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ABSTRACT
Background: Many Patient-reported outcomes (PROs) use multi-item rating scales consisting of K-point Likert
items where K is a positive integer taking values 3, 4, 5,...... and so on. However, measurement properties of PROs

vary due to different features of the scales and analysis of ordinal data without checking satisfaction of the
assumptions of such analysis.

Objectives: To review limitations of scoring of PROs with different number of items and different number of
response categories and to provide an assumption-free method for converting raw item-score to continuous,
monotonic, and equidistant score in the score range 1 to 100, following normal distribution.

Method: Converting item-score to equidistant score (E) using different weights to response categories of different
items — standardizing E-scores to Z-scores ~N(0,1) — converting Z-scores to proposed scores (P_i) in the range 1
to 100. Scale scores as sum of P_i's follows normal distribution.

Results: P-scores facilitate inferences like estimation and testing of statistical hypothesis on equality of population
parameters either for longitudinal or snap-shot data, assessment of progress/deterioration by a patient or a group of
patients. Equivalent score combinations (x_(0,) y_0) to integrate two PROs were found. Assumption-free methods
described to obtain discriminating values as coefficient of variation and elasticity for better measure of
responsiveness.

Discussions: The proposed method resolves ordinal-interval controversy and issues relating to scale length and
scale width.

Conclusion: The paper contributes to improve scoring of PRO instruments avoiding limitations of ordinal scores
and facilitating analysis under parametric set up for meaningful comparisons.

KEYWORDS: Patient-reported Outcome Scale; Linear transformation; Normal distribution; Ability to detect
changes; Elasticity

INTRODUCTION

Large number of patient-reported outcome (PRO)
instruments are there in the form of multi-item rating
scales consisting of K-point Likert items are being used in
medical studies where K is a positive integer taking values
3,4,5,...... and so on. The term PROs is increasingly
being used as synonymous with "patient reported outcome
measures” (PROMs). PROs are used to measure various
concepts like clinical conditions (e.g. disease severity,
health-status, quality of life, quality and intensity of
pain), psychological behaviors (e.g. depression, anxiety,

stress), dietary behaviors, preferences, attitudes, beliefs
etc. as the primary end points of clinical trials in health
research and guide patient care . Dynamics of changes in
patients” symptoms and functional abilities including
effect of treatment can be assessed by suitably designed
PROs . However, measurement properties of PROs vary
due to different features of the scales and analysis of
ordinal data without checking satisfaction of the
assumptions of such analysis. Scale-length (i.e. number of
items) and scale-width (i.e. number of response categories)
can influence the results ©!. Consensus is yet to be reached
on optimal rating scale format. Increase in number of
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response categories resulted in increase of Cronbach alpha
and factorial validity . Typology of PROs have been
criticized by researchers like & @ etc.

The issue of treating Likert scores as ordinal or interval
and the associated statistical analysis has been debated
extensively 1 8 Without giving empirical support, "
opined that the top 10 myths about “Likert scales” are
wrong. ! attempted to resolve the controversy of ordinal
and interval levels of measurements by Likert scales.
Verification and assessment of measurement properties of
a PRO-instrument was suggested ™.

Typical analysis of data emerging from PRO using Likert
scales starts with descriptive statistics showing mean,
standard deviation (SD) etc. But, addition is not
meaningful for ordinal data since Likert scores fail to
satisfy  equidistant  property. Non-admissibility — of
meaningful addition implies mean, SD, coefficient of
variation (CV), correlation, regression, Principal
Component Analysis (PCA), Factor analysis (FA),
Structural Equation Modeling (SEM), estimation of
population parameters and testing of statistical hypothesis
using t-statistics, F-statistics, etc. may go wrong M.

Major shortcomings of summative Likert scores are:

- Addition is not meaningful with ordinal Likert
scores [,

- Do not satisfy equidistant property

- Respondents do not perceive the levels as
equidistant ™. Scale points may mean different

things to different subjects responding the scale
14]

[11]

- Equal importance to the items for summative score
is not justified since items  have different
contributions to total score, different reliabilities as
item-total correlations, different factor loadings,
etc. %%,

- Often result in tied scores as different individuals
may get same scale-score by different pattern of
responses to the items. Thus, the scale cannot
discriminate the individuals with same scale score.

- Unknown and different distributions of item scores.
Score of 50 in scale X with 20 number 5-point
items is average but the same score in scale Y with
10 items, each in 5-point format is the maximum
possible score. Interpretation of X + Y and further
operations on X + Y are problematic when X and

Y follow two different distributions, that too
unknown.

