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Abstract

Objective The five-repetition sit-to-stand (SR-STS) test was designed to capture objective functional impairment and thus
provided an adjunctive dimension in patient assessment. The clinical interpretability and confounders of the SR-STS remain
poorly understood. In clinical use, it became apparent that SR-STS performance may differ between patients with lumbar
disk herniation (LDH), lumbar spinal stenosis (LSS) with or without low-grade spondylolisthesis, and chronic low back pain
(CLBP). We seek to evaluate the extent of diagnostic information contained within SR-STS testing.

Methods Patients were classified into gold standard diagnostic categories based on history, physical examination, and
imaging. Crude and adjusted comparisons of 5R-STS performance were carried out among the three diagnostic categories.
Subsequently, a machine learning algorithm was trained to classify patients into the three categories using only SR-STS test
time and patient age, gender, height, and weight.

Results From two prospective studies, 262 patients were included. Significant differences in crude and adjusted test times
were observed among the three diagnostic categories. At internal validation, classification accuracy was 96.2% (95% CI
87.099.5%). Classification sensitivity was 95.7%, 100%, and 100% for LDH, LSS, and CLBP, respectively. Similarly, clas-
sification specificity was 100%, 95.7%, and 100% for the three diagnostic categories.

Conclusion 5R-STS performance differs according to the etiology of back and leg pain, even after adjustment for demo-
graphic covariates. In combination with machine learning algorithms, OFI can be used to infer the etiology of spinal back
and leg pain with accuracy comparable to other diagnostic tests used in clinical examination.

Graphic abstract
These slides can be retrieved under Electronic Supplementary Material.

Key points Take Home Messages

1. Objective functional testing 1. We that there are distinct differences in five-repetition sit-to-

stand (5R-STS) performance among the three diagnostic classes.

2. Functional impairment 2. Amachine learning model was able to distinguish the three diagnostic classes

with high accuracy at internal validation, based only on 5R-STS performance

and basic demographics.

3. In this way, objective testing could be used in screening, and as an adjunct to
thorough clinical assessment in making a preliminary diagnosis without
imaging.

. Before introducing such novel diagnostic models into routine clinical practice,
extensive external validation should be carried out.

3. Diagnostics

4. Classification

5. Machine Learning
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Introduction

Objective functional testing has recently received more
attention in the clinical assessment of patients suffering
from back and leg pain [1-3]. Tests like the timed-up-
and-go (TUG) and 6-minute-walking (6MWT) tests have
already become standards in both spinal clinical prac-
tice and research [4, 5]. These tests correlate well with
patient-reported measures of pain and subjective func-
tional impairment and are robust to mental status as a
confounder. In addition, these tests are able to capture
deficits and complications, such as foot drop, tingling, or
limping, which are not always picked up by questionnaires
[2]. Tests for OFI are also more popular with patients
compared to a battery of questionnaires [6]. In combina-
tion with well-validated questionnaires for pain severity,
subjective functional impairment, and health-related qual-
ity of life, objective functional testing provides a holistic
description of a patients’ health state.

Recently, the five-repetition sit-to-stand test (SR-STS),
which has already seen broad use for many other diseases
such as Parkinson’s disease or chronic obstructive pulmo-
nary disease, has been validated for use in patients with
back and leg pain [1]. The SR-STS provides a simple and
quick assessment of OFI feasible during busy clinical
practice, is easy to administer, and has shown excellent
test-retest reliability [1, 7-9].

It has been observed that the degree of OFI differs
somewhat between the various causes of back and leg pain
[1, 4]. While there is no clear distinction, it appears that
clusters of patients exist, which differ in diagnosis, age,
gender, and body metrics [1, 7]. It is currently unknown
if these clusters have any prognostic clinical impact.
However, it is conceivable that the degree of OFI could
provide hints for the initial suspected cause of back and
leg pain, without the need for imaging. Our hypothesis
is that it is possible to accurately classify patients who
present with back and leg pain into a suspected diagnosis.
Quick obtainment of a suspected diagnosis could poten-
tially guide further assessment and treatment, save costs,
or even enable more accurate diagnostics in regions with
limited resources, where imaging may not always be avail-
able [10].

Machine learning is continually gaining importance in
medical predictive analytics. Machine learning algorithms
can uncover highly complex interactions among vari-
ables that allow for accurate prognosis, analysis of medi-
cal images, and other novel applications [11, 12]. Conse-
quently, the rationale of this study was to evaluate the degree
to which a machine learning algorithm can correctly classify
patients suffering from back and leg pain into an initial diag-
nostic category based on objective functional testing.

