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A B S T R A C T

Background: Most people experience low back pain (LBP) at least once in their life and for some patients this
evolves into a chronic condition. One way to prevent acute LBP from transiting into chronic LBP, is to ensure that
patients receive the right interventions at the right moment. We started research in the design of a clinical
decision support system (CDSS) to support patients with LBP in their self-referral to primary care. For this, we
explored the possibilities of using supervised machine learning. We compared the performances of the three
classification models − i.e. 1. decision tree, 2. random forest, and 3. boosted tree − to get insight in which
model performs best and whether it is already acceptable to use this model in real practice.
Methods: The three models were generated by means of supervised machine learning with 70% of a training
dataset (1288 cases with 65% GP, 33% physio, 2% self-care cases). The cases in the training dataset were fictive
cases on low back pain collected during a vignette study with primary healthcare professionals. We also wanted
to know the performance of the models on real-life low back pain cases that were not used to train the models.
Therefore we also collected real-life cases on low back pain as test dataset. These cases were collected with the
help of patients and healthcare professionals in primary care. For each model, the performance was measured
during model validation − with 30% of the training dataset −as well as during model testing − with the test
dataset containing real-life cases. The total observed accuracy as well as the kappa, and the sensitivity, speci-
ficity, and precision were used as performance measures to compare the models.
Results: For the training dataset, the total observed accuracies of the decision tree, the random forest and
boosted tree model were 70%, 69%, and 72% respectively. For the test dataset, the total observed accuracies
were 71%, 53%, and 71% respectively. The boosted tree appeared to be the best for predicting a referral advice
with a fair accuracy (Kappa between 0.2 and 0.4). Next to this, the measured evaluation measures show that all
models provided a referral advice better than just a random guess. This means that all models learned some
implicit knowledge of the provided referral advices in the training dataset.
Conclusions: The study showed promising results on the possibility of using machine learning in the design of our
CDSS. The boosted tree model performed best on the classification of low back pain cases, but still has to be
improved. Therefore, new cases have to be collected, especially cases that are classified as self-care cases. This to
be sure that also the self-care advice can be predicted well by the model.

1. Background

Most people experience low back pain (LBP) at least once in their

life. As such, it is one of the most common health problems in the world
[1–3]. A formal definition of LBP is “pain, muscle tension, or stiffness
localized below the costal margin and above the inferior gluteal folds, with or
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without leg pain [4]”. This means that LBP is in fact a symptom referring
to the location of the problem, rather than a specific pathology that
causes the problem [5].

Some patients with LBP develop a chronic condition. The risk of
chronic LBP continues to increase with age [3,6]. Because LBP causes
considerable disability and financial burden globally [7], it is of im-
portance to prevent the development of chronic LBP wherever possible.
One way to prevent acute LBP from transiting into chronic LBP, is to
ensure that patients receive the right interventions at the right moment
[8]. However, this group of patients is heterogeneous, and individual
patients respond differently to interventions. Therefore, relevant stu-
dies have been conducted in an attempt to classify patients with LBP to
the most optimal interventions [9–13].

Normally, a patient with a new episode of LBP starts in primary care
[11] by visiting a general practitioner (GP) or physiotherapist. In an
increasing number of countries, patients with musculoskeletal disorders
can make use of patient self-referral to a physiotherapist [14,15].
Characteristics of patients that utilize self-referral are higher education
level, a shorter duration of symptoms and recurrent symptoms [16,17].
However, for a group of patients it is still unclear what to do first:
consult a GP or consult a physiotherapist. There is also a third option,
namely performing self-care at first [18]. During self-care, the patient is
not treated by a professional and continues ordinary activities within
the limits permitted by the pain. This usually leads to faster recovery
than either bed rest or back-mobilizing exercises [14]. When a patient
visits a GP or physiotherapist, (s)he can refer the patient further to
other options when needed. In the Netherlands, for example, the GP can
refer the patient to the emergency room, but also to other secondary
and tertiary care specialists as neurology, orthopedics, spine centers,
pain centers, or psychologically augmented physiotherapy in the case of
psychological and social factors causing the LBP[12]. In this paper, we
focused on self-referral to GP, physiotherapist, or self-care as these are
the first steps in a new episode of LBP in the Dutch care system, and
further referral to other options sought by patients experiencing LBP
can only be taken if one or more of these three steps have been per-
formed.

