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Highlights

e This article is the first to show conversion tables to transform the raw 15-item Geriatric
Depression Scale (GDS-15) scores into interval-level data.

e Person Separation Index (PSI) was improved by combining locally dependent items into six
super-items (PSI=0.77).

e The best Rasch model fit (x2(28)=37.72, p=0.104).

e Reliability and psychometric characteristics of the GDS-15 were improved and now satisfy
expectations of the unidimensional Rasch model.
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Background: Depression is a common problem in older adults. The 15-item Geriatric Depression Scale
(GDS-15) is a widely used psychometric tool for measuring depression in the elderly, but its
psychometric properties have not been yet rigorously investigated. The aim was to evaluate psychometric
properties of the GDS-15 and improve precision of the instrument by applying Rasch analysis and
deriving conversion tables for transformation of raw scores into interval level data.

Methods: The data was extracted from the prospective cohort Sydney Memory and Ageing Study of
initially not demented individuals aged 70 years and older. The GDS-15 items scores of 212 participants
(47.2% males) were analysed using the dichotomous Rasch model.

Results: Initially poor reliability of the GDS-15, Person Separation Index (PS1)=0.68, was improved by
combining locally dependent items into seven super-items. These modifications improved reliability of
the GDS-15 (PSI=0.78) and resulted in the best Rasch model fit (2(28)=37.72, p=0.104), strict
unidimensionality and scale invariance across personal factors such as gender, diagnostic and language
background.

Limitations: Presence of participants with cognitive impairment may be a potential limitation.
Conclusions: Reliability and psychometric characteristics of the GDS-15 were improved by minor
modifications and now satisfy expectations of the unidimensional Rasch model. By using Rasch
transformation tables published here psychiatrists, psychologists and researchers can transform GDS raw
scores into interval-level data, which improves reliability of the GDS-15 without the need to modify its
original response format. These findings increase accuracy of clinical psychometric assessments, leading

to more precise diagnosis of depression in the elderly.
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Introduction

The number of aged people is steadily growing worldwide, therefore, mental disorders in older age
have been increasingly attracting attention of specialists.(Andreas et al., 2017; Bhugra et al., 2017)
Depression is one of the most common mental health issues across all age groups including older people,
which represents an important public health problem associated with increased risk of morbidity and
mortality, higher suicide risk, and declining cognitive and social activity.(Baune et al., 2018; Blazer,
2003; Fang et al., 2018; Haigh et al., 2018; Naushad et al., 2018; Ng, 2018; Perera et al., 2017; Read et
al., 2017; Teo et al., 2018; Wang et al., 2018) Late life depression affects 1-7% of the general elderly
population, rising up to 11.5% in older hospital patients and to 13.5% in those who require home
healthcare.(CDC, 2017; Gongalves-Pereira et al., 2019; Reynolds et al., 2015) Prevalence rates of
depression vary from country to country, ranging from 2.4% in Japan to 35% in China.(Forlani et al.,
2014; Gongcalves-Pereira et al., 2019; Haigh et al., 2018; Leles da Costa Dias et al., 2019) Such a big
difference in estimations of prevalence of depression in old age can occur due to variation in diagnostic
approaches in different countries, diversity of the clinical picture of depression in the elderly, and clinical
overlap of depression symptoms with other mental disorders occurring in older age, primarily dementia
and delirium.(Grayson and Thomas, 2013; Haigh et al., 2018) All that may lead to misdiagnosis and
subsequent inappropriate treatment.(Grayson and Thomas, 2013; Haigh et al., 2018) Therefore,
differential diagnosis of depression in old age represents a significant challenge for clinicians.

There is a number of psychometric instruments used for screening for depression.(Ballard et al., 2018;
El-Den et al., 2018; Taouk et al., 2017; Tsoi et al., 2017) The Geriatric Depression Scale (GDS) is one of
the most widely used psychometric tools designed specifically for measuring depression in the
elderly.(He et al., 2018; Sjoberg et al., 2017; Tsoi et al., 2017; Yesavage et al., 1982) The GDS focuses
on the psychological aspects of depression rather than somatic symptoms to avoid interference from

