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2
Gain familiarity with approaches for extracting features 

from action sequences.

3
Implement basic data wrangling and process feature 

extraction in R using assessment log data.

4
Interpret the structure, distribution, and substantive 

meaning of process-derived features.

1
Understand the structure and key characteristics of process 

data collected from large-scale digital assessments.

Learning 
Objectives

5
Learn how process-derived features can address questions 

of test design, measurement reliability, and fairness.



Module Sections

• Section 1: Introduction to Process Data

• Section 2: Extracting Process Data Features

• Section 3: Hands-on Coding Exercise: Data Wrangling and Feature 

Extraction in R

• Section 4: Applications of Process Features in Measurement and 

Education
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Section 
Learning 

Objectives

Learning Objective 3
Develop intuition on process data’s potential 
utility for measurement and education.

Learning Objective 2
Identify examples of process data from publicly 

available assessment datasets.

Learning Objective 1
Define process data and learn about the data 

structure.

Introduction to Process Data1



Behavioral Evidence from Computerized Tests

• The main task of educational measurement is to generate valid and 
reliable scores that reflect students’ knowledge, skills, and attributes, 
enabling meaningful interpretation and informed educational decisions 
based on observed behavioral evidence collected from tests.

What types of behavioral evidence can we collect?
• Final scores on a test item
• Reaction times
• …
• Test-taking process data - the sequence of actions performed by an examinee in 

pursuit of solving a problem



Example 1: PISA 2012 Complex Problem Solving

Students can move 
the three control bars 
from neutral (Δ) to 2 +
/− positions.

After clicking ”APPLY”, 
these line plots add 
two new data points 
for temperature and 
humidity.

Clicking “RESET” will 
reset the three control 
bars to the neural (Δ) 
position.

PISA 2012 Climate Control item. Retrieved from OECD (2014), PISA 2012 Technical Report, PISA, OECD Publishing, 
Paris, https://doi.org/10.1787/6341a959-en.

https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en


PISA 2012 Climate Control Item – Final Score

Response to the matching question is used to compute the final score (0: incorrect, 1: correct). 
For each examinee, we have:
• Log data containing positions of the three control bars each time they clicked “Apply” & clicks of “Reset”.
• Final score (0/1) on the matching.

PISA Climate Control item. Retrieved from OECD (2014), PISA 2012 Technical Report, PISA, OECD Publishing, 
Paris, https://doi.org/10.1787/6341a959-en.

https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en


Example 2: eNAEP 8th Grade Math Question
Process data can also be collected with digital assessment platforms:

Log data can include:

• Keystrokes for the constructed response

• Tool usage: e.g., scratchwork draw/erase, text-to-speech, zooming, highlight

• Visits and revisits: indicated by entering/exiting the item page

NAEP 2017 Mathematics item. Retrieved from the NAEP Question Tool. https://www.nationsreportcard.gov/nqt/ 

https://www.nationsreportcard.gov/nqt/


What Does Process Data Look Like?

In this module, we restrict discussion to the sequence of actions performed by 
an examinee in pursuit of solving a problem.

• In many educational and assessment validation studies, process data can be collected from 
think-aloud protocols.

• Computerized assessments allow the streamlined collection of process data on a large 
scale, and they are commonly stored as timestamped log data, with the following 
components:

Let’s see some examples.

Examinee ID Item ID Event Timestamp
1 1 Start 0.0
1 1 Click_CS 5.5
1 1 … …



Structure of Process Data: Example 1

Action Cumulative 
Elapsed Time

Start 0.0

1_0_0 25.1

… …

Reset 42.5

1_1_1 56.9

end 62.2

Total Time 62.2

Final Score 
(matching 
question)

1

PISA Climate Control Item. Retrieved from OECD (2014), PISA 2012 Technical Report, PISA, 
OECD Publishing, Paris, https://doi.org/10.1787/6341a959-en. Setting top/middle/bottom 

control bars at +/Δ/Δ

https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en


Structure of Process Data: Example 2
Here’s a screenshot of one student’s process data on one NAEP 8th 
grade math item (VH098810):

NAEP 2017 Mathematics item. Retrieved from the NAEP 
Question Tool. https://www.nationsreportcard.gov/nqt/

https://www.nationsreportcard.gov/nqt/


What might test-taking process tell us?