In 2015, we started research to design a clinical decision support
system (CDSS) to support patients with LBP in their self-referral process
[19]. This is a classification process that leads to one of the three fol-
lowing referral advices: 1. consult a GP, 2. consult a physiotherapist, or
3. perform self-care. As self-referral can be seen as a classification
process, we opted for supervised machine learning to design a classi-
fication model representing this process. Machine learning offers al-
gorithms that can be used to learn computers based on data [20]. In
supervised machine learning, a classification model learns from labelled
examples.

Machine learning is increasingly used in healthcare informatics
[21], also in the case of patient referral. Recent examples are systems in
emergency departments to identify patients with suspected infection
[22] and to identify low-complexity patients that can be included in a
separate fast track patient stream to save waiting time and capacity
[23]. In case of musculoskeletal problems, the Work Assessment Triage
Tool (WATT) is an example of a machine learned CDSS that refers
workers with musculoskeletal injuries to optimal rehabilitation inter-
ventions [24]. For LBP in particular, there is the Nijmegen Decision
Tool for referral of chronic LBP to be used by secondary or tertiary spine
care specialists [5]. However, the design of this tool was not based on a
machine learning approach and is not intended for patient self-referral
in primary care.

In this paper, we explore the possibilities of using supervised ma-
chine learning in the design of our CDSS to support patients with LBP in
their self-referral to primary care, as machine learning can often be
successfully applied for classification problems [25]. Our exploration is
the follow-up of two steps we already have undertaken so far: 1. an
inventory of important features to classify LBP [19], and 2. a vignette
study in which fictive cases of LBP were judged on referral advice by

healthcare professionals [26]. The vignette study has resulted in a da-
taset containing labelled examples that can be used for supervised
machine learning. In this paper, this dataset is used as training dataset to
train three machine learning models, i.e. 1. decision tree, 2. random
forest, and 3. boosted tree. Next to this, we also describe the process
used to construct a test dataset with real-life cases of LBP. With this test
dataset, we compare the performances of the three classification models
on real-life cases. In this way, we get insight in which model performs
best and whether it is already acceptable to use this model in real
practice.

2. Methods

2.1. Machine learning

At first, the intension was to build a decision tree only, as decision
trees are self-explanatory and easy to follow [28]. However, a decision
tree is a single classifier and ensembles of classifiers often perform
better than a single classifier [29]. Therefore, we also focused on tree
ensembles. The following three classification models were generated 1.
decision tree, 2. random forest, and 3. boosted tree. The first model is a
single tree [30], the second and third models are ensembles of trees. In
a random forest, different decision trees are generated on subsets that
are sampled with replacement from the original training dataset.
Classification of a new case takes place by majority vote of the trees in
the random forest [31]. The difference with boosted tree is that for
boosted tree the distribution of the training set for generating the next
tree is adaptively changed, based on the performance of previous
classifiers [32]. R [33] in RStudio [34] was used to train these classi-
fication models with our training dataset.

2.2. Datasets

2.2.1. Training dataset
The training dataset consisted of 1288 fictive cases of LBP. These

cases were judged by 63 physiotherapists and GPs on referral advice
during a vignette study [26]. Table 1 provides a detailed overview of
the variables − 15 input variables, 1 response variable − that describe
the cases in this training dataset. During the vignette study, cases of LBP
were presented that were generated by using a fixed text in which the
values of the 15 input variables varied randomly. No combination of
variable values was used twice, therefore the training dataset exists of
unique cases. The referral advices among the cases in the training da-
taset were classified as follows: 843 (65%) GP advice, 425 (33%)
physiotherapy advice, and 20 (2%) self-care advice.

2.2.2. Test dataset
From September 2016 to April 2017, we collected a set of real-life

cases of LBP to construct a test dataset. The intention was to collect as
much as possible patient cases during the time the study was conducted.
This was done in collaboration with 5 centres for physical therapy and 6
GP centres. We presented our study to the medical ethical committee.
We received a statement that ethics approval was not required for our
study, as the normal healthcare path was not influenced and the pa-
tients remained anonymous to the researchers.

The study design that was used to collect real-life cases of LBP is
shown in Fig. 1. This process started when a patient with a new episode
of LBP called a centre to make an appointment (1). Subsequently, the
patient was asked to participate the study (2). If agreed, the patient was
informed about the study and received a web-address to an online
questionnaire with questions related to the input variables of Table 1.
After the patient had given informed consent, the patient answered the
questions (3). Next, the patient visited the healthcare professional of
his/her preference. After the consult, the healthcare professional filled
in a form indicating what the advice to the patient should have been:
visit a GP, a physiotherapist, or perform self-care (4). The answers of
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Table 1
Overview of the input variables (features) and response variable (output) that describe the cases in the dataset that was used to train the three classification models.

