RESEARCH METHODS AND REPORTING

OPEN ACCESS

‘ '.) Check for updates ’

!Evidence-based Practice
Center, Mayo Clinic, Rochester,
MN 55902, USA

“Division of Biostatistics,
University of Minnesota,
Minneapolis, MN 55455, USA
®Department of Statistics,
Florida State University,
Tallahassee, FL 32306, USA
Correspondence to: M H Murad
murad.mohammad@mayo.edu
Cite this as: BM/ 2019;364:k4817
http://dx.doi.org/10.1136/bmjk4817

Accepted: 23 October 2018

When continuous outcomes are measured using different scales:
guide for meta-analysis and interpretation

Mohammad Hassan Murad,' Zhen Wang,* Haitao Chu,” Lifeng Lin’

It is common to measure continuous
outcomes using different scales (eg,
quality of life, severity of anxiety or
depression), therefore these outcomes
need to be standardized before
pooling in a meta-analysis. Common
methods of standardization include
using the standardized mean
difference, the odds ratio derived from
continuous data, the minimally
important difference, and the ratio of
means. Other ways of making data
more meaningful to end users include
transforming standardized effects back
to original scales and transforming
odds ratios to absolute effects using an
assumed baseline risk. For these
methods to be valid, the scales or
instruments being combined across
studies need to have assessed the
same or a similar construct

Clinical scenario

A child and her parent present to the clinic to discuss
anxiety symptoms that the child has had for over a
year. The therapist talks with the parent and child
about the possibility of starting a selective serotonin
reuptake inhibitor (SSRI). A systematic review
comparing SSRIs with placebo has shown that SSRIs
reduce anxiety symptoms by a standardized mean
difference (SMD) of -0.65 (95% confidence interval
-1.10 to —-0.21).} > The therapist finds these results
difficult to interpret and not easy to explain to the
parent and child.

SUMMARY POINTS

e When an outcome is measured using several scales (eg, quality of life or
severity of anxiety or depression), it requires standardization to be pooled in a

meta-analysis

e Common methods of standardization include using the standardized mean
difference, converting continuous data to binary relative and absolute
association measures, the minimally important difference, the ratio of means,
and transforming standardized effects back to original scales

e The underlying assumption in all these methods is that the different scales
measure the same construct
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The problem

Outcomes of importance to patients such as quality
of life and severity of anxiety or depression are often
measured using different scales. These scales can have
different signaling questions, units, or direction. For
example, when comparing the effect of two cancer
treatments on quality of life, trials can present their
results using the short form health survey 36, the short
form health survey 12, the European quality of life five
dimensions, or others. Trials may also present their
results as binary outcomes (proportion of patients who
had improved quality of life in each trial arm). Decision
makers need to know the best estimate of the impact of
interventions on quality of life. The best estimate for
decision makers is usually the pooled estimate (that is,
from a meta-analysis), which has the highest precision
(narrower confidence intervals).

Pooling outcomes across studies is challenging
because they are measured using different scales.
Pooling the results of each scale independently is
undesirable because it does not allow all the available
evidence to be included and can lead to imprecise
estimates (only a few studies would be included in
each analysis, leading to an overall small sample size
and wide confidence intervals). As long as the different
scales represent the same construct (eg, severity of
anxiety), pooling outcomes across studies is needed.

In this guide, we describe several approaches for
meta-analyzing outcomes measured using multiple
scales. The methods used can be applied before the
meta-analysis (to individual study estimates that
are then meta-analyzed), after the meta-analysis
and generation of the SMD, or they can be based on
individual trial summary statistics and established
minimally important differences (MIDs) for all
instruments.> We present a simplified approach
focused on the general concepts of the SMD, the ratio
of means (ROM), the MID, and conversion to relative
and absolute binary measures.

For each approach, we describe the method used
and the associated assumptions (fig 1). We apply
these methods to a dataset of five randomized trials
comparing SSRIs with placebo (table 1). These trials
used different anxiety scales and one trial presented
its results as a binary outcome. We use this dataset
to show the common approaches described in this
guide and how the clinical scenario was addressed by
providing an interpretation (a narrative) to convey the
results to end users such as clinicians and patients.