Process data may tell us how examinees arrived at their final response.
Examples of psychometric questions:
• Does process contain additional construct-relevant information unavailable from the final score alone? 

Can we use this additional information to reduce the standard error of measurement?
• Does process provide validity evidence that supports our theory about how the item measures the 

construct? 
• Does process tell us why an item exhibits differential item functioning for specific groups?
• Do the test design and accommodation effectively help all examinees demonstrate their true 

performance? 

Examples of educational questions:
• Can process reveal a student’s mastery of specific skills and misconceptions?
• Do students with disabilities feature specific types of wrong responses or test-taking strategies?

Despite the potential utilities, process data can be messy and noisy.



Data Structure of Raw Action Sequences
• Raw action sequences (the “Action”/”Coding” column) are variable-length 

sequences of ordered categorical actions:

• The next sections will discuss how to transform sequences to numerical 
features that are more straightforward to model.

Variable length

Different examinees can 
differ in sequence length

E.g., 

• Examinee 1:

Enter_Item, Choose_right, 
Choose_wrong, 
Choose_right, Exit_Item

• Examinee 2:

Enter_Item, Choose_right, 
Exit_Item

Categorical

Each action is sampled from 
the set of all possible 
actions

E.g., 

Q1: {Enter_Item, Exit_Item, 
Choose_right, Choose_wrong, 
Clear_Answer}

Q2: {Enter_Item, Exit_Item, 
Part1_right, Part1_wrong, 
Part2_right, Part2_wrong, 
Clear_Answer}

Ordered

Temporal ordering of actions is 
substantively meaningful.

E.g.,

• Preview:

Enter_Item, Exit_Item, 
Enter_Item, Choose_right, 
Exit_Item 

• Review:

Enter_Item, Choose_right, 
Exit_Item, Enter_Item, Exit_Item



A few publicly-available databases
Logfiles have been released for several large-scale assessments. Here are a few examples if you’d 
like to explore:

• Program for International Student Assessment (PISA) 2012 logfiles (OECD, n.d.): 

• PISA 2012 CBA Database. Examples of released items available in PISA 2012 technical report (OECD, 2014).

• The ProcData R package (Tang et al., 2021) contains a preprocessed, simplified version of the Climate Control 
item. 

• Program for International Assessment of Adult Competency (PIAAC) 2012 logfiles (OECD, n.d.):

• Includes the interactive tasks for Problem Solving in Technology-Rich Environments (PSTRE). Apply for access to 
released items through the GESIS data archive.

• National Assessment of Educational Progress 2017 Mathematics process data (U.S. Department of 
Education, IES, & NCES, 2017):

• Applying for a restricted-use data license

• A small publicly available subset released for 2019 NAEP data mining competition.

https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html#:%7E:text=response%20data%20file-,Log%2Dfile%20databases,-Log%2Dfile%20databases
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html#:%7E:text=response%20data%20file-,Log%2Dfile%20databases,-Log%2Dfile%20databases
https://www.gesis.org/en/data-on-adult-education/daten/piaac-daten-zyklus-1/piaac-international/international-piaac-log-files
https://nces.ed.gov/nationsreportcard/researchcenter/process_data_2017.aspx
https://sites.google.com/view/dataminingcompetition2019/home
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Section 
Learning 

Objectives

Learning Objective 3
Explain different types of data-driven process 
feature extraction methods.

Learning Objective 2
Know the purpose and steps of extracting pattern-

based summary indicators.

Learning Objective 1
Understand the rationale behind extracting 

numerical features from unstructured log data.

Extracting Process Data Features2



• Raw sequence cannot be directly incorporated into many well-established 
statistical and measurement models, e.g., 

• item response theory models, 
• structural equation models, or 
• hypothesis tests. 

• Feature extraction methods are one class of process data analysis methods.
• aim to transform action sequences into numerical, rectangular data that 

preserve original sequence information, so that, in subsequent analysis, we 
can work with the features instead.

• Idea:



Types of Features to Extract from Process

• Goldhammer et al. (2021) discussed two levels of process features:
• Low-level process feature: Small, interpretable unit of behavior derived from contextualized 

(i.e., task-specific) log event(s), e.g., “clicking RESET“.

• Process indicator: Item-level summaries, e.g., time-related, count-related, sequence-related 
indicators. See He & Cui’s (2025) review for types of indicators. 

