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ABSTRACT

Background and aims: The Visual Analogue Scale (VAS) is a popular tool for the measurement of pain.
A variety of statistical methods are employed for its analysis as an outcome measure, not all of them
optimal or appropriate. An issue which has attracted much discussion in the literature is whether VAS is
at a ratio or ordinal level of measurement. This decision has an influence on the appropriate method of
analysis. The aim of this article is to provide an overview of current practice in the analysis of VAS scores,
to propose a method of analysis which avoids the shortcomings of more traditional approaches, and to
provide best practice recommendations for the analysis of VAS scores.
Methods: We report on the current usage of statistical methods, which fall broadly into two categories:
those that assume a probability distribution for VAS, and those that do not. We give an overview of
these methods, and propose continuous ordinal regression, an extension of current ordinal regression
methodology, which is appropriate for VAS at an ordinal level of measurement. We demonstrate the
analysis of a published data set using a variety of methods, and use simulation to compare the power of
the various methods to detect treatment differences, in differing pain situations.
Results: We demonstrate that continuous ordinal regression provides the most powerful statistical
analysis under a variety of conditions.
Conclusions and Implications: We recommend that in the situation in which no covariates besides
treatment group are included in the analysis, distribution-free methods (Wilcoxon, Mann-Whitney) be
used, as their power is indistinguishable from that of the proposed method. In the situation in which
there are covariates which affect VAS, the proposed method is optimal. However, in this case, if the VAS
scores are not concentrated around either extreme of the scale, normal-distribution methods (t-test,
linear regression) are almost as powerful, and are recommended as a pragmatic choice. In the case of
small sample size and VAS skewed to either extreme of the scale, the proposed method has vastly superior
power to other methods.

© 2016 Scandinavian Association for the Study of Pain. Published by Elsevier B.V. All rights reserved.
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1. Introduction

The Visual Analogue Scale (VAS) has been in use for the measure-
ment of intangible quantities such as pain, quality of life and anxiety
since the 1920s [1]. It consists of a line usually 100 mm in length,
with anchor descriptors such as (in the pain context) “no pain” and
“worst pain imaginable”, depicted in Fig. 1. The patient makes a
mark reflecting his or her perception, and the distance from the left
endpoint to the mark is measured, in mm. The VAS was initially
used in psychology for the measurement of mood disorders, and
was used for the measurement of pain from the mid-1960s [2]. The
scale can be horizontal or vertical. Alternatives to the VAS are the
Verbal Rating Scale (VRS) which involves intermediate descriptors
(e.g. “mild”, “moderate”, “severe”), and the Numeric Rating Scale
(NRS) [3].

Pain is defined as “an unpleasant sensory and emotional experi-
ence associated with actual or potential tissue damage, or described
in terms of such damage” [4]. Breivik et al. [5], in a study that
compared the VAS with a four-category VRS (VRS-4) and an 11-
point NRS (NRS-11), found similar sensitivity (i.e. power to detect
treatment differences) and strong agreement between the VAS and
NRS-11, while the VRS-4 was found to be less sensitive than the
VAS. Some difficulties with the VAS were reported by [6]: “... the
Visual Analogue Scale has more practical difficulties than the Ver-
bal Rating Scale or the Numerical Rating Scale”; Hawker et al. [7]
and Breivik et al. [5] give a similar assessment; and Jensen et al. [8]
found that the group that had the most difficulty with the VAS were
older patients. In addition, Dexter and Chestnut [9] raise a caveat
on the situation in which many patients report their pain at one of
the extremes of the scale.

Despite these concerns, the VAS has become a very popular
instrument for the measurement of pain in recent years. The results
of a PubMed search using the search terms “pain” and “visual ana-
logue scale” or “visual analog scale”, by calendar year from 1975
to 2014, are shown in Fig. 2. This reveals an exponential increase
in the number of articles reporting the use of the VAS in the pain
context over this period, from two in 1975 to 2181 in 2014.

There is no uniformity in the literature on statistical methods
used for the analysis of VAS, and it is this issue that we seek to
address in this review. The central problem is whether VAS is a ratio
or ordinal variable; and given this, what the appropriate statistical
methods for analysis are.