SMD

A common approach for combining outcomes from
studies that used different scales is to standardize
the outcomes (that is, express outcomes in multiples
of standard deviations), which makes the outcomes
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Expressing the difference in means using minimally important difference units

Effect size in MID units = ——
1ze | I

Expressing the results as ratio of means

ROM = —-

Meta-analysis is done using a log scale

Calculating risk difference (also called absolute risk reduction) from odds ratiot
ORx CER

Risk difference = CER— ——————
1—-CER+ORx CER

The upper and lower boundaries of the OR can be translated using the same equation to produce
the upper and lower boundaries for the risk difference

OR = odds ratio; d = standardized mean difference; X= mean of each group; n=sample size in
each group; S= standard deviation in each group; SE = standard error; S,= pooled standard
deviation from the two groups; SE4= standard error of Cohen’s d; g=Hedges’ g /= bias
correction factor for small sample size; SEg= standard error of Hedges’ g MD = mean difference,
MID = minimally important difference of a scale; ROM = ratio of means; CER = control event rate
(that is, baseline risk); SMD = standardized mean difference

*Assumptions of converting SMD to OR: the two groups being compared follow normal
distributions with population means pp and 1, and equal variance o 2 for continuous outcomes.
The normal distribution can be approximated by the logistic distribution with the same means
and the same variance

1 The equation of risk difference can be written in reverse (multiplied by —1)

Fig 1 | Calculations for the different methods used to standardize outcomes measured

using different scales

unitless (or have the same unit, the standard deviation).
This approach consists of dividing the mean difference
between the intervention and control in each study
by the study’s pooled standard deviation of the two
groups, which allows the studies to be combined and
a pooled SMD to be generated. The SMD is justified
based on one of the following two arguments. Firstly,
outcome measures across studies may be interpreted
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as linear transformations of each other. Secondly, the
SMD may be considered to be the difference between
two distributions of distinct clusters of scores, even if
these distributions did not measure exactly the same
outcomes.* Therefore, for the standard deviation to
be used as a scaling factor, between-study variation
in standard deviations is assumed to only reflect
differences in measurement scales and not differences
in the reliability of outcome measures or variability
among study populations.” However, this assumption
cannot always be met. For example, when a meta-
analysis includes pragmatic and explanatory trials,
pragmatic trials are expected to have more variation in
the study population and higher standard deviations.?

Figure 1 shows two commonly used methods to
derive the SMD: Cohen’s d and Hedges’ g. Hedges’ g
includes a correction for small sample size.® Small
sample size can lead to biased overestimation of the
SMD.* The SMD method can be complemented by three
additional approaches.

Provide a judgment about size of effect
Meta-analysts can provide end users with the
commonly used arbitrary cut-off points for the
magnitude of a standardized effect. SMD cut-off points
of 0.20, 0.50, and 0.80 can be considered to represent
a small, moderate, and large effect, respectively.”

Transform SMD to odds ratio

Continuous outcome measures such as the SMD can be
converted to odds ratios. Although several approaches
are available, the most commonly used method is to
multiply the SMD by nt/v3 (about 1.81) to produce the
natural logarithm of the odds ratio.® ° This conversion
from the SMD to the odds ratio can be performed by
some statistical software packages.” The main advantage
of this approach is the ability to combine studies that
present the outcome in a binary fashion (that is, number
of responders) with studies that present the results on a
continuous scale. Figure 1 presents the assumptions and
an explanation for this approach.

Interpretation of this odds ratio is challenging.
The Cochrane Handbook for Systematic Reviews of
Interventions® implies that the odds ratio refers to an
improvement by some unspecified amount. Based
on the characteristics of logistic distribution, which
indicate that the calculated odds ratio is invariant to the
cut-off point (fig 1), we propose that this odds ratio can
be interpreted as follows: the ratio of the odds of patients
with a measure higher than any specific cut-off point to
those with a lower measure. Therefore, this odds ratio
applies to any cut-off point of the continuous data. The
cut-off point defining the magnitude of improvement
on the various anxiety scales can be determined by
practitioners to represent a meaningful change.