comorbid physical conditions that are common in old age.(Blumenthal, 1975; Chiesi et al., 2017b;
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Yesavage et al., 1982) The 15-item Geriatric Depression Scale (GDS-15) is a shorter version of the 30-
item version intended for use as a screening tool for geriatric depression rather than for diagnostic
classification, and requires shorter time and effort to complete, which is an important advantage if
working with older populations.(Sheikh and Yesavage, 1986) There have been several reviews of the
diagnostic accuracy of the GDS-15,(Chiesi et al.; Chiesi et al., 2018; Chiesi et al., 2017b; Guerin et al.,
2018; Niu et al., 2018; Sheikh and Yesavage, 1986) indicating a pooled sensitivity of 0.89 and specificity
0.77 at the recommended cut-off score of 5 and greater, and reported of the widespread use of the GDS-
15 in both practice and research across different linguistic and clinical settings.(Chiesi et al., 2017b;
Pocklington et al., 2016) The scale has demonstrated satisfactory reliability and converging validity using
more traditional testing methods: internal consistency  (Cronbach’s alpha) range from 0.76 to
0.83.(Iglesias, 2004; Van Marwijk et al., 1995) However, a traditional reliability estimate such as
Cronbach’s alpha only evaluates consistency across scale items in assessing the overall construct of
depression. It cannot estimate how accurate the scale is in discriminating between people with different
depression levels.

Rasch analysis is one of the most precise examinations of item parameters and scale properties, and is
able to accurately estimate scale ability to differentiate between individual levels of
depression.(Christensen et al., 2013; Rash, 1960) Importantly, Rasch analysis precisely estimates relative
input of each symptom/item into the whole diagnosis based on a particular diagnostic scale, which refers
to item difficulty parameter. For instance, the GDS reversed scored item 13 “Do you feel full of energy?”
has a low contribution to the overall depression score and is considered an easy item to endorse. In
contrast the item 11 “Do you think it is wonderful to be alive now?”, that is reversed scored with ‘No’
corresponding to higher depression, is difficult to endorse for an average person because it reflects higher
depression levels as indicated by an earlier Rasch analysis.(Chiang et al., 2009) In everyday clinical

practice these items are rendered as having the same value and the total score is computed by adding
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individual items scores, which results in diagnostic bias that can have serious implications for a patient.
Rasch analysis enables such assessment bias to be eliminated by accounting for true contributions of each
item to the overall depression scores. The Rasch model is identical to the one parameter Item Response
Theory (IRT) model.(Hobart and Cano, 2009) It is a probabilistic, unidimensional measurement model
stating that response to a specific item is a function of only two parameters: personal ability and item
difficulty, which are estimated independently using the same metric.(Rash, 1960) When data fit the Rasch
model, transformation of the raw scale scores into interval-level data becomes possible, increasing
accuracy of measurement. This is the main advantage of the Rasch model over conventional statistical
methods. Rasch analysis is beneficial for investigating and improving psychometric properties of ordinal
scales, as it enhances accuracy of measurement and provides better covering of a range of sample abilities
(e.g. depression levels) that have been established both theoretically and empirically.(Christensen et al.,
2013) Both the IRT and Rasch models has been whidely applied evaluate and improve psychometric
measurement in psychiatry, psychology, and rehabilitation medicine.(Allega et al., 2018; Ayis et al.,
2018; Brunton et al., 2018; Hobartand Cano, 2009; Lundgren and Tennant, 2011; Svicher et al., 2019)
Tang et al (2005) and Chiang et al (2009) applied Rasch analysis to the GDS-15, and reported
adequate functioning of all 15 items.(Chiang et al., 2009; Tang et al., 2005) It was advised the GDS-15
may be less effective as a screening tool but could be better used to detect a change in moderate levels of
depression.(Chiang et al:, 2009) However, there were some limitations of these studies. First, one of them
was conducted using the Chinese scale version on a sample that was drawn from Chinese patients with
pneumoconiosis and may not be applicable to non-Chinese populations or patients with other forms of
medical disease,(Tang et al., 2005) whereas the other study was based on a relatively small sample of
participants (n=177).(Chiang et al., 2009) Moreover, Person Separation Index (PSI), which estimates
scale ability to discriminate between individual depression levels, was not reported although it is an

essential measure of reliability in the Rasch analysis that represents a reliable alternative to sensitivity
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analysis. There were also no converging tables generated to convert raw scores into interval level data,
which is the main advantage of the Rasch analysis in line with recently published
recommendation.(Leung et al., 2014) Therefore, the aim of this study was to apply Rasch analysis to
evaluate psychometric properties of the GDS-15 and produce conversion tables for transformation of raw

scores into interval level data to enhance accuracy of measurement.