No | | Worst pain
pain | | imaginable

Fig. 1. The Visual Analogue Scale for pain.

2. Methods
2.1. Level of measurement of VAS

The VAS is usually 100 mm in length. When measured to 1-
mm accuracy, this results in a 101-point scale: (0, 1, ..., 100). In
this article we will consider VAS to be reported in centimetres, i.e.
on the scale 0-10. There is robust discussion in the literature on
how best to categorize the level of VAS measurement. Stevens [10]
introduced a typology of levels of measurement, viz. nominal, ordi-
nal, interval and ratio. In the context of VAS, ratio measurement
means that differences are meaningful, i.e. a difference between
two VAS measurements of e.g. 2 represents the same pain differ-
ence at any part of the VAS scale. However in clinical practice there
are important qualitative differences between a decrease of VAS
from 8 to 6 from that of 3 to 1, though the “difference” in both cases
is 2. This isreflected in the types of analgesic agents used where dis-
abling and distressing pain scores of 7 and above may require opioid
management compared with simple analgesics at the low end. This
is clearly a difficulty, and calls into question the use of change scores
in analyses. The issue is resolved by considering VAS scores to be
at an ordinal level of measurement, where lower numerical val-
ues of VAS reflect less pain than higher levels but they cannot be
regarded as absolute. This issue was considered by Philip [11], who
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Fig. 2. Number of articles 1975-2014, PubMed search on pain and visual ana-
logue/analog scale.
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Table 1
Statistical methods used for analysis of VAS, December 2014.

Table 2
Distribution-free tests and their normal-distribution equivalents.

Distribution-free test Normal-distribution equivalent

Method Number of articles
Distribution-based methods:
Normal distribution 32
Non-normal distribution 1
Distribution-free methods 25
Categorical methods 4
Descriptive only 8
Unclear 10
Total 80

concluded that VAS “lies somewhere between ordinal and interval
values”; Wewers and Lowe [12] favour the ordinal interpretation
(“ipsative”); other authors [13-15] argue strongly in favour of the
ordinal interpretation. The opposing viewpoint, i.e. that VAS should
be treated as a ratio variable, is presented by Price et al. [16,17].

Whether one considers VAS to be ratio or ordinal dictates
which statistical methods are appropriate for analysis. If VAS is
ratio, distribution-based methods are applicable. If, however, the
level of measurement is ordinal, distribution-based methods are
inappropriate and either distribution-free (nonparametric) meth-
ods, or ordinal regression models, should be used. The use of
distribution-based methods on ordinal data is strongly criticized by
several authors [18,12-15]. Svensson [ 13] states that “There is now
an increased awareness that different statistical approaches are
appropriate for data on different measurement levels . .. However,
tradition and the preference for established statistical methods
often have a delaying effect on the acceptance of new statistical
approaches in applied sciences. Inappropriate statistical methods
... are still common.”

2.2. Methods of analysis in use

To inform us on the current usage of statistical methods for the
analysis of pain as measured by the VAS, we conducted a PubMed
search on the terms “pain” and “visual analogue scale” or “visual
analog scale”, restricted to December 2014. A total of 191 articles
were found, of which we randomly selected 100. Of these, 20 were
not relevant for the following reasons: two were in foreign lan-
guages; nine were meta-analyses, case reports, systematic reviews
or protocols; nine were not relevant for other reasons. This left 80
articles which used VAS for pain measurement and analyzed it as
an outcome measure. Table 1 lists the statistical methods used in
these articles.

2.2.1. Distribution-based methods

When VAS is treated as the outcome measure in an analysis,
we refer to it as the response variable. Distribution-based methods
are statistical methods which assume a probability distribution for
the response variable, and are appropriate for response variables
which are at a ratio level of measurement. These methods can be
broadly classified into two groups, depending on which distribution
is assumed: (a) the normal distribution and (b) non-normal distri-
butions. The normal (or Gaussian) distribution has the features of
being symmetric, bell-shaped and unbounded, i.e. a normally dis-
tributed random variable can assume any value from minus infinity
to infinity.

