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Abstract

Local independence in item response theory modeisbe violated in two ways that
are difficult to distinguish empirically and arengeally not distinguished clearly in
the literature. In this paper we distinguish betwea violation of unidimensionality,
which we calltrait dependence, and a specific violation of statistical indepemcie,
which we call response dependence, both of which violate local independence.
Distinct algebraic formulations for trait and reepe dependence are developed as
violations of the dichotomous Rasch model, datasareilated with varying degrees
of dependence according to these formulations,thed analysed according to the
Rasch model assuming no violations. Relative éocidise of no violation it is shown
that trait and response dependence result in agpeffects on the unit of scale as
manifested in the range and standard deviatiohettale and the standard deviation
of person locations. In the case of trait dependéhe scale is reduced; in the case of
response dependence it is increased. Again,vel&di the case of no violation, the
two violations also have opposite effects on thesqe separation index (analogous to
Cronbach’sa reliability index of traditional test theory in e and construction): it
decreases for data with trait dependence; it ise®afor data with response
dependence. A standard way of accounting for didgere is to combine the
dependent items into a higher-order polytomous .itefrhis typically results in a
decreased person separation index index and Crisbag compared with analysing
items as discrete, independent items. This ocauespective of the kind of
dependence in the data, and so further contribiatdbe two violations not being
distinguished clearly. In an attempt to begin istidguish between them statistically
this paper articulates the opposite effects oféhles violations in the dichotomous

Rasch model.
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Formalising dimension and response violations of tal independence
in the unidimensional Rasch model

1. Introduction

The unidimensional Rasch model for more than tveteied categories can be
expressed in the form

X m X
Pr{X, =x =[exp(x (8,-9,)— Z Tyl /Z[eXp(X (B.—9)~ Z ) (1)
k=1 x=0 k=1
wherex [ {012..m} is the integer response variable for pensavith ability
m
B.responding to itemwith difficulty J,, andr,,7, 7, 2rxi =0 are thresholds
x=0

betweenm; + 1 ordered categories whemgis the maximum score of item#, =0

(Andrich, 2005). This implies single dimension with values of3, 6 andr located

additively on the same scale.

The special case of Eq. (1) for ordered dichotontesponses is

Pr{Xy =} =[eXp((B, =8 I/IL+exp(B, = 3] @

wherex {01} and there is only one threshpld). Both cases are used in this paper.

The model also implies statistidgatlependence of responses in the sense that

Pr{((x: 0} = [ ] Prixad 3)

n i

where ((x, )) denotes the matrix of respons¥s = x,n=1...N,i =1...l .

The holding of Eq. (2) and (3) together is gengradferred to akocal independence
or sometimesonditional independence. The termocal refers to the idea that all the

variation among responses to an item is accouwnieblyfthe variablg, and therefore
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that for the same value ¢, there is no further relationship among responses

(Andrich, 1991; Lazarsfeld, & Henry, 1968).

Local independence defined in this way can be tedlan two ways. First, there may

be person parameters other th@rthat are involved in the response. Thisis a

violation of unidimensionality and therefore statial independence relative to the
model of Eq. (2). To reflect the presence of ntbes one trait, in this paper the

violation of unidimensionality is calletait dependence.

Second, for the same person and therefore the walne of 5, the response to one

item might depend on the response to a previous ifEhis is clearly a violation of
statistical independence relative to Eq. (3). ®birmuish this latter violation of Eq.
(3) from the violation of unidimensionality, it Wibe referred to asesponse
dependence. Both are formalised algebraically in SectionV2e note that it is
possible to have a multidimensional model with oese independence and a
unidimensional model with response dependence. ederywe are concerned with
studying the effects of these violations relativéhte unidimensional Rasch model

which also implies statistical independence aeefin Eq (3).

Trait and response dependence, although conceptlii#rent, are known to be
difficult to distinguish empirically. The two viations are also generally not
distinguished clearly in the literature with thembemultidimensionality used for trait
dependence and the generic téosal dependence used for both trait and response
dependence. Nonetheless, there have been cortmusthe various effects of trait
and response dependence in the Rasch model o1 Hg.¢§. Smith, 1996, Smith and
Miao, 1994; Smith, 2002; Smith, 2005).