- A questionnaire may have several scales (battery of
Likert scales) where the scales differ in terms of
number of items and number of response
categories. Here, joint distribution of scale scores is
problematic without knowledge of distributions of
scale scores.

- Likert scores are often skewed and do not satisfy
assumptions of statistical analysis undertaken with
such data.

The paper aims at providing an assumption-free method of
converting raw score of a Likert item to continuous,
monotonic, and equidistant score in the score range 1 to
100, following normal distribution. Such transformed
scores will serve as evaluative measures to detect changes,
classifying individuals or predicting an outcome, and
facilitating the following:

- Analysis under parametric set up including
estimation of parameters of the distributions of
item scores, scale scores and battery scores and
testing statistical hypothesis across samples and
time.

- Assessment of progress or deterioration over time
for an individual and also for a group of
individuals and drawing of progress-paths.

- ldentification of critical areas contributing to
deterioration in successive time periods.

Literature survey

Differential item functioning (DIF) of a Likert-item
depends on several factors including scale length and scale
width, frequencies of each level. Need to consider
response categories along with format of the questionnaire
were suggested [® Transformation of item-score to
consider response pattern of response categories.

There is no consensus on rating scale format. K-point
scales used in PROs differ in terms of values of K. Use of
many response categories was suggested by ™" instead of
using “Yes -No” type items. [ found that accuracy of a
diagnostic scale increases with increase in number of
response categories. [ 2! suggested use of 11-point
items so that summative scores is closure to continuous
measurement with reduced skewness and kurtosis. But, -
221 suggested respectively 4-point and 5-point items. %
converted the Likert items of SF — 36 to binary format so
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that all 36-items are in same format. There is no optimal
number of response categories 4.

Normal distribution is the common assumption of analysis
like AVOVA, regression, estimation and testing of
population mean etc.?. Without considering experiment
design behind the data,? proposed a method of assigning
numerical scores for the response categories and claimed
that such scoring is suitable for analysis requiring
assumption of normality. However, empirical investigation
by 1 showed that distribution of data transformed by
Snell’s method was not normal.

Satisfaction of assumptions of statistical analysis
undertaken with Likert data is often ignored. For example,
if two variables X and Y are highly correlated (high
Txy) then linearity between X and Y is presumed and linear
regression (OLS) of the form Y = a + X + € is fitted.
However, 1y, may be high even if Y=Ff(X) where f is non-
linear. For X=1, 2, 3, ....., 30, 7y 2= 0.97; 74 y3 = 0.92;

T = 0.92 despite each of X2 X3, log%, is non-

X,logfy
linearly related with X. Clearly, linearity implies high
correlation but not the converse. Linearity between X and
Y can be tested by checking assumptions of OLS viz.
normality of error score E = (Y — ¥) by say Anderson —
Darling test; or testing the hypothesis H,: SZ2 = 0 where S2
denotes variance of error scores and is computed by

S§=%Z(Yi—}7i)2 for n- observations and test of

Homoscedasticity reflecting that the residuals are equally
distributed. Hawkin’s test ! is a test of homoscedasticity
as well as multivariate normality. Error score of Y = a +
BX +¢€ forY = X2 or X3 or log{,, did not follow normal
distribution indicating violation of assumption of OLS.
This is an example to show how violations of assumptions
of the techniques used to analyze data may mislead the
results. Violation of assumption of interval-level
measurement of FA with Likert-item scores may increase
the number of independent dimensions ?%. Reduction of
score range of X or Y can reduce value of ry,. For

X

-1
example, if 0 <X <39 and Y = L 2% then Ty =
21

=
0.93. But, if—3.9 < X < 3.9,y = 0.00036. This shows

that truncated values of either X or Y can influence
correlation significantly. Thus, the sample should have
adequate representation of the response categories and
each socio-economic-demographic characteristic.

One assumption of Cronbach alpha is that each item
measures the single latent trait on the same scale. Likert

scale involving multiple factors violates the assumption
and test reliability is underestimated F%. Moreover,
Friedman’s nonparametric tests B cannot examine
interaction effects. Aligned Rank Transform (ART), a
non-parametric factorial ANOVA analyzes the interaction
as well as the main effects, by aligning the data for each
effect (main or interaction), followed by assignments of
ranks. Alignment works best for completely randomized
designs; it also works for other designs, but effects may
not be entirely avoided 2

