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Abstract:  

Background: Neuropsychological tests differ in terms of length (number of items), width (number of response-

categories/levels), sub-classes or dimensions covered, psychometric documentation for unambiguous interpretations, 

responsiveness, discriminating value, etc. and scores are not comparable.  

Aim: To address methodological issues of neuropsychological testing and suggests remedial measures by transforming 

discrete item scores to continuous scores in ratio scale following normal distribution for meaningful evaluation of 

measurement properties and better utilization of such tests.  

Methods: Using data driven weights to response-categories of different items, ordinal item scores are converted to 

equidistant score (E-scores) in ratio scale with fixed zero point. Proposed scores (P-scores) obtained from E-scores via 

standardization and linear transformation follows normal distribution, parameters of which can be obtained from data.   Sub-

class scores and test scores are obtained as sum of item-wise P-scores.  

Results: Normally distributed P-scores facilitate aggregation with cardinal measures like number of errors, time taken, etc. 

and offer platform for parametric analysis including statistical testing. In addition, the proposed method helps to find 

reliability as per theoretical definition, factorial validity avoiding criterion variable, discriminating value, assessment of 

progress/deterioration of one or a group of patients, efficiency of classification, equivalent scores of two neuropsychological 

tests, etc.  

Conclusion: Proposed scores following normal distribution and satisfying desired properties of measurement is 

recommended. Practicing psychiatrists and researchers can derive benefits of the proposed score for meaningful comparisons, 

classifications, equating premorbid scores, and assessment of progress or deterioration. 

Keywords: Equivalent scores; Factorial validity; Neuropsychological Test Battery; Normal distribution; Theoretical 

reliability; Factorial validity. 

INTRODUCTION 

Measurement issues and associated statistics 
including psychometrics are foundational elements 
in neuropsychological tests. Neuropsychological 
tests are used for diagnostic purpose and treatment 
insights for mental health disorders. 
Neuropsychological tests involve K-point 
Likert/Numeric Rating scales (NRS) marked as 1, 2, 
3, …., K pertaining to sub-classes or dimensions like 
Motor function (walking, coordination, etc.), 
Perception (how well the patients take in what they see 
or read), Problem-solving and decision-making, Verbal 
ability, Memory, Intelligence, Executive Functions, 
Language, Visuo-spatial, Multiple Functions, etc. For  

 

example, in the Halstead-Reitan Battery (HRB), 
participants decide whether a geometric figure best 
corresponds to the number 1, 2, 3, or 4.  

Aggregating ordinal scores with cardinal measures 
like number of errors (Seashore Rhythm Test of 
HRB), Time taken to complete (Tactual Performance 
Test of HRB) etc. are problematic. Depending on 
patient symptoms, neuropsychologists decide the 
tests for assessment of the patient’s cognitive 
abilities/disorders, better understanding of current 
health picture, medical needs and also to know 
whether the problems are due to Traumatic brain 
injury, Infections of brain and spinal cord, 

http://www.ijcrst.in/
https://www.mygbhp.com/condition/
https://www.webmd.com/fitness-exercise/walking-for-wellness
https://my.clevelandclinic.org/health/diseases/8874-traumatic-brain-injury
https://my.clevelandclinic.org/health/diseases/8874-traumatic-brain-injury
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Normal brain changes with age,  or diseases like  
Alzheimer’s disease, Dementia, Parkinson’s 
disease and other disorders.  

Large numbers of Neuropsychological tests are there 
to evaluate cognitive impairments. Choices of the 
tests are usually made considering relevant 
dimensions and quality measures like reliability and 
validity.  However, no test uses theoretical definition 
of reliability. Reliability by Test-retest, Cronbach 
alpha and validity as correlation with criterion 
variable have inherent problems. Other quality 
measures like Discriminating value, responsiveness 
(ability to assess improvement or deterioration), etc. 
could also be critical in selection of tests. Reliability, 
validity, for sub-scale and test are different for k- 
point scales, k= 2, 3, 4, 5, ……. etc.   