In practice, trait dependence is found in manyescal social measurement that are
constructed to measure a single variable, but@mosed of subsets of items which
measure somewhat different aspects of the varididdertheless, the responses
across all items are intended to be summed. Ampbais the Functional
Independence Measure (FIM™) motor scale (KeithnGea Hamilton, & Sherwin,

1987), which consists of 13 items, ranging frondbier management to climbing
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stairs. These items can be grouped into subsetsxé&mple $hincter Control can
compriseBowel Management andBladder Management. Although the presence of
subsets captures better the complexity of a variabtl increases its validity, it
compromises its unidimensionality. Another examgplhe Australian Scholastic
Aptitude test (ASAT) where items, which are sumneee,grouped into subsets
representing mathematics, science, humanities @ridl science (Bell, Pattison and
Withers, 1988).

Trait dependence is also found in items that atesti by attributes such as common
stimulus materials, common item stems, common ggoctures or common item
content. These have been describeslbigsts (Andrich, 1985)testlets (Wang et al,
2002) oritem bundles (Rosenbaum, 1988; Wilson & Adams, 1995).

Response dependence is found when a person’s sssfipan item depends on the
response to a previous item, for example in assa#smvhere a correct answer on a
question gives a clue or determines the answené¢mo more subsequent questions.
In contrast to trait dependence, in general nodali®erately constructs items with

response dependence.

An example of response dependence in practicetigiphysical functioning subscale
of the SF-36, a widely used rating scale in hea#earch (Ware, Snow, Kosinski, &
Gandek, 1993). Kreiner and Christensen (2007) ghaithe item<limbing one

flight of stairs andClimbing several flights of stairs are dependent in this way.
Similarly, the itemdNalking one block, Walking several blocks andWalking more

than a mile are dependent in this way.

Response dependence is also found in satisfaatiestignnaires in an item

requesting an overall level of satisfaction follagiseveral other satisfaction items, as
in the Course Experience Questionnaire used inraliet Universities (Wilson,

Lizzio, & Ramsden, 1997). Itis also found whardges make judgements on a set of

criteria and a halo effect operates (Heldsingerwghry, 2006).

One way of detecting dependence, trait or respongedata set is by comparing

traditional reliability estimates or their modegst theory counterpart, from two
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separate analyses of the data (e.g. Andrich, 198%ais & Andrich, 2005; Zenisky,
Hambleton & Sireci, 2002). The first estimate usesoriginal items and assumes all
items are statistically independent. In a secoradyais, items hypothesized to be
trait dependent or response dependent are comimtegolytomous items and the
data reanalysed as polytomous items. If the néitialestimate from the second
analysis is lower than the reliability estimatenfrthe first, trait or response
dependence is confirmed. That trait and respoaperdlence can have such an
identical effect on a statistic further contributegshem not being clearly

distinguished.

In this paper simulation algorithms for these tvi@ations are developed from the
algebraic formulations in Section 2. Data are $at@a with varying degrees of trait

or response dependence and then analysed acctodimgRasch model to show
typical effects in the analyses from these spevifiations of the model. The effects
of interest are on (i) the unit of scale as martgi@sn the range and standard deviation
of the estimates for the possible scores and #relatd deviation of person locations,
on (ii) the person separation index (PSI), whicanalogous to Cronbach&s of
traditional test theory in both values and congiouc(Andrich, 1982), and on (iii) the

standard deviation of the item locations.

It has been shown that response dependence ofteltsre increased reliability and
person estimates (e.g. Smith, 2005). We expeatetbre, that in the data with
response dependence, the range and standard dedathe scale, the standard
deviation of person locations, and the PSI wilr@ase compared to data with no
dependence. On the other hand, we expect thaténwdth trait dependence opposite
effects will be found: a decrease in the rangestaddard deviation of the scale, the
standard deviation of person locations, and thecBBlpared to data with no
dependence (Marais & Andrich, 2005).

However, when data are analysed by combiningdraiesponse dependent items into
polytomous items, we expect a decrease in the ®3dlgo in the standard deviation
of the person locations, and in the range and atandkeviation of the scale, compared
to data with no dependence (Andrich, 1985; Zenislgmbleton & Sireci, 2002).
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2. Method

This section formalises the presence of trait @sgponse dependence as violations of
the Rasch model and describes the methods useddstigate their effects. The
focus in the rest of the paper is on the modetlidhotomous responses, but the

principles can be generalised.
2.1 The formalisation of trait dependence — violatin of unidimensionality