Name Description Type Values

Age The age of the patient Input variable − Factor
w/2 levels

“<50”, “> = 50”

Wellbeing The state of being healthy as perceived by the patient by using the questions of the WHO-5
Well-Being Index [27]

Input variable − Factor
w/3 levels

“bad”, “good”, ”medium”

Course The duration of the current low back pain episode Input variable − Factor
w/2 levels

“<2weeks”, “> = 2weeks”

Analgesics Does the patient use analgesics − e.g. paracetamol, ibuprofen or diclofenac − on a daily
basis?

Input variable − Factor
w/2 levels

“no”, “yes”

Trauma Was the low back pain caused by a trauma? Input variable − Factor
w/2 levels

“no”, “yes”

Corticosteroid Does the patient use corticosteroids − e.g. prednisone − on a daily basis? Input variable − Factor
w/2 levels

“no”, “yes”

Serious diseases Does the patient has serious diseases, namely one of the following: osteoporosis, vertebral
fracture, cancer, rheumatic disorder (e.g., Bechterew disease, osteoarthritis), narrowing of
the spinal canal (Canal Stenosis), shifted vertebra (s) or damaged vertebrae demonstrated on
X-rays?

Input variable − Factor
w/2 levels

“no”, “yes”

Weigthloss> 5 kg Has the patient lost more than 5 kg in the past month without a reason e.g. a diet? Input variable − Factor
w/2 levels

“no”, “yes”

Continouspain Does the patient currently has constant pain, which does not decrease with rest or when
changing posture?

Input variable − Factor
w/2 levels

“no”, “yes”

Nocturnalpain Does the patient also has low back pain at night that wakes the patient up? Input variable − Factor
w/2 levels

“no”, “yes”

Neurogenicsignals Does the patient has more pain if the patient has to cough or sneeze, or when the patient is
lifting something?

Input variable − Factor
w/2 levels

“no”, “yes”

Radiation Does the patient suffer from tingling or pangs in one or both legs? Input variable − Factor
w/2 levels

“no”, “yes”

Lossmusclestrength Does the patient has reduced strength in one or both legs? Input variable − Factor
w/2 levels

“no”, “yes”

Failuresymptoms Does the patient suffer from failure symptoms in one or both legs, which makes it impossible
to move a leg, or legs, or leads to urinary loss?

Input variable − Factor
w/2 levels

“no”, “yes”

Preference Referral preference of the patient Input variable − Factor
w/3 levels

“GP”, “Physio”,”Selfcare”

Advice Referral advice for this patient case Response variable −
Factor w/3 levels

“GP”, “Physio”,”Selfcare”

Fig. 1. Stduy design that was used to collect real-life cases on low back
pain. These cases were used as test dataset in the evaluation of the three
classification models.
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the patients on the questions were entered into each classification
model (5). Finally, per model the predicted advice was compared to the
referral advice provided by the healthcare professional (6).

2.3. Model performance assessment

The models were explored by comparing their performances. A
performance measure often used to evaluate a model is accuracy, also
known as the recognition rate. However, using accuracy is only a good
indicator in the evaluation of a model when the class distribution in the
training dataset is well-balanced [20]. In our study, we had an un-
balanced multiclass training dataset: 65% GP advice, 33% phy-
siotherapy advice, and 2% self-care advice. Therefore, also other eva-
luation measures were taken into account (Fig. 2). Per model, we used a
confusion matrix to calculate the sensitivity (true positive rate), the spe-
cificity (true negative rate), and the precision (positive predictive value)
to gain more insight into the performances of the models. The kappa of
the models were compared too. The kappa is a metrics for the strength
of agreement of a model that compares the observed accuracy with the
expected accuracy [35] with a Kappa of 0-0.20 as slight, 0.21-0.40 as
fair, 0.41-0.60 as moderate, 0.61-0.80 as substantial, and 0.81-1 as
almost perfect [35].

Each model was trained with 70% of the training dataset (model
training), validated with 30% of the training dataset (model valida-
tion), and tested with the test dataset (model testing) (Fig. 3). The cases
in the test dataset were not used to train the model to be able to
measure the performances of the models more accurately [20]. For each
model, all evaluation measures were calculated during model valida-
tion as well as during the model testing.