Method

Participants

The study was approved by the Auckland University of Technology Ethics Committee (AUTEC)
(17/394). The sample initially consisted of 1037 participants extracted from the prospective community-
based cohort Sydney Memory and Ageing Study (MAS study)(Sachdev et al., 2010) of non-demented
individuals aged 70 years and older followed up bi-annually. The MAS study was initiated in 2005 to
examine the clinical characteristics and prevalence of mild cognitive impairment (MCI) and related
syndromes in older Australians, and to determine the rate of change in cognitive function over
time.(Sachdev et al., 2010) The data was taken from the Wave 1 of the MAS study, which represents the
first assessment in turn, without participants diagnosed with dementia. Figure 1 shows the stages of
sample extraction. We removed 4 participants from the analysis for the GDS-15 because they did not
complete the GDS assessment. In order to have participants with different depression levels equally
represented in the sample, we extracted participants with the total GDS-15 score equal or more than 5 as
they represented the minority of this non-clinical sample (106 individuals, 15%). We used 5 as a cut-off
score for depression in accordance with recommendations of Sheikh and Yesavage (1986).(Sheikh and
Yesavage, 1986) We then randomly selected an equal number (106) of participants from the remaining

927 participants, as shown in Figure 1.
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Figure 1. Consort flow diagram of the study population

extracted for the Rasch analysis of the GDS-15.

These two samples were combined into one sample (n=212), which satisfies requirements of 10 person
per item for dichotomous Rasch model indicated by the similar study.(Chiang et al., 2009) The sub-
sample included participants with the age range from 71 to 90 years (mean=79.1 years, SD=5.0), 100
(47.2%) of them were males. Out of 212 participants 42 (19.8%) were from non-English speaking
background, but fluent in English. One hundred participants (47.2%) were cognitively healthy and 72
(34.0%) diagnosed with mild cognitive impairment (MCI), and 40 (18.9%) participants were unclassified
due to missing diagnostic data.(Sachdev et al., 2010) This fact could not intervene in the results
considering limited influence of the cognitive abilities on the indicative of depression with GDS. The
GDS total scores were distributed close to normal with maximum values of 0.75 for skewness and 0.44

for kurtosis falling within the conservative range of £1. The mean depression score was 4.37 (SD=3.12)
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ranging from 0 to 15. There were no significant differences in the distribution of sex and age between the

full sample and the extracted sub sample (both p >0.05).

GDS-15 scale used in the MAS study

The GDS-15 contains 15 dichotomous items in which participants are asked to respond by answering
“yes” or “no” about how they feel (Table 1). Ten out of 15 items indicate the presence of depression
when answered positively, while the other items including one, five, seven, eleven and thirteen indicate
depression when answered negatively. Scores from 0 to 4 indicate absence of depression; 5 to 8
correspond to mild depression; 9 to 11 correspond to moderate depression; and 12 to 15 — to severe
depression.(Sheikh and Yesavage, 1986) Cronbach’s alpha with the current dataset (n=212) was 0.79,

which is consistent with previous reports.(lglesias, 2004; Van Marwijk et al., 1995)

Table 1. The 15-item Geriatric Depression Scale.

1. Are you basically satisfied with your life?

2. Have you dropped many of your activities and interests?

3. Do you feel that your life is empty?

4. Do you often get bored?

5. Are you in good spirits most of the time?

6. Are you afraid that something bad is going to happen to you?
7. Do you feel happy most of the time?

8. Do you often feel helpless?

9. Do you prefer to stay at home at night, rather than going out and doing new things?
10. Do you feel you have more problems with memory than most?
11. Do you think it is wonderful to be alive now?

12. Do you feel pretty worthless the way you are now?
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13. Do you feel full of energy?
14. Do you feel that your situation is hopeless?

15. Do you think that most people are better off than you are?

MAS used the GDS-15 with item 9 as described in Brink (1982, here item 12)(Brink, 1982) instead of
the more common one. In order to determine whether this would affect classification of depression, a
statistical analysis was carried out on two data sets from the same sample, one with the GDS-15
containing the version used in MAS, and the other with the more common version. Using the same cut-
point for depression (score >6) the results showed a high level of agreement between the two
classifications (kappa = .931) with a total of only 4 false positives, and no false negatives, out of a sample

of 354 used in MAS study to validate this item.(Sachdev et al., 2010) All items are presented in Table 1.

Data Analyses

Descriptive statistics were computed using IBM SPSS v.25 and Rasch analysis was conducted using
Rasch model software package RUMM?2030. Missing data in all GDS items comprised 0.9% and were
completely at random. Rasch analysis was conducted in iterative fashion following the sequential main
steps (Tennant and Conaghan, 2007):

1. Atest for overall data fit to the Rasch model.

2. ldentifying items with poorest fit to the Rasch model and local dependency between items.

