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An algorithm for the separation of skill and working style'
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Abstract

This paper is aimed at the problem, that the causal origin of an ability test result can no
longer be located, if the existence of a speed-accuracy trade-off is accepted. In the light of
this problem, a method for the separation of skill and working style is discussed. Based on
this, a speed & power test model for multiple choice situations — using aspects of the inspec-
tion time paradigm and signal detection theory — is described and practical suggestions for
implementing it into psychological tests are given.

The postulated model is consecutively applied on a derivative of the vocabulary test
LEWITE (Wagner-Menghin, 2002) and used for the prediction of test pre-knowledge in the
sense of coached faking. The results show, that test pre-knowledge |eads to better results, but
aso that it is possible to detect pre-knowledge by monitoring the working style of a person,
operationalised with the model presented in this paper.

Key words: multiple choice, inspection time, signal detection theory, speed and power
testing, decision quality, reflexivity, working style, test pre-knowledge

! The paper is based upon a master thesis, supervised by Prof. Klaus D. Kubinger
* Department of Psychology University of Vienna, Division for Assessment and Applied Psychometrics
® Dr. G. Schuhfried GmbH



434 J. Hausler

Introduction

It appears rather easy to judge the achievement of a person according to whether they
give a correct or wrong answer. But as soon as one realises that a speed-accuracy trade-off
exists (Mazur & Hastie, 1978; Newell & Rosenbloom, 1981; Nahrer, 1989; Kliegl, Mayr &
Krampe, 1994; Roskam, 1997), the following questions might come to mind:

Was an answer correct, only because the subject took more time to decide carefully in
comparison to others?

Was an answer wrong, only because the subject took less time in comparison to others
and therefor e decided impetuously?

Has a subject taken a lot of time for an item because he/she was overtaxed by the task or
because he/she has a reflexive working style?

Has a subject taken little time for an item because he/she was unchallenged by the task or
because he/she has an impul sive working style?

This indicates that causal attribution of test results is (in analogy to the competence-
performance problem) not well defined. But in actual fact, the process of the assessment of a
person’s abilities requires this causal attribution process and therefore results in problems.

Because of a certain latent trait, the subject achieved a certain score.
This central link between a latent skill and a test score is not possible when one takes a
speed-accuracy trade-off into consideration.

A generalisation of the Vickers Model on multiple choice situations

The Vickers Model (1970) describes the behaviour of a subject, trying to decide on the
equality-inequality of two stimuli. In this situation, an algorithm of stepwise information
search is postulated. In each step, the person inspects the stimulus material and accumulates a
certain quantity of information.

The process of information accumulation can be described as a linear model if an appro-
priately small step sizeis selected asin figure 1.

L=(N*IT)+t, 1)

Where N is the number of inspections necessary, IT is the inspection time for one single
inspection and t, is the time for processes not relevant for the decision (eg. motor time).

This way of thinking can be easily applied to more complex item material. A condition
necessary for thisto take place is that a multiple choice answer format exists. Multiple choice
decisions can be split up into single inspections, in which the stimulus is compared with one
of the answer alternatives. The discontinuous process that Vickers formulated is in this case
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even more reasonable because the single inspections of the same stimulus are no longer hy-
pothetical constructs but describe atypical solution strategy.

In a generalized Vickers model for multiple choice items (figure 2), information is accu-
mulated in each inspection of a stimulus/answer-alternative pair. A decision is possible if the
amount of information for the momentarily preferred answer exceeds the sum of information
for all other answer aternatives plus a subject constant. This constant describes the individ-
ual caution a subject exhibits when forced to decide.
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Figure 1:
Graph of the Vickers decision model. The accumulated information for (1+) and against (I-) a
certain decision is drawn as afunction of the total answer time for an item. A person comes
to adecision, when the |+ > |- + caution constant
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Figure 2:

Graph of the generalisation of the Vickers decision model. The accumulated information for
and against a certain decision is drawn as a function of the item total answer time. A person
comes to a decision, when the information (signal) > X (Information Distractor(k)) + caution-
constant
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A discontinuous decision processin multiple choice situations

By using the signal detection theory, the decision process for multiple choice items can
be decrypted in more detail and described with a test-theoretical model.