• In this module, we will cover a few types of feature extraction methods:
• Pattern-based summary indicators

• n-grams features: Presence or weighted frequency of key subsequences of consecutive actions.

• Data-driven whole-sequence-based features: 
• Multidimensional Scaling (MDS): Numerical features that preserve information about pairwise sequence 

dissimilarity.

• Sequence autoencoders: Numerical features that best reconstruct original action sequences in a recurrent 
neural network model.



1. Pattern-based Summary Indicators
Substantively meaningful indicators (e.g., expert-rubric-based) that 
describe specific patterns in the log data. Examples:
Timing indicators Example definition (base on log data)
Total time on page visit Timestamp difference for entering and exiting the page.
Duration of specific states (e.g., reading, 
viewing, calculator/scratchwork usage)

Aggregated time (end minus start time) for each 
occurrence of a state. 

Time from start to specific action. Timestamp difference between specific action and start.

Counts indicators
Total number of actions Length of the action sequence.
Count of a specific pattern (e.g., action, answer 
submissions, visits to a page)

Frequency of occurrence of the pattern in the action 
sequence.

Sequence indicators
Similarity to expert-derived best solution path Longest common subsequence or Levenshtein distance 

compared with reference sequence (e.g., best path)
Use of a specific strategy Presence of a specific sequence of (consecutive or non-

consecutive) actions implied by the strategy.



Create function for feature extraction based on operational definition

Input: Examinee log file Output: Feature value

Clarify the operational definition: How does the pattern manifest in the raw log data?

Example: number of item revisits Operational definition: Number of ”Enter Item” -> “Exit Item” pairs minus 1. 

Identifying test-taking pattern(s) of interest

What patterns may provide behavioral evidence on the 
examinee, task, or research question we care about?

Domain knowledge, theory, and prior literature may 
support examining these patterns.

1. Pattern-based Summary Indicators



2. n-gram Features (He & von Davier, 2016)
• “Minisequences” that disassemble a long action sequence into manageable short pieces of 

length n.

• Example sequence on a NAEP math question for one examinee:
Enter_item, Scratchwork_Mode_On, Draw, Scratchwork_Mode_Off, choose_3, Exit_Item, Enter_Item, Exit_Item

• Unigram (n = 1): “Enter_item”,  “Scratchwork_Mode_On”,  “Draw”,  “Scratchwork_Mode_Off”,  “choose_3”,  “Exit_Item”

• Bigram (n = 2): “Enter_item, Scratchwork_Mode_On”,  “Scratchwork_Mode_On, Draw”,  “Draw, 
Scratchwork_Mode_Off”,  “Scratchwork_Mode_Off, choose_3”, “choose_3, Exit_Item”,  “Exit_Item, Enter_Item”,  
“Enter_Item, Exit_Item”

• Trigram (n = 3): “Enter_item, Scratchwork_Mode_On, Draw”,  “Scratchwork_Mode_On, Draw, 
Scratchwork_Mode_Off,”,  “Draw, Scratchwork_Mode_Off, choose_3”,  “Scratchwork_Mode_Off, choose_3, Exit_Item”,  
“choose_3, Exit_Item, Enter_Item”,   ”Exit_Item, Enter_Item, Exit_Item” 

• Across examinees, there could be many more possible uni/bi/trigrams. 

• For each possible uni/bi/trigram, we count its number of occurrences within the examinee’s 
action sequence.



Representing n-grams as Numerical Features
1. Binary presence or absence of a particular n-gram

• e.g., unigram of “Enter_item”: 1 (present) or 0 (absent)

2. Raw frequency
• How many times it showed up in the sequence?
• e.g., if the examinee entered the item twice, the frequency value of 

“Enter_item” is 2

3. TF-ISF weighting 



n-gram features – TF-ISF weighting
We often use TF-ISF-weighted n-gram features: The TF-ISF value is 
given by:

• Term frequency (TF, 𝑡𝑡𝑓𝑓𝑖𝑖,𝑗𝑗): Frequency of n-gram i in examinee j’s sequence.
• upweights behaviors that occur many times for this examinee.

• Inverse sequence frequency (ISF, 𝑁𝑁/𝑠𝑠𝑓𝑓𝑖𝑖): 1/(% 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑤𝑤𝑤𝑤𝑤𝑤𝑤 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑖𝑖)
• downweights behaviors exhibited by most examinees and upweights rarer behaviors.