The paper highlights methodological issues of 
neuropsychological testing and suggests remedial 
measures by transforming discrete item scores to 
continuous, monotonic scores following normal 
distribution for meaningful evaluation of properties 
and better utilization of such tests.  

Problem Areas 

Neuropsychological tests with different item formats 
(length and number of response-categories/levels), 
sub-classes/dimensions covered, scoring methods, 
etc. are not comparable. Reporting of results by 
mean ± standard deviation (SD) assuming 
admissibility of addition of ordinal data, equidistant 
response-categories and comparing means by t-test, 
analysis of variance (ANOVA), independent factors 
by Principal component analysis (PCA), Factor 
analysis (FA), assuming normal distribution of 
scores, etc. are unjustified.   

Neuropsychological tests have been criticized from 
insides [1] and outside the discipline [2]. 
Neuropsychological Test Battery (HRNB) lacks basic 
psychometric documentations to facilitate 
interpretations of result [3].  Methodological errors 
in construction of Luria–Nebraska 
Neuropsychological Battery (LNNB) are significant 
[4].  Similar problems exist for normative data of 
Benton Test of Facial Recognition, Mirsky’s 
Continuous Performance Test, National Adult 
Reading Test, Purdue Pegboard Test, Rey Complex 
Figures, Stroop Color and Word Test, etc. and are far 
below contemporary standards [5]. 

Nature of Data 

Data generated by NRS/Likert items consist of 
frequency in each response-category giving rank 
order information. Numbers assigned to response-
categories are a way to provide ranking responses. 
Levels are ordered but not equidistant. If 𝑑𝑗(𝑗+1) 

denotes distance between j-th and (j+1)-th levels of 
an item, equidistant property demands constant 
𝑑𝑗(𝐽+1)  ∀ j =1, 2, 3, 4 for a 5-point item.  

Rating data are often skewed, have floor or ceiling 
effects, and require normality checks for inferences 
[6]. Discrete ordinal data are not normally 
distributed; violet assumptions of many statistical 
procedures [7] and result in problems for 
undertaking parametric statistical analysis [8]. A 
scale must have the following features: metric, 
presence of zero point, and clearly defined 
operational procedure as the basis for measurement 
[9]. 

Scoring 

Arithmetic averages requiring equidistant scores are 
not meaningful for ordinal item scores [10]. 
Distances between response-categories are unknown 
and not uniform [11]. Test score as sum of 
independent dimensions amounts to adding apples 
with oranges. Equal importance to the items for 
summative score is not justified since items differ in 
contributions to total score, item-total correlations, 
and factor loadings [12]. Non-admissibility of 
addition implies mean, SD, correlation, regression, 
ANOVA, FA, PCA, Cronbach alpha using sum of item 
variances and test variance, etc. are not meaningful 
and may produce strange results [13]. Using 
parametric analysis with ordinal data assuming 
normal distribution is one of the seven deadly sins of 
statistical analysis [14]. 

Interval scales have constant, equal distances 
between values but the zero point is not fixed. Thus, 
difference between two measurements has meaning, 
but their ratio does not [15].   

Responses to different response-categories of items 
can generate tied scores. Thus, summative scores fail 
to distinguish the respondents with tied scores and 
reduce discriminating value of the scale. 