If every single comparison between stimulus and an answer option is regarded as a signal
in the context of the signal detection theory, there are 4 different implicit outcomes. Those
and their probabilities are pointed out in the tables 1 and 2.

Table 1:
Possible outcomes of a signal-detection situation
Equality assumed Inequality assumed
Equality of stimuli Correct Answer Error Typell (B Error)
=> Return to decision process
Inequality of stimuli Error Type| (o Error) Return to the decision process
=> wrong answer

Table 2:
Probabilities for the outcomes in a signal -detection situation
Equality assumed Inequality assumed
Equality of stimuli 1-B B
Inequality of stimuli o l-a

Based on this, the decision process can be schematized likein figure 3.

Unlike in Vickers model, an item is not only a single comparison of two stimuli but a
composite task consisting of several stimuli (one correct and several wrong answer alterna
tives) and higher mental tasks (like transformations).

Assuming that there are no differential solution strategies, the probability of inspecting

one of the k answer alternativesis % .

In each of these inspections, the signal detection theory applies where a decision towards
equality ends the item and a decision towards inequality continues the process with the in-
spection of ancther answer alternative.
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Figure 3:

Schematic plot of the decision process for a multiple choice item with 5 answer alternatives
with one correct answer among them

The probabilities for the 3 possible manifest outcomes can be derived from this diagram
asitisdoneintable 3.

Table 3:

The 3 possible outcomes of a multiple choice situation

Correct answer P(+) 1
F(l_ B)
Wrong answer P() k-1 o
k

No answer P(~) k-1 1
=> return to inspection process T(l_ o) + X p

By building the odds ratio (s), which describes the relation of correct and wrong answers,
the first part of the equation can be set up. Note, that the sum of P(+) and P(-) does not equal
1 since there is a third possible outcome which resultsin a return to the inspection process.
Nevertheless, the ratio between P(+) and P(-) is still the same as the manifest odds-ratio.



438 J. Hausler

P()
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k

Thus the relation between o and B can be expressed by the odds ratio.

1-B
= 2
s* (k-1 @

In order to completely resolve the equation system, additional information needs to be in-
serted. This is provided by the number of inspections that a subject needs to come to a final
decision.

Based on the probability that no decision can be made — and therefore the item inspection
must be continued, the following Maximum Likelihood solution for the number of necessary
inspections (ct) can be established, wheret is the mean duration of inspections.

o= 1 _ 1 _ 1
PE)+PCO) 1-P) 1, g k-1,
k k

If one substitutes the relation between o and .

o= 1 _ 1
BTN
LB ) A

)

S

However, this still does not lead to a direct relation between the error probabilities and
the time (t) a subject needs to solve an item. All one can conclude is the number of inspec-
tions, needed in order to make a decision — not necessarily the correct one though. The rela-
tion between the number of inspections and the time needed for them still needs to be ex-
pressed by a constant ¢, which for the moment we will approximate as constant for al sub-
jects, so that the number of inspections = ct.

If one transforms the term above and resolves towards the error probabilities o and B, one
getsthe terms (3) and (4). Their graphs are displayed in figure 4.

If one postulates that a reflexive subject works slower, but more precisely, while an im-
pulsive subject works faster but less precisely, the theoretical construct of reflexivity can be
operationalised in the context of the signal detection theory.

The reflexivity ratio (RQ) expressed in this manner, is useful as an easy means to opera-
tionalise reflexivity, allowing for a sufficient skill-free statistic for the working style reflexiv-
ity measured in asingle variable.
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Figure 4
Alphaand beta error probability as afunction of the odds ratio (s) and the number of
inspections invested (ct), for 5 answer aternatives (k=5)

Table 4:
The cognitive construct Reflexivity in the paradigm of signal-detection theory

a B
Reflexive | Low High
Impulsive | High Low
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Figure5:

Reflexivity ratio (RQ) as afunction of the odds ratio (s) and the number of inspections
invested (ct)
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Figure 6:
Correctness of decision (ER) as afunction of the odds ratio (s) and the number of inspections
invested (ct)

In addition, this model creates a (working-)style-free measure for a subjects ability,
which should be presented. The correctness of decisions (ER) is defined as the subjects prob-
ability of making correct decisions in the single inspection steps. This also includes (B) errors
that do not manifest in wrong answers.