TF–ISF is high for n-grams that are 
• frequent for a given examinee 
• but not routine in the sample of examinees.



n-grams - Additional Remarks

• Unigrams do not capture sequential dependences (i.e., what happens right 

before/after an action).

• Bigrams and trigrams can capture this sequential dependence.

• But bigrams/trigrams can occur much less often than unigrams, which can 

make higher-order n-grams less reliable.

• In TF-ISF weighting, rare n-grams can receive very high weights because 

they are “unique,” so filtering is especially important.

• A common fix is to drop n-grams that occur fewer than ~5 times.



Not all actions/subsequences are important. How to find ones most relevant to what we 
care about?
Chi-square-based feature selection (He & von Davier, 2016): 
It quantifies and tests the association between an outcome variable and an n-gram 
pattern. Taking score on task (correct/incorrect) as an example:

• For each n-gram, make 2x2 contingency table:

• Compute the chi-square statistic:

𝜒𝜒𝑐𝑐2 = �
𝑂𝑂𝑖𝑖 − 𝐸𝐸𝑖𝑖 2

𝐸𝐸𝑖𝑖
Large 𝜒𝜒𝑐𝑐2 suggests dependence between n-gram feature & outcome, i.e., people who got this item 
correct are more (or less) likely to present this n-gram compared to those who did not answer this 
item correctly.

Group C1 (e.g., correct) Group C2 (e.g., incorrect)

n-gram present

n₁ = weighted count of this n-gram in 
C1 
(sum of all TF-ISF values for correct 
examinees)

m₁ = weighted count of this n-gram in 
C2 
(sum of all TF-ISF values for all 
incorrect examinees)

n-gram absent Total TF-ISF in C1 − n₁ Total TF-ISF in C2 − m₁



Applications of n-grams

For test development:
• Identify the key actions/subsequences by correct/incorrect groups (He & 

von Davier, 2016; Liao et al., 2019)
• Identify key actions used by groups with different backgrounds (e.g., 

gender, race, SES) for equity and fairness checking (Han et al., 2019; Salles 
et al., 2020; Stadler et al., 2019)

For learning:
• Use n-grams for early prediction of task success/failure (e.g., Ulitzsch et al., 

2023) to guide tailored support/interventions.



3. Data-Driven Whole Sequence Features
Aim is to transform action (or time) sequences in the sequence space into numerical 
vectors that preserve original sequence information in the 𝐾𝐾-dimensional vector space. 

• Note that some whole-sequence features are created based on expert-defined 
rubrics. E.g., He, Borgonovi, & Paccagnella (2021) proposed two whole-sequence 
features that compare an observed sequence to an expert-defined reference 
sequence for optimal solution path, using on their longest common subsequence:

• Similarity: How much does an individual's sequence deviates from a reference sequence?
• Efficiency: How many additional actions does an individual undertake in excess of the number 

of actions contained in the reference sequence?

• Here we focus on data-driven features that are learned from the data. This section will 
introduce two methods:

• Multidimensional Scaling (MDS; Tang et al., 2020)
• Sequence Autoencoders (Seq2seq; Tang et al., 2021)



3.1 Multidimensional Scaling (MDS)

MDS (Tang et al., 2020) transforms variable-length action sequences (𝒔𝒔𝑖𝑖) to K-
dimensional continuous features (𝑀𝑀𝑖𝑖), by finding 𝑀𝑀1, … ,𝑀𝑀𝑁𝑁 that minimizes

where 𝑑𝑑𝑖𝑖𝑖𝑖′ is the dissimilarity between 𝒔𝒔𝑖𝑖  and 𝒔𝒔𝑖𝑖′  (for examinees 𝑖𝑖 and 𝑖𝑖′) based on 
an order-based sequence similarity metric (Gómez-Alonso & Valls, 2008).
• MDS features very accurately predicted scores on items.
• K can be chosen with cross-validation.
• Intuitively, MDS features aim to preserve pairwise individual differences in 

sequences.