Materials and methods
Design

Pooled data from two prospective studies formed the basis
of this study [1, 7]. Between October 2017 and June 2018,
patients were seen at a specialized short-stay spine clinic.
They completed a variety of questionnaires, as well as a test
for OFI (5R-STS). As a “gold standard,” the primary cause
of back and leg pain was determined by a combination of
clinical assessment, history, and diagnostic magnetic reso-
nance imaging (MRI, Magnetom Essenza, Siemens, 1.5 T)
and classified as either lumbar disk herniation (LDH), lum-
bar spinal stenosis (LSS) with or without low-grade spon-
dylolisthesis, or discogenic chronic low back pain (CLBP).
The study was compiled according to the transparent report-
ing of a multivariable prediction model for individual prog-
nosis or diagnosis (TRIPOD) statement [13].

Ethical approval

The two prospective studies (ClinicalTrials.gov Identifiers:
NCT03303300 and NCT03321357) were approved by the
local institutional review board (Medical Research Ethics
Committees United, Registration Numbers: W17.107 and
W17.134) and were conducted according to the Declara-
tion of Helsinki. Informed consent was obtained from all
participants.

Study population

All enrolled patients were scheduled for surgery and were
assessed during outpatient consultations. Inclusion crite-
ria were the presence of LDH, LSS, or discogenic CLBP.
Patients with synovial facet cysts causing radiculopathy were
not included. Patients with hip or knee prosthetics and those
requiring walking aides were excluded to eliminate these
confounders. We also excluded all healthy volunteers—
recruited in the control group—from this analysis.

Primary outcome measures

The primary endpoint of this study was the accuracy of the
machine learning model in classifying the diagnostic catego-
ries on the test set (internal validation). Internal or external
validation—the final testing of a model on new data—is vital
to evaluate the out-of-sample error of a given model. If the
out-of-sample error is not higher compared to the model’s
error on the training data, overfitting can be ruled out, and
the model is said to generalize well to new data.
Overfitting occurs when the model is too closely fitted to
the training data and then consequently demonstrates high
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or near-perfect performance on the training data [14]. How-
ever, because it is “overfitted” to the training data, it will
perform poorly on new, unseen testing data. The proper use
of internal or external validation enables the diagnosis of
overfitting.

Secondary outcome measures

The 5R-STS was performed according to the protocol
described by Jones et al. [1, 8]. Measurements were obtained
during the initial clinical visit, under instruction from a
licensed physiotherapist. The participants were asked to sit
down on an armless chair of standard height (48 cm) and
with a hard seat, firmly placed against a wall. The partici-
pants were instructed to fold their arms across their chest
and to keep their feet flat on the ground. Participants were
required to wear stable shoes for the test. To become famil-
iarized with the movement, the participants were asked to
stand up fully and sit back down again once without using
their upper limbs. If assistance was required, or if the
maneuver could not be completed, the test was abandoned.
Otherwise, the patients were asked to, starting on the com-
mand “go,” stand up fully and sit down again, landing on the
seat firmly, five times as fast as possible. Using a stopwatch,
we timed the five repetitions from the initial command to
the completed fifth stand. This time was recorded as the
participant’s score. If the patient was unable to perform the
test in 30 s, or not at all, this was noted and the test score
was recorded as 30 s [1].

A range of PROMs were additionally used. Patients were
asked to complete questionnaires containing baseline soci-
odemographic data, as well as numeric rating scales (NRS)
for back and leg pain severity, and validated Dutch versions
of the Oswestry Disability Index (ODI), Roland-Morris Dis-
ability Questionnaire (RMDQ), and EuroQOL-5D-3L (EQ-
5D) to capture subjective functional impairment as well as
HRQOL. Participants filled out the questionnaires right after
initially performing the test during the clinical visit.

Analytical methods

Data were reported as mean + standard deviation for con-
tinuous and numbers (percentages) for categorical data.
Analyses were carried out using R version 3.5.2 (The R
Foundation for Statistical Computing, Vienna, Austria) [15].
Kruskal-Wallis H or Chi-square tests with Yates’ correc-
tion for continuity were performed to test for differences
in SR-STS performance and basic demographic parameters
among the diagnostic categories. Adjusted SR-STS test times
were calculated using a linear regression model adjusted for
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gender, age, height, and weight [1, 16, 17]. A p<0.05 on
two-sided tests was considered significant.