3. Analysis of Differential Item Functioning (DIF) for personal factors.

4. Scale modifications: deletion of misfitting items, resolving local dependency/creating super-items.

4. Re-testing individual item fits and the overall fit to the Rasch Model.

5. Unidimensionality test.

6. Distribution analysis of the participant-item thresholds.

10
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7. Conversion of raw scores into interval measure based on person estimates.

The initial analysis started with evaluation of the overall data fit and individual item’s fit to the Rasch
and included examination of residual correlations between items because it may affect fit to the model.
Rasch model fit was evaluated using the following criteria: the overall Rasch model fit requires non-
significant item-trait interaction indexed by chi square (p>0.05, Bonferroni adjusted). Overall fit residuals
for both item and person should have mean close to 0.00 and a standard deviation close to 1.00.
Individual items should have fit residuals between -2.50 and +2.50, and no items should work
significantly differently for different groups (e.g. male vs females), which refers to Differential Item
Functioning (DIF) tested using ANOVA between relevant sample groups. Reliability in Rasch analysis is

evaluated using PSI, which is numerically close to Cronbach’s alpha.

Rasch analysis involves an iterative process that begins with testing the overall and individual item fit
to the model, local dependency between items and DIF. Usually, items displaying poor-fit or DIF are
deleted and locally dependent items can be combined into super-items, and the overall model fit is then
re-tested.(Tennant and Conaghan, 2007) Residual correlations that exceed the cut-off point of 0.2
indicating local dependency between relevant items.(Christensen et al., 2017) Rasch analysis is completed
once both the overall model and individual item fit to the model are acceptable and evidence for
unidimensionality of the scale is obtained. In this analysis we considered deletion of an item as the last
resort because all items of the GDS-15 short version represent significant depression symptoms and
further reduction of the scale may affect validity of the construct. This approach is also supported by
findings of Tang et al (2005) and Chiang et al (2009) who reported adequate functioning of all 15

items.(Chiang et al., 2009; Tang et al., 2005)

In Rasch analysis, dimensionality is normally tested by examining the first principal component of the

residuals after the main latent trait (e.g. depression) is removed(Smith Jr, 2002). An independent t-test is

11
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then conducted to compare person-locations for the two groups of items: one group with the highest
positive and the other group with lowest negative loadings on the first principal component of the
residuals. In the current study unidimensionality was tested using the standardized unweighted item fit
residuals(Smith Jr, 2002). Unidimensionality is evident if the percentage of significant t-test comparisons
is below 5% or if the lower bound of the binominal confidence interval computed for the number of
significant t-tests overlaps 5%. When a satisfactory Rasch model fit is evident, the person-item thresholds
distribution is evaluated to determine how well item thresholds cover depression levels of the sample.
Finally, the conversion tables are generated based on person estimates of the Rasch model that permit

transformation of raw scores into interval-level data to increase accuracy of assessment.

Role of the funding source

The funder of the study had no role in study design, data collection, analysis, and interpretation, or
writing of the report. The correspanding author had full access to all the data in the study and had final

responsibility for the decision to submit for publication.

Results

Initial analysis of the full scale of 15 GDS items indicated an overall poor fit to the Rasch model with
significant chi square for interaction between items and the latent trait (x*(75)=211.78, p<0.0001) and low
reliability PSI=0.68. Table 2 includes the Rasch model fit statistics for the initial analysis on the
individual items and indicates five items with significant model misfit. The strongest misfit was
associated with item 9 (Do you prefer to stay home?), displaying fit residual of 4.37. The item 7 (Do you

feel happy most of the time?) also exhibited significant negative fit residual at the level of 3.09. The

12



Journal Pre-proof

Rasch model fit may be affected by local dependency between items. Therefore, the residual correlation
matrix was examined and indicated residual correlations between most of the items that exceeded the cut-

off point of 0.2 indicating local dependency.(Christensen et al., 2017)

Table 2. Rasch model GDS-15 items fit statistics for the initial analysis.

