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Abstract
Objectives: To identify, critically appraise and evaluate the performance measures of the available prediction models for outcomes in
people with low back pain (LBP) receiving conservative treatment.

Study Design and Setting: In this systematic review, literature searches were conducted in Embase, Medline, and cumulative index of
nursing and allied health literature from their inception until February 2024. Studies containing follow-up assessment (eg, prospective cohort
studies, registry-based studies) investigating prediction models of outcomes (eg, pain intensity and disability) for people with LBP receiving
conservative treatment were included. Two independent reviewers performed the study selection, the data extraction using the Checklist for
critical Appraisal and data extraction for systematic Reviews of predictionModelling Studies, and risk of bias assessment using the Prediction
model Risk of Bias Assessment. Findings of individual studies were reported narratively taking into account the discrimination and calibration
measures of the prediction models.

Results: Seventy-five studies developing or investigating the validity of 216 models were included in this review. Most prediction models
investigated people receiving physiotherapy treatment and most models included sociodemographic variables, clinical features, and self-
reportedmeasures as predictors. The discriminatory capacity of the internal validity of the 27 predictionmodels for pain intensity varied greatly
showing a c-statistic ranging from 0.48 to 0.94. Similarly, the discriminatory capacity for 31models for disability had the same pattern showing
a c-statistic ranging from 0.48 to 0.86. The calibration measures of the internal validity of the prediction models predicting pain intensity and
disability showed to be adequate.Only one of 3 studies testing the external validity ofmodels to predict pain intensity and disability and reported
both discrimination and calibration measures, which showed to be inadequate. The prediction models predicting the secondary outcomes (eg,
self-reported recovery, quality of life, return to work) showed varied performance measures for internal validity, and only 2 studies tested the
external validity of models although they did not provide performance the performance measures.

Conclusion: Several prediction models have been developed for people with LBP receiving conservative treatment; however, most
show inadequate discriminatory validity. A few studies externally validated the prediction models and future studies should focus on testing
this before implementing in clinical practice. � 2024 The Author(s). Published by Elsevier Inc. This is an open access article under the
CC BY license (http://creativecommons.org/licenses/by/4.0/).
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What is new?

Key findings
� Several prognostic models have been developed for

people with low back disorders receiving conserva-
tive treatment.

� Internal validity showed a wide variation in cali-
bration and discriminatory capacity, although some
models showed adequate performance measures to
predict pain and disability as well as the secondary
outcomes.

� Few studies external validated the prognostic
models and showed inadequate performance
measures.

� All studies were assessed as having high risk of
bias.

� High-quality studies focusing on externally vali-
dating the existent models are warranted.

What this adds to what is known?
� The included studies had some methodological

flaws including the selection of predictors using
univariate analysis and lack of discriminatory and
calibration measures.

� Several models were developed and had their inter-
nal validity tested, and some showed adequate
discriminatory and calibration measures.

� Although only a few studies aimed to externally
validate prognostic models, none showed adequate
calibration and discrimination measures to move to
the next stage and be tested in clinical practice.

What is the implication and what should change
now?
� Future studies aiming to develop prognostic

models should improve the methodology for se-
lecting variables and providing adequate informa-
tion on the performance of the models.

� Some models showed to have acceptable discrimi-
natory and calibration measures, so further studies
should focus on testing their external validity
instead of developing new models.

� The use of prediction models for decision making
of people with low back pain receiving conserva-
tive treatment is still not recommended.
1. Introduction

Prediction models have been proposed as an important
approach for identifying people for a specific treatment in
different populations. From a set of candidate predictors,
they are developed using multivariable statistical ap-
proaches and more recently, machine learning methods.
These models are validated in the same sample to assess
the internal validation and then using an external sample
to assess the external validation [1]. The final stage is to test
the clinical impact of the implementation of the prediction
model in routine clinical practice [1]. One example of a
prognostic model is the body mass index, airflow obstruc-
tion, dyspnea, and exercise capacity index, developed to
predict mortality in people with chronic obstructive pulmo-
nary disease [2]. This model has been externally validated
by 13 studies [3]. This approach could also help identifying
people with low back pain (LBP) experiencing poor or suc-
cessful outcomes after receiving specific treatments.