A machine learning model was trained to classify
patients into one of the three above-mentioned diagnostic
categories. Only the SR-STS test time, patient age, gender,
height, and weight were provided as inputs to the model.
Data were randomly split into a training and a test set, in a
80/20 ratio. Random upsampling was applied to the train-
ing set to reduce the bias introduced by class imbalance
[18, 19]. Class imbalance is present when the classes of
the endpoint are not equally distributed, which can lead to
artificially high performance in terms of overall accuracy,
with poor sensitivity, specificity, or balanced accuracy.
Class imbalance and its deleterious effects are often not
properly prevented or diagnosed [18, 19].

Bootstrap resampling was applied using 25 repetitions
with replacement. Resampling is vital to better estimate
out-of-sample error during training, which often prevents
or reduces overfitting. Bootstrap resampling works by
repeatedly and randomly drawing samples with replace-
ment from the training set, and continually evaluating the
error of the model on these drawn samples.

A range of different models were tested, including neu-
ral networks, extreme gradient boosting, naive Bayes clas-
sifiers, k-nearest neighbors, and fuzzy rule-based systems
[20]. Hyperparameters were tuned until a final, best model
based on logarithmic loss was selected. As opposed to
the parameters of a model, which are optimized during
training, the hyperparameters are those aspects of a given
algorithm that need to be set before training. In neural net-
works, for example, the number of hidden layers and the
number of neurons per layer need to be specified before-
hand and are thus considered hyperparameters. This final
model was then evaluated on the test set (internal valida-
tion) for accuracy, sensitivity, specificity, positive predic-
tive value (PPV), negative predictive value (NPV), and
balanced accuracy. The statistical code (Supplementary
Content 1) is provided.

Results
Cohort

A total of 262 patients were included. Detailed patient
characteristics are provided in Table 1. There was no
missing data. The mean age was 47.9 + 13.4, with 134
(51.1%) male patients. In terms of diagnostic categories,
188 patients (71.8%) presented with LDH, 59 (22.5%) with
LSS with or without spondylolisthesis, and 15 (5.7%) with
CLBP. Age (p<0.001) and height (p =0.029) differed
among the diagnostic categories (Table 2).
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Table 1 Baseline patient characteristics. Continuous variables are
presented as mean=+SD and categorical variables as frequency (per-
centage)

Parameter Value (n=262)
Age (years), mean+SD 479+13.4
Male gender, n (%) 134 (51.1)
Height (cm), mean+SD 176.2+10.1
Weight (kg), mean +SD 78.9+13.1
BMI (kg/m?), mean + SD 254432
Active smoker, n (%) 78 (29.8)
Diagnostic category, n (%)
Lumbar disk herniation 188 (71.8)
Lumbar spinal stenosis 59 (22.5)
Chronic low back pain 15(5.7)
Index level, n (%)
L2-L3 8(3.1)
L3-14 29 (11.1)
L4-L5 100 (38.2)
L5-S1 125 (47.7)
VAS back pain, mean +SD 59427
VAS leg pain, mean+ SD 74+19
Oswestry Disability Index, mean+ SD 45.6+17.3
Roland-Morris Disability Index, mean +SD 122+54
EQ-5D index, mean + SD 0.37+0.30
EQ-VAS, mean+SD 50.1+18.0

BMI body mass index, VAS visual analog scale

5R-STS performance among diagnostic categories

Crude 5R-STS test times (Table 2) differed significantly
among the three diagnostic categories (Fig. 1), with LDH

patients taking a mean of 13.9+7.08 s, while patients with
LSS and CLBP took 11.1 +£5.18 sand 17.2+10.51, respec-
tively (p=0.041). When calculating test times corrected for
gender, age, height, and weight, the difference remained
statistically significant, with smaller confidence intervals
(p<0.001).

Machine learning-based diagnostic classification

The final model was a fuzzy rule-based classification sys-
tem based on Chi’s method [20]. Fuzzy rule-based classi-
fiers are any models that apply fuzzy logic—as opposed to
traditional, so-called “crisp” logic—to arrive at their clas-
sification [20, 21]. In crisp logic, e.g., a binary outcome
such as occurrence of a complication is either true or not
(crisp label). In fuzzy logic, varying degrees of the outcome
are possible, such as “very likely”, “not likely”, or “very
unlikely”. Thus, the degree of membership to a class is pro-
vided (soft label) [21].

At internal validation (test set), the diagnostic classifi-
cation accuracy was 96.2% (95% CI 87.0-99.5%), indicat-
ing excellent discrimination (Table 3). Classification sen-
sitivity was 95.7%, 100%, and 100% for LDH, LSS, and
CLBP, respectively. Similarly, classification specificity was
100%, 95.7%, and 100% for the three diagnostic categories.
Balanced accuracy—calculated as the average of the pro-
portions of correctly classified patients of each diagnostic
category individually—was 97.8%, 97.9%, and 100%. The
difference in performance among the training and test set
was minimal, indicating that overfitting was negligible. The
confusion matrices are provided in Supplementary Content
2.