Item Location SE FitResid PFitResid ChiSq Pchisq
1 0.86 0.20 -1.96 0.004 15.33 0.000
2 -0.81 0.16 274" 0.004 15.35 0.003
3 0.68 0.20 -2.97 0.067 8.78 0.007
4 0.29 0.18 -0.96 0.041 9.97 0.031
5 0.58 0.19 -1.97 0.118 7.37 0.064
6 0.09 0.18 -0.91 0.137 6.98 0.140
7 -0.15 0.17 -3.09" 0.002 17.13 0.000
8 0.30 0.18 -1.93 0.295 4.93 0.275
9 -2.26 0.18 437" 0.000 67.61 0.000
10 0.29 0.18 0.49 0.354 441 0.524
11 0.30 0.18 -2.00 0.050 9.51 0.015
12 0.11 0.18 -2.10 0.139 6.94 0.111
13 -2.27 0.18 258" 0.000 24.78 0.000
14 121 0.23 -2.39 0.012 12.81 0.000
15 0.78 0.20 -1.92 0.086 8.15 0.018

Note: “Significant misfit to the Rasch model (p<0.01).

Instead of deleting items, local dependency issue can be resolved by combining locally dependent
items into super-items that sum scores of two or more dependent items together into a single variable,
which reduces measurement error.(Medvedev et al., 2018) Therefore, locally dependent items were

combined into super-items as follow: Super-item 1 (Items 7+9+10); Super-item 2 (5+8); Super-item 3

13
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(1+2); Super-item 4 (11+15); 5 (3+13); 6 (6+12); 7 (4+14). After creating super-items the best model fit
was achieved with non-significant chi square for item-trait interaction (y°(28)=37.72, p=0.104). This
modification resulted in substantial improvement of reliability (PSI1=0.78), strict unidimensionality (2.8%
of significant t-tests) and no differential item functioning by age, sex and diagnosis (e.g. MCI). Table 3
displays Rasch model fit statistics for individual super-items of the modified GDS-15. At this stage there

were no more misfitting items and no local dependency was evident between super-items.

Table 3. The overall Rasch model fit statistics for the modified GDS-15 super-items.

Item Location SE Fit Residual PritResid Chi Square Pchisq
Super-item 1 -1.01 0.14 -0.74 0.190 6.12 0.092
Super-item 2 0.69 0.15 -1.64 0.081 8.32 0.017
Super-item 3 -0.04 0.15 0.73 0.218 5.76 0.191
Super-item 4 0.60 0.15 -1.20 0.680 2.30 0.738
Super-item 5 -1.20 0.15 0.24 0.854 1.34 0.843
Super-item 6 0.19 0.14 -0.65 0.048 9.56 0.036
Super-item 7 0.76 0.15 -1.00 0.365 431 0.349

Note: Super-item 1 (Items 7+9+10); 2 (5+8); 3 (1+2); 4 (11+15); 5 (3+13); 6 (6+12); 7 (4+14)

Figure 2 shows person-item threshold distribution of the modified GDS-15 by creating super-items. The
scale’s thresholds satisfactorily cover depression levels of the sample without any significant ceiling or
floor effects. Sample mean of the sample is below items mean indicating that overall low depression
levels in the sample. This indicates good potential of the modified GDS-15 to assess populations with

high levels of depression.

14
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Figure 2. Person-item threshold distribution of the final modified GDS-15.

The satisfactory Rasch model fit of the GDS-15 permitted transformation of raw scale scores into
interval scale by estimating genuine interval-level scores for each ordinal raw score. Developed Rasch
interval transformation table permits conversion of the raw ordinal test scores into interval-level data (see

Table 4).

Table 4. Rasch interval transformation table.

Ordinal Scale Interval Scale +95% Confidence Intervals
Raw Scores Logits Scale [+95% CI]
0 -5.94 0.00 3.76
1 -4.10 2.74 241
2 -2.86 4.60 1.94
3 -2.02 5.85 1.65

15
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4 -1.41 6.77 1.47
5 -0.91 7.52 1.37
6 -0.46 8.19 1.31
7 -0.04 8.81 1.27
8 0.36 9.42 1.25
9 0.76 10.01 1.25
10 1.16 10.61 1.27
1 1.57 11.22 1.31
12 2.02 11.89 1.39
13 2.53 12.66 155
14 321 13.67 1.88
15 4.10 15.00 2.63
Discussion

The 15-item Geriatric Depression Scale (GDS-15) is one of the most widely used psychometric
instruments in the elderly. The present study significantly enhanced measurement properties of the GDS-
15 by applying Rasch analysis. The current work is novel, because it developed conversion tables to
transform GDS-15 raw binary scores into interval level data, which significantly increases accuracy and
sustainability of depression screening. Theoretically, meeting expectations of the Rasch model achieved
for GDS-15 in this study means that the scale complies with principles of the fundamental measurement
common to physical phenomena such as invariance across population groups, unidimensionality and the
same measurement unit across scale continuum. (Rash, 1960) We used modern Rasch methodology that
involved combining locally dependent items into super-items to improve reliability and internal validity
without the need to delete scale items.(Medvedev et al., 2018) After these minor modifications the GDS-