Back transform SMD to an original scale

SMDs can be made more clinically relevant by
translating them back to scales with which clinicians
are more familiar. This rescaling is done by simply
multiplying the SMD generated from the meta-analysis

doi: 10.1136/bmj.k4817 | BMJ 2019;364:k4817 | thebmj
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Table 1 | Data from five trials evaluating SSRIs for childhood anxiety (fictitious)

SSRIs Placebo

Trial Sample size  Mean (SD) Sample size Mean (SD) Scale
Trials presenting results as continuous outcomes:

Trial 1 100 8 (4) 100 12(3) Pediatric anxiety rating scale

Trial 2 250 7.503) 250 11(2) Pediatric anxiety rating scale

Trial 3 200 20 (15) 200 35 (15) Screen for child anxiety related emotional disorders

Trial 4 150 21(11) 150 31(12) Screen for child anxiety related emotional disorders
Trial presenting results as binary outcomes:

Trial 5 300 150* 300 100* No scale data

SSRI=selective serotonin reuptake inhibitor.

*Number who improved.

by the standard deviation of the specific scale. The
results are then given in the natural units of a scale,
which allows a more intuitive interpretation by end
users. The standard deviation used here is the pooled
standard deviation of baseline scores in one of the
included trials (the largest or most representative) or
the average value from several of the trials, or from a
more representative observational study.’

It is also possible to perform this rescaling on the
results of each individual trial before conducting
the meta-analysis; the meta-analysis can then be
performed using the transformed values.?

Box 1 shows the SMD based methods applied to the
example of anxiety in children.

MID
The MID is defined as “the smallest difference
in score in the outcome of interest that informed

patients or informed proxies perceive as important,
either beneficial or harmful, and which would lead
the patient or clinician to consider a change in the
management.”’® Meta-analysts might consider
expressing the outcomes of each study using MID units
and then pooling the results (which now have the same
unit, the MID) in the meta-analysis. Figure 1 shows the
formula for this expression.

One advantage of the MID approach is to reduce
heterogeneity (often a lower I value, which is the
proportion of heterogeneity not attributable to
chance'). Such heterogeneity observed with the SMD
approach would have been caused by variability in
the standard deviation across studies.'> A second
advantage is that a more intuitive interpretation can
be made by clinicians and patients.'? This approach
requires the availability of published MID values for the
scales used in the various studies. MIDs are determined

Box 1| Standardized mean difference (SMD) based methods applied to the example of selective serotonin

reuptake inhibitors (SSRIs) for anxiety in children*

SMD

Method: the first four trials in table 1 provide the mean, standard deviation, and sample size for each study arm;
however, the trials used two different scales. Data from each trial are standardized by dividing the difference in means
by the pooled standard deviation (pooled from the intervention and control groups). The odds ratio from the fifth trial

is 2.00 (95% confidence interval 1.44 to 2.78) by using the equation In(odds ratio)=mn/v3(fig 1) and multiplying by -1
(because the odds ratio is forimprovement whereas the scales measure anxiety symptoms, and a higher score suggests
worsening of symptoms). This odds ratio is converted to an SMD of —0.38 (95% confidence interval —0.56 to —0.20).
SMDs of all five trials were pooled in a random effects meta-analysis to give a final SMD of —-0.97 (95% confidence

interval -1.34 t0 -0.59)
Interpretation:

e Compared with no treatment, SSRIs reduce anxiety symptoms by 0.97 standard deviations of anxiety scales
e Compared with no treatment, the reduction in anxiety symptoms associated with SSRIs is consistent with a large effect

Odds ratio derived from SMD

Method: this pooled SMD of the five trials can also be expressed as an odds ratio using the equation In(odds
ratio)=m/V3(fig 1); that is, an odds ratio of 5.75 (95% confidence interval 2.90 to 11.35)

Interpretation: the odds ofimprovement in anxiety symptoms after taking SSRIs are approximately sixtimes higher

compared with not taking SSRIs

Transformation to natural units

Method: the SMD can be transformed back to the natural units of the Pediatric Anxiety Rating Scale by multiplying it

by the pooled standard deviation (pooled from the intervention and control groups in a trial that used this scale). This
standard deviation can be obtained from the largest trial or as an average of the pooled standard deviations of the two
trials, which here is 2.91. This multiplication gives a mean reduction of -2.81 (95% confidence interval -3.90 to -1.71)
Interpretation: compared with no treatment, SSRIs reduce anxiety symptoms by approximately three points on the