As indicated earlier, many scales in psychologycation and social measurement in
general, which are constructed to measure a suagiable, are nevertheless
composed of subsets of items which measure difféneirelated aspects of the

variable. Consider a scale composedofl2,...,S subsets, and let

ﬁnS:ﬁn-l-CSﬁlilS’ (4)

wherec, >0, S,is the common trait for persanamong subsets and is the same
variable as in Eq. (1), is thedistinct trait characterized by subseand is
uncorrelated with3, , that is, COV[3 , 3.1 =0 . Therefore 3, is the value of the

main, common, variable or trait among subsets, Apds the variable or trait unique
to each subset. The valegcharacterizes the magnitude of the variable ofestighs

relative to the common variable among subsets. cohemon variable might be

considered &igher order variable relative to the variablgg of the subsets. Further,

variables of the subsets are considered to be fhutugcorrelated, that is
COVI[ ., 5] =0 for all subsets andt. Table 1 shows this subset design. In

generating data with trait dependeng®e,of Eq. (2) is replaced by, of Eq. (4) to
give

Pr{X ) =X} =[exp(X(Ss = &) /[L+eXP(B,, = 3)] 5)
where the superscrig indicates subses = 12,..S. Clearly, responses according to

Eq. (5) violate Eq. (2).
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Table 1 Summary of subset design

Subsets
Items | 1 2 S
1 Bu=B,+ Cugm B =B+ CZIBI;Z Bs =B, + CSlBr;S
2 ﬂnl = ﬁn +C1ﬂrlul ﬂnz = ﬂn + Czﬂr‘IZ ﬂnS = ﬁn + Csﬂr;s

:Bnl = ﬂn +Clﬂrlwl

:an = an + CZIBI"IZ

ﬁns = ﬂn + CSIBr;S

Because each subset is composed of a distincblay, as well as the common
variable S, the correlation among the subsetsasl. However, because it has the
common variables,, and depending on the sizesmfind ¢, , the correlation will

generally be greater than 0. Within the above camgt, any correlation among any

two subsets of a scale can be specified by setting
VBl =V[B,] =0 (6)
for all subsets andt.

Further modifications of the mean and variancénefiariables measured by the scale

can be generated by transformifig according to

an = aS + bsﬂns’ (7)

where a, is the mean and, is the standard deviation 0B, .

The Appendix shows that the theoretical, latentedation p, between two items in

different subsets andt from the construction in Tableid given by
1

pum ®)

Assuming thatcg = ¢, = ¢ gives
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1
1+c?’

Ps = 9)

Clearly, the larger the value ofthe smaller the correlation between two items of
different subsets: e.g. =0, then p, =1, and if c=10, then p, = 0.00999.. .

Therefore, in generating responses, the numbarhsfeds and the value of are
specified so that a persarhas a locatiof, . in responding to the items of each
subsets=12,...,S. The appendix also shows thaf, the correlation between two

items from different subsessandt, is also the latent correlation among the subsets

themselves.

2.2 The formalisation of response dependence —\atibn of statistical

independence

Response dependence is formalised by making arpengsponse on an item be a
function of the person’s response to a previous.it&pecifically, the probability of a
person’s positive response on an item increasadwasction of the positive or correct
response, and decreases as a function of the wegatincorrect response, on a
previous item on which it depends. How much trebpbility increases or decreases
can be determined by a constant, more specifidajlyadding or subtracting a

constant from the location or difficulty of the depent item.

Eq. (10) formalises this construction for it¢mependent on iteimby modifying Eq.

(2) according to:
Pr{Xy =1 X, =1} =[exp(8, - (9; —d))]/[1+exp(5, - (J; —d))] (10)
and
Pr{Xy =1 X, =0} =[exp(B, - (9; +d))]/[1+exp(B, —(5; +d))],
which reduces to
Pr{an =1 X, =x}=
[exp(B, —9d, — (L—2x)d)]/[1+exp(B, -, — (1-2x)d)]
whered >0 is the constant used to increase or decreasedpeitude of

dependence.
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The general equation which includes both respon§es 1, X,; =0 takes the form
Pr{xnj = X; | X =%} =

