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Abstract: 
Computer-based tasks provide a vast amount of behavioral data that can be analyzed in addi-
tion to the indicators of �nal performance. One of the most commonly investigated indicators is 
time-on-task (ToT), which is understood as the time from task onset to task completion. Studies 
often assume a unidimensional measurement model with one latent ToT variable that is su�-
cient to capture all response time covariance across items. However, behavioral indicators such 
as ToT are seldom submitted to the same psychometric rigor as more traditional indicators. 
In this brief report, we provide �rst results on the invariance of ToT in problem-solving tasks 
across di�erent levels of expertise. A total of 98 medical students and physicians participated 
in the study quasi-experimentally grouped into three conditions (low, intermediate, and high) 
based on their prior knowledge. All participants solved �ve medical diagnostic problem-solving 
tasks in a simulation-based learning environment. While the overall ToT seems to decrease with 
level of expertise, the general pattern across tasks seems to be similar for all three groups. �e 
results indicate strong measurement invariance of ToT across di�erent levels of expertise and 
support interpreting group di�erences on a latent ToT factor.
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Take your time: Invariance of time-
on-task in problem solving tasks 
across expertise levels

Computer-based tasks provide a vast 
amount of behavioral data that can be an-
alyzed in addition to the indicators of �nal 
performance (Bunderson, Inouye, & Ol-
sen, 1988). As early as 1953, Ebel noted the 
“possible usefulness of response time data 
in selecting the most e�cient items, and 
in otherwise probing the nature and func-
tions of the test items”. Such response time 
data or time-on-task (ToT) is still among 
the most widely used indicators of task be-
havior. ToT is understood as the time from 
task onset to task completion. �us, if the 
task was completed in order, it re�ects the 
time taken to become familiar with the 
task, to process the materials provided to 
solve the task, to think about the solution, 
and to give a response (Goldhammer et al., 
2014). Analyzing individual di�erences in 
ToT may thus allow researchers to make 
inferences from overt behavior about the 
latent cognitive processes involved in solv-
ing tasks (Goldhammer & Zehner, 2017). 
In interpreting ToT, studies often assume a 
unidimensional measurement model with 
one latent ToT variable that is su�cient to 
capture all response time covariance across 
items (e.g., Molenaar, 2014; Rudolph, Grei�, 
Strobel, & Preckel, 2018). However, even 
though behavioral indicators such as ToT 
are used as additional evidence for process 
oriented constructs (Klein Entink, Fox, & 
van der Linden, 2009), they are not sub-
mitted to the same psychometric rigor as 
more traditional indicators. Questions such 
as the scalability or individual stability of 
task behavior remain to be answered. When 
measurements are not scaled equivalently, 
analyses of individual di�erences may not 

only re�ect the phenomena of interest (e.g., 
construct-level relationships or change) but 
also systematic variation in measurement. 
It is thus essential to determine whether 
task behavior, just like other measures, pro-
duce comparable measurements for all in-
dividuals within the population under study 
(Bauer, 2017; Grei� & Scherer, 2018).

Expertise in time-on-task

In this brief report, we provide �rst results 
on the invariance of ToT in problem-solving 
tasks across di�erent levels of expertise as 
an empirical example on how psychometric 
standards can be applied to process data. In 
skill assessments, the relation between ToT 
and task result can be conceived of in two 
ways. On the one hand, taking more time 
to work on a task may be positively related 
to the result as the task is completed more 
thoroughly. On the other hand, the rela-
tion may be negative if working faster and 
more �uently re�ects a higher skill level 
(Goldhammer et al., 2014). Previous studies 
demonstrated that problem-solvers level of 
expertise moderates the ToT as a function 
of the tasks’ di�culty. Spending more time 
was associated with higher probability of 
solving a problem correctly when dealing 
with di�cult problems. Problem-solvers 
could bene�t more from spending more 
ToT when their individual level of exper-
tise was low than when it was already high. 
�ese results seem to indicate that poor 
problem-solvers may be able to compensate 
for their lack of expertise by spending more 
e�ort on a solving a particular problem. 
�is e�ect was especially strong when the 
problem was di�cult (Goldhammer et al., 
2014; Scherer, Grei�, & Hautamäki, 2015). 

Such strong sources of systematic in-
ter-individual variance raise the question, 
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though, whether the same underlying latent 
construct is causing individual di�erences 
in ToT or whether di�erences in ToT re�ect 
di�erent constructs depending on level of 
expertise. If the meaning of ToT changes 
from indicating motivation to indicating 
skill with increasing level of expertise, a 
latent ToT factor may not be comparable 
across levels of expertise. We investigated 
this research question by estimating mea-
surement invariance of a latent ToT factor 
for �ve knowledge rich problem-solving 
tasks across three di�erent levels of exper-
tise. 