Pediatric Anxiety Rating Scale

*All analyses use the DerSimonian-Laird random effect model (presuming that the assumptions of this model are met). For simplicity, the end-of-trial means
in the two groups are compared (rather than comparing the change in means in the two groups).

thelbmj | BMJ2019;364:k4817 | doi: 10.1136/bmj.k4817
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Box 2 | Minimally important difference (MID) method applied to the example of selective serotonin reuptake

inhibitors (SSRIs) for anxiety in children*

Method: assuming that the smallest change a patient can feel on the Pediatric Anxiety Rating Scale and on the Screen
for Child Anxiety Related Emotional Disorders is 5 and 10 points, respectively, the mean difference in each study is
divided by the corresponding MID to obtain the difference between the two groups in MID units. The standard error of
the difference in MID units is then calculated (fig 1). The differences in MID units from each study are meta-analyzed
using the random effects model to give a difference of -0.98 (95% confidence interval —=1.27 to —0.69)

Interpretation: compared with no treatment, the reduction in anxiety symptoms associated with SSRI use is 0.98 of the

minimal amount of improvement that a patient can feel

*All analyses use the DerSimonian-Laird random effect model (presuming that the assumptions of this model are met). For simplicity, the end-of-trial means
in the two groups are compared (rather than comparing the change in means in the two groups).

using either anchor based methods (correlating the
scale with other measures or clinical classifications that
are independent and well established) or distribution
based methods (MID is based either on variation
between or within individuals, or the standard error of
measurement).’®> The MID is estimated to range from
0.20 to 0.50 standard deviations.?

Box 2 shows the MID based method applied to the
example of anxiety in children.

ROM

Another simple and potentially attractive way to
present the results of continuous outcomes is as a ROM,
also called a response ratio in ecological research.!*
When the means of the first group are divided by the
mean of the second group, the resulting percentage
is theoretically unitless. This percentage is easy to
understand and can be combined across studies that
have used different outcome instruments. Pooling is
done on the log scale.' Figure 1 shows the formula for
this expression.

The ROM can also be imputed directly from
the pooled SMD by using the simple equation
In(ROM)=0.392xSMD. This equation was derived
empirically from 232 meta-analyses using linear
regression between the two measures (however, the
coefficient of determination of that model was only
R?*-0.62).'® The ROM is less frequently used in meta-
analyses in medicine.

Box 3 shows the ROM based method applied to the
example of anxiety in children.

Conversion to binary relative and absolute measures

Various methods are available to convert continuous
outcomes to probabilities, relative risks, risk
differences, and odds ratios of treatment response

and number needed to treat.> *’ For clinical decision
making and guideline development, trade-offs of the
desirable and undesirable effects of the intervention
are facilitated by such conversion.'® '’

We have described a common method for this
conversion (multiplying the SMD by 1/v3). This odds
ratio can be converted to a risk difference (also called
absolute risk reduction) or number needed to treat.
Figure 1 shows the calculation for this conversion.
The number needed to treat is the inverse of the risk
difference. Other methods are available to convert SMD
directly to risk difference and number needed to treat.> '’

Decision makers need to specify the source
of the baseline risk, which can be derived from
well conducted observational studies that enroll
individuals similar to the target population. A less
desirable but easy option is to obtain this baseline
risk from the control arms of the trials included in
the same meta-analysis (as a mean or median risk
across trials). Another option is to derive the baseline
risk from a risk prediction model, if available.?
Multiple baseline risks can be presented to decision
makers so that different recommendations can be
made for different populations. Software from the
GRADE (grading of recommendations, assessment,
development, and evaluation) Working Group
(GRADEPro, McMasters University, Hamilton, Ontario,
Canada) enables different absolute effects to be
calculated and presented to help decision makers.**

Box 4 shows how the absolute effect is generated for
the example of anxiety in children.