Major attempts to transform ordinal data to have
properties of interval level measurement using by non-
linear transformations are:

i) Alternative least squares optimal scaling (ALSQOS),
a Model-driven approach assumes that respondents
interpret items in a similar way, which may not be
true **1. Violation of the assumption may result in
biased scaled variables derived from iterative
process of ALSOS.

ii) Item response theory (IRT) involves rigorous
assumptions and miss-specification of model may
give biased results. ®¥ used IRT to rescale scores
of 5-point items into intervals and found that IRT
model was not a good fit to the data.

iii)  Anchoring vignettes (AVs), advocated by
attempts to minimize the differential item
functioning (DIF) using AVs which require
respondents to answer questions about hypothetical
aspects described in the short vignettes. The
method assumes Vignette Equivalence (VE) i.e. all
respondents understand the vignettes in the same
way. However, even when VE holds, different
persons may use response categories in different
ways i.e. different types of DIF. Considering that
assumptions of AV are debatable, **! opined that
VE should not be taken for granted.

iv) Markov Chain Monte Carlo Scaling (MCMC)
considers multivariate normal distribution and
Bayesian methodology where a prior is specified.
MCMC involves a number of assumptions and
iterations. It is a simulation technique which is used
to find the posterior distribution and to draw
samples to obtain the distribution of the parameter
of interest. Empirically, MCMC performed better
than OLS, ALSOS monotonic, and ALSOS non-
monotonic  approaches. Using MCMC in
conjunction with AVs to improve accuracy of the

[33]

3 | PUBLISHED BY IJOIMR

WWW.ijoimr.com




IMPROVED SCORING OF PATIENT-REPORTED OUTCOME SCALE: METHODOLOGICAL FRAMEWORK

MCMC scaling was suggested . However,

MCMC approach gives problems of bias due to
confounding, information, selection, etc. that are
common in health science studies. If the prior is not
specified correctly, mean squared error may be
high.

The above said model-driven methods for rescaling
ordinal data involving set of assumptions are quite
complex, difficult to interpret rescaled score and not above
criticism. Use of such methods in practical analysis of
Likert-type data are rare &7,

List of PRO scales is too long. Validated PRO Measures
can be found from EORTC QLQ-C30
http://groups.eortc.be/qol/eortc-qlg; FACIT
http://www.facit.org/FACITOrg/Questionnaires;

PROMIS http://www.healthmeasures.net/explore-
measurement-systems/promis; PRO-CTCAE
http://healthcaredelivery.cancer.gov/pro-ctcae, etc. The
Australian Commission on Safety and Quality in Health
Care came out with a literature review of Patient-
Reported Outcome measures in 2016, prepared by
Kathryn Williams, et al. (www.safetyandquality.gov.au)

Illustrative examples for insomnia scales with different
number of items and different number of response
categories are given below:

- Insomnia Severity Index (ISI): Consists of 7- Likert
items, each in 5-point scale marked as 0 to 4
Persons scoring < 14 are taken as Normal and
those scoring more than 14 to be considered as
having insomnia ¥,

- Pittsburgh Sleep Quality Index (PSQI): Total 19-
items. First four items are open. Each of Items 5 —
19 is in 4-point scale from 0 to 3 .. Poor sleep
quality is reflected by a score > 5 and higher score
implies worse sleep quality.

- Insomnia Symptom Questionnaire (1SQ) ! 13-
Items. Items 1 — 5 are 6-point from 0 to 5 and Item
6 -13 are in 5-point scale from 0 to 4.

Major points emerging from the brief examples are:

i) Use of zero as an anchor value: It reduces scale
mean and distorts variance, item-total correlations,
etc. Analysis involving expected values (value of
the variable x probability of that value) is not
meaningful. Use of OLS or logistic regression may

be inappropriate due to presence of many zeroes
1 1f each respondent of a sub-group selects the
response category with zero value to an item then
computation of between group variance will be
difficult since mean = variance = 0 for the sub-
group and correlation with that item is undefined.

Suggestion: Assign values 1, 2, 3,..... and S0 on, keeping
the convention of higher score < higher value of the
variable being measured.

i) Lack of knowledge of distribution of item
scores: Addition of item- scores may not be
justified as joint-distribution of sum of two
items is unknown.

Suggestion:  Transform item-scores to continuous,
equidistant scores following normal distribution. All the
K-point items with different values of K will be
transformed to follow normal in a specified score range.
Distribution of sum of transformed item scores can be
found by convolution property of normal distribution. Sum
of transformed scores of the items will give scale score of
a person which will also follows normal. Score of a battery
can similarly be found by adding transformed scale scores.

iii) Equivalent scores of two scales: Finding
equivalent threshold values of two different
scales is difficult. For example, a score of 14
in ISI indicating “no insomnia” is equivalent
to which score in PSQI or 1SQ?