2.2.1.1. Methods based on the normal distribution. Methods which
assume the normal distribution for the response variable include
the Student’s t-test, analysis of variance (ANOVA), repeated meas-
ures ANOVA and linear regression. As the VAS is bounded between 0
and 10 cm, it is theoretically impossible for the VAS to have the nor-
mal distribution, which is unbounded. However in practice we may
find VAS scores to be approximately normally distributed, as long

Paired t-test
Two-sample t-test
One-way ANOVA
Two-way ANOVA

Wilcoxon signed-rank
Mann-Whitney U/Wilcoxon rank sum
Kruskal-Wallis

Friedman

as their distribution is not concentrated near the extremes of the
scale. Of the 80 eligible articles that we examined, 32 used meth-
ods based on the normal distribution. Of these, only six reported
statistical testing for normality of the VAS scores; in the remaining
26 articles no comment was made on the validity of the normality
assumption. Only one article reported applying a transformation to
VAS scores to achieve normality. For reasonably large sample sizes
and distributions not too far from the normal, the consequences
of non-normality on statistical inference are not severe; but if the
sample size is small to moderate (as is frequently the case in clin-
ical studies) and the distribution severely skewed at one extreme
(if most patients experience either no pain or extreme pain) in, for
example, a population of patients in the 24 h post-operative period,
the statistical analysis may deliver misleading results, i.e. biased
estimates and incorrect p-values.

2.2.1.2. Methods based on other distributions. The Generalized Lin-
ear Model (GLM) was introduced in the 1980s and became popular
in the 1990s [19]. GLMs broadened statistical modelling to accom-
modate response variables having a wide class of distributions
other than the normal. In particular, the distribution that is rele-
vant to VAS is the beta distribution, which is bounded to a finite
interval and may be symmetric or skewed to either extreme. Some
examples are shown in Fig. 3: in a palliative care population, pain
levels will be aggregated to the “high” end (Fig. 3(c)); in a healthy
population, most of the population will have no pain and will be
concentrated at the lower end (Fig. 3(a)). It is possible to employ
GLM methodology for the modelling of VAS, using the beta dis-
tribution for the response variable. As this method implies a ratio
level of measurement and is not widely used in the analysis of pain
outcomes, we do not consider it further in this article.

2.2.2. Distribution-free methods

Distribution-free (or nonparametric) methods do not assume
any probability distribution for the response variable. Instead they
are based on the orderings or ranks of the VAS scores, rather than
the VAS scores themselves. Therefore they are appropriate for ordi-
nal outcomes. Table 2 lists the commonly-used distribution-free
tests, and their normal-distribution equivalents. If the assumption
can be made that the distributions of the scores have the same
shape across groups, then the null hypotheses being tested are that
the medians of the groups are equal.

While distribution-free methods are a correct approach for the
analysis of ordinal outcomes, they have the disadvantage that they
cannot incorporate continuous covariates (such as blood pressure),
or multiple categorical covariates (such as gender or disease type).
This is overcome by using ordinal regression, which we introduce
with discussion of the categorization of VAS.

2.2.3. Categorical methods

Another approach to analysis of VAS scores is to categorize it
into a small number of levels. It is useful to conceptualize this
categorization as in Fig. 3.

The horizontal axis is VAS, and its probability distribution is
plotted on the vertical axis. We illustrate the VAS distribution for
three hypothetical populations, with VAS categorized into five lev-
els: none, mild, moderate, severe, and unbearable pain. Fig. 3(a)
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Fig. 3. Categorization of VAS to five levels: none, mild, moderate, severe, unbearable. Shown for three different patient populations: (a) healthy, (b) post-operative and (c)

palliative care.