Table 2 Comparison of
5R-STS performance and basic
demographic characteristics

among patients with lumbar
disk herniation, lumbar spinal
stenosis with or without
spondylolisthesis, and chronic
low back pain

Parameter Diagnostic category
LDH (n=188) LSS (n=59) CLBP (n=15) P
5R-STS performance (s)
Crude test time, mean +SD 13.9+7.08 11.1+£5.18 17.2+10.51 0.041%*
Log crude test time, mean +SD 2.53+0.44 2.37+0.39 2.68+0.61
Adjusted test time, mean +SD 13.8+1.05 12.8+1.02 13.9+0.82 < 0.001*
Log adjusted test time, mean =+ SD 2.62+0.08 2.55+0.08 2.63+0.06
Basic demographic parameters
Male gender, n (%) 98 (52.1) 29 (49.2) 7 (46.7) 0.866
Age (years), mean=+SD 44.6+12.1 59.4+12.1 43.9+10.1 < 0.001*
Height (cm), mean + SD 177.2+£9.8 172.7+10.7 177.5+8.1 0.029%*
Weight (kg), mean + SD 79.0+13.1 79.4+13.7 76.1+10.6 0.679

Continuous variables are presented as mean+SD and categorical variables as frequency (percentage).
Adjusted 5R-STS test times were corrected for gender, age, height, and weight using a linear regression

model

OF1 objective functional impairment, SR-STS five-repetition sit-to-stand test

#p <0.05
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Fig. 1 Boxplots comparing logarithmic 5R-STS crude and adjusted
test times. LDH, lumbar disk herniation; LSS, lumbar spinal stenosis;
CLBP, discogenic chronic low back pain

Discussion

Among 262 patients from two prospective studies on the
SR-STS, there were significant differences in OFI between
patients presenting with LDH, LSS with or without low-
grade spondylolisthesis, and discogenic CLBP. These dif-
ferences were more pronounced after correction of SR-STS
test times for demographic data. Subsequently, a machine
learning model was trained on 209 patients to classify the
patients into these three diagnostic categories based only
on 5R-STS test time and patient age, gender, height, and
weight. When predicting diagnostic categories on 53 new
patients, the machine learning model exhibited the same
performance, classifying diagnostic category with excel-
lent discrimination. These findings suggest that patients
show different levels of OFI depending on their specific
pathology and that objective functional testing based on

the SR-STS not only gives an objective measure of the
functional impairment but also contains at least some
information on the possible diagnosis.

The mean age of patients with LSS is significantly higher
than in the LDH and CLBP group, whereas this group has
the shortest SR-STS performance. This is remarkable since
mobility in older patients is expected to be lower than in
the younger population, with an expected higher test time.
Apparently, patients with neurogenic claudication, as the
prevailing symptom in LSS, do better during sit-to-stand
movements, in contrast to the TUG test, in which patients
need to stand up and walk [2]. This could be due to the
stenosis being partially relieved on repeatedly standing and
sitting. Patients in the discogenic CLBP group had the long-
est test times. This can be explained by the prevailing high
intensity of the back pain in this patient population. This
relationship is supported by prior findings, where it has been
proven that the SR-STS test is more related to the intensity of
back pain than to leg pain [1, 7, 9]. In order to use objective
tests in the future, it is necessary to stratify the test results
for different potential confounders such as age and BMI, in
order to more accurately predict OFI among different spinal
pathologies [2].

Grading of OFI based on the 5R-STS has up to now
been achieved through a fixed cutoff for the presence of
OFI of 10.4 s [1]. However, not all patients can be expected
to—without presence of specific OFI—perform an objec-
tive functional test in the same timespan. A healthy obese
75-year-old and an 22-year-old athlete should ideally not be
judged to have OFI or not by the same static cutoff. Gautschi
et al. [2] have suggested multiple cutoffs for patients over
and under 65 years and for male and female patients to tackle
this problem. Potentially, ML algorithms can suggest person-
alized “expected” cutoffs for each individual patient based
on demographics [1]. In any case, our results show that not
only age and gender, but also diagnostic category has to be
taken into account when interpreting SR-STS results.

