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Benefits of Computer-Based Testing
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Process Data from Log Files

• In CBTs, a variety of timing and process data accompanies 
test performance data. This means that much more than 
data is available besides correctness or incorrectness. 
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Log Files
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Structured Process Dataset

Raw Log Files

Our research draws on process 
data recorded in log files in the 
computer-based large-scale 
programs to address how 
sequences of actions recorded 
in problem-solving tasks are 
related to task performance.



Motivations

• Obtain insights: how these action sequences 
are associated with different ways of cognitive 
processing and to identify key actions that lead 
to success or failure. 

• Ongoing improvement: The results can be 
useful for test developers, psychometricians, 
and instructors to help them better understand 
what distinguishes successful from unsuccessful 
test takers and may eventually contribute to 
improved task and assessment design.
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The Main Elements of PIAAC
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Direct 
Assessment

• Numeracy
• Literacy
• Reading components
• Problem solving in technology-rich environments (PSTRE)

Module on 
Skills Use

• Cognitive skills: reading, writing, math and use of ICTs 
• Interaction and social skills: collaboration, planning, 

communication, negotiation, customer contact
• Physical skills: use of gross and fine motor skills 
• Learning skills: coaching, formal/informal learning and 

updating professional skills

Background
Questionnaire

• Demographic characteristics
• Education and training
• Employment status and income
• Use of ICTs and literacy and numeracy practices 
• Social and linguistic background

• PSTRE items are used to assess the skills required to 
solve problems for personal, work, and civic purposes.

• Test takers have to set up appropriate goals and plans, 
and access and make use of information through 
computers and networks.

• More interactions are involved in the items.

• Available only in the computer-based path.



PIAAC PSTRE Sample Item (1)
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PIAAC PSTRE Sample Item (2)
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Research Objectives

• Study Purposes:

• To extract and detect robust sequential action 
patterns that are associated with success or 
failure on one PSTRE item.

• To compare the extracted sequence patterns 
among selected countries.

• Research Questions:

• How sequences of actions recorded in problem-
solving tasks are related to task performance?

• Can the key actions / action patterns that lead to 
success or failure be identified?
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Sample
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Characteristics Total US NL JP
N 3926 1340 1508 1078

Correct (%) 2754 (70.1) 882(65.8) 1104 (73.2) 768 (71.2)

Incorrect (%) 1172 (29.9) 458 (34.2) 404 (26.8) 310 (28.8)
Gender

Female 2025 629 711 526
Male 1901 711 629 552

Age (years)

Mean (S.D.)
39.60 

(14.01)
39.21 

(14.00)
40.84 

(14.29)
38.35 

(13.49)

Educational level 
Less than high school 615 124 401 90 
High school 1493 534 590 369 
Above high school 1812 680 513 619 
Missing 6 2 4 0

Note. US, NL and JP represent the sample from the United States, the Netherlands and Japan.



Instrument: A PSTRE Item

• The task is to identify the ID number of a specified 
club member and send this number to a 
correspondent by email. 

• Two environments are involved:

• A spreadsheet environment that contains a 
database as the stimulus material that displays 
the information required to solve task.

• An email environment to provide the response. 

• The interim score is evaluated based only on the 
email responses. 
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Methods

Start, SS, SS_So, SS_So_1B, SS_So_OK, E, Next, FINALENDING 

Start, SS, E, SS, SS_Se, SS_Type_FN, E, Next, Next_C, Next, FINALENDING

Start, Next, FINALENDING
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• Similar structure between action sequences and languages.

• Motivated by the methodologies of natural language 
processing and text mining.

• Utilized feature selection models in analyzing the process 
data at a variety of aggregate levels.

• Evaluated the different methodologies in terms of predictive 
power of the evidence extracted from process data. 



N-grams Model 

I am happy to give a talk today.
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unigrams bigrams trigrams

Recode Next_OK, END 
into “FINALENDING”
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• An inverse sequence frequency was applied for 
attenuating the effect of actions that occurred too often in 
the collection to be meaningful. 

• A dampened term frequency was also used to adjust 
the importance of an action with multiple occurrences in a 
single sequence.
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Feature Selection Models (1)
Chi-square Feature Selection Model
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The actions with higher chi-square scores are more 
discriminative in classification. Therefore, we ranked the chi-
square score of each action in a descending order. The actions 
ranked to the top were defined as the robust classifiers. 



Feature Selection Models (2)
Weighted Log Likelihood Ratio (WLLR)

• The product of probability of each action sequence and 
the logarithm of the ratio between conditional probability 
of the sequence in different performance groups.
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Results (1)
Features of Actions by Performance Groups
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Correct group: using tools such 
as searching engine and sorting 
with a clear sub-goal

Incorrect group: hesitative 
behaviors using “cancel” a lot

Nonresponse pattern: 
START, Next, FINALENDING
(NONRESPONSE)Incorrect group: using “Help” 

function a lot and aimless save 
the results in the server



Results (2)
Country Level vs. Aggregate Level
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Mean=0.71



Results (3)
Features of Actions by Countries
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US: Double clicks on 

E-mail page

NL: More likely use full 
name and given names 
when doing searching

JP: Spelling mistakes (optimal 
space between first name and 
last name) JP: strategy changed



Results (4)
Correlation between CHI and WLLR

• The CHI and WLLR scores were moderately correlated 
in the unigrams and highly correlated in the 
bigrams and trigrams in both the correct and incorrect 
groups. 

• It also proves that the mini-sequences (bigrams and 
trigrams) are more informative in process data analysis 
compared with single actions (unigrams). 
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Conclusions and Implications (1)

• With increasing use of computer-based 
assessments, process data play an increasingly 
important role in tracking test takers’ thinking 
and action sequences, which is specially helpful 
in analyzing problem-solving items. 

• The pilot study presented what we think is a 
promising method to analyze process data and 
extract robust sequence features that are 
informative for differentiating between 
performance groups. 
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Conclusions and Implications (2)

• The studies also demonstrate that process data 
can be useful in detecting nonresponse due to 
low engagement of test takers and checking 
item designs, especially in the field test. 

• We explored these topics as part of the ongoing 
improvement of the software platform used in 
the PIAAC assessment for test delivery. 
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Future Studies

• The future study will focus on adapting existing 
methods for sequence data mining and develop 
a generalized toolkit for process data analysis.

• We recommend including background 
characteristics and timing data in the analysis of 
process data to further explore their interaction 
effects on performance.

• Explorations of how process data may inform 
adaptive testing appear to be a potential 
valuable research direction. 
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