The use of interventions with no or little benefits, when
the harms outweigh the benefits, or their added costs do not
result in additional benefits is considered low-value care
[4], and this situation is prevalent across musculoskeletal
conditions, especially in people with LBP. However, pa-
tient’s response after treatment may differ considering spe-
cific characteristics and only those experiencing poor
treatment outcomes should be considered as receiving
low-value care. The reason is that these people would prob-
ably look for additional treatments and, consequently, in-
crease the costs related to LBP. In fact, the amount of
low-value care given to this population can be responsible
to the enormous economic impact caused by LBP on
health-care systems [5]. Previous studies reported that
direct costs related to LBP were USD $134.5 billion in
2016 in the United States [6], USD $71,4 million from
2012 to 2016 in Brazil [7], and V740 million in 2011 in
Sweden [8]. To provide better treatment options, we need
systems that could help us identify these patients experi-
encing poor treatment outcomes.

Several prediction models have been developed in the
last years to predict outcomes of people with LBP.
Although previous reviews investigated the evidence
around the use of prognostic models for people with LBP
[9e11], the searches were conducted 10 years ago [9],
focusing on people who did not receive any treatment
[11], or on those receiving surgical treatment [10]. Howev-
er, the available prediction models for people with LBP
receiving conservative treatments are unknown. For this re-
view purposes, we defined conservative treatment as any
nonsurgical approach, including pharmacological interven-
tions, spinal injections, physical therapy, exercise, manual



3R. Vidal et al. / Journal of Clinical Epidemiology 177 (2025) 111593
therapy, patient education/advice and others. Therefore, the
aim of this review was to identify and critically appraise the
available prediction models to predict successful/poor
health outcomes in people with LBP receiving conservative
treatment. The critical appraisal included an assessment of
the performance measures (discrimination and calibration
measures) for those studies testing the internal or external
validity of the prediction models.
2. Methods

We followed the Preferred Reporting Items for System-
atic Reviews and Meta-Analyses recommendations to
report this review [12]. This review was prospectively
registered in PROSPERO before starting to conduct it
(number: CRD42022370503).

2.1. Searches

Literature searches were conducted in the following
electronic databases from their inception until February/
2024: EMBASE (via Embase.com), MEDLINE (via Ovid),
and cumulative index of nursing and allied health literature
(via EBSCO). We used a combination of terms related to
LBP and lower back disorders (eg, LBP, sciatica, scoliosis,
and others), prediction models (eg, prognosis, prediction)
and spinal conservative treatments. We modified the search
filters available in the literature [13] and included 2 terms
(ie, predict*, prognos*) to identify relevant prediction
modeling studies in the field. We also screened the refer-
ences of relevant publications in the field to identify any
additional potentially eligible studies. There were no re-
strictions regarding language and date of publications.
Appendix 1 details the search strategy performed in elec-
tronic databases.

2.2. Eligibility criteria

We included studies developing (ie, selection of a set of
predictors using a multivariable approach regardless of sta-
tistical approach) and/or validating (ie, the investigation of
the validity of the model in the same or different sample
population than the model was developed) prediction
models predicting outcomes of people with LBP receiving
specific conservative treatments. All longitudinal study de-
signs conducting patient follow-up, such as prospective
cohort studies, randomized controlled trials, or registry-
based studies, were eligible. We adhered to the definition
of prediction model research as used in the PROGRESS
framework, in which prediction models aim to identify
the probability of a specified outcome (endpoint) occurring
in a specific population, using a multivariable approach
including a set of predictors measured at baseline [1].
Studies investigating risk stratification tools (eg, STarT
back screening tool, €Orebro Musculoskeletal Pain Ques-
tionnaire) were considered eligible. However, we excluded
studies investigating individual prognostic factors [14],
studies aiming to identify people with LBP, and studies re-
cruiting people seeking primary care without specifying the
conservative treatment.

Studies recruiting adults (aged �18 years) with LBP re-
porting back pain and/or radiating leg pain receiving con-
servative treatments (eg, physiotherapy, exercise,
injection, medication) were considered eligible. LBP was
defined as people having herniated discs, spinal stenosis,
scoliosis, spondylosis, spondyloarthrosis, and other degen-
erative disc disorders, or nonspecific LBP. We did not
include studies investigating LBP related to a serious spinal
pathology (eg, infection, tumor, fracture).