15 demonstrated excellent coverage of depression levels in the current sample with the capacity to

16
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reliably assess higher depression levels in clinical populations (Figure 2). Using super-items is beneficial
because it reduces measurement error associated with individual items as every item may measure some
other psychological aspects to a different degree. For instance, item 15 (Do you think that most people are
better off than you are?) besides depression also measures self-esteem, which affects internal scale
validity. When such items are combined based on residual correlations, individual item errors cancel each
other resulting in improvement of both reliability and validity, which is not achievable by simply adding
the raw scores following current measurement practice.

Combination of some items to super-items is also plausible based on a single nature of a
psychological facet they describe. For example, the super-item 2, which combines the reversed coded
item 5 (Are you in good spirits most of the time?) and item 8 (Do you often feel helpless?) may be
described as a feeling of devastation. The reversed coded item 1 (Are you basically satisfied with your
life?) may be outlined as an outcome of the item 2 (Have you dropped many of your activities and
interests?), therefore combining those two items into the super-item 3 appears meaningful. The item 3
(Do you feel that your life is empty?) and reversed coded item 13 (Do you feel full of energy?) represent
liveliness and resourcefulness and pooled into the super-item 5. The super-item 7 is a result of integration
of the item 4 (Do you often get bored?) and item 14 (Do you feel that your situation is hopeless?) because
they both may be associated with loosing meaning of life. At the same time, there are some combinations
of items into super-items that represent highly variable system of meanings. For instance, the super-item 4
is a result of putting together the reversed coded item 11 (Do you think it is wonderful to be alive now?)
and 15 (Do you think that most people are better off than you are?). If considering that the item 11 is
negatively worded, it is plausible that somebody with low self-esteem (item 15) may not feel happy with
their life. Please note that most of the created super-items combine normal depression items with reverse
coded items (measuring opposite of depression) and hence eliminate a method effect associated with

measurement error due to item wording (negative vs positive).
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Transformation of raw scores presented in this article account for all these biases evidenced by the
best fit to the fundamental measurement Rasch model achieved using super-items method.(Medvedev et
al., 2018) Moreover, transformation of raw scores into interval scale presented here does not require
changes in test administration, it just exploits a different scoring algorithm of the total score. This
transformation can be conducted by finding individual item scores (original raw scores) in the column 1
of the conversion table provided here (Table 4), and finding the corresponding interval-level score
(transformed score) in the column 3 of the conversion table . Interval-level scores are presented using the
original scale range, which is an additional advantage because it permits comparisons of raw and interval
scores. The results of the study can be used by different medical professionals (psychiatrists, neurologists,
psychologists, nurses, caregivers) and researchers who apply original 15-items GDS version. This
conversion is very simple and can be conducted by specialists not familiar with statistical analysis. The
modified GDS-15 scale has a good potential to assess populations with different levels of depression from
low to high equally effective.

Interval-level data transformed with Rasch analysis is also suitable for parametric statistical tests such
as ANOVA without violating their fundamental assumptions. It simplifies statistical data analyses by
allowing valid comparison with other interval measures and increases accuracy of assessment by reducing
measurement error due to item misfit in comparison with ordinal scores. Using this Rasch conversion
tables also permits wvalid comparisons of GDS-15 interval data with electrophysiological and
neuroimaging data such as EEG, (f)MRI as well as biomarkers and genetics data, which especially

important for researchers who use GDS-15 as a psychometric tool.
Limitations

A possible limitation of our study relates to the actual ability of participants with cognitive

impairment to provide accurate responses to GDS items as per work of Chiang et al.(Chiang et al., 2009)
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However, the findings by Chiesi et al (2018) referred in the manuscript that support usage of the GDS-15

for this group of people.(Chiesi et al., 2018)

In summary, the study provides modified GDS-15 as a reliable and valid screening tool for assessment
of depression in older adults. Such an improvement of the GDS-15 scale is facilitated by Rasch
transformation of raw scores into interval-level data, which contribute both to clinical and scientific
purposes and permit wide application of the scale in clinical and research facilities. It will enhance
accuracy of assessment for screening, early detection and treatment of depression and dementia in the

elderly.
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