Distribution of Score 

Neuropsychological tests do not consider 
distribution of scores. Item scores depend on 
endorsed response-categories and do not follow 
similar distributions. Unknown and different 
distributions of item scores make it difficult to 
interpret X ± Y and to find joint distribution of X ± 
Y. Addition of two random variables X + Y = Z is 
most meaningful if  𝑃(𝑍 = 𝑧) = 𝑃 (X= x, Y= z - x) for 
discrete case and for continuous case, 𝑃(𝑍 ≤ 𝑧) =

𝑃 (𝑋 + 𝑌 ≤ 𝑧) =  ∫ (∫ 𝑓𝑋,𝑌(𝑥, 𝑡 − 𝑥)𝑑𝑡
𝑧

−∞

∞

−∞
) dx. Thus, it 

is necessary to know probability density function 
(pdf) of X and Y and their convolution. Moreover, 
sum of two log-normally distributed variables cannot 

https://www.webmd.com/brain/rm-quiz-amazing-brain
https://my.clevelandclinic.org/health/diseases/9164-alzheimers-disease
https://my.clevelandclinic.org/health/diseases/8525-parkinsons-disease-an-overview
https://my.clevelandclinic.org/health/diseases/8525-parkinsons-disease-an-overview
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be obtained as such and require complex Lie-Trotter 
operator splitting method [16]. Problems of 
parametric statistical analysis with ordinal, skewed 
NRS data with ceiling and floor effects were 
addressed [8].  

Non-Satisfaction of Assumptions 

Neuropsychological test scores may not satisfy 
assumptions of statistical techniques like PCA, FA, t-
test, paired t-test, F-test, etc., which assume normal 
distribution of the variables under study.  Results 
may go wrong if assumptions of the techniques used 
are violated. For example, high correlation between 
two variables X and Y is taken as linear relationship 
between X and Y and ordinary least-squares (OLS) 
regression of the form 𝑌 = 𝛼 + 𝛽𝑋 + 𝜖  is fitted. 
However, 𝑟𝑋𝑌 may be high even if Y is non-linearly 
related with X.  If X takes integer values from 1 to 
30, 𝑟𝑋,𝑋2= 0.97; 𝑟𝑋,𝑋3 = 0.92; 𝑟𝑋,𝑙𝑜𝑔10

𝑋 = 0.92 despite 

each of 𝑋2, 𝑋3, 𝑙𝑜𝑔10
𝑋  is non-linear function of X. 

Clearly, linearity implies high correlation but not 
the converse.  

Linearity between X and Y can be tested by checking 

normality of error score 𝐸 = (𝑌 − 𝑌̂) or testing 

𝐻0: 𝑆𝐸
2 = 0  where 𝑆𝐸

2 =
1

𝑛
∑(𝑌𝑖 − 𝑌̂𝑖)

2
denotes variance 

of error scores for sample size n. Error score of 𝑌 =
𝛼 + 𝛽𝑋 + 𝜖  for 𝑌 = 𝑋2 or 𝑋3 or 𝑙𝑜𝑔10

𝑋 , did not follow 
normal and violated assumption of OLS. This is an 
example to show how violation of assumptions of 
statistical analysis may mislead the results.  

Better is to transform ordinal scores of i-th item to 
continuous equidistant scores (𝐸𝑖-scores) in ratio 
scale and transform 𝐸𝑖-scores to proposed scores (𝑃𝑖-
scores) following normal distribution such that 1 ≤
𝑃𝑖 ≤ 100  

Cut-off point and classification 

Consider another example where 𝑌 =
1

√2𝜋
 𝑒

−1

2
𝑋2

 for 

0 ≤ 𝑋 ≤ 3.9. Here, 𝑟𝑋𝑌 = 0.93. But, if−3.9 ≤ 𝑋 ≤ 3.9, 
𝑟𝑋𝑌 = 0.00036. Thus, truncated values of either X or 
Y or both can affect the correlation significantly. The 
point is relevant to decide cut-off point (𝑋0) where 
individuals with scores ≤ 𝑋0 are without the disease 
and those with scores exceeding 𝑋0 have the disease, 
assuming higher score implies higher dysfunctions. 
Samples with high proportion of persons without 
disease or patients with the disease will tend to 
truncate distribution of test score. Thus, 𝑋0 obtained 
from study-specific populations may affect clinical 
heterogeneity and not allow comparisons between 
studies.  