Methods

Sample and Design

A total of 98 medical students and physi-
cians participated in the present study of 
whom 61 were female. All participants were 
quasi-experimentally grouped into three 
conditions based on their prior knowledge. 
�e low prior knowledge group consisted of 
45 medical students in their 1st and 2nd clin-
ical year of medical school (M = 6.4, SD = 
0.7). �e intermediate prior knowledge group 
consisted of 27 medical students in their 3rd 
and �nal clinical year of medical school (M 
= 11.1, SD = 1.7). �e expert group consist-
ed of 26 physicians with a specialization in 
internal medicine with a minimum of three 
years of working experience (M = 14.5, SD = 
10.8). 

Procedure

After participants had given their informed 
consent, all participants �rst completed 
a knowledge test assessing their medical 
knowledge. �is test was used as a manip-

ulation check for the quasi-experimental 
grouping of participants. Afterwards, all 
participants solved �ve medical diagnostic 
problems that were implemented in a simu-
lation-based learning environment. Partic-
ipants completed both tasks (the medical 
knowledge test and the medical diagnostic 
problem-solving tasks) computer based. 
�e instruction was standardized for all 
participants. Afterwards, all participants 
were thanked, debriefed, and dismissed. 

Measures

Medical knowledge 
We assessed the participants’ medical 
knowledge by using eight so-called key fea-
ture cases (Fischer, Kopp, Holzer, Ruder-
ich, & Jünger, 2005). Each key feature case 
consists of a short case vignette describing 
key features of a medical problem and three 
questions with respect to the most plausi-
ble diagnoses as well as the most important 
diagnostic and treatment steps. For each of 
the 24 items, participants could receive 0 or 
1 point. �e mean medical knowledge was 
calculated for each participants (range be-
tween 0 and 1). 

Time on Task
All participants solved �ve medical diag-
nostic problem-solving tasks in a simula-
tion-based learning environment. �e task 
was to diagnose �ve consecutive medical 
patient cases by naming and justifying a 
main diagnosis and by suggesting further 
di�erential diagnoses as well as further 
treatment steps. For each patient case, the 
participants �rst received a detailed elec-
tronic health record, which contained infor-
mation about �ndings, symptoms, and lab-
oratory values. Afterwards, the participants 
needed to interact with a simulated radiol-
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ogist in order to generate further evidence. 
�e simulated radiologist responded to the 
participants request only if the request was 
properly justi�ed. Finally, the participants 
were asked to document the results of their 
diagnostic reasoning process in the elec-
tronic health record as described above. 
�e ToT for each patient case was generated 
from log �les. 

Statistical analyses

All analyses were done using MPlus 7.0 
(Muthén & Muthén, 1998-2012) and R 3.5.2 
(R Core Team, 2018). To assess whether the 
quasi-experimentally grouped prior-knowl-
edge conditions di�ered with respect to 
their medical knowledge, we conducted a 
one-way ANOVA with medical knowledge 
as dependent and condition as independent 
variable. Bonferroni post-hoc tests were 
conducted to analyze di�erences between 
groups. 

�e ToT for all �ve tasks were de�ned to 
load onto one latent factor. For the con�g-
ural model, factor loadings were estimated 
freely for the three levels of expertise. To 
test for metric invariance, factor loadings 
were constrained to be equal across the 
three groups. For scalar invariance, loadings 
and intercepts were constrained to be equal 
(Cheung & Rensvold, 2002). To evaluate, 
whether the constraints lead to signi�cant 
reduction in model �t, we compared chi-
squared values and McDonalds non-cen-
trality-index (McDonald, 1989). Following 
the suggestions by Cheung and Rensvold 
(2002), we de�ned ∆NFI > .02 to indicate 
non-invariance across models. We refrained 
from comparing models based on their ad-
justed root mean squared errors (RMSEA) 
due to the relatively low sample size and 
few degrees of freedom (Kenny, Kaniskan, & 

McCoach, 2015). �e data and scripts for all 
analyses can be found on the open science 
framework repository (blinded for review).

Results

Preliminary Results

�e prior knowledge groups di�er descrip-
tively with respect to their medical prior 
knowledge (see Table 1) with participants 
of the Expert group showing higher medi-
cal knowledge compared to the interme-
diate and the low prior knowledge groups. 
�e ANOVA shows that groups di�er sig-
ni�cantly (F(2,98) = 38.89, p < .001, eta² = 
0.44). Post-hoc analyses show that the low 
prior knowledge group di�ers signi�cantly 
from the expert group (95% CI [-0.28; -0.15]) 
and the intermediate group (95% CI [-0.23; 
-0.10]). However, the intermediate and ex-
pert group did not di�er signi�cantly (95%
CI [-0.12; 0.02]). 

