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Process Data

• The use of computers as a delivery platform not only enables the 
development of innovative item types but also facilitates the 
collection of a broader range of records in log files throughout 
human-machine interactions. 

• These granular records, often referred to as process data, are 
typically stored as an ordered sequence of multi-type, time-
stamped events. 

• This rich source of data supports the exploration and 
identification of informative features from problem-solving 
processes beyond response data. 



Examples from Different Subjects

PISA 2022 Mathematics 
Example Item

TIMSS 2019 Scientific Problem-
Solving and Inquiry Example Item

PISA 2022 Creative Thinking 
Example Item



PISA Dataset 90 countries × 5000 students ×	100 items ×	10 
transitions ×	20 (actions and time point per item)

=9,000 million

45 countries × 5000 students ×	100 items
=22.5 million

PISA 2012 PISA 2022

400 tim
es



Why Does Response Process Matter?
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Prepare for Digital Age

• Changes in society, environment, and 
technology are shifting the emphasis of 
education from equipping students with 
routine skills to empowering them to 
confront and overcome complex 
challenges in a digital world. 

• Computational thinking and adaptive 
problem-solving skills in digital tasks 
have been recognized across countries as 
among the most important skills in the 
21st century. 
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Case study: International 
Computer and Information 
Literacy Study (ICILS) 

• The ICILS 2018 organized by the IEA extends 
the evaluation of students’ computer and 
information literacy (CIL) skills and 
introduces a novel assessment of students’ 
computational thinking (CT) skills.

• CT is defined as the ability to recognize, 
analyze, and describe real-world problems so 
their solutions can be operationalized within 
programming tasks (Fraillon et al., 2019).

• Students in the 8th year of schooling
• 9 countries and regions
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Instrument: Farm Drone CT Module
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• Correctness: Degree to which the farm drone (under programming 
code control) performs as required and presence or absence of 
any unrequired actions. 

• Efficiency: Programming code is compared with the number of 
codes in minimum to achieve a fully correct solution, unnecessary 
longer code sequences corresponding to lower scores. 



Missing Responses

Among the 31,344 students, 11,468 (36.6%) students gave full responses to all the nine 
tasks, while 19,876 (63.4%) students had at least one missing response in the 9 tasks.



Research Questions

• Where the students were blocked 
to give responses? Are there any 
meaningful patterns for the 
missing values?

• Could we use process data to help 
recover missing values to improve 
the CT latent trait estimation?

Predicting missing responses 
with process data
(with 11,468 students who gave full 
responses throughout the 9 CT tasks)

Clustering students’ 
missing response patterns
(with 19,876 students who had at 
least one missing response in the 9 
CT tasks)



Sequence 
Mining

• Sequential pattern mining is a topic 
of data mining concerned with 
finding statistically relevant patterns 
between data examples where the 
values are delivered in a sequence. 

• Sequence mining techniques include 
building efficient databases and 
indexes for sequence information, 
extracting the frequently occurring 
patterns, comparing sequences for 
similarity, and recovering missing 
sequence members.
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Dong & Pei (2007)
Dong, G., & Pei, J. (2007). Sequence data mining (Vol. 33). Springer Science & Business Media.



Sub-Study 1: Clustering Missing Response Patterns with 
Dynamic Time Warping (DTW) Method

• Dynamic time warping (Sakoe & 
Chiba, 1978) is a distance measure 
that searches the optimal warping 
path between two series.

• Given sequences 
𝑋 = {𝑥!, 𝑥", … , 𝑥#} and
𝑌 = {𝑦!, 𝑦", … , 𝑦$} with the same or 
different lengths, a warping path 𝑊 
is an alignment between 𝑋 and 𝑌, 
involving one-to-many mappings for 
each pair of elements. 

He, Q., Borgonovi, F., Suárez-Álvarez, J. (2023). Clustering Sequential Navigation Patterns in Multiple-Source Reading Tasks with Dynamic 
Time Warping Method. Journal of Computer-Assisted Learning, 39(3), 719-736.

He, Q., Borgonovi, F., Suárez-Álvarez, J. (2023). Clustering Sequential Navigation Patterns in Multiple-Source Reading Tasks with Dynamic 
Time Warping Method. Journal of Computer-Assisted Learning, 39(3), 719-736.