Diagnosis of neurological disorder is complex since 
many symptoms can happen in different 

combinations of different disorders. Moreover, many 
disorders don't have definitive causes, markers. 
Biomarkers have limitations too.  A case study by 
[17] indicated missing of core clinical features of 
Dementia with Lewy Body (DLB) and negative 
indicative biomarkers, but neuropsychological tests 
and Positron emission tomography (PET) imaging 
provided crucial evidence for DLB even in early 
stages. After follow-up, core symptoms and 
biomarkers appeared in later stages of the disease. 
Testing of cerebrospinal fluid (CSF) by standard 
two-tier testing algorithm (STTA), enzyme 
immunoassays (EIAs), and/or immunoblots for 
diagnosis of central nervous system Lyme disease; 
culture of CSF for Lyme Borreliais are not 
recommended [18]. 

Diagnostic and Statistical Manual of Mental 
Disorders (DSM)-IV is a categorical classification 
system which is prototypes. In addition, 
classifications in several classes are made like mild, 
moderate, severe forms of a disorder. However, no 
diagnosis is confirmed simply as a function of the 
data from a neuropsychological assessment. In the 
case of dementia, for instance, multiple additional 
criteria are required to meet for which relevant 
information are obtained from other sources. 

Reliability 

Common reliability measures of neuropsychological 
tests are: 

Test-retest reliability reflecting stability of scores by 
correlation between two administrations of the test 
at two different time points on the same sample with 
same testing conditions with no agreed choice of 
retest-time frames [19]. It does not consider rank-
order stability of individuals and may fail to show 
the extent of agreement between two 
administrations. Test-retest reliability may be high 
despite rejection of hypothesis 𝐻0: 𝜇𝑋 𝑇𝑒𝑠𝑡 = 𝜇𝑋 𝑅𝑒𝑡𝑒𝑠𝑡   
by paired t-test [20]. Difference between correlation 
and agreement was demonstrated empirically [21].  

Cronbach alpha assumes one-dimensional test i.e. all 
items measure the same construct. Violation of the 
assumption may bias the coefficient α [22] and 
distort the variance-covariance matrix, if 
distribution of observed responses is not symmetric 
[23]. However, there are instances of reporting alpha 
despite multi-factors emerged from PCA or FA. 
Against suggestion of two-factor solution (memory 
factor and visuo-spatial factor) for Repeatable 
Battery for Assessment of Neuropsychological Status 
(RBANS) with 12 sub-tests, five index scores and a 
total scale score, Cronbach alpha = 0.92 of RBANS 
was found [24]. Eight independent factors of 
expanded Halstead-Reitan Battery (eHRB) out of 
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over forty test measures was found by [25], despite 
caution about inferring complex mental abilities by 
FA or structural equation modeling [26]. Test 
reliability ≠ Average of sub-tests reliabilities. 
Internal reliability coefficients of the Wechsler adult 
intelligence scale–Fourth Edition (WAIS-IV) was 
0.98 against reliability of 0.96, 0.94, 0.95 and 0.90 
respectively for Verbal comprehension, Working 
memory, Perceptual reasoning and Processing speed 
[27]. 

Avoiding unidimensionality assumption, [28] 
proposed finding theoretical reliability by 
dichotomizing a test in two parallel subtests (g-th 
and h-th) and finding Error variance 𝑆𝐸

2 as  

  𝑆𝐸
2 =  

1

𝑁
[‖𝑋𝑔‖

2
 + ‖𝑋ℎ‖2 - 

2‖𝑋𝑔‖‖𝑋ℎ‖𝐶𝑜𝑠𝜃𝑔ℎ     (1) 

where N is the sample size; ‖𝑋𝑔‖ =  √∑ 𝑋𝑖𝑔
2𝑁

𝑖=1  

denotes length of the g-th vector; ‖𝑋ℎ‖ is defined 
similarly and 𝜃𝑔ℎ is the angle between the g-th and 

h-th vectors. Thus, 

 𝑟𝑡𝑡 =
𝑆𝑇

2

𝑆𝑋
2  = 1- 

𝑆𝐸
2

𝑆𝑋
2  = 1 - 

1

𝑁
[‖𝑋𝑔‖

2
 + ‖𝑋ℎ‖2 − 2‖𝑋𝑔‖‖𝑋ℎ‖𝐶𝑜𝑠𝜃𝑔ℎ]