[exp(x; (B, = 90; — (1=2x)d))]/[1+exp; (B, —9; —@A-2x)d))]. (11)
It is evident from Eq. (11) that the response p&eson to itenj depends on the
person’s response to itedm Specifically, and taking items as achievemesrhg with

correct or incorrect responses, if a person’s nespdo item is x; =1, then the
dependent iterjis difficulty is effectively changed t@; —d for that person, making

the dependent item easier, thus increasing theapility of the same response of

Xy =1. Conversely, if a person’s response to itenxj;is 0, then the dependent
itemj’s difficulty is changed taj,; +d for that person, making the dependent item
more difficult, thus increasing the probabilitytoe same responsg; = . On

summary, responses according to Eq. (11) violat§Bq

2.3 The simulation design structure for trait and response dependence

Using the formulations described in Sections 2d 22, data sets were generated
with trait dependence or response dependence whgadegrees. No condition had

both trait and response dependence at the same time

Many different parameters and patterns could pitiynbe developed when
simulating trait and response dependence respBictif® make effective
comparisons between the effects of the two typeepéndencehe basic item and
person design was made the same for both. Data were generated for 1000 persons
and 30 items. Item locations and the distributbperson locations were chosen to

make the targeting of persons to items relativédal. The distribution of person
locations wadN (01°) and the items had locations distributed uniforfniyn —2 to 2.
The 30 items were divided into 6 subsets of 5 iteaxsh. Dependence, trait or

response, was kept within subsets. Table 2 shosveem difficulties and the

subdivision of items of varying difficulty into Gubsets.
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Table 2 Item difficulties
Subset 1 Subset 2 Subset 3 Subset 4 Subset 5 Subset
ltem Item Item Item Item Item Item Item Item Item Item Item
no 0 no o no o no o no o no o
1 -2.00 6 -1.31 11 -0.62 16 0.07 21 0.76 26 1.45
2 -1.86 7 -1.17 12 -0.48 17 0.21 22 09 27 1.59
3 -1.72 8 -1.03 13 -0.34 18 0.34 23 1.03 28 1.72
4 -1.59 9 -0.9 14 -0.21 19 0.48 24 1.17 29 1.86
5 -1.45 10 -0.76 15 -0.07 20 0.62 25 1.31 30 2.00
Mean -1.72 -1.03 -0.34 0.34 1.03 1.72
SD 0.22 0.22 0.22 0.22 0.22 0.22

Mean: 0.00; SD=1.21 for all items

2.3.1 Trait dependence

For trait dependence thatent variables underlying the subsets were varied
systematically by setting the value of the constantEq. (4) to O, 1, or 2. These

values have corresponding correlations among ssib$ét0, 0.5 and 0.2 respectively.

The case where = 0, which gives a correlation of 1.0 among subsetkisithe case

of data fitting the unidimensional dichotomous Reswdel perfectly, provides a

frame of reference for the analyses wioef 0.

2.3.2 Response dependence

The example of response dependence between itatnwdl constructed was based

on a judge making judgements on a set of criteHare@ responses to these criteria

were all dependent on an overall judgement, incefiehalo item.The latent
variables underlying the subsets were perfectly correlated but all the responses of all
items within a subset were made dependent on the halo item.  Six halo items, one for

each subset, were therefore generated and resptmlesi. The responses to the

five remaining items within each of the six subsetse governed by their response to

this halo item in the subset. The location oftia item was the same as the

difficulty of the middle item of a subset, which svéhe average difficulty in the
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subset. Following the data simulation, these hatas were deleted from the
analyses, leaving only 30 items in 6 subsets #sartrait dependence condition. The
magnitude of dependence was varied by settimyEq. (11) to 0, 1, or 2 respectively.
The case ofl = 0, in which the data fit the Rasch model perfe@bain provides a

frame of reference for the analyses wite# 0.

Thus thebasic design structure was the same for trait and response dependence: the
difference between them was that for trait dependence an extra, unique dimension for

all itemsin a subset governed the responses to items in that subset; for response
dependence the response to a halo item for each subset governed the responses to all
itemsin that subset.

2.4 Analyses

The generated data sets were analysed with the RUMM&oftware (Andrich,
Sheridan and Luo, 2005). Two analyses were peddram each data set. Firstly, all
items were analysed as discrete, dichotomous igmrarding to the dichotomous
Rasch model assuming unidimensionality and stedisindependence. In order to
account for the dependence, responses of depedidantomous items within a
subset were summed to give a polytomous item. Bsetond analysis was
performed on the polytomous items according to(Egassuming unidimensionality
and statistical independence (Andrich, 1985; Waalfj 2002; Wilson, & Adams,
1995; Zenisky et al, 2002).