3. Results

3.1. Test dataset

In total, 45 patients completed the online questionnaire before
visiting the healthcare professional. Next to this, 44 healthcare

professionals provided a referral advice after seeing patients. However,
not all 44 referral advices could be connected to a completed ques-
tionnaire, as some patients intended to participate into the study, but
for some reason did not fill in the online questionnaire. Next to this,
some patients filled in the questionnaire, but no referral advice was
provided by the healthcare professional. In the end, 38 of the 45
completed questionnaires could be connected to a provided referral
advice. This resulted into a set of 38 real-life cases of LBP.

The average age of the patients was 40.00 years (SD 14.53; range
17.00-79.00 years). Table 2 shows that 33 patients visited a phy-
siotherapist and 5 visited a GP. The 38 cases were classified as follows:
4 (11%) GP advice, 30 (78%) physiotherapy advice, and 4 (11%) self-
care advice. Thus the test dataset also became an unbalanced dataset.
However, in contrast to the training dataset, in the test dataset phy-
siotherapy advice was the overrepresented class. Table 2 shows that in
the test dataset, just as in the training dataset, “self-care” was the un-
derestimated class.

We asked the GPs in our study if they could explain why they did
not see as many patients with LBP as the physiotherapists. It appeared
that most patients with acute low back get advice from the doctors’
assistant first on how to cope with the LBP and to wait a couple of days
to see what happens in first instance. Then the GP did not see these
patients. Next to this, the GPs also indicated that patients more often
find the direct way to the physiotherapist for musculoskeletal problems.

By handling Table 2 as confusion matrix, we could determine the
accuracy of the choice of a patient for a healthcare professional. We
found a total accuracy rate of 0.868 (95% C.I. 0.719, 0.956). This
means that in about 87% of the cases the patient consulted the same
type of healthcare professional − GP or physiotherapist − as also was
indicated in the referral advice.

3.2. Results of model training, model validation and model testing

3.2.1. Decision tree
The decision tree is shown in Fig. 4. This figure shows that from the

original 15 features (Table 1) only 4 features were used in the decision

Fig. 2. Confusion matrix and evaluation measures that were used to ex-
plore the performances of the three classification models, where G re-
presents the class GP, P the class physiotherapy, and S the class self-care.
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nodes i.e. Weight loss, Wellbeing, Usage of corticosteroids, and Loss of
muscle strength. Furthermore, this decision tree never provides a self-
care advice, probably because only 2% of the cases in the training da-
taset was classified as self-care advice class and therefore never could
reach the highest fraction of a class in a node of leaf.

Table 3 shows the confusion matrix, accuracy, sensitivity, specificity,
and precision measures of the decision tree.

3.2.2. Random forest
A random forest cannot be presented like a decision tree, but Fig. 5

shows multiclass ROC curve of this random forest. For all three advice
classes, the prediction performance of the random forest is better than
just a random choice. Fig. 6 shows the determined variable importance
in the random forest for each class. Weight Loss more than 5 kg is the
most important feature in the process of classifying a referral advice.

Table 4 shows the confusion matrix, accuracy, sensitivity, specificity,
and precision measures of the random forest.

3.2.3. Boosted tree
Fig. 7 shows the multiclass ROC curve of the boosted tree, which

shows that for the boosted tree model the prediction performance is
better than a random choice. Fig. 8 shows the determined total variable
importance in the boosted tree. Again, Weight Loss more than 5 kg is
the most important feature in the process of classifying a referral ad-
vice.

Table 5 shows the confusion matrix, accuracy, sensitivity, specificity,
and precision measures of the boosted tree.

3.3. Model comparison

The measured performances show that all models provided a

Fig. 3. Overview of the different phases in exploring the performance of each model as performed in this study.

Table 2
Overview of the numbers of healthcare professionals that were visited by the patients in
the test dataset and the referral-advices as provided by these healthcare professionals. G
represents the class GP, P the class physiotherapy, and S the class self-care.

Provided advice healthcare professional

Patient visited G P S Total
G 3 1 0 4
P 0 30 0 30
S 2 2 0 4
Total 5 33 0 38
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referral advice better than just a random guess. When taking the ma-
jority referral class (GP advice) of the training dataset as default class,
the baseline values of sensitivity during model validation and model
testing are 0.65 and 0.11 respectively. This is because 65% of the cases
advice in the training dataset, and 11% of the cases in the test dataset,
were classified as GP advice. All measured sensitivities were higher
than these baseline values. This means that all models learned some
implicit knowledge of the provided referral advices in the training

dataset.
Fig. 9 shows the estimated spread and mean of the accuracy, as well

as of the kappa, for each model. The boosted tree appeared to be the
best for predicting a referral advice with a fair accuracy (Kappa be-
tween 0.2 and 0.4). Next to this, Fig. 10 shows that the boosted tree
performed best on accuracy both during model validation as well as
during model testing (72% and 71% respectively). Furthermore, the
averaged sensitivity and specificity of the boosted tree model were the
highest during model testing, meaning that the boosted tree model
performs best on a dataset with real-life cases.