𝑁𝑆𝑋
2  

     (2) 

Reliability of a battery consisting of K-subtests could 
be found in terms of sub-test reliabilities (without 
weights) by 𝑟𝑡𝑡 (𝐵𝑎𝑡𝑡𝑒𝑟𝑦) = 
∑ 𝑟𝑡𝑡𝑖

𝐾
𝑖=1 𝑆𝑋𝑖

2 + ∑ ∑ 2 𝐶𝑜𝑣(𝑋𝑖,𝑋𝑗)𝐾
𝑗−1

𝐾
𝑖=1 𝑖≠𝑗

∑ 𝑆𝑋𝑖
2𝐾

𝑖=1 + ∑ ∑ 2 𝐶𝑜𝑣(𝑋𝑖,𝑋𝑗)𝐾
𝑗−1

𝐾
𝑖=1 𝑖≠𝑗

   (3) 

Validity 

For two different instruments X and C, criterion 
validity (𝑟𝑋𝐶) also reflects validity of C. High  𝑟𝑋𝐶  
⟹instrument X is not required. In addition, the 
approach assumes similarity of latent variables being 
measured by X and C and requires administration of 
both X and C to the same sample. For high positive 
skew of the test score(X) or criterion score(C), 
𝑟𝑋𝐶  gets reduced if the data contains predominantly 
high performers [29]. To avoid such problems, 
structural validity of normally distributed 
transformed scores by PCA was preferred [30]. 

METHOD AND RESULTS 

Proposed Method 

 (1) Ensure levels of a k-point item to 1, 2, 3, …., k 
avoiding zero.   

(2) Ensure each item ispositively related to the test 
score i.e. higher item score indicates higher level of 
disorder.  

Transformations of item scores 

Convert ordinal item score to equidistant score (E) 
using different weights to response- categories of 
different items so that 𝑊1, 2𝑊2, 3𝑊3, … … . , 𝐾𝑊𝑘 
forms an arithmetic progression and satisfy 
equidistant property by method suggested by [30], 
which is briefly described below for n-number of 
respondents and k = 5:  

I: Find maximum frequency (𝑓𝑚𝑎𝑥) and minimum 
frequency (𝑓𝑚𝑖𝑛) of the levels of each item. Consider 
𝑓𝑖𝑗

𝑛
 as initial weights(𝜔𝑖𝑗).   

Arrange 𝜔𝑖𝑗
′ 𝑠 so that 𝜔𝑖1< 𝜔𝑖2 < 𝜔𝑖3 < 𝜔𝑖4 < 𝜔𝑖5 

where  𝜔𝑖1 = 
𝑓𝑚𝑖𝑛

𝑛
  and  𝜔𝑖5 =

𝑓𝑚𝑎𝑥

𝑛
 .  

Choose intermediate weight 𝑊𝑖1 =  𝜔𝑖1 Find the 
common difference 𝛼 so that 

   𝑊𝑖1 +  4𝛼 = 5Wi5 ⟹ 𝛼 =   
5𝑓𝑚𝑎𝑥−𝑓𝑚𝑖𝑛

4𝑛
.                   