Order-based Sequence Dissimilarity (Gómez-Alonso & Valls, 2008)

Sequence dissimilarity 𝑑𝑑𝑖𝑖𝑖𝑖′ looks at the ordering differences on common 
actions 𝑓𝑓(𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′) and number of unique actions 𝑔𝑔 𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′ :

𝑑𝑑𝑖𝑖𝑖𝑖′ =
𝑓𝑓 𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′ + 𝑔𝑔 𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′

𝐿𝐿𝑖𝑖 + 𝐿𝐿𝑖𝑖′
,

𝑓𝑓 𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′ =
∑𝑎𝑎∈𝐶𝐶𝑖𝑖𝑖𝑖′ ∑𝑚𝑚=1

min{𝐿𝐿𝑖𝑖
𝑎𝑎,𝐿𝐿𝑖𝑖′

𝑎𝑎 }
|𝑠𝑠𝑖𝑖𝑎𝑎 𝑚𝑚 − 𝑠𝑠𝑖𝑖′

𝑎𝑎(𝑚𝑚)|
max{𝐿𝐿𝑖𝑖 , 𝐿𝐿𝑖𝑖′}

,

𝑔𝑔 𝒔𝒔𝒊𝒊, 𝒔𝒔𝒊𝒊′ = �
𝑎𝑎∈𝑈𝑈𝑖𝑖𝑖𝑖′

𝐿𝐿𝑖𝑖𝑎𝑎 + �
𝑎𝑎∈𝑈𝑈𝑖𝑖′𝑖𝑖

𝐿𝐿𝑖𝑖′
𝑎𝑎 .

Notations:
• 𝐶𝐶𝑖𝑖𝑖𝑖′: the set of events shared by the two sequences
• 𝑈𝑈𝑖𝑖𝑖𝑖′: the unique events of sequence 𝑖𝑖 with respect to sequence 𝑖𝑖′
• 𝐿𝐿𝑖𝑖𝑎𝑎: the number of occurrences of event 𝑎𝑎 in sequence 𝒔𝒔𝒊𝒊
• 𝑠𝑠𝑖𝑖𝑎𝑎(𝑚𝑚): the position/time of the 𝑚𝑚th occurrence of event 𝑎𝑎 in sequence 𝒔𝒔𝒊𝒊.



MDS – Additional Remarks
• 𝑑𝑑𝑖𝑖𝑖𝑖𝑖 is small when:

• Two examinees performed very similar sets of actions, and 
• The ordering of the common actions is also similar.
• For two identical sequences’ 𝑑𝑑𝑖𝑖𝑖𝑖𝑖 = 0.

• We can use other choices of pairwise dissimilarity measures between sequences, e.g., 
• Levenshtein (edit) distance (Hao, Zhu, von Davier, 2015): measures the difference between 

two strings by calculating the minimum number of single-character edits—insertions, 
deletions, or substitutions—needed to transform one string into the other

• Dynamic time warping (He, Borgonovi, & Suárez‐Álvarez, 2023): between two trajectory 
sequences (e.g., timing, page visit ordering), how much stretching/compressing of one 
sequence is needed to match the other

• Custom definition – what types of individual differences are relevant for your application?

• Choosing K with cross-validation: Which K achieves best out-of-sample prediction of 
sequence pairwise dissimilarity? 



• Similar to sentence embeddings in language models, we can use high-dimensional 
numerical vectors to represent action sequences (Tang et al., 2021).

• Neural network-based sequence model (also commonly used for neural language 
modeling), which extracts features that can be used to reconstruct original action 
sequences.

3.2 Sequence-to-Sequence Autoencoders (Seq2seq)

The 𝑡𝑡th observed action 
event for examinee 𝑖𝑖

The Seq2seq features: 
Encoder’s summary at 
the last time point.

Predicted action 
distribution at time 𝑡𝑡.

A learned vector 
representation of 
action 𝑠𝑠𝑖𝑖𝑖𝑖

The encoder’s running 
summary of behavior 
up to action 𝑡𝑡

The decoder’s 
hidden state at step 
𝑡𝑡 while attempting to 
reconstruct the 
action sequence.



Seq2seq – Additional Remarks
• Parameters are estimated to minimize reconstruction loss of examinee’s 

observed sequence:

𝐿𝐿 𝒔𝒔𝑖𝑖 , �𝒔𝒔𝒊𝒊 =
1
𝐿𝐿𝑖𝑖
�
𝑡𝑡=1

𝐿𝐿𝑖𝑖

�
𝑗𝑗=1

𝐽𝐽

𝑠𝑠𝑖𝑖𝑖𝑖𝑖𝑖log(𝑠̂𝑠𝑖𝑖𝑖𝑖𝑖𝑖)

• 𝜽𝜽𝒊𝒊 (encoder last state output) is the K-dimensional features representing the 
input sequence 𝒔𝒔𝑖𝑖 .