Fig. 4. Decision tree as generated in R on the training dataset. The class of a node/leaf in this tree is based on the highest fraction of a class in this node/leaf, which have been marked
with a red circle in this figure. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3
Performance of the decision tree during model validation and during model testing
(Fig. 3), where G represents the class GP, P the class physiotherapy, S the class self-care,
and C.I. is Confidence Interval.

Decision tree

Calculated evaluation measures on the Validation dataset

Prediction Reference
G P S

G 212 38 0
P 74 62 0
S 2 2 0
Sensitivity 0.7361 0.6078 0.0000
Specificity 0.6275 0.7431 0.9897
Precision 0.8480 0.4559 0.0000
Accuracy /95% C.I. 0.7026 /(0.6545, 0.7475)

Decision tree

Calculated evaluation measures on the Test dataset

Prediction Reference
G P S

G 1 3 0
P 4 26 0
S 0 4 0
Sensitivity 0.2000 0.7879 0.0000
Specificity 0.9091 0.2000 0.8947
Precision 0.2500 0.8667 0.0000
Accuracy /95% C.I. 0.7105 /(0.5410, 0.8458)

Fig. 5. The multiclass ROC Curve of the random forest.
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4. Discussion

In this study, we explored the possibility of using machine learning
in the design of a CDSS to support patients with a novel episode of LBP
in their self-referral to primary care. At this moment, mainly patients
with a higher education level, a shorter duration of symptoms and re-
current symptoms use the option of self-referral [16,17]. For a group of
patients it is still unclear what to do first: consult a GP, consult a
physiotherapist, or perform self-care first. It is important is to ensure
that all patients receive the right interventions at the right moment to

prevent that acute LBP becoming chronic [8] with considerable more
impact for the patient and costs for the society [7].

A CDSS relays on computational models that can also be constructed
and maintained based on machine learning [21]. This instead of a
knowledge-based approach, in which a knowledge base and an in-
ference engine are constructed and maintained based on knowledge
elicited from literature and experts. This process of knowledge acqui-
sition and maintenance can be very time consuming, and too expensive,
and is also known as the “knowledge-acquisition bottleneck” [37].
When machine learning can be used in the design of our CDSS, we
expect to avoid this kind of problems. Especially because digital data
sources, as for example electronic health records, are becoming in-
creasingly available. These sources contain data that can subsequently
be used to train and maintain/improve the models.

Fig. 6. Determined variable importance in the random forest for each class. The variable importance values are scaled to have a maximum value of 100.

Table 4
Performance of the random forest as estimated during model validation and during model
testing (Fig. 3), where G represents the class GP, P the class physiotherapy, S the class self-
care, and C.I. is Confidence Interval.

Random Forest

Calculated evaluation measures on the Validation dataset

Prediction Reference
G P S

G 240 10 0
P 105 31 0
S 2 2 0
Sensitivity 0.6916 0.7209 0.0000
Specificity 0.7674 0.6974 0.9897
Precision 0.9600 0.2279 0.0000
Accuracy /95% C.I. 0.6949 /(0.6465, 0.7402)

Random Forest

Calculated evaluation measures on the Test dataset

Prediction Reference
G P S

G 3 1 0
P 13 17 0
S 4 0 0
Sensitivity 0.1500 0.9444 0.0000
Specificity 0.9444 0.3500 0.8947
Precision 0.7500 0.5667 0.0000
Accuracy /95% C.I. 0.5263 /(0.3582, 0.6902)

Fig. 7. The multiclass ROC Curve of the boosted tree.
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During this study, we focused on the classification models decision
tree, random forest and boosted tree. One should be aware that more
types of classification models can be generated by machine learning
algorithms. Other common machine learning algorithms are for ex-
ample linear regression, neural networks, and support vector machines.
Each machine learning algorithm has its own pros and cons [25,38]
that may differ on the type of features used, (e.g., continuous, catego-
rical). Decision tree is the machine learning algorithm that can handle
both categorical and continuous features, and is used most for classi-
fication problems as decision trees are self-explanatory and easy to

follow [28]. Therefore, we have chosen for decision tree, random forest
and boosted tree − i.e. tree based models − for this study.