 Other intermediate weights are: 𝑊𝑖2 =
𝜔𝑖1+ 𝛼 

2
, 𝑊𝑖3 =

𝜔𝑖1+ 2𝛼

3
;𝑊𝑖4 =

𝜔𝑖1+ 3𝛼

4
; and 

𝑊𝑖5 =  
𝜔𝑖1+ 4𝛼

5
. Get final weights 𝑊𝑖𝑗(𝐹𝑖𝑛𝑎𝑙) = 

𝑊𝑖𝑗

∑ 𝑊𝑗
5
𝑗=1

 

enabling ∑ 𝑊𝑖𝑗(𝐹𝑖𝑛𝑎𝑙) = 1 and  

𝑗. 𝑊𝑗(𝐹𝑖𝑛𝑎𝑙) − (𝑗 − 1). 𝑊(𝑗−1)(𝐹𝑖𝑛𝑎𝑙) = constant, value of 

which is different for different items. 

II: Standardizing E-scores to Z-scores by 𝑍 =
𝐸−𝐸̅

𝑆𝐷(𝐸)
 

~𝑁(0,1) 

III: Convert Z-scores to proposed scores (P-scores) 

by 𝑃 = (99) [
𝑍𝑖𝑗−𝑀𝑖𝑛𝑍𝑖𝑗

𝑀𝑎𝑥𝑍𝑖𝑗
−𝑀𝑖𝑛𝑍𝑖𝑗

] + 1 so that 1 ≤ 𝑃 ≤ 100 

and 𝑃 follows normal. Sub-scale score and test score 
of an individual is taken as sum of normally 
distributed item-wise P-scores. 

Properties 

i)  E-scores are in ratio scale where fixed zero point 
occurs when 𝑓𝑖𝑗 = 0  for j-th level of i-th item.   

ii)  The method can be used for items with different 
values of k including binary items. 

iii) For the i-th item, 𝑃𝑖~𝑁 (𝜇𝑖 , 𝜎𝑖
2) where 𝜇𝑖 and 𝜎𝑖

2  
can be estimated from the data.  

iv) P-scores for sub-class and test are continuous, 
monotonic, normally distributed with better 
admissibility of arithmetic aggregation and 
facilitating parametric analysis including testing of 
hypothesis like 𝐻0: 𝜇1 = 𝜇2 or 𝐻0: 𝜎1

2 = 𝜎2
2 etc. either 

for longitudinal data or snap-shot data. 
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v) Percentage progress/deterioration of the i-th 
person in two successive time-periods can be 

assessed by 
𝑃𝑖(𝑡)−𝑃𝑖(𝑡−1)

𝑃𝑖(𝑡−1)
× 100, reflecting 

responsiveness of the scale and effectiveness of 
treatment plan. 𝑃𝑖(𝑡) − 𝑃𝑖(𝑡−1) > 0 implies progress in 

t-th period over (t-1)-th period. Similarly, progress 
for a group of persons is reflected if 𝑃𝑖(𝑡)

̅̅ ̅̅ ̅ > 𝑃𝑖(𝑡−1)
̅̅ ̅̅ ̅̅ ̅̅  . 

Deterioration (𝑃𝑖(𝑡) − 𝑃𝑖(𝑡−1) < 0) may be probed to 

find extent of deterioration in sub-class scores for 
possible corrective actions.  

vi) Normality of 𝑃𝑖   helps to test 𝐻0: 𝜇𝑃𝑡
 = 𝜇𝑃(𝑡−1)

 or 

𝐻0: 𝑃𝑟𝑜𝑔𝑟𝑒𝑠𝑠(𝑡+1)𝑜𝑣𝑒𝑟 𝑡 = 0 avoiding  need to find 

minimal important difference (MID) of a scale or 
testing effectiveness of treatments/cares by 𝐻0: 
𝜇𝑃𝑝𝑟𝑒−𝑔𝑟𝑜𝑢𝑝

= 𝜇𝑃𝑝𝑜𝑠𝑡−𝑔𝑟𝑜𝑢𝑝
using  paired t-test since pre-

treatment group and post-treatment group are not 
independent. 

vii) Progress/deterioration of a patient or a group of 
patients across time can be plotted to compare 
progress pattern i.e. response to treatments from the 
start. 

Normally distributed P-scores also help to find 
psychometric properties of the scale in better 
fashion. 

