 (0.99-1.03)
0.79 (0.42-1.49)
1.0

2.81 (0.50-15.77)
3.71 (1.66-8.28)
0.076

1.01 (0.99-1.03)
0.82 (0.43-1.56)
1.0

3.30 (0.55-19.62)
3.10 (1.37-7.02)
1.0

2.43 (1.23-4.80)
0.58 (0.15-2.19)
0.13

1.01 (0.99-1.03)
0.78 (0.40-1.52)
1.0

4.24 (0.70-25.53)
2.73 (1.19-6.29)
1.0

2.27 (1.21-5.02)
0.66 (0.17-2.53)

2.72(1.38-5.33)

0.54 (0.28-1.05)
0.19

1.01 (0.99-1.03)

0.78 (0.40-1.51)

0.34

0.55

0.37

0.47

0.24

0.001*

0.28

0.54

0.19
0.007*

0.01*

0.42

0.39

0.47

0.12
0.02*

0.01*

0.54

0.004*

0.07

0.38

0.46
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Table 3 (continued)

Unadjusted odds ratio (95% p value Adjusted odds ratio (95%  p value
confidence interval) confidence interval)
Primary symptom
Other 1.0 1.0
Neck and arm pain 2.75 (0.50-15.21) 0.25 4.12 (0.68-24.88) 0.12
Low back and leg pain ~ 3.70 (1.66-8.23) 0.001* 2.81(1.21-6.52) 0.02*
Pain diagram
Central pain 1.0 1.0
Distal pain 2.83 (1.46-5.51) 0.002* 2.49 (1.22-5.08) 0.01*
Whole body pain 0.64 (0.17-2.34) 0.50 0.65 (0.17-2.50) 0.53
Walking difficulties
Yes 2.67 (1.42-5.01) 0.002* 2.73 (1.39-5.37) 0.004*
Proportion of back pain
60% or Greater 0.43 (0.23-0.79) 0.007* 0.54 (0.28-1.05) 0.06
Natural language processing variable
Precision 1.17 (0.62-2.20) 0.63 0.84 (0.42-1.69) 0.63
Nagelkerke R? 0.20

whether surgery is needed, which may be why these vari-
ables had less missing data in those selected for surgery.

Given that only three clinical variables were predictive
of the surgical decision, the comprehensive questionnaire
completed before clinical assessment at the spine assessment
clinic could likely be reduced in length. Overall, it appears
that not all the commonly collected information is useful for
surgical triage decision-making.

One strength of the current study is the large number of
important clinical variables that were available for the pre-
dictive modeling. The use of NLP to analyze textual MRI
reports was also novel. However, while significant univari-
ate ORs were observed for two of the NLP models, these
were not predictive after including other clinical measures.
A limitation of the NLP analysis was a fairly low sample size
for this type of analysis. A larger sample could help elimi-
nate the class imbalance issue (i.e., higher number of non-
surgical than surgical cases). Collecting more data samples
would increase the range of potentially feasible models and
allow the training of state-of-the-art deep learning and trans-
former models (e.g., BERT, RoBERTa, ALBERT, etc.) [25,
26]. Consequently, the developed model would be expected
to produce a more accurate prediction of the surgical rec-
ommendation. Data augmentation techniques could also be
used to tackle the issue of imbalance within the dataset, and
a more sophisticated approach to data preprocessing could
be developed to generate statistically significant text vectors.
Additionally, data came from one spine assessment clinic,
and the model has not been externally validated; thus, results
may not be widely applicable to other clinics. However, the
predictor variables in the model are commonly used clini-
cal factors for selecting spine surgery. Another limitation of

@ Springer

the current study is that by design, it relies on retrospective
data, which can be prone to misclassification bias. However,
since this study only aimed to develop a preliminary model
requiring further validation at a later point, utilizing retro-
spective data is justifiable as an initial step. Future research
with larger sample sizes and a prospective methodological
approach should be done to validate the model established
in this study and overcome limitations inherent to retrospec-
tive data. Lastly, the surgical outcomes of the patients in
our study are unknown. Thus, we do not know whether the
surgical decisions made were optimal.

Conclusion

In this study, a preliminary model was created to predict
who may require spine surgery. Simple clinical variables
appeared more predictive than variables created using
NLP machine learning. However, additional research with
more data samples is needed to fully evaluate the useful-
ness of NLP for this task.

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s00586-023-07552-4.
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