depicts what we would expect in a healthy population, with most
subjects experiencing no pain. Fig. 3(b) is what we would expect
in a postoperative population, in which most patients are experi-
encing moderate levels of pain. Fig. 3(c) shows a population with
mostly very high levels of pain, for example patients in palliative
care. We use the notation K for the number of categories (in this
case K=5). The cutpoints cy, ¢, ..., ck_1 delineate the categories,
and we can extend this to include the endpoints, with ¢y =0 and

cx =10. Note that the choices of K, and the cutpoints ¢y, ¢, . . ., Cg_1,
are at the researcher’s discretion and quite arbitrary.
The case K=2 leads to dichotomization (“pain”, “no pain”),

which arises from the use of just one cutpoint c;. If only one cate-
gorical predictor (such as treatment/placebo group) is being used,
the appropriate analysis method is the chi-square or Fisher’s exact
test; if more than one predictor, and/or continuous covariates (such
as patient’s age) are to be included in the statistical model, logistic
regression is the correct method.

When K> 2, the levels of the resulting categorical pain variable
are ordinal in nature, and need to be treated as such in statistical
analysis. In some cases (for example [20]) this has been analyzed
using the Chi-square or Fisher’s exact test. This approach ignores
the ordering in the levels and would give the same result if, for
example, “none” and “severe” were switched around. On the other
hand, ordinal regression analysis is a method which respects the
ordering of the categories. This is discussed in the next section.

2.2.4. Ordinal regression analysis

Ordinal regression analysis [21] provides a statistical framework
for the analysis of ordinal response variables, and allows both cate-
gorical and continuous covariates to be included in the model. This
represents a distinct advantage over distribution-free methods.

We consider the pain that the patient experiences as an intan-
gible, continuous, unbounded variable which we cannot observe
or measure. What we do observe is the VAS score, and there is
a one-to-one relationship between these two quantities. The left
panel of Fig. 4 shows an example of this relationship. As in Fig. 3,
the horizontal axis is the observed VAS score. The vertical axis is
the pain experience. The o;s are the cutpoints on the scale of pain,
corresponding to the cutpoints ¢; on the VAS scale.

In general, the ordinal regression model has response variable
with K ordinal levels, and p covariates x1, X2, . . ., Xp, which may be
either categorical or continuous. The model produces estimates of
the coefficients f1, B, . .., Bp corresponding to each of the covari-
ates, as well as estimates of the K— 1 cutpoints on the pain scale
o1,02,...,0K 1.

If VAS is measured to 1-mm accuracy, it is a 101-point scale and
we could in theory treat these as K=101 levels of an ordinal vari-
able. However, it is doubtful that patients can reliably distinguish

101 levels of pain [22]. From a statistical point of view this model
is not attractive as it produces estimates of 100 cutpoints (o1, a2,
..., ®100)- A reasonable approach is to group the VAS scores into
the finest gradation which the clinician feels that patients are able
to distinguish, and to analyze these levels using ordinal regression
analysis. However, this is not the most satisfactory solution. There
is a degree of arbitrariness in the choice of the number of levels
K, and the VAS cutpoints ¢y, ¢3, ..., cx_1. One may obtain different
results for different choices of these parameters, and the parame-
ters could be chosen in order to deliver the most favourable results
for the researcher, which is not a good feature. In addition, catego-
rization involves loss of information, which is not desirable. In the
next section we present an alternative version of ordinal regression
analysis for VAS scores that does not involve grouping of the scores
into categories.

2.2.5. Continuous ordinal regression

It is possible to avoid the pitfalls of categorization and retain
the original VAS scores for analysis in an ordinal regression frame-
work. The “continuous ordinal” regression model [23] preserves
the ordinality of VAS scores while avoiding the estimation of 100
cutpoints.

Fig. 4 depicts the relationship between VAS score and pain. In
Fig. 4(a) and (b), VAS is categorized into five and ten levels, respec-
tively. In Fig. 4(c), VAS is treated as continuous and points for each
category boundary are replaced by the smooth curve of the relation-
ship between VAS and pain. In the continuous ordinal regression
model, the cutpoints o, oy, ..., ®g_1 are replaced by this smooth
curve (the “g function”), whose shape depends on only three param-
eters. The shape of the g function is informative of the change in
perception of pain at different levels, particularly at the extremes,
and is a model output. As for ordinal regression, parameter esti-
mates for the Bs are also a model output, enabling hypothesis
testing for all covariates. Ordinal continuous regression is available
in the in the statistical language R [24] (ordinalCont package [25]).