Therefore the correctness of the decision corresponds to a score, but a subjects behaviour
is not only monitored on a distractor level but aso on an item level. It is aso possible to
weight — according to the diagnostic question — the errors o and B differently to improve the
prediction of criteria, where errors that cost time or errors that lead to wrong answers are
more fatal than any other type of errors. However one should bear in mind that these
weighted ER are no longer probabilities.

Model prerequisites

One should remember that this model implies several simplifications and therefore can
only be adopted if special conditions apply:

1) Selection- or Decision Tasks: The correct answer shall not be produced but selected
from known answer alternatives. This primarily includes pair comparisons and mul-
tiple choice alternatives.

2) Ambiguousness; For the model to be applied, complete inspections are required.
This means that a person inspects every answer aternative at least once. Certain
knowledge to the extent, that not all answer alternatives are inspected, contradicts
the model — therefore al answer aternatives should be equally tempting. The deci-
sion should be based on preferring one aternative, not on definitely knowing the cor-
rect one.

3) Inspection Sequence: The model uses a non-systematic inspection sequence. The se-
lection of which answer alternative to inspect next should be independent of which
answer alternatives have already been inspected or what kind of information has al-
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ready been accumulated. This allows all random or predefined inspection sequences
but disallows strategic or adaptive selections.

5. Estimation of the constant ¢

As a special case of the measurement of the inspection time: Similar to the inspection
time (IT) paradigm, one can expect that there are items that are easy enough so that a single
inspection is sufficient to accumulate enough information to make a correct decision.

In multiple-choice this means that every answer aternative has been inspected once. The
shortest possible reaction time for extremely easy items that lead to the correct answer corre-
sponds to the inspection time.

1
C=
k*IT

)

To avoid random effects, the mean over the 10% fastest responses could be used as a
measurement.

By the definition of error probabilities: Alpha, Beta and ER are defined as probabilities.
Numeric estimates of < 0 or > 1 are therefore impossible and can be derived from a wrong
selection of the constant c. One way to estimate the constant ¢ is to minimise the squared
exceeding of these borders.

] szl:(ﬁj—l)zl
A=) "10<B;j<1:0  =MIN

By <0:(0-;)?

As an individual measurement: The best way might be to work with individual (instead
of global) IT constants, since in this way interindividual variances are eliminated. For each
test, a measurement of the inspection time (for this kind of test material) has to be performed
before the actual testing, which could be achieved with a set of extremely easy items. The
persona IT constant could be the mean of the 10% of the fastest correct reactions of a given
person.

Sequential Distractor Presentation: In variants of the sequentia distractor presentation
(Goethals, 1994), it is possible to measure the inspection time directly from the subjects
behaviour for each answer aternative. The naming of this type of test presentation is not
exactly preciseas it deas with the presentation of all answer aternatives, not only with the
presentation of the incorrect ones (the distractors).

Whilein parallel distractor presentation modes, all answer alternatives are simultaneously
visible, in sequential distractor presentation modes, only one answer aternative is visible. In
order to inspect another answer alternative, the respondent is required to manually activate
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the next answer aternative. Therefore a sequentia distractor presentation is usually limited
to computer-based testing.

Eye Tracking: With a certain amount of technical effort, eye movement can also be di-
rectly detected. This might be useful for research and validation purposes but of no use in
practical assessment.

Theerror probabilitiesalpha & beta from an assessment-psychology point of view

From the practical point of view of assessment psychology, apha errors can be under-
stood as the affinity to accept wrong answer aternatives as correct and to use them as an
answer for an item. This means that the subject has answered in a hasty manner or he/she
was overtaxed by the task.

On the other hand, beta errors can be interpreted as a respondent’s tendency to not rec-
ognize a correct answer aternative as correct or as a precautionary measure so as not to
immediately determine the answer. This might be because the subject isinert or, again, over-
taxed by the task.