The range and SD of the scale: In the Rasch models, the total score is a sefiici
statistic for the person ability. Thus for eaclatatcore on a set of items, and
irrespective of taking or not taking account of eegence, there is a single ability
estimate for each raw score. This estimate isndinear transformation of the total
score which is a function of the item locationdiug irrespective of taking or not
taking into account the dependence, the analydlis\aie the same raw score range
with the same distribution of raw scores. Howeifghere is dependence in the data,
estimates of abilities will be different for thensa raw scores. One concern is the
range of values of the transformed scores andeheed to which violations of the

model affect these values. These effects arereefep as effects on the scale.
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Therefore, the effects on the rargedstandard deviation of the scale are of interest

and are reported. The range is the differencedsrivthe person ability estimates for

a total score of 1 anim -1 whereZmi is the maximum score. Scores of 0 and

Zm , Which in theory have infinite estimates and iagtice require some

extrapolation, are not used for calculating thegeaand SD of the scale.

Person distribution: One consequence of change of scale describea abtive
impact on the person distribution. Therefore tlieots of dependence on the

standard deviation of the person distribution are reported.

Person Separation Index: The effects of dependence on person reliabgipgcifically
the PSI, are reported. The PSI is based on tH&itmaal true score reliability formula
(Gulliksen, 1950)

2 2 2
o o’-0
rXX = 2 - 2 = : 2 < ! (12)
0% +0? o’

where g’ is the variance of the observed total scotgsjs the variance of the true

scores,o’is the error variance of each measurement ang? =g? +g2. Thus the

reliability is a function of both the variance bktobserved estimates and the error of

measurement. In parallel to Eq. (12) the PSI findd according to

2 2 _ 42
rﬁﬁ = 20/3 7= Jﬁ 209 (13)
0'/;+0'e Uﬁ,

with 62 is the estimated variance of the locations ofpt¥esons, and? is the

average squared standard error of measuremerad¢brperson. Again, itis a
function of both the variance of the estimateshefpgerson locations and of the error
of measurement, and is a relevant statistic toiden# relation to specific violations
of the model. In general, and for complete ddtaMalues of this index and the

traditional reliability index, Cronbach’ae , are virtually identical (Andrich, 1982).
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Item distribution: The change of scale is a reflection of the efédéatiolations of the
model on item locations. Therefore the effectdegendence on ttseandard

deviation of the item locations are also reported.

3. Results

3.1 First analysis — as dichotomous items

As indicated previously, in the first analysisitdims were analysed as discrete,
dichotomous items according to the dichotomous Rasadel assuming
unidimensionality and statistical independencebl&& shows the results for this
analysis and Figure 1 shows the distributions oéq@e and item estimates

graphically.

Table 3 First analysis — as dichotomous itemssdteSD, PSI, scale range and SD
and Item SD for trait dependence as a functionanida for response dependence as a
function of d.

Type of Magnitude of dependence
dependence
c: 0 1 2
£ Person SD 1.11 0.79 0.62
g PSI 0.83 0.70 0.55
Trait 0. Scale range 7.48 6.99 6.88
dependence Scale SD 1.90 1.78 1.75
2]
§ itemsD 1.25 1.11 1.04
d 0 1 2
£ Person SD 1.11 1.42 1.59
g PSI 0.83 0.88 0.90
Response 0O Scale range 7.48 7.78 7.72
dependence Scale SD 1.90 2.03 2.01

Item SD 1.25 1.53 1.50

Items
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types of dependence as a function of ¢ and d.

: Persontanddistributions for both
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In order to better compare the effects of trait ssgponse dependence relative to no
violation of the Rasch model, Figure 2 shows selkbcesults from Table 3 in
graphical form. Specifically, it shows the SD efgon locations, PSI, range and SD
of the scale as a function of ¢ or d.

Person SD PSI

o

Person SD
N
o (4} = o N
PSI
o o
o
|
\
x
\
T
\
\
\
\
o

0.4 +

0 1 2 0 1 2
cord cord
- TD = RO
Scale SD
Scale range

21

1.9
1.8
1.7
1.6+

scale range
~

(62 I NI ¢ ) B o o]

I I I

scale SD

N

o

0 1 2 0 1 2
cord cord
——TD —o—RD ——TD —o—RD

Figure 2. First analysis - All dichotomous items: Person 8BI, range and SD of the
scale as a function of ¢ and d for the first anialy3D = Trait dependence condition,
RD = Response dependence condition.