Main	Results	

Figure 1 displays the average ToT in min-
utes across the �ve tasks for each level of 
expertise. As can be seen, ToT varies across 
tasks. While the average ToT decreases with 
level of expertise (F[2,95]  =  9.28, p  <  .001), 
the general pattern across tasks seems to 
be similar for all three groups. Regardless of 
level of expertise, average ToT is highest for 
Tasks 3 and 5 and lowest for Task 4. �is pat-
tern also re�ects in the factor loadings for 
the con�gural model. Table 1 shows the fac-
tor loadings for the con�gural model with 
all tasks loading on one common factor and 
loadings estimated freely.
�e con�gural model showed a good �t to 
the data (Χ2[12] = 16.2, p = .180, NCI = .978). 
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Constraining factor loadings to equal for 
the metric model (Χ2[20] = 20.5, p = .425, 
NCI  =  .997) did not change the �t signi�-
cantly (∆Χ2[8] = 5.2, p = .741, ∆NFI  =  .019). 
Finally, loadings and intercepts were con-

strained to be equal for the scalar model 
(Χ2[28] = 34.1, p  =  .200, NCI  =  .969). �is 
model also did not �t the data signi�cantly 
worse than the con�gural model (∆Χ2[16] = 
18.2, p = .314, ∆NFI = .007).

Table 1 Means and standard deviations of the medical knowledge per group. 

Level of expertise Mean SD

Low .45 .11
Intermediate .61 .10
Expert .66 .12

Table 2 Standardized factor loadings of the configural model

Level of expertise Task 1 Task 2 Task 3 Task 4 Task 5

Low .65 .80 .56 .41 .25
Intermediate .64 .90 .51 .46 .30
Expert .63 .91 .55 .59 .20
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Figure 1 Distribution of average time-on-task (ToT) in minutes across the tasks for each   
 level of expertise
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Discussion

�e aim of this study was to provide a brief 
example of applying psychometric stan-
dards to indicators of task behavior. Speci�-
cally, we investigated whether a latent factor 
based on ToT scores of �ve problem-solving 
tasks was invariant across di�erent levels of 
expertise. We found that, as expected, ToT 
decreased with increasing level of expertise 
on all �ve tasks. However, the tasks’ loadings 
on a common factor did not vary signi�cant-
ly across levels of expertise. �is implies that 
changes in di�culty across the tasks caused 
equal changes in ToT regardless of expertise. 
�ese �ndings support the use and interpre-
tation of a latent ToT-Factor and allow an-
alyzing di�erences in ToT between di�erent 
levels of expertise on a latent level. Howev-
er, the �ndings are seemingly at odds with 
previous �ndings on the relation between 
ToT and expertise that would have predict-
ed problem-solvers with di�erent levels of 
expertise to change their ToT di�erently 
depending on task di�culty (Goldhammer 
et al., 2014; Grei� & Scherer, 2018). As a po-
tential solution to this seeming contradic-
tion, Naumann (2019, April 1st) investigated 
whether student dispositions other than the 
targeted skill might impact students’ time 
on task behavior. Following their argument, 
individual di�erences in motivation rather 
than di�erences in skill may moderate the 
relation between task di�culty and ToT. 
Given the game-like character of the prob-
lem-solving tasks used in this study and the 
tasks’ relevance to the participants’ �eld of 
work, motivation should have been high for 
all participants. �is may explain why the 
pattern of average ToT across tasks and, in 
that, the relation between task di�culty and 
ToT was invariant across levels of expertise 
in our study but not others.

A clear limitation of our study is the qua-
si-experimental attribution of participants 
to the levels of expertise based on years of 
experience (Schmidt & Boshuizen, 1993). 
Although informative and plausible, this 
approach is a relatively weak one, because 
it does not allow for active manipulation 
of variables of interest. Previous studies 
have, however, demonstrated the validi-
ty of assuming fundamental di�erences 
in the expertise of medical students and 
practitioners based on their experience 
(Verkoeijen, Rikers, Schmidt, van de Wiel, 
& Kooman, 2004). �e results of our study 
further support the chosen distinction with 
continuous decreases in ToT across levels 
of expertise. In addition, the results of this 
knowledge test show di�erences between 
the three levels of expertise in the expected 
directions. Nonetheless, future studies may 
want to corroborate our �ndings applying 
an experimental manipulation of expertise 
(Schmidt & Boshuizen, 1993). 

More importantly, the relatively low num-
ber of participants limited the statistical 
power of our invariance analyses. Especially 
the chi-square di�erence test is known to 
be sensitive to sample size and may have 
underestimated the di�erences in model 
�t between the con�gural, metric and sca-
lar models (Cheung & Rensvold, 2002). Mc 
Donald’s NCI however in less sensible to 
sample size and provides a more reliable 
estimate of invariance in our study (Mc-
Donald, 1989). �e very low complexity of 
our CFAs with at least medium factor load-
ings however should result in trustworthy 
results despite the small samples (Wolf, 
Harrington, Clark, & Miller, 2013). We be-
lieve that the main value of our paper lies 
not in the empirical example but rather in 
being a �rst step in instigating a discussion 
on the psychometric quality of process data. 
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Future studies should replicate our �ndings 
with a larger sample, though.

In conclusion, this brief report provides 
an example of applying psychometric stan-
dards to indicators of task behavior. As with 
all studies of invariance, we cannot say 
whether our �ndings can be generalized to 
other problem-solving tasks or even other 
indicators of behavior than ToT. �erefore, 
we hope that the study will instigate more 
research on the psychometric quality of be-
havioral indicators to fully gauge the validi-
ty of these extremely promising data.
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