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SPRPS PROBLEM DEFINITION

New challenges concerning bias to measure-
ment error have arisen due to the increasing use
of paid participants: semi-plausible response
patterns (SpRPs). SpRPs result when partici-
pants only superficially process the informa-
tion of (online) experiments or questionnaires
and attempt only to respond in a plausible way.
This is due to the fact that participants who are
paid are generally motivated by fast cash, and
try to etficiently overcome objective plausibil-
ity checks and process other items only superti-
cially, if at all. Thus, those participants produce
not only useless but detrimental data, because
they attempt to conceal their malpractice from
the researcher. The consequences are biased es-
timations, blurred or even covered true effect
sizes, and contaminating valid models. Exist-
ing and new approaches for the development
of measures for the identification of SpRPs are
discussed.

Huang et al. (2012) - International Personality
Item Pool (IPIP-300)

Experimental 1 Factor - 2 Conditions Design

Warning
(n = 84)

"Sophisticated statistical control meth-
ods are be used to check for validity of
responses and that responding with-
out much effort would result in loss
of credits."

Semi- "Respond without much effort but

plausible pretend that you want your laziness

(n = 64) in filling out this survey to remain un-
detected.”

DISCUSSION

Initial findings show that presented mea-
sures qualify for the identification of not only
model aberrant but semi-plausible responders.

Even simple methods like individual con-
sistency measures significantly identity semi-
plausible response patterns more often than par-
ticipants in the "Warning” conditions (higher per-
centage of semi-plausible responders exceed the
critical Long String cut value).

Multivariate methods, especially aimed mea-
sures for identifying SpRPs in latent models, in-
dicate hypothesis conform more semi-plausible
responders (higher mean /C; score). However,
more research about their usefulness is needed.
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METHODSFORTHEIDENTIFICATION OF
SEMI-PLAUSIBLE RESPONSE PATTERNS
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GET CASH FOR SURVEYS

‘1. Need help getting
something done?

‘2 Start a new campaign
and hire workers...

METHOD

The goal is to derive SpRP identication mea-
sures in the structural equation (latent model)
framework, by drawing on existing measures
for the identification of diverse response pat-
terns in the following related fields:

1. Person-Fit Indices in Educational Test-
ing (e.g. Guttman Model, IRT)
In educational testing, item-response theoretical
(IRT) models are fitted based on two parame-
ters: (0,) Item difficulty & (6;) Person skill. P,
indicates a participant’s (¢) probability of cor-
rectly solving an item (j). One way of iden-
titying SpRPs is by estimating the “individual’
log-likelihood for each participant’s response
pattern under the model (person-fit):

= > {Xi;In P;j(0;)+(1—X;;) In[1—P;;(6;)]}

, where [y ; 1s small when a response pattern
is model conform/consistent and vice versa
(Levine and Rubin, 1979).

2. Outlier Analysis and Structural Equa-
tion Model Fit (e.g., multivariate y*-Test)
The Mahalanobis distance

D= (yi = M)X"(y; — M)
, Where M is the vector of means, (Mahalanobis,
1936) indicates the distance of a response pat-
tern (y;) based on the multivariate distribution
(e.g., theoretical covariance matrix ). Further-
more, analogously to log-likelihood ratio tests
for model fit, one can estimate the log-likelihood

of a model at the level of an individual response
pattern (Lange et al., 1976):

R, = —=5{pIn(27) + In|¥"|+ D
, Where p is the amount of observed variables.
Hence,

I Cz — _Z(Ri,restricted model — Ri,saturated model)
produces a value that is directly interpretable
as an individual’s contribution to the overall
model x?, where large positive IC; values in-
dicate patterns with larger contributions to the
overall model misfit (Reise and Widaman, 1999).

3. Individual Consistency in Personality

Measurement (e.g., Long String)
Long String indices indicate the longest consec-
utive occurrence of the same answer category
for each individual. High LS; values on any
of the available answer categories indicate less
plausible response pattern.

4. Para-Data (e.g., Response Time)
Assessing an individual’s response time per
item can also help to identity SpRPs (e.g. too
long or too short response time).

'3 Finish job and

submit proof Y-::au eqrned some m-u::-n-ey’

{4 Successful campaign!

@ Review and rate tasks
E-A-5-Y

completed by workers...

INTUITIVE IDENTIFICATION

The following examples illustrate three of
the discussed identification measures.

Please calculate the solution.
(example for questionnaires with dichotomous answer coding)
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Above is the least plausible response pattern shown:
lo; =40 -In(.7)+ (1 —0)In[1 —.7]} +{0-1n(.6) + (1 — 0) In[1 — .6]}
{1-In(.45) 4+ (1 —1)In[1 — .45]} + {1 -In(.35) + (1 — 1) In[1 — .35]} = —3.96877
vs. a perfect model consistent response pattern:
lo;=41-In(.7)+(1—1)In[1 —.7]} +{1-1n(.6) + (1 — 1) In[1 — .6]}
{0-1In(.45) + (1 —0)In[1 — .45]} + {0 - In(.35) + (1 — 0) In[1 — .35]} = —1.89612

1 correct

0O 1ncorrect

To what extent do the following concepts appeal to you?
(example for questionnaires with continuous answer options)

3 very much 03,7 O3 T X3 T O3 T
2  pretty much 2 X 2 2 2

1 not really X 1 []1 (11 [] 10.8‘ “ Xz'j sample mean
0 not at all 10 L o L 0O0 1L Xo L
N AR AN~
—4 —.8 .3 < 1item inter-correlation

Above is a less plausible response pattern shown.
This response pattern does not follow (even oppose) the underlying model,
which is (partly) specified by the correlations between adjacent items.

To what extent do the following concepts appeal to you?
(example for questionnaires with continuous answer options)

very much 13 13 13 13 — LS@',answer category=3 — 0

< LS@',answer category=2 — 0

— LS@',answer category=1 — 0

3

2  pretty much 02 2 02 02
1 not really 01 (11 1 1
0

not at all -GN LS@',answer category=0 — 4
Above is a less plausible response pattern shown.

The longest consecutive string for answer category 'not at all’ takes on

the maximum value 4 which might exceed the critical value in relation to questionnaire length.

RESULTS

Density distribution of 1C; values for both
conditions separately:
17.5 -

15 - —— Warning:

M = —.00225,
SD = .06276.
Semi-plausible:
M = .00441,
SD = .10537.
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Cumulative distribution of Long String val-
ues In answer category u = 3:
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