With regard to the error probabilities alpha and beta, it is quite easy to see that no separa-
tion of skill and style variable is yet possible. Both measures are person specific or task spe-
cific mixtures of both. A fair style assessment cannot be conducted in this way. However, it
is possible to model specific job specifications by using weighted a phas and betas to predict
the job qudification:

For example, atask that requires extreme precision but where a fast working speed is not
necessary, will primarily demand low apha errors but might be rather invariant towards beta
errors. In this case, alpha errors might receive a higher weight — the situation would be quite
similar to pure power testing.

On the other hand, where performance under time pressure is required, a pha and beta er-
rors might be equally weighted.

Such an estimation of weights for alpha and beta errors might derive from theory based
on ajob specification or on expert knowledge. An empirical variant could be to estimate the
weights using the method of discriminant analysis whereby the predictive validity is maxi-
mized.

Reflexivity ratio from an assessment-psychology point of view

Since it is defined as the ratio of beta and alpha errors, the reflexivity ratio is a dimension
free number. Therefore it is obvious from mathematical considerations that the reflexivity
ratio has got to be skill-free. Therefore, one can conclude that it is the style of preference of
one of the errors above the other. The risk of one of the error types is avoided more than the
other.

This definition is quite similar to Kagans (not yet operational) concern with errors (Ka-
gan & Kogan, 1970; Kagan, 1987).
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A reflexive person tends to produce more openly visible apha errors, which means that
they respond with wrong answers. Therefore, the person will —within their own capabilities —
try to work as slowly and precisely as possible.

An impulsive person tends to make more beta errors, which means that they waste time
and ponder upon a task. Therefore, the person will — within their own capabilities — try to
find a decision as fast as possible.

But impulsivity can aso emerge from the fact that a subject has a certain amount of
knowledge about the solution (the need for ambiguousness is violated in this case) and there-
fore has no need to completely inspect the item.

Correctness of decision from an assessment-psychology point of view

It is obvious that one chooses the probability of committing errors as a measurement for a
person’s ability. One can regard a person with a high correctness of decision (ER) as a per-
son who works efficiently in the field of the ability dimension tested.

The proof that ER is a style-free measurement of a person’s ability is not that trivial as
seen in the case of the reflexivity ratio. For this one has to go a bit deeper into the signal
detection theory.

Correctness of decision in the paradigm of the signal detection theory

If asubject is considered as a signa detection device, their efficiency can be expressed —
regardless of their working style — as the area below the receiver operating characteristic
(ROC) curve. The probability of making a correct decision corresponds exactly to this area
and is therefore an appropriate theoretical operationalisation for the skill of that person.

But in practical terms this |eads to severa problems:

The problem of indeterminacy of acquired ROC curves

For a certain subject o and B error probabilities cannot be freely varied against each
other. Even if a specific kind of instruction might have an effect on the working style, rea
subjects seem to stick to their individual style. And even if this was possible, there would be
no way of creating a large pool of essentially equivalent items to measure a complete ROC
curve.

On the other hand, it is impossible to estimate an unknown mathematical function with
just one measurement derived from a test result. In order to facilitate this, smplifications
based on theoretical considerations should be established so the real ROC can be approxi-
mated by a function that is easy to handle.

We can use the following information for the generation of this function.

ROC curves are:

continuous
monotonous
include the points (0;0) and (1;1)
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Using this knowledge, sensible assumptions about the shape of the ROC curve can be
made in order to estimate the correctness of decision.

Assumption using the 3 points method

One possible way to assume the shape can be derived from the 3 known points on the
ROC curve. Of course, on the one hand, the trivia (0;0) and (1;1) but on the other hand aso
the points (a; 1-B) which originate from the actual measurement.

The most straightforward way would be a linear approximation by connecting the points
with straight lines like it isdonein figure 7.

1-4 *(1-a)

o *(1-p) (1—ax) * (1-p)

o]
Figure 7:
ROC curve and its approximation using the 3 points method

The resulting area consists of one rectangle and two right triangles:

ok, ¥ @=B) B*@-a)
A=1-a)*@Q1-B)+ > + >

which can be merged to the term for the Efficiency (6) that we postulated earlier in our
theoretical considerations.