In our study, the performance measures of the three models were
estimated twice: 1. during model validation with 30% of the training
dataset, and 2. during model testing with a test dataset with real-life
cases of LBP. The exploration with the models shows that the boosted
tree performed best. The measured performances also show that all
models provided a referral advice better than just a random guess,
meaning that all models learned some implicit knowledge from the
examples in the training dataset.

4.1. Study limitations

The distribution of the referral advice classes in the training dataset
as well as in the test dataset was imbalanced. For the training dataset,
the cases in the vignette study mainly contained serious factors in-
dicating that the patient should see a GP [39]. Therefore, most cases in
the training dataset were classified as “GP advice”. Subsequently, the
models in this study were trained with an overrepresentation of GP
advices. In the test dataset most cases were classified as “physiothera-
pist advice”. Despite the overrepresentation of the GP class in the
training dataset, for the test dataset the sensitivities of the models still
scored well on physiotherapy advice. Nevertheless, this wide variation
in referrals (GP referral, physiotherapist referral and the very small
number of self-care referral) will be an area to be improved in future
work.

4.2. Future research

The study showed promising results on using machine learning in
the design of our CDSS. However, before machine learning can really be
used, we have to collect more cases classified as self-care to be sure that
also the self-care advice can be predicted well. This is also the most
interesting referral class, because there is an increasing interest in using
digital interventions to support patient self-management in LBP [36].
When self-care can be predicted well, a next step is to provide patients
with personalized information on how to cope with the LBP and what
exercises may be helpful. In this, a web-based program for self-man-
agement of LBP can be deployed, just as for example the system that is

Fig. 8. Determined total variable importance in the boosted tree. The variable importance values are scaled to have a maximum value of 100.

Table 5
Performance of the boosted tree as estimated during model validation and during model
testing (Fig. 3), where G represents the class GP, P the class physiotherapy, S the class self-
care, and C.I. is Confidence Interval.

Boosted tree

Calculated evaluation measures on the Validation dataset

Prediction Reference
G P S

G 222 77 1
P 28 59 3
S 0 0 0
Sensitivity 0.8880 0.4338 0.0000
Specificity 0.4429 0.8780 1.0000
Precision 0.7400 0.6556 NA
Accuracy /95% C.I. 0.7205 / (0.6731, 0.7645)

Boosted tree

Calculated evaluation measures on the Test dataset

Prediction Reference
G P S

G 1 4 3
P 3 26 1
S 0 0 0
Sensitivity 0.2500 0.8667 0.0000
Specificity 0.7941 0.5000 1.0000
Precision 0.1250 0.8667 NA
Accuracy /95% C.I. 0.7105 /(0.5410, 0.8458)
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used for patients with COPD [40].

5. Concluding remarks

Our study showed promising possibilities of using machine learning
in the design of a CDSS to support patients with LBP in their self-referral
process to primary care. CDSSs that support self-referral as well as
further referral by healthcare professionals have the potential to de-
crease the current long waiting lines in healthcare in many countries.
However, getting there is a long process and further study is needed on
machine learning with larger data sets containing new cases, especially

cases that are classified as self-care cases, to improve the model per-
formances.
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Summary table

What was already known on the topic
Most people experience low back pain (LBP) at least once

in their life and for some patients this evolves into a chronic
condition. Because LBP causes considerable disability and fi-
nancial burden globally, it is of importance to prevent the
development of chronic LBP wherever possible. One way to
prevent acute LBP from transiting into chronic LBP, is to en-
sure that patients receive the right interventions at the right
moment starting with helping patients in their self-referral
decision on what to do first: consult a GP, consult a phy-
siotherapist, or perform self-care first. This is a classification
process.

As self-referral can be seen as a classification process, su-
pervised machine learning can be applied to design a classi-
fication model representing this process. This is supported by
literature that shows that machine learning is increasingly
used in healthcare informatics, also in the case of patient

referral.
What this study added to this knowledge
The study showed promising possibilities of using machine

learning to train models that can support patients with low
back pain in their decision on self-referral to primary care.

Machine learning is a data-driven approach, and model
performances highly depend on available training data. The
currently found model performances can be improved further
by increasing the training dataset with new cases, especially
cases that are classified as self-care cases.
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