Discussion

Continuous outcomes such as quality of life scores,
arthritis activity, and severity of anxiety or depression
are important to patients and critical for making

Box 3 | Ratio of means (ROM) method applied to the example of selective serotonin reuptake inhibitors (SSRIs)

for anxiety in children*

Method: in each study, the mean of anxiety symptoms in the group that received SSRIs is divided by the mean in the
placebo group, giving a ROM. The standard error of the ROM is then calculated (fig 1). The natural logarithms of ROMs
from each study are meta-analyzed using the random effects model and then exponentiated to give a pooled ROM of

0.66 (95% confidence interval 0.61 t0 0.70)

Interpretation: the average scores on anxiety symptom scales for patients who used SSRIs are 66% of the average
symptom scores for patients who did not use SSRIs (thus better)

*All analyses use the DerSimonian-Laird random effect model (presuming that the assumptions of this model are met). For simplicity, the end-of trial-means
in the two groups are compared (rather than comparing the change in means in the two groups).

doi: 10.1136/bmj.k4817 | BMJ 2019;364:k4817 | thebmj
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Box 4 | Absolute effect generation
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Method: the odds ratio derived from the standardized mean difference in previous steps was used as the relative effect
of selective serotonin reuptake inhibitors (SSRIs) (other ways to derive the odds ratio can also be used). A baseline

risk (here, the likelihood of symptom improvement without SSRIs) is obtained from the placebo arm of the fifth trial:
100/300=0.33 (this baseline risk can also be derived from a better source that shows the clinical course of anxiety in
children without treatment). By using the odds ratio and the baseline risk (fig 1), the resultant risk difference is 0.41

Interpretation: in 100 patients with anxiety who do not receive treatment, 33 willimprove. However, when 100 patients
with anxiety receive SSRIs, 74 will improve (difference of 41 attributable to treatment with SSRIs).

treatment choices. Meta-analysis of these outcomes
provides more precise estimates for decision making
but is challenged when individual studies use multiple
instruments with different scales and units. Several
methods are available to deal with this issue and
include using the SMD, back transformation of the
SMD to natural units, converting the SMD to an odds
ratio, using MID units, using the ROM, or converting
continuous outcomes to absolute effects using a
baseline risk appropriate for the target population.

Each of these methods has statistical or conceptual
limitations. The SMD is often associated with
heterogeneity because of variation in the standard
deviations across trials and has also been reported to
be biased towards the null.'? #* The variance of the
SMD, which impacts meta-analysis weights, is not
independent of the magnitude of the SMD, as can be
seen in the equation shown in figure 1. Larger SMDs
tend to have larger variances and thus lower weights
in inverse variance weighted meta-analysis, which may
be another limitation.'? 2> %3

By using the MID, some of these statistical challenges
may be reduced; however, the MID is not always
known for many scales. When the SMD is converted
to an odds ratio, empirical evaluation shows that at
least four of five available methods have performed
well and were consistent with each other (intraclass
correlation coefficients were =0.90).17 Nevertheless,
the assumptions of these methods vary and may
not always be met. When the effect size is extreme,
the conversion to an odds ratio may be poor. Some
conversion methods can be considered exact methods
using the normal distribution, which makes the
resultant odds ratio dependent on the cut-off point!’
and further complicates intuitive interpretation.

When results are converted to natural units (to the
scale most familiar to end users), linear transformation
may not be valid when the instruments have different
measurement scales.’> Although the ROM has
reasonable statistical properties,?? its assumptions
are not always met (such as having outcome measures
with natural units and natural zero values).* The ROM
cannot be used with change data, which can have a
negative value.? The ROM is also criticized for having a
multiplicative nature, which is appealing for clinicians
and patients because treatments are often discussed
in these terms, but this interpretation may not be
appropriate.”* The limitation of having different ROMs
calculated in studies with similar absolute change is
shared with other relative association measures (such
as odds ratio and relative risk). Although methods

thelbmj | BMJ2019;364:k4817 | doi: 10.1136/bmj.k4817

for establishing certainty in baseline risk have been
proposed, they have not been widely used.?

Not all of the described methods have been
implemented in the commonly used meta-analysis
software packages and may require statistical coding.
It is important to reiterate that for any of these methods
to be valid, the scales or instruments being combined
across studies need to have assessed the same or a
similar construct.
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