The primary outcomes of this review were successful or
poor health outcome based on pain intensity (measured us-
ing, eg, Numerical Rating Scale, visual analog scale,
McGill Pain Questionnaire, and others), or disability
(measured using, eg, Roland Morris Disability Question-
naire, Oswestry Disability Index, Quebec back pain
disability scale, and others). A successful health outcome
was defined as reaching clinical improvement based on a
predefined cut-off of pain and/or disability (eg, more than
30% of improvement from baseline, or a score lower than
2 out of 10 points at follow-up). In contrast, poor health
outcome was defined as the lack of clinical improvement
considering a cut-off point based on measures of pain and
disability (eg, less than 30% of improvement from baseline,
or a follow-up absolute score greater than a prespecified
cut-off estimate). Anticipating that definitions of successful
or poor outcome vary greatly in the literature, we also
accepted the studies’ definition based on mean improve-
ment or an anchor-based method. As secondary outcomes,
we included studies predicting other outcomes, such as self-
reported recovery, quality of life, and others.
2.3. Data extraction

Data extraction was performed considering the Checklist
for critical Appraisal and data extraction for systematic Re-
views of prediction Modelling Studies [15]. Two indepen-
dent authors extracted the following information from the
included studies: characteristics of the study (eg, country,
source, study design), characteristics of the participants
(sample size, age and gender); treatment (type, length, fre-
quency, dose), and outcomes (instrument, definition, time
point follow-up assessment), predictors, missing values,
model development, performance of the model, model vali-
dation, and interpretation of the model. We extracted
discrimination (the ability of distinguishing with a success-
ful or poor health outcome) and calibration measures (the
extent that the expected outcomes agree with the observed
outcomes) of studies assessing the performance measures
of the internal and external validation of prediction models
[16]. For discrimination, we preferentially extracted the
concordance C-statistics or area under the curve from the
receiving operating characteristic curve, when available.

http://Embase.com
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For calibration, we extracted the calibration intercept, cali-
bration slope, and the P value of the Hosmer-Lemeshow
test, when available. If insufficient data were provided,
additional information were requested to the corresponding
authors or estimates were made using pre-established
methods [16].

2.4. Risk of bias assessment

Prediction model Risk of Bias Assessment (PROBAST)
was used to assess the methodological quality (risk of bias)
and relevance (applicability) of the included studies inves-
tigating prognostic models across the 4 domains [17]: par-
ticipants, predictors, outcome and analysis. The scale
contains 20 items which can be rated as yes, probably
yes, no, probably no, no information. Each domain is rated
as low, high, or unclear risk of bias. In pairs, 2 independent
authors performed the assessment, and, in case of disagree-
ment, a third reviewer was consulted to arbitrate the discus-
sion and resolve it. A study was judged as having high risk
of bias when at least 1 of the domains was judged as having
high risk of bias.

2.5. Data synthesis

Considering that included studies developed or validated
individual models for a great variety of interventions and
predicted different outcomes, the performance measures
of the models were narratively described. We described
the models considering the type of intervention and out-
comes predicted. However, we generated a forest plot dis-
playing the c-statistics and 95% CIs for included studies
investigating the internal validity of prediction models.
Calibration intercept and slope measures close to 1 and
0 represent correct calibration, respectively [18]. The graph
was created using the RStudio (version 1.2.5042) through R
software (version 4.0.2).

Although there are some adapted versions of the grading
of recommendations assessment, development and evalua-
tion approach for prognostic factors, the guidance to assess
the certainty of evidence for systematic reviews of prog-
nostic models using the grading of recommendations
assessment, development and evaluation approach is still
incomplete. Therefore, we did not assess the certainty of
evidence in this review.
3. Results

Electronic searches performed in February 2024
retrieved 15,232 records after removing duplicates. After
screening of titles and abstracts, we assessed the full text
of 172 potentially eligible studies. The reasons for exclu-
sion after full-text assessment were because studies investi-
gated individual prognostic factors (n 5 16), did not
develop a prediction model (n 5 57), did not perform a
follow-up assessment (n 5 8), did not include exclusively
people with LBP (n 5 13), or did not specifically investi-
gate conservative treatments (n 5 3). Appendix 2 details
the reason for exclusion for each full text assessed. Finally,
75 studies were included in this review. Figure 1 details the
processes of this review.