2.3. Laser therapy for chronic knee pain study

We illustrate the methods on a study [26] in which n=35
patients were given a course of eight sessions of low-level laser
therapy for chronic knee pain. VAS was measured at baseline and
at the end of treatment. Patient age is also available for analysis.

2.4. Simulation study

In order to demonstrate the performance of the different sta-
tistical methods, we have also conducted a simulation study. We
consider two equally-sized groups of patients (treatment and



G.Z. Heller et al. / Scandinavian Journal of Pain 13 (2016) 67-75 71
(a) (b) (c)
:

& !
£ i
© none mild moderate severe :un- i
o o H
g bear- H
B able| |
° i
’

0 . Cq C2 C3 €4 10 | 0 C4 Cx C3 C4 C5 Cg C7 Cg Cg 10 | 0 10

no pain VAS worst pain  no pain VAS worst pain  no pain VAS worst pain

imaginable imaginable imaginable

Fig. 4. Relationship between pain and VAS score.

control groups), as well as a continuous covariate, which may
be a demographic variable such as age or body mass index, or a
clinical biomarker such as C-reactive protein. We assume a benefi-
cial treatment effect, varying from “small” to “large”. Under these
assumptions, we randomly simulate VAS readings for patients,
and repeat the procedure 1000 times for each combination of
assumptions. For each random sample generated, we estimate the
treatment effect using: the Wilcoxon rank sum test (equivalent
to the Mann-Whitney test); the (unpaired) t-test; normal linear
regression; and continuous ordinal regression. We compare these
four methods by computing the power of the tests, i.e. the per-
centage of times that the null hypothesis of no treatment effect is
rejected. When the treatment effect is small, we expect power to
be quite low, increasing steadily as the treatment effect increases.
We have chosen the following scenarios for our simulations:

2.4.1. Scenario 1

The control group has a high level of pain (mean VAS 7.9), as
in Fig. 3(c). We consider eight different assumptions for the mean
VAS of the treatment group: 7.9 (no treatment effect); 7.5; 7.0; 6.6;
6.0; 5.5; 5.0; and 4.5 (strong treatment effect). In this case, where
the VAS scores are highly skewed, it is well known that the use
of t-tests, linear regression and other normal distribution-based
methods is suboptimal and that an appropriate transformation
should be applied to the response variable in order to achieve nor-
mality. However, our PubMed review revealed that, in the VAS
literature, normal distribution-based methods are in the major-
ity of cases being used without transformation or even testing for
normality. Our intention with the simulation is to reflect current
practice, and we therefore have not transformed the simulated
response before applying the t-test and linear regression. If data
are transformed to normality, that puts us in Scenario 2, described
in the next paragraph.

2.4.2. Scenario 2

In this scenario the control group has a moderate level of pain
(mean VAS 5.0), as in Fig. 3(b). We consider eight different assump-
tions for the mean VAS of the treatment group: 5.0 (no treatment
effect); 4.5; 3.9; 3.4; 3.0; 2.5; 2.1; and 1.8 (strong treatment effect).

We also consider two alternatives within each of these scenar-
ios:

Scenarios 1a and 2a. There is no covariate affecting VAS.

Scenarios 1b and 2b. There is a covariate affecting VAS, which is
balanced across the two groups, and the covariate effect is unre-
lated to the treatment effect. An example of this in the pain context
is the situation in which age is the covariate and

e older people experience more pain;

¢ the treatment benefit is the same for all ages; and
e the treatment and control groups are not significantly different
with respect to age.

Sample sizes of 25 and 50 patients in each group were simulated.
We also simulated unbalanced group sample sizes, and found very
similar results, so have not reported these.

3. Results
3.1. Laser therapy for chronic knee pain study

Fig. 5 shows the distribution and ladder plot of VAS scores at
these two time points, which demonstrate a marked improvement
in pain after treatment. Fig. 6 is a scatterplot of VAS scores against
patient age, with time (baseline/after treatment) indicated. There
appears to be a positive relationship of VAS with age, with older
patients reporting higher levels of pain.