It is evident from Table 1 and Figures 1 and 2 Wia¢n data are analysed not
accounting for the violations, thperson SD decreased as the magnitude of trait
dependence (c) increased. In contrastpdnson SD increased as the magnitude of
response dependence (d) increased.

It has been shown that violations of statisticdejpendence often result in increased
reliability (e.g. Smith, 2005). As is evident frorable 3 and Figure 2 again, the
analysis of the simulated data in this paper corffithat result. ThBS increased as
the magnitude of response dependence (d) incredsexbntrast, th®S decreased

as the magnitude of trait dependence (c) increased.
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A similar effect is evident in theange and SD of the scale: The range and SD
decreased as trait dependence (c) increased; irasgrthe range and SD increased,
then remained relatively constant, as responsendepee (d) increased. It may seem
anomolous that the range and SD increase themedtively constant but the Person
SD increased consistently as d increased. An paptan of this anomaly is that the
impact of response dependence on the scale mayréasieed a limit, but the Person
SD still increased as the frequencies in the extresrof the score range continued to

increase as d increased.

3.2 Second analysis — as polytomous items

It will be recalled that in the second analysis] anorder to account for dependence,
items within subsets were summed to form a polytgsritem. The polytomous items
were analysed according to Eq (1) assuming unidsmeality and statistical
independence. Because there were 6 subsets o&aimous items each, which
resulted in 6 polytomous items with 5 thresholdshe#he standard deviations of the
thresholdsr ., x=12,...5,i =12,...6 of Eq. (1), rather than the standard deviations

of the items, are reported. Table 4 shows thdteefar this analysis and Figure 3
shows the distributions of person and item estimgtaphically. Figure 4 shows the

comparative effects graphically.
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Table 4 Second analysis — as polytomous itemssoRe3D, PSlI, scale range and SD
and Threshold SD for trait dependence as a fundii@nand for response dependence
as a function of d.

Type of Magnitude of dependence
dependence
c: 0 1 2
£ Person SD 1.08 0.59 0.41
g PSI 0.83 0.60 0.30
Trait 0. Scale range 6.95 5.69 5.17
dependence Scale SD 1.80 1.38 1.23
2]
§ Threshold SD 1.60 1.13 0.95
d 0 1 2
£ Person SD 1.08 0.86 0.50
g PSI 0.83 0.80 0.68
Response O Scale range 6.95 4.98 2.42
dependence Scale SD 1.80 1.24 0.63

Threshold SD 1.60 1.04 0.89

Items
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Figure 3. Second analysis — as polytomous items: Persothaeshold distributions

for both types of dependence as a function of ccand
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Figure 4. Person SD, PSI, range and SD of the scale asctida of ¢ and d for the
subtest analysis. TD = Trait dependence condifRih = Response dependence
condition.

It is evident from Table 4 and Figures 3 and 4t wizen there is no dependence, the
effects on the parameters are negligible, irrespeaof the method of analysis.
However in the presence of both trait and response dependence, analysis using
polytomous itemseduced each of the statistics reported as a functiomef t

magnitude of dependence.

In particular, when there was either response digrare or trait dependence in the
data, thePS decreased compared with the no dependence candifibe decrease

becomes more pronounced with higher magnitudegpénidence. This decreased
PSI in the presence bbth trait and response dependence contributes tavinéypes

of dependence being difficult to distinguish engatiy.

4. Conclusions

Trait and response dependence are known to beuiffio distinguish empirically
and are generally not distinguished clearly in litexature. In this paper trait and

response dependence are formalised algebraicaltg, ae simulated with varying
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degrees of dependence according to these formugatamd then analysed according

to the Rasch model assuming no violations.

When the simulated data in this paper were analgsedming no violation the two
types of dependence resultedopposite effects on person estimates and an estimate
of reliability, the PSI. Trait dependence resuliada reduced scale; in contrast,
response dependence resulted in an increased sedéye to the case of no
violation. Similarly, reliability decreased for tdawith trait dependence, and it
increased for data with response dependence melatithe case of no violation. This
confirms the finding that response dependencetsesuinflated person estimates and
reliability (e.g. Smith, 2005), and shows thatttidependence results in understated
reliability and reduced variance in the persomestés (Marais & Andrich, 2005).

These opposite effects can be appreciated by tieileon the nature of the respective
violations. With trait dependence responses regethe middle and do not reinforce

each other as a function of the same valuggof- the greater the value af in Eq.