Table 1 summarizes the main characteristics of the
studies. Most studies (n 5 34, 45%) were conducted in Eu-
rope. The median sample size was 238 ranging from 30 to
154,167 participants, and the mean age ranged from 18 to
88. Most studies developed/validated prediction models
for patients receiving spinal manipulation (n 5 16 studies),
exercise (n 5 16 studies) or physiotherapy without speci-
fying the treatments’ components (n 5 13 studies). The
most common outcomes investigated by included studies
were disability (n 5 38 studies, 51%), pain intensity
(n 5 30 studies, 40%), and return to work (n 5 13 studies,
17%). The time point follow-up assessment ranged from
9 days to 24 months. Twenty-four studies (32%) focused
on developing prediction models, 48 studies (65%) on
developing and internally validating prediction models,
and 4 studies (5%) on developing and externally validating
prediction models. Appendix 3 details the characteristics of
the included studies.

Appendix 4 details the risk of bias of included studies
using the PROBAST. The overall risk of bias of all
included studies were assessed as having a high risk of
bias, mostly because they failed to meet the domain related
to analysis by selecting the predictors to be included in the
model using a univariate approach (49 out of 75, 65%) or
failed to report both calibration and discrimination mea-
sures (47 out of 75, 63%). In addition, more than half of
included studies (40 out of 75, 53%) also did not handle
the missing data appropriately because they included only
complete cases or did not use an appropriate method to
handle it. Regarding other domains, nearly all studies
met the items related to the domains of participants, predic-
tors, and outcome domains. Most studies (52 out of 77,
67%) were judged as having low risk of bias on
applicability.

3.1. Development

Twenty-four studies reported on development of 82
models. Most were prospective cohort studies (n 5 14)
conducted in Europe (n 5 12) and North America
(n 5 7). The prediction models were developed using
multivariable regression analysis including a wide range
of predictors. Most studies developed prediction models
containing a set of predictors including sociodemographic
variables (eg, age, gender, education levels), clinical fea-
tures (eg, duration of symptoms, number of previous epi-
sodes), and self-reported measures (e.g., Oswestry
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Figure 1. Flowchart of review’s processes.
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Disability Index, Roland Morris Disability Questionnaire,
Numerical Pain Rating Scale, and Fear-Avoidance Behav-
iour Questionnaire). A few studies also included a mea-
sure after baseline assessment (eg, pain intensity after 1
week).

3.2. Primary outcomes

3.2.1. Internal validation
Forty-eight studies investigated the internal validity of

128 prediction models. Most studies focused on predicting
pain intensity (n 5 17 out of 75, 22%) or disability levels
(n 5 19 out of 75, 25%) for patients with LBP receiving
spinal manipulation (n 5 12 out of 75, 16%), exercises
(n 5 10 out of 75, 13%) and physiotherapy (n 5 9 out of
75, 12%). The discrimination measures were mainly re-
ported by included studies using the c-statistics. Figures 2
and 3 detail the discrimination measures reported by
models predicting the primary outcomes pain intensity
and disability, respectively. The discriminatory capacity
varied greatly among the 27 predictions models for pain in-
tensity with the c-statistic ranging from 0.48 to 0.94. The
best predictions models of pain intensity with a c-statistic
greater than 0.80 investigated people receiving
multidisciplinary treatment or physiotherapy [19,24,25].
Similarly, the discriminatory capacity of the 31 prediction
models for disability also varied greatly, as the c-statistic
of the models ranged from 0.48 to 0.86. The best prediction
models of disability with a c-statistic greater than 0.80
investigated people receiving physiotherapy or exercise.

3.3. External validation

Three studies [26e28] investigated the external valida-
tion of five models predicting pain (n 5 2 out of 5 models,
40%) and disability (n 5 3 out of 5 models, 60%), for peo-
ple receiving spinal manipulation plus exercise, physio-
therapy or pharmacological treatment, and epidural spine
injections.