Suggestion:  Let probability density function (pdf) of
transformed 1Sl-scores is f(X) and same for transformed
I1SQ is g(Y). A given score of X in ISI will be equivalent

to a score of Y, in 1SQ if f_X;f(x)dx = f_ygog(y)dy

M

Proposed method

Assuming that response categories of each item is ordered
from low to high where the lowest level is marked as 1, a
multi-stage method involving weighted sum followed by
linear transformations for converting raw-scores (X) of
Likert items to continuous, monotonic, equidistant scores
following normal distribution was described [42]. The
author also verified computation of such transformed
scores and their properties with numerical illustration. For
equidistant scores (E) different weights are assigned to
response categories of different items satisfying the
conditions 0 < W; < 1 and W;, 2W,, 3W;, 4W,, and 5Ws
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forms an Arithmetic progression for a 5-point item. For a
sample size n, this is attained for the i-th item by first
finding initial weights (w;;) followed by intermediate
weights (W;;) and final weights (W;;) such that
Y3_; Wijemy= 1 for each item.

Standardized E-scores ~ N(0,1) are transformed to

proposed scores (P) by a linear transformation=
Zij—Min(Zij)

(100 — 1)[W] +1

3)
so that P €[1,100] and follows normal, since by
convolution property, if item scores X;, X,,......, X,,, are
not independent and each X; ~ N(u;, 07), then ¥, X;
~ Normal with mean = m.u; and SD

:\[Z o7 + 2%;.;Cov(X;, X;). Scale scores are taken as

sum of P-scores of

items. For a battery with say seven scales, where
ms, m,, Mg, mg and m, are the number of items with 3,
4,5, 6 and 7 response categories respectively, items of
each sub-scale may be transformed to P-scores and
battery score is the sum of such sub-scale scores.

Properties and Benefits:

-E-scores as weighted sum are continuous, equidistant

and monotonic.

- For a particular j-th level of an item, f;; = 0 can be

taken as zero value for scoring Likert items as

weighted sum.

-ltem-wise E-scores and P-scores avoid equal

importance to items and levels and ensure better

admissibility of arithmetic aggregation. P-scores of

items avoid negative values, follows normal with

practically zero tied scores and thus can discriminate

respondents with tied X-scores and assigns unique

ranks to individuals and provides meaningful

comparison of scales of different formats (length and

width) and facilitate parametric analysis.

-P-scores following normal help to estimate population
mean u and population variance o2 and 95%
confidence limits of u as m+1.96(\%) for

large sample of size n.
- Easy computation of contribution of i-th sub-scale
item PBattery

- Progress/decline of i-th individual at successive time
- Pitj+1 Pifj+1_Pifj
periods can be assessed by —. - or by —4——x

P<
lt . lt .
tj tj

100to help monitoring of treatment plan and
strategies. Similar assessment can be made by a
group of patients including testing of statistical
hypothesis of equality of average P-scores of two
groups or one group at two different time periods.

- Critical areas requiring corrective actions are those
dimensions or sub-scales for which Py, < Py

- Equivalent threshold values of two scales (P and
Pjo) or equivalent class-boundaries in case of
classification of individuals by each of the two

scales can be found by fi": fX)dx = ffig(Y)dy
using Normal Probability table i.e. area under f(X)
up to P’ = area under g(¥Y) up to P?. Equivalent
scores are different from predicted values by
regressing [43]

Psychometric properties: In addition to reliability and
validity, a measure needs to show good discriminating
value and responsiveness i.e. ability to detect change.

Discriminating value: Discriminating value of a test
reflects its ability to distinguish between individuals
having different degrees of the underlying construct
(e.g., more or less severe disease). ““ considered
discriminating value of an item Disc; as co-efficient of
variation (CV) of the item i.e. Disc; = CV; = —2i =

mean;

Disc; and discriminating value of the test as CV of the

. . SD
scale i. €. DisCrese = CVpest = ﬁ . As par
L - _sp? _ sp¥/T? _ ovf
definition, test reliability =57 T samE o o2
2
scvg=9 (6)

Tet

where CVy and CV, denote respectively CV for
observed scores and CV for true scores. Equation
(6) gives a negative relationship between CV# and
theoretically defined ., i.e. lower the CV, higher
the test reliability. Verification of this requires
computation of 1, as per theoretical definition,
which is beyond the scope of the paper.
Relationship between Cronbach alpha and Discy,s;
of a test with m- number of items is
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m > 1Xl Disc?