Remarks
1. Choice of sequence model is flexible (e.g., LSTM, GRU, transformer)
2. Choosing K (dimension of 𝜽𝜽𝒊𝒊) based on cross-validation: Which K achieves the 

lowest out-of-sample sequence reconstruction error?



Note on Interpreting and Using Data-Driven Features

Unlike pattern-based indicators or n-grams, data-driven features are often 
dense and lack inherent interpretability.
• e.g., Toy example in Zhang et al. (2024) based on action sequences from a Problem Solving in 

Technology-Rich Environments (PSTRE) item from PIAAC 2012. For 𝐾𝐾 = 5, these were the 
features of 3 examinees:

• Examinee 1: “Click_W4, Toolbar_Web_Back, Response_Open, Response_4, Response_Close”
• Examinee 2: “Click_W2”
• Examinee 3: “Click_W1, Toolbar_Web_Back, Click_W2”

• Additional steps are often needed to use and interpret these data-driven features.
• Some examples will be discussed in Section 4. 

Examinee 3’s 5-dimensional 
Seq2seq features. Rows are 
the 5 dimensions. 
These features are trained to 
preserve original sequence 
information, but they are not 
directly interpretable. 



Wrap-up and Preview of Hands-on Examples

• In this section, we saw several types of features derived from action 
sequences:

• Pattern-based summary indicators
• n-grams features
• Data-driven whole-sequence-based features: 

• Multidimensional Scaling (MDS)
• Sequence autoencoders (Seq2seq)

• In the next section, we will illustrate feature extraction from PISA 
2012 Climate Control item log data using these methods.



Aside from feature extraction methods, there are many other 
approaches to the analysis and modeling of process data that this 
tutorial does not cover.
Here is a very incomplete list of other methods to handle the 
unstructured sequences: 

• Methods that directly model the action sequences, e.g.,:
• Hidden Markov models (e.g., Xiao et al., 2021; Tang, 2024)
• Point process or Gaussian process models (e.g., Chen, 2020; Chen & Zhang, 2020)
• Recurrent neural networks (Wang et al., 2023)

• Analyses based on sequence and trajectory (dis)similarity, e.g.:
• Sequence similarity and efficiency compared to expert-derived problem-solving steps 

(He et al., 2021)
• Clustering based on pairwise sequence similarity or navigation trajectory similarity 

(Ulitzsch et al., 2021; He et al., 2023)
• Network analysis of action relationships (e.g., Zhu et al., 2016)



Section 3: Hands-on Coding Exercise: 
Data Wrangling and Feature Extraction 

3



Section 
Learning 

Objectives

Learning Objective 3
Apply basic data-driven feature extraction using R 
ProcData package. 

Learning Objective 2
Implement expert-derived feature extraction with 

PISA Climate Control item process data. 

Learning Objective 1
Import and wrangle process data in R

Hands-on Exercise

Learning Objective 4
Explore the structure, distribution, and 
interpretations (if applicable) of extracted features.

3



PISA 2012 Climate Control Process Data
• The original logfiles are available from the PISA 2012 CBA database.

Screenshot retrieved from the PISA 2012 CBA database. https://www.oecd.org/en/data/datasets/pisa-2012-cba-
database.html

• We’ll take a look at the raw data and go over common preprocessing steps.
• For feature extraction, we work with pre-processed CC log data from the ProcData R package. 
• Complete R code available in EMIP_Process.Rmd. 

https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html
https://www.oecd.org/en/data/datasets/pisa-2012-cba-database.html


1.
Understanding 
task and data 

structure

2.
Checking 

anomalies and 
preprocessing

3.
Feature extraction 

and analysis



Recall: PISA Climate Control (CC) Item
Students can move 
the three control bars 
from neutral (Δ) to 2 +
/− positions.

After clicking ”APPLY”, 
these line plots add 
two new data points 
for temperature and 
humidity.

Clicking “RESET” will 
reset the three control 
bars to the neural (Δ) 
position.

PISA 2012 Climate Control item. Retrieved from OECD