Traeger et al (2016) [28] was the only study reporting the
discrimination and calibration measures of the prediction of
pain and disability of people receiving physiotherapy or
pharmacological treatment (paracetamol 4 g/day). The cali-
bration measures showed to be inadequate for predicting low
pain intensity (calibration intercept: 0.89; calibration slope:
�0.59), high pain intensity (calibration intercept: 0.74; cali-
bration slope: �0.81), and disability (calibration intercept:
0.99; calibration slope:�0.86). The discriminatory capacity



Table 1. Characteristics of the studies included in the systematic review

Characteristics Models development Internal validation External validation

Number of studies 24 studies 48 studiesa 4 studiesa

Number of models 82 models 128 models 6 models

Period of publication 1998 to 2022 2002 to 2023 2004 to 2013

Study design

Prospective Studies 14 studies 34 studies 1 study

Randomized Clinical Trial 10 studies 7 studies 2 studies

Registry-Based Studies - 7 studies 1 study

Source of data

Primary Care 3 studies 7 studies 1 study

Secondary Care 9 studies 19 studies 2 studies

Tertiary Care 4 studies 5 studies 1 study

Not mentioned - 3 studies -

Others 8 studies 14 studies -

Sample size, median [range] 218.5 [53 to 934] 349 [30 to 154,167] 196.5 [131 to 1652]

Outcomesb

Pain 12 studies 17 studies 1 study

Disability 16 studies 19 studies 3 studies

Work-related outcomes 1 study 11 studies 1 study

Quality of life 2 studies 5 studies -

Global improvement 4 studies 11 studies -

Others 4 studies 2 studies -

Country

Europe 12 studies 22 studies -

North America 7 studies 13 studies 3 studies

Asia and Oceania 2 studies 13 studies 1 study

South America 3 studies - -

Type of intervention

Physiotherapyc 4 studies 9 studies -

Exercises 6 studies 10 studies -

Spinal manipulation 4 studies 12 studies -

Cognitive Behavioural Program 3 studies 4 studies -

Medicines 1 study 6 studies -

Multidisciplinary programs 2 studies 4 studies 1 study

Combined Therapies 3 studies 3 studies 2 studies

Others 1 study - 1 study

a One study investigated the internal and external validity in the same study.
b The number of studies does not equal to the total number studies because some studies developed or validated predictions models for more

than one outcome in the same study.
c Prediction models on physiotherapy which did not specify a specific treatment modality (eg, exercise).
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of the model showed c-statistics lower than 0.7 for the out-
comes. The other 2 studies [26,27] did not report quantitative
data related to discrimination or calibration measures.
3.4. Secondary outcomes

3.4.1. Internal validity
Eight studies [24,29e35] reported discrimination mea-

sures for 12 prediction models for work-related outcomes.
The c-statistic of the prediction models of work-related
outcomes ranged from 0.51 to 0.85. Three models had
adequate calibration measures for three models (calibration
slope from 0.88 to 0.91) [30,31]. Seven models showed to
have a P value higher than 0.05 in the Hosmer-Lemeshow
test.

Seven studies [36e42] reported discrimination measures
for 20 prediction models for global improvement. The c-
statistic of the prediction models of global improvement
ranged from 0.55 to 0.76. None reported calibration
measures.



Figure 2. Area under curve (or c-statistics) of the included studies investigating pain intensity as an outcome-measure.
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Three studies [41,43,44] reported discrimination mea-
sures for 5 prediction models for quality of life. The c-sta-
tistic of the prediction models of work-related outcomes
ranged from 0.73 to 0.88. One study [43] reported the cali-
bration plots showing a calibration curve close to the ideal
line.

The remaining studies did not provide any discrimina-
tion or calibration measures or had an inadequate discrim-
inatory capacity.

3.5. External validity

One study [45] investigated the external validation of a
prediction model to return to work, but they did not provide
the discrimination or calibration measures of the models.
4. Discussion

Our results indicate that several prediction models have
been developed to predict clinical outcomes in patients with
LBP undergoing conservative treatment such as physio-
therapy treatment, spinal manipulation and exercise. All
studies were assessed as having high risk of bias, indicating
that the evidence around this topic should be interpreted
with caution. Regarding internal validity, there was great
variation in calibration and discriminatory capacity,
although some models showed adequate performance mea-
sures to predict pain and disability. For external validity,
only 6 models were tested and they either they did not have
adequate performance measures or did not report quantita-
tive data to be evaluated.