0[=(m_1)(1 X2.Discy? )
@) since
s2 . R R
Disc? = XXZ‘ and sum of item variances is
L

ik )? .Disc?. Variance of the test is given by
SX X2 .Discy?
Since, scale mean and SD are combined mean and
combined SD respectively, Discy.s; Can be written
as a function of Disc;'s. CV indicates the extent of
variability in relation to the mean. Lower value of
CV is desirable. For normally distributed P-scores,
it is easy to estimate population CV and test
statistical hypothesis on equality of CV’s.

Ability to detect change
Responsiveness of the scale is quantified by value of

progress/decline of one or a group of individuals by
Plt P' . _Pit.
—2*= or equivalently by % x 100.
I.t]. Ltj

take positive or negative value depending on Pic.ﬂ >
p)

Each can

P, or Py, <Py
progress/deterioration can be tested statistically since
ratio of two normally distributed variable follows
x?2 distribution. In addition, effect of small change in i-
th dimension (P;) to scale score (Ps.qe) Can be
quantified in terms of elasticity i.e. percentage change
of Pscqe due to small change inP;. The dimensions of
PRO can be ranked based on such dimension-wise
elasticity. Elasticity studies in economics, reliability
engineering, often consider model like logQ;; = a; +
BjlogP;, where Qj. denotes the quantity demanded of
j-thindustry at time t and P, is industry price relative
to the price index of the economy [45]. However, for
P-scores following normal, logarithmic
transformations are not required to fit regression
equation of the form Pg 4. = a; + f; P; + & where

— SD(Pscale)
Bi = Tpsenior; [T;“)e] The coefficient B; reflects

the impact of a unit change in the independent
variable (i-th dimension) on the dependent variable
(Pscaie)- However, these coefficients are not
elasticity’s. Convention of a meaningful estimate
of elasticity is to consider it at the point of means,
since all regression lines pass through the point of
means. Elasticity of the independent variable P for
a regression equation of Q on P, can be written as

Significance of

_8QP _

=0 ﬁ £ where B is the slope of regression

T’I%I‘DI'S

line Q = a + BP. Thus, elasticity is e = '85 where

pand g are the mean values of data used to
estimatef. The dimensions can be arranged by
increasing order of elasticity (e;). Policy makers
can decide appropriate actions in terms of
continuation of efforts towards the dimensions
with high values of elasticity and corrective
actions for the dimensions with lower elasticity i.e.
areas of concern.

DISCUSSIONS
The proposed method coverts score of a scale to
normal, even if number of items and number of
response categories are different. Thus, it resolves the
issues regarding scale length and optimum number of
response categories.
Correlation between P-scores and E-scores will be
almost perfect since P is obtained from E by linear
transformations. Weighted sum to get E-scores from
raw scores (X) will make rygz high but less than 1.
Thus, rp Will also be high implying data structure of
P-scores will not be deviated much from the same for
X-scores. High correlation between P-scores and X-
scores resolves the ordinal—interval controversy of
Likert data, in the sense that there may not be much
harm of treating Likert scores as interval. However, P-
scores with theoretical advantages and avoiding most
of the criticisms about ordinal scores are
recommended.

—p;

Pifj+1

Progress path obtained from Y % 100 over time

Lt].
may give zigzag pattern showing
improvements and deterioration or occurrences of
relapse of cancer.
Testing of significance of progress i.e. testing
hypothesisH, : Progress t+1)over+ = 0 may avoid need
to find minimal important difference (MID) of a
measure that is meaningful for comparing patients.
Elasticity shows responsiveness of a dimension for
snap-shot data. Arranging the dimensions in increasing
order of elasticity (e;), help Policy makers to decide
corrective actions for the dimensions with lower
elasticity i.e. areas of concern along with continuation
of efforts towards the dimensions with high values of
elasticity.
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CONCLUSION

The paper contributes to improve scoring of PRO
instruments which avoid major limitations of ordinal
scores and facilitates analysis under parametric set up
for meaningful comparisons. Health care professionals
and researchers can take advantages of the proposed
method to convert ordinal discrete ordinal scores to
normally distributed P-scores with many desired
properties, including identification of critical
dimensions, detection of changes by longitudinal data
and dimension-wise elasticity to show changes in snap-
shot data. Future studies with multi-data set involving
scales with different number of response categories
may be undertaken for generalization of findings
emerging from the study along with psychometric
properties of the proposed transformation and to
stimulate approach leading to improved patient care
and clinical outcomes.
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