Aol B
2 2
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Secant Assumption

Based on the knowledge that the ROC behaves in a continuous manner and increases
monotonously, we can expect it to have a gradient of about 1 in the wider parts of the range
where it is defined.

A paralel to the diagonal line, leading through the point (ao;; 1-B), as done in figure 8,
might be an appropriate approximation of the unknown ROC curve.

1-5
(a+p)"2/2

Figure 8:
ROC curve and its approximation using the secant method

Also in this case, a triangle of the area

2
@ can be formed, at least if 1-B>a,

which should be the case for effective subjects. More generally formulated, this resultsin two
possible cases:

1-;3>cx:1—M
A= . (®)
]__Bga:w

These two models are the easiest possible ways to make assumptions about the shape.
Using nonlinear assumptions (eg. with a constant curve) might open a wide range of possible
improvements for the estimation of style-free measurements of skill.
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Empirical Study

In order to demonstrate this method, we will attempt to predict pre-knowledge of the test
based on a single test result — in analogy to Van der Linden (2003), who used probabilistic
speed & power models for this task. In his study, the specific working style of a respondent
was suspected to be a predictor for test pre-knowledge — whereby an impulsive working style
was considered to indicate pre-knowlede. A separate measure for the working style should
therefore yield agood quality of detection.

The typical way to prepare arespondent for an ability test isto increase their specific ex-
perience with that test by providing the same or at least a similar test for training purposes.
The worst case, when even the item set isidentical, is simulated in this study.

This means that we are trying to detect if a person has seen a test before (or has perhaps
been coached) by having a look at the working style of the subject. Is it possible to select
subjects based on this method and could this contribute to the quality of atest, if regarded as
ameans of preventing or detecting faking?

To do so, 73 psychology students, aged between 18 and 48 years (m=22.2; sd=4.4), were
tested twice with a modification (linear test form with a fixed length of 24 items, using a
sequential distractor presentation) of the computer based LEWITE test (Wagner-Menghin,
2002) which measures the respondents vocabulary ability. In this case, the sequentia distrac-
tor presentation was designed to react to movement of the computer mouse. In order to in-
spect one of the 8 answer aternatives, the respondent had to point on it, which enabled the
inspection process for each respondent to be recorded. Thus, incomplete inspections, which
would violate the models prerequisites, can be detected.

The secondary variable of LEWITE, the aspiration level, was not used in this experimen-
tal test form, in order not to risk a manipulation of the respondent’s working style.

8.2 % of the respondents were male, 91.8% female.

A test / re-test design was chosen in order to maximize the information yielded. For the
first test run, it was taken care that none of the respondents had seen the test LEWITE before.
In the re-test al respondents could be considered to have test pre-knowledge to some extent
since they had all done the test before. The time interval between the identical first and sec-
ond testing run ranged from 2 to 4 weeks.

Results

In order to control if the model prerequisite of answer uncertainty was fulfilled, the num-
ber of inspections per item was controlled. Due to the sequentia layout of the test, it was
possible to record this information. No violation of this prerequisite could be detected. Both,
true (m=1.19; sd=0.41) and false (M=1.08; sd=0.31) answer alternatives were inspected at
least once. Therefore the prerequisite of complete item inspections can be considered to be
accomplished and the model for the separation of skill and working style can be applied.

For the cases of both test runs (n=146), Cronbach’s Alpha was calculated for the classical
raw score and the separated measures. As expected, the disentangling of ability and working
style leads to an increase in test reliability.
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Table5:
Comparison of the inner consistency (Cronbach Alpha) for the classical raw score, the
separated error probabilities and the efficiency measure

Cronbach Alpha
Score 0.826
o 0.957
B 0.952
Efficiency 0.958

In order to find out, if the selected variables were suitable to detect pre-knowledge, the
data was pooled and a discriminant analysis was performed to predict which results derived
from the first and which from the second (with pre-knowledge) testing runs. In order to con-
trol artificial assimilation of the model to the data, the predictions based on a jackknife algo-
rithm were used for interpretation.