As these are before-after measurements, a paired analysis is
appropriate. Ref. [26] reported a significant improvement in pain
after treatment (p <0.001), based on the Wilcoxon signed rank test.
This analysis is correct but not optimal, as it does not adjust for
patient age. If age were incorporated into the analysis this would
answer the question as to whether laser therapy is more effective in
older patients, important because drug side effects for osteoarthri-
tis cause significantly more problems in an older population. The
inclusion of a continuous covariate may be accomplished using the
continuous ordinal regression model, without categorization of the
VAS scores. The repeated-measures nature of the data is modelled
by using a random effect for patient. Using the ordinalCont package
in R, a significant improvement in VAS is found (p<0.001), with
patient age a significant covariate (p=0.009) and sex (p=0.817)
and an age-treatment interaction (p=0.493) both not significant.
The unadjusted effect size is 4.38 (95% Cl: 2.93-5.82); and the
effect size adjusted for age is 5.17 (95% CI: 3.61-6.73). This shows
that (1) a lowering of VAS after treatment has been demonstrated,
unadjusted and after adjusting for patient age; (2) older patients
reported worse pain; (3) the lowering of VAS was the same across
the age range; and (4) there was no gender effect on the lowering of
VAS. Note that, because there was no control group in this study,
the observed effect of the lowering of VAS cannot be attributed
to the treatment, even though it is statistically significant.

3.2. Simulation study

The results of the simulation study are shown in Figs. 7 and 8.
We interpret these as follows:
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Fig. 6. Scatterplot of VAS against patient age, Nakamura study [26].

No covariates (1a, 2a): When the base level of pain is moderate
and the distribution of VAS is therefore not highly skewed (2a), the
four statistical tests have indistinguishable power. When the base
level of pain is high (i.e. VAS has a highly skewed distribution, 1a),
continuous ordinal regression and the Wilcoxon test have indistin-
guishable power, which is superior to that of linear regression and
the t-test (which are in fact the same test in this case).

Recommendation: If there are no covariates affecting VAS (or
none that are available), use the Wilcoxon (or other appropriate
distribution-free) test.

Covariates (1b, 2b): In all cases continuous ordinal regression
has superior power. When the distribution of VAS is not highly
skewed (2b), linear regression has power only slightly lower than
that of continuous ordinal regression; however, in the case of
highly skewed VAS (1b), the power advantage of continuous ordi-
nal regression is more marked, particularly for smaller sample size.
Note that the Wilcoxon and t-test are not regression methods, i.e.
they do not incorporate covariates. These results show the loss of

power by these two tests when a significant covariate is omitted
from an analysis.

Recommendation: When there are significant covariates, contin-
uous ordinal regression has superior power and is the method of
choice. However, if the distribution of VAS is not highly skewed,
linear regression (and its variants) is a pragmatic alternative. The
Wilcoxon and t-test have inferior power and should not be consid-
ered.

4. Discussion

The aim of this paper is to present a comprehensive approach to
the statistical analysis of VAS scores in a research setting, to more
accurately reflect potential differences in treatment outcomes com-
pared with placebo or other treatments. Measuring the subjective
experience of pain is a continuing challenge in pain medicine. It is
one of the original six core outcome domains proposed by Dworkin
et al., which should be considered when designing clinical trials
of chronic pain [27]. Reflecting the continuing developments in
pain medicine assessment, these core domains have now increased
to nine and will continue to be refined by future research [28].
In most clinical trials a measure of change in self-reported pain
intensity will provide the primary outcome measure and is the
“gold standard” for measurement according to Dworkin et al. [27].
A variety of measurement tools have been developed from unidi-
mensional rating scales to complex questionnaires, each with its
specific strengths and limitations. The aim of the researcher is to
capture as accurately as possible a measure of the intangible, to
make appropriate clinical assessments which guide the decision-
making process and evidence based practice. The aim for the patient
is to convey to the doctor or nurse who is delivering pain relief an
accurate reflection of his or her experience of pain so that analgesia
commensurate with pain intensity can be administered.