Dynamic Time Warping Algorithm

• The initial step of DTW algorithm is 
defined as:

𝐷𝑇𝑊 𝑖, 𝑗 = (∞	 𝑖𝑓 𝑖 = 0	𝑜𝑟	𝑗 = 0 	𝑎𝑛𝑑	𝑖 ≠ 𝑗
0	 𝑖𝑓	𝑖 = 𝑗 = 0

     
• The recursive function of DTW is 

defined as

𝐷𝑇𝑊 𝑖, 𝑗 = 𝑚𝑖𝑛 .
𝐷𝑇𝑊 𝑖 − 1, 𝑗 + 𝑤!𝐶(𝑖, 𝑗)
𝐷𝑇𝑊 𝑖, 𝑗 − 1 + 𝑤"𝐶 𝑖, 𝑗

𝐷𝑇𝑊 𝑖 − 1, 𝑗 − 1 + 𝑤#𝐶(𝑖, 𝑗)
 

    
where (𝑤!, 𝑤", 𝑤#) are weights for the 
horizontal, vertical and diagonal 
directions, respectively. 𝐷𝑇𝑊 𝑖, 𝑗  denotes 
the distance or cost between two sub-
sequences {𝑥$, 𝑥%, … , 𝑥&} and {𝑦$, 𝑦%, … , 𝑗}, 
and 𝐷𝑇𝑊 𝑁,𝑀   indicates the total cost 
of the optimal warping path.
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A!={1,	2,	3,	4,	5}
𝐵"={1,	2,	3,	4,	3,	2,	5}

-𝑑𝑡𝑤(𝑖, 𝑗) = 𝐴# − 𝐵" +min(𝐷 𝑖 − 1, 𝑗 − 1 , 𝐷 𝑖 − 1, 𝑗 , 𝐷 𝑖, 𝑗 − 1
                  = |5 − 2| + 3

Recode categorical variables to numeric 
variables (item response score=[0,4], 
missing response=9)



Reasons to Use DTW
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Use of DTW: Visit-Revisit (Navigation) 
Sequence Distance 

multiple back-forth revisit pattern

double review pattern quickly skip pattern

normal pattern



Use of DTW: Time Sequence Distance



Process Data Support CT Skills 
Measurement (He & Gonzalez, 2023)

• 19,876 students (over 2/3 of the 
total sample) who had at least 
one missing response 
throughout the Farm Drone 
module with the aim to extract 
the nonresponse sequential 
pattern and pinpoint the 
potential reason for the missing 
responses.

• Recode score sequence e.g., (1, 
2, 3, 0, 9, 0, 1, 3, 9)

• Dynamic Time Warping (DTW)
• Sequence clustering based on 

pairwise sequence distance 
matrix, the maximum value of 
Silhouette index to determine 
the optimal number of clusters. 



Nonresponse Patterns



Time Allocation Patterns



Sub-Study 2: Predicting Missing Responses with Process 
Data via Machine Learning Methods
• This study used 11,468 students who gave full responses throughout the 

9 CT tasks, with the aim to get “gold standard” to evaluate the prediction 
performance

• Two machine learning methods: Random Forest (RF) and Support Vector 
Machine (SVM)

• To predict the missing response by each item using the rest 8 items’ 
process data and response data both. 80% training and 20% test, with 
cross validation.

• Multiple class prediction: each item has multiple but unequal classes 
(partial credits may differ across tasks), min = 0, max = 4



Process Variables 
Captured in ICILS 
CT module

Process data were collapsed during 
the data collection process.

Only aggregate level process data are 
available, but not sequential fine-
grained data. 



Prediction Results (1) – Macro-Level Accuracy



Prediction Results (2) – Micro-Level Accuracy

• In the first 7 tasks, the high 
performance classes are more likely 
to be correctly predicted, which 
contribute more to the macro-level 
accuracy.

• In the last 2 items, the lowest 
performance classes are more likely 
to be correctly predicted, which 
contribute more to the macro-level 
accuracy.

• These results show that the process 
information may provide more 
predictable information to the high 
performance groups in most tasks, 
while approaching to the end of the 
unit, the low performance groups 
have more dominant information. 



Prediction Results (3) – Predictable Variables by Task

Top 5 Informative Variables in Missing Value Predictions with Random Forest 

• Information from response time (T) and command actions (AA) dominate 
in the top feature, superior than scores of other items (EC).

• Adjacent items provide more information than other items in missing 
value prediction. 



Conclusions and Future Studies

• Process data can provide more information in missing value 
prediction, thus, worthwhile to include them for a better 
estimation.

• Process variables related to response time and action lengths 
can superior than scores of other items in missing value 
prediction.

• Process data in adjacent items to the missing items are more 
likely to provide higher information than other items.



Final thoughts for process data studies in the future

• Process data (personalized behavioral data) may add more weights in 
assessment model in the future to compensate the risk of AI 
manipulation. Behavioral data could be more informative than self-
reported scale.

• One-time assessment is not the target of education, but tracking the 
students’ progress and providing timely and helpful supports. Process 
data could be given a broader scope for dynamic and longitudinal 
study. Sequence methods could also be used in educational policy 
tracking.

• Post-assessment process data analysis could be progressed to dynamic 
process data analysis throughout the assessment, bringing new meaning 
for adaptive testing, not only from responses but also from interactions.
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