Factorial validity 

Normality satisfies the assumptions of PCA enabling 
computation of factorial validity as ratio of the first 
eigenvalue to the sum of all eigenvalues i.e. Factorial 

validity = 
𝜆1

∑ 𝜆𝑖
, where  𝜆1 is the highest eigenvalue 

associated with the first principal component 
reflecting the main factor for which the test was 
developed. Such factorial validity avoids the 
problems of construct validity involving 
administration of two tests and selection of criterion 
scale [31]. 

Reliability 

Population estimates of item variance and scale are 
possible for normally distributed P-scores. Such 
estimates can be used to find Cronbach alpha at 
population level for a domain/sub-class with n-items 
as  

𝛼̂ = (
𝑛

𝑛−1
) (1- 

𝑆𝑢𝑚 𝑜𝑓 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑠 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑖𝑡𝑒𝑚𝑠 𝑖𝑛 𝑡ℎ𝑒 𝑠𝑢𝑏−𝑐𝑙𝑎𝑠𝑠)

𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒 𝑜𝑓 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑡ℎ𝑒 𝑠𝑢𝑏−𝑐𝑙𝑎𝑠𝑠
)  

  (4) 

Discriminating value 

Discriminating value reflects ability of the test to 
distinguish between individuals with more or less 

severe disease. Discriminating value of i-th item 
(𝐷𝑖𝑠𝑐𝑖) and test (𝐷𝑖𝑠𝑐𝑇𝑒𝑠𝑡) can be computed by 

Coefficient of variation (CV) where 𝐷𝑖𝑠𝑐𝑖 = 
𝑆𝐷𝑖

𝑚𝑒𝑎𝑛𝑖
  and  

𝐷𝑖𝑠𝑐𝑇𝑒𝑠𝑡 =  
𝑆𝐷𝑇𝑒𝑠𝑡

𝑀𝑒𝑎𝑛𝑇𝑒𝑠𝑡
 . For a test with m-items, 

variance of the i-th item 𝑆𝑋𝑖

2 = 𝑋𝑖̅
2

. 𝐷𝑖𝑠𝑐𝑖
2 ∀ i= 1, 2… m 

  ⟹  ∑ 𝑆𝑋𝑖

2𝑚
𝑖=1 = ∑ 𝑋𝑖̅

2
. 𝐷𝑖𝑠𝑐𝑖

2𝑚
𝑖=1  and Test variance  

𝑆𝑋
2 =  𝑋̅2. 𝐷𝑖𝑠𝑐𝑇

2.  

Thus, 𝛼 = (
𝑚

𝑚−1
)(1 −

∑ 𝑋𝑖̅̅ ̅2
.𝐷𝑖𝑠𝑐𝑖

2𝑚
𝑖=1

𝑋̅2.𝐷𝑖𝑠𝑐𝑇
2 )      (5)    

and (𝐷𝑖𝑠𝑐𝑇𝑒𝑠𝑡)2 =
𝐶𝑉 𝑇𝑟𝑢𝑒 𝑠𝑐𝑜𝑟𝑒𝑠

2

𝑟𝑡𝑡
   where 𝑟𝑡𝑡 =

𝑆𝑇
2

𝑆𝑋
2   

     (6) 

Clearly, test reliability and 𝐷𝑖𝑠𝑐𝑇𝑒𝑠𝑡 are related by a 
negative non-linear relationship. 

Classification 

Classifications of individuals to a number of 
mutually exclusive classes involve deciding boundary 
points, so that members within a class are similar 
and members between classes are dissimilar. 
Quartile clustering of P-scores following normal 
distribution assigns equal probability to the quartiles 
𝑄1, 𝑄2, 𝑄3, 𝑄4 i.e. 