Defined by the IASP as an emotional experience pain, like plea-
sure or happiness, is an intangible variable which cannot be directly
measured, unlike other physiological measures such as blood pres-
sure or heart rate. Technological developments using functional
magnetic imaging of the brain demonstrate activation of several
cortical regions in response to nociceptive stimuli but as yet such
techniques have not translated to an objective measure of what
a patient experiences as “pain”. This remains within the realm of
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Fig. 7. Power (percentage of times treatment effect was detected) of the four statistical tests, under scenarios 1a and 1b, and sample sizes 25 and 50 per group.

research. At the other end of the technological spectrum, VAS in
spite of its limitations is a validated primary outcome measure for
pain intensity. It is widely and increasingly used both as a research
tool and pragmatically in daily clinical practice. Not only must the
VAS accurately reflect pain intensity for a patient on any single
occasion such as in the management of acute post-operative pain or
labour pain, but it must also be consistent over repeated measures
for management of chronic pain, in research settings and guiding
development of evidence based practice.

The question we address in this paper is what is the most
appropriate statistical method for VAS analysis and under what
conditions. As we have demonstrated, this question has been the
subject of debate by other authors. However we provide evidence
by way of our simulated data analysis that continuous ordinal
regression has important advantages over commonly used meth-
ods, especially where there are significant covariates and highly
skewed VAS scores. Moreover, continuous ordinal regression for

small sample sizes has greater power than more traditional meth-
ods. This means that fewer participants are required to achieve
a desired level of power, always an advantage in clinical tri-
als. This is a particular advantage where conditions are rare or
treatment is expensive or difficult to administer. The method is
accessible to researchers, in the R statistical package “ordinalCont”
[25]. In addition to standard continuous ordinal regression mod-
elling, ordinalCont also includes sophisticated features such as
varying coefficients [29] for the situation in which proportional-
ity, an assumption of ordinal regression models, is not present, and
smoothing functions for covariates [30].

It is unquestionable that reliable data underpin evidence-based
decisions and that appropriate statistical methods should be used
[31]. The statistical approach we present here has important
implications for patients, researchers and health costs. Prescrib-
ing of opioids, for example, with all the attendant problems is an
area of great clinical concern where VAS scores directly influence



74

G.Z. Heller et al. / Scandinavian Journal of Pain 13 (2016) 67-75

No covariates

Scenario 2a, n = 25 in each group

80

60

25

n
40

o
Q -
—— continuous ordinal regression
Wilcoxon )
linear regression ™~
Ol j=f =S=eE t-test
T T T T T T T
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 0.0
large tx no tx
effect Simulated mean difference in VAS effect
Scenario 2a, n = 50 in each group
o
S ——
8 \
\
\
\
o . 81
w0 ¢
@
1
S
-
o
N
— continuous ordinal regression
Wilcoxon N
linear regression N
5 EEEER t-test
T T T T T T T
-3.0 2.5 -2.0 -1.5 -1.0 -0.5 0.0
large tx no tx
effect Simulated mean difference in VAS effect

One covariate

Scenario 2b, n = 25 in each group

o
8 4
o _|
©
(=3
©
E
o
[
o |
<+
o |
o~
—— continuous ordinal regression
Wilcoxon
linear regression g e
S t-test T
T T T T T T T
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 0.0
large tx no tx
effect Simulated mean difference in VAS effect
Scenario 2b, n = 50 in each group
o
S -
o _|
«©
o |
©
g
(=]
a
o |
<
o |
o~
— continuous ordinal regression
------- Wilcoxon g,
linear regression h
o - t-test
T T T T T T T
-3.0 -2.5 -2.0 -1.5 -1.0 -0.5 0.0
large tx no tx
effect Simulated mean difference in VAS effect

Fig. 8. Power (percentage of times treatment effect was detected) of the four statistical tests, under scenarios 2a and 2b, and sample sizes 25 and 50 per group.

prescribing patterns [32]. Indeed this reinforces the ethical require-
ment to ensure that appropriate methods are used for data analysis
to provide the best available evidence for effective clinical decision-
making [33].
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