Figure 3. Area under curve (or c-statistics) of the included studies investigating disability as an outcome measure. Regarding calibration measures,
5 studies [19e23] investigating nine models reported a P value higher than 0.05 in the Hosmer-Lemeshow test, which indicates that there were no
differences between the observed and expected event rates.
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Previous reviews have been published investigating pre-
diction models in people with LBP. McIntosh (2018) found
that no prediction models for LBP (21 studies) were inter-
nally or externally validated [9]. In contrast, our review
found that 63% of the included studies internally validated
their models and 5% investigated the external validation.
Another systematic review [11] revealed that some predic-
tion models investigating patients with acute LBP did show
adequate discrimination and only a few studies reported the
calibration measures. More recently, a review [46] focused
on prediction models for people with chronic LBP seeking
primary care and the authors found similar methodological
flaws (eg, handling missing data, selection of predictors)
and a lack of studies reporting the calibration measures.
Therefore, our results align with the findings of previous re-
views indicating that an increasing number of prediction
models have been validated, although most did not appro-
priately report the performance measures.

Some models showed good performance measures for
prediction of pain intensity and disability of people with
LBP receiving conservative treatment. Zhao (2022) [47]
developed 2 models using different statistical methods (ie,
logistic regression and another using gradient boosting, a
machine learningebased technique using gradient boosting)
and showed the best discrimination measures for predicting
pain intensity and disability. Both consisted of 14 predictors
that included age, gender, and imaging characteristics ob-
tained through nuclear magnetic resonance and predicted
pain intensity after the ninth physiotherapy session [47].
However, did not report the calibration measures of these
models. In contrast, Lariviere (2022) [21] investigated 2 clin-
ical prediction rules for disability in patients submitted to
lumbar stabilization exercises. The models showed an appro-
priate discriminatory capacity and no difference between the
observed and expected event rates. Nevertheless, we believe
that these models could be prioritized in future externally
validated efforts and then tested in clinical practice.

The strengths of this review include the prospective regis-
tration and comprehensive search strategy, out of which we
were able to identify 75 included studies. Another strength
was the descriptive analysis of the available predictionmodels
considering the type of conservative treatment and outcome,
which provided a broad perspective of the evidence in this
field. This review has also some limitations. Firstly, we could
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not exclude the possibility of missing studies as the topic is
largely broad andwe did not conduct searches in other sources
(eg, gray literature). However, this could be considered a lim-
itation of any systematic review. In addition, we identified a
large number of included studies which would be representa-
tive of the existent studies in this area.Another limitation is the
use of the PROBAST tool to assess the risk of bias of the
included studies, which was only proposed recently. While
this may partially explain why all included studies were clas-
sified as high risk of bias, authors must propose their studies
using guidelines for conducting prediction studies (eg, PROG-
RESS framework) [1]. Lastly, although we did not make the
data and codes available in a public repository, they are avail-
able upon reasonable request.

There is wide room for improvement in the area of pre-
diction models after conservative treatment for LBP. First,
future studies should address the most common methodo-
logical flaws identified in the included studies. This in-
cludes providing sufficient information regarding the
performance measures, information on how missing data
were handled, and using pre-existing knowledge of the
possible candidates and their association with the outcome
[18]. Considering the type of intervention used by the in-
vestigators in the included studies, there was insufficient in-
formation on some intervention characteristics, such as
frequency, duration, type, intensity and dosage. This can
also be considered a limitation, as it may affect the future
efforts of externally validating the prediction models.
Future studies should also provide a detailed description
of the interventions using previously published checklists,
such as the TIDieR checklist [48].

Future studies should also focus on externally validating
the existent promising prediction models, to potentially
refer patients to the most appropriate care. The models
showing a good discrimination capacity for predicting pain
intensity and disability investigated combined therapies as
the conservative treatment (eg, physiotherapy associated
with medication). This scenario would be a more realistic
perspective of what the patient would experience in daily
practice. In addition, the best models focused on predicting
clinical outcomes at short-term follow-up (ie, 3 months af-
ter baseline assessment). These models also included a set
of predictors combining demographic data (eg, age,
gender), clinical characteristics (eg, pain intensity, radiated
pain, emotional factors) and image exams (eg, magnetic
resonance imaging). These predictors can be obtained in
clinical practice, which can help overcome the barriers
raised by clinicians about using prognostic models in clin-
ical practice [49].
5. Conclusion

Many prediction models have been developed to predict
clinical outcomes in patients with LBP undergoing conser-
vative treatment. Regarding internal validity, there was a
wide variation in calibration and discriminatory capacity,
although a few models showed to have adequate perfor-
mance measures. For external validity, only 6 models were
tested and either they did not have adequate performance
measures, or they did not report quantitative data to be eval-
uated. High-quality studies focusing on externally vali-
dating the existent models are warranted.
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