  ∫ 𝑓(𝑥)𝑑𝑥 = ∫ 𝑓(𝑥)𝑑𝑥
𝑄2

𝑄1

𝑄1

1
= ∫ 𝑓(𝑥)𝑑𝑥 = ∫ 𝑓(𝑥)𝑑𝑥

𝑄4

𝑄3

𝑄3

𝑄2
 

    (7) 

If needed, docile clustering may be used to have 10 
classes. However, each classification should be 
evaluated in terms of clinical meaningfulness.  

Efficiency of classification may be assessed by 
Davies-Bouldin Index (DBI) [32]. For K-number of 
classes, DBI is computed by  

𝐷𝐵𝐼𝐾  = 
1

𝐾
∑ ∑ 𝑀𝑎𝑥[

𝐷𝑖𝑎𝑚𝐶𝑖−𝐷𝑖𝑎𝑚𝐶𝑗

‖𝐶𝑖−𝐶𝑗‖
]𝐾

𝑗=1  (𝑖≠𝑗)
𝐾
𝑖=1   

where diameter of i-th class 𝐷𝑖𝑎𝑚𝐶𝑖 = √
∑ ‖𝑥𝑖−𝐶𝑖‖2

𝑥𝑖∈ 𝐶𝑖

𝑛𝑖
   

𝐶𝑖: Centroid or mean of the i-th class; 𝑛𝑖: Number of 
members in the i-th class.  

Upper limit of DBI is 1 and lower value implies 
better efficiency. 

Equivalent scores 

Different tests have different cut-off points. Hence, 
for two tests A and B, one needs to ensure that cut-
off points 𝑋0𝐴 and 𝑋0𝐵 are equivalent (𝑋0𝐴 ⇔ 𝑋0𝐵). If 
scores of tests A and B are transformed to follow 
normal distributions, [33] suggested that 
transformed score 𝑇0𝐴corresponding to 𝑋0𝐴 and 
𝑇0𝐵corresponding to 𝑋0𝐵 are equivalent if  
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 ∫ 𝑓(𝑥)𝑑𝑥 = ∫ 𝑔(𝑦)𝑑𝑦
𝑇0𝐵

−∞

𝑇0𝐴

−∞
           

   (8) 

where 𝑓(𝑋) and 𝑔(𝑌) denote pdf of transformed 
scores of test A and test B respectively.  Equation (8) 
can be solved using Standard Normal probability 
table and can also be used to integrate different 
neuropsychological tests i.e. to find score 
combinations {𝑋01, 𝑋02} for Test-1 and Test-2 
respectively, such that for a given score of 𝑋0 in Test-

1, is equivalent to 𝑌0 in Test-2 if ∫ 𝑓(𝑥)𝑑𝑥 =
𝑋0

−∞

∫ 𝑔(𝑦)𝑑𝑦
𝑌0

−∞
 and vice versa. 

Limitations 

The study considered availability of complete 
responses from each respondent to 
neuropsychological tests. In practice, responses of 
few respondents may be incomplete.  Elimination of 
entire incomplete data reduces the sample size and 
statistical power.  

CONCLUSIONS 

Proposed equidistant scores (E-scores) using data 
driven weights to response-categories of different 
items are in ratio scale with fixed zero point. P-
scores obtained from E-scores via standardization 
and linear transformations are continuous folloing 
normal distribution, parameters of which can be 
obtained from data.    

Sub-class scores and test scores as sum of item-wise 
P-scores facilitate aggregation with cardinal 
measures like number of errors, time taken, etc. and 
offer platform for parametric analysis including 
statistical testing.  

The proposed method also helps to find reliability as 
per theoretical definition, factorial validity avoiding 
criterion variable, discriminating value, assessment 
of progress/deterioration of one or a group of 
patients, efficiency of classification, equivalent 
scores of two neuropsychological tests, etc.  

Practicing psychiatrists and researchers can derive 
benefits of the proposed score in ratio scale for 
better comparisons and prognosis. Simulation 
studies may be undertaken to evaluate merits of the 
proposed approach with multi datasets.  
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