Table6:
Prediction of test pre-knowledge based on different sets of predictors

Prediction by No. of Predictors Correctness of Prediction
(Jackknife method)

Score 1 49.3%

o, B 2 80.1 %

ER, RQ 2 78.8 %

It becomes visible that the use of o and B leads to a good prediction about whether a per-
son aready knows the test or not.

Since the data derives from a repeated measure, the dependent information should not be
wasted. Therefore, an ANOVA for repeated measures was also used to analyze the effect of
repeated testing in this setting.

Table7:
Significance and effect size of the within-subject factor of test repetition on different
dependent variables

Sig ete?
Score 0.004 [11.0%
o 0.011 8.7%
B <0.001 |57.3%
ER <0.001 |61.8%
RQ <0.001 |194%
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The results indicate that repeated testing has an effect on the score of a person and even
without intentional preparation by using test advisers, the risk of faking with any kind of pre-
knowledge is imminent. At least 11% of the variance of the score can be explained by the
fact that a person has done the test before, so that they achieve better results in the second
test run in comparison to the first one.

If the B of the second testing run is partialized out of this as a covariate, then this effect
vanishes completely (F=0.001; p=0.976; eta?=0.0%). Furthermore, a simulation was per-
formed to see if — after partializing the effect of B out of the result — a prediction of pre-
knowledge based on the scoreis still possible.

The ROC in figure 9 shows, as expected, a weak prediction, based on the score. After
stripping the effect of B, the score does not contain any more information on test pre-
knowledge and — what is more important — pre-knowledge no longer affects the score in any
way. It has become completely independent of the testing run.

1,0
B ]
5
=
= 3 Score
o
@ o Score after
2 00 stripping the
00 3 5 B 0 effect of beta
1 - Specificity

Figure 9:

ROC for the prediction of test run (test or re-test) by the score and by the score after stripping
the effect of beta. The score after stripping the effect of betaremains at a Sensitivity of 0
unless a Specificity of 0 is reached; this means it carries no more information about the test
run. The so cleansed scoreis no longer affected by test pre-knowledge.
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Discussion

The results make it quite clear that at least in case of the LEWITE, intentional or uninten-
tional faking by using specific pre-knowledge about the test material is possible and leads to
better results. The alpha and beta error probabilities of a person carry information about their
working style and prove to be a good predictor for pre-knowledge. However, the 80.1%
correctness of prediction are not good enough to identify faking respondents, merely because
a person behaves exceptionally impulsively. Mistakenly excluding such a person as a cheater
would severely corrupt atests claim of fairness.

However, a certain amount of optimisation can do the trick. Since stripping the  error
from the effect of the score between the first and second test run removes all effects, we can
prove that neither the score nor the variable § contain any information about the test run.

This fact allows us to find a reasonably mild threshold for the detection of pre-
knowledge, so that:

1) nobody iswrongly accused
2) everybody who uses pre-knowledge and profits (in his score) from it is detected

However, of course, some subjects who have done the test before do remain undetected —
but at least it can be said that none of them was able to improve their score by using any
kind of pre-knowledge.

Therefore both claims — fairness and non-fakeability - can be ensured by using the appro-
priate working style variables in order to detect conspicuous working styles.

Outlook

The separation of skill and working style alows approaches that have been hard or even
impossible to operationalise until now. The bulk of the multiple-choice tests that exist at the
moment could be transformed into multifunctional tests (Wagner-Menghin, 2002), which not
only measure an ability dimension but aso the working style that a subject uses to accom-
plish this achievement. The subtest Decision Quality (Hausler, 2004a) of the test battery
Intelligenz-Struktur-Batterie (Arendasy et a., 2004) and the objective personadity test HKS
Diagnostikum (Hausler, 2004b) are based upon this method of separation and therefore not
only provide a measure of ability but al'so a measure of working-style.

At the same, the aspects of non-fakeability that have been expressed by latency times up
until this point, can now be operationalised by skill-free working style variables as demon-
strated in this study.

The separation of skill and style also opens a wide range of possible investigations into
reflexivity, which has literally been impossible in the past because of the typical problems
suffered by attempting to operationalise of reflexivity (Tiedemann, 1983).
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