The ML algorithm that was trained and internally vali-
dated in this study demonstrated good sensitivity and speci-
ficity in categorizing patients into three diagnostic categories

Table 3 Performance measures
of the diagnostic machine

Performance measure

Training set (n=209)

Test set (n=53)

learning model on the training LDH LSS CLBP LDH LSS CLBP

set and on the test set at internal

validation Accuracy 94.3% (95% C1 90.2-97.0%) 96.2% (95% CI 87.0-99.5%)
Sensitivity 93.5% 95.7% 100% 95.7% 100% 100%
Specificity 98.2% 96.3% 97.5% 100% 95.7% 100%
PPV 99.3% 88.2% 64.3% 100% 75.0% 100%
NPV 84.6% 98.7% 100% 77.8% 100% 100%
Balanced Accuracy 95.8% 96.0% 98.8% 97.8% 97.9% 100%

LDH lumbar disk herniation, LSS lumbar spinal stenosis, CLBP chronic low back pain, CI confidence
interval, PPV positive predictive value, NPV negative predictive value
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based on only SR-STS performance and basic demographic
data. Although this was certainly not the primary focus of
our study, such an algorithm could be used by clinicians to
rule in or rule out suspected diagnoses with a certain degree
of confidence and without the need for extensive imaging.

Machine learning methods are gaining popularity in all
fields of medicine, especially their applications in natural
language processing of electronic healthcare data, automated
rating of performance, and interpretation of imaging. Our
study shows that ML algorithms can combine data from
objective clinical testing and patient history, reaching a pre-
cise diagnosis with a high level of accuracy, which creates
precedence for the development of ML algorithms combing
objective functional testing data with patient characteristics
to reach a suspected diagnosis in other fields of medicine as
well. Motion tracking-based 5SR-STS assessment has been
shown to be feasible [22]. With these advanced techniques,
combined with the knowledge that classification of back and
leg pain patients based on OFI is feasible, it is even conceiv-
able that such initial diagnostic classifications may become
more integrated in clinical practice. In the future, it may
become possible to immediately suggest a suspected diag-
nosis with a measure of certainty based on the patients regis-
tered healthcare data and, e.g., on how the patient walks into
the examination room and sits down or gets up from a chair.
This can benefit patients and healthcare providers, especially
in primary care or in remote areas where advanced imaging
modalities may not be immediately available, as suggested
by Munakomi [10].

The application of functional testing to diagnosis is cer-
tainly not ready for introduction into clinical practice as of
yet, also because it has to be considered that imaging is and
should in fact be performed in virtually all cases nowadays
to rule out more delicate causes of back or leg pain and
for surgical treatment, including grade II or higher spon-
dylolisthesis. In addition, MRI or CT imaging nowadays is
a prerequisite for surgery in virtually all cases. For exam-
ple, the algorithm may misclassify patients as having LDH
while they actually present with radiculopathy caused by
higher-grade spondylolisthesis. At this point, it has to be
stressed that it will forever remain hard for algorithms to
outdo the basic tenets of taking a good history and examin-
ing patients thoroughly. Diagnoses made by ML algorithms
in this context should never be seen as definite inferences,
but rather as one additional, supportive “test” that may help
guide decision-making, especially in rural areas where MRI
may not be easily accessible.

In addition, and arguably more importantly, our study
demonstrates that there are measurable differences in
5SR-STS performance between patients with LDH, LSS, and
discogenic CLBP. This finding has to be taken into account
as potential confounders in future studies applying these
functional tests as outcome measures.

Limitations

Our study, while based on two prospective studies, pre-
sents only single-center data. Although out-of-sample
error was assessed in a held-out test set, external validation
would be necessary before publishing the model or apply-
ing it in clinical practice elsewhere. Most likely, deriva-
tion of a multicenter model would increase generalizabil-
ity, too. Moreover, inclusion of other covariates from the
patient’s history as well as walking patterns could improve
the algorithm’s robustness. We chose to only include age,
gender, height, and weight alongside SR-STS performance
to assess if adjusted OFI is related to diagnosis in the pur-
est of ways. We also had a smaller number of patients
diagnosed with discogenic CLBP available, as compared
to other diagnosis of LDH and LSS, making the evalua-
tion for CLBP less secure. Furthermore, a larger training
sample would be necessary to increase generalizability,
and to assess calibration of the ML algorithm. Lastly, our
model does not detect any “red flag” conditions such as
cauda equina syndrome or spondylodiscitis.

Conclusions

In this study, we demonstrate that SR-STS performance
differs among patients with LDH, LSS, and discogenic
CLBP, and that a simple test for objective functional
impairment can help accurately classify patients present-
ing with back or leg pain into an initial diagnosis, when
combined with a machine learning algorithm. In this way,
objective testing could be used in screening, and as an
adjunct to thorough clinical assessment in making a diag-
nosis without imaging. These findings may have impli-
cations in the initial diagnostic process, and may in the
future be integrated with higher levels of automation.
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