(4), the more random the responses, with the sotales regressing to the middle and
narrowing the distribution of total scores with lemrelative frequencies of low and

high total scores. In contrast, with response déeece, a high score on the item on
which items depend increases the chances of higreson these items, and vice
versa, thus reinforcing the effect of a high or levere, and spreading the distribution

of total scores with greater relative frequencie®w and high total scores.

A standard way of accounting for dependence oteikind is to combine dependent
items by the summing of their scores into a polydamitem. The paper confirms that
such an analysis typically results in a decreasmlesand decreased traditional
reliability compared with analysing items assuming violation. This implies that

reliability is inflated when there is dependewteither kind in data and these data are
analysed assuming no dependence. This is corisisitnthe understanding that a
traditional reliability index, such as Cronbach'g, is not a measure of
unidimensionality. The decrease in reliability whtaking dependence, of either
kind, into account contributes to the two violasobeing difficult to distinguish

empirically.
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Figure 5 summarises how response and trait depeademata, but not accounting
for them in the analysis, hawpposite effects on the PSI - it increases for response
dependence and decreases for trait dependence @ahwpish the data with no
dependence. However, when analysed taking depeeadeio account, it results in
the same effect on the PSI - it decreases for both trait and respalependence,
confirming that it was inflated in both cases ie inalysis that does not take

dependence into account.

Dependence Dependence
Dichotomous analysisi Polytomous analysis

No dependence /' PSI Response
\ dependence

PSI | PSI

PSI

\ Trait
dependence

~] PSI

Figure 5. Flowchart of changes in PSI when there is no dégece and when there is
either trait or response dependence and data ahgsad as dichotomous items and as

polytomous items.

Because in real data the effect from forming palytas items and analysing them is
similar, that is, decreased reliability for bothitrand response dependence, it is not
possible at this stage to distinguish betweenwltetypes of dependence from simple
statistical analyses. Therefore, in the presefiseich evidence of some dependence,
the test or questionnaire format is the main soofdaformation as to which of trait
or response dependence is operating. For examples case of ASAT, composed of
different aspects of scholastic achievement, it Idtobe interpreted as trait
dependence. On the other hand, in the case @FR&6, it would be interpreted as

response dependence.
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Even though decreased reliability when accountioig dependence in an analysis
does not help in determining which of trait or r@spe dependence is present, it can
give an indication of thenagnitude or degree of dependence present. In the case of
multidimensionality for instance, if the magnituoledegree of dependence is large, it
may be better to analyse subsets separately asasehs However, this is a relative

issue and depends on the purpose of the scalsessasent.

This paper demonstrates the differences and oppasiétistical effects of two

conceptually distinct violations of the Rasch mod&his may be a starting point in
attempting to distinguish between them when retd dalicate the presence of some
form of dependence. In real data, the challengeven greater in distinguishing

between them because both may be present and mmpeonsate for each other.
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Appendix

The latent correlation among two items in differsabsets and between two subsets
of items

From Eq. (4)
B =B, +c.B, forsubses and therefore3, = B, +c, S,

for subset.

Therefore

VIB] =VIB+cB] = VB +cVIA],

VIB] =VIB+cB] = VISl +cVIA].

Further, because

COVI[p, 5,1=COVI[B, 5] = COVIA,, 5] =0.

COVI[S,, 41=COV[B+c,B,, B+ ]1=COV[B.B] = V[A].

Therefore the correlatiop, between two items from different subsets is gibgn

_ COVIB,.B] _ COV[B.. 5]
WIBIWWVIB]  \WIB+c.BIWVIB+cB]

_ V[A] |
WIBl+ VB IWVIB +cV[B]

GivenV[B] =V[A.] =VIA. ],

st

1
Py = =
o+t i+ c?
- _ 1
Forcs—ct—c,pg—1+cz.

For K, K, items in subsetsandt respectively, the total latent scores, independent

of error, for persom are given respectively by

Ksﬂns = KSBH + KSCSﬂI;S; Ktﬁnt = KIIBH + Ktctﬂl'lﬂ "

Therefore,
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VIK B =KVIBI+KeVIB]; VIK B]=KNVIB+KcVIE]
and
COVIKB,.K, A1 = KK VIA.
Therefore the correlatiop, between two different subsets is given by
o= KK VA
C L IKVIA+ KNI KB + KIGVIA]
_ KK V[A]
KK AVIBT+ VBT NVIA + VA
and again withvg] =V[B.] =V[A],

1 _

which is identical to the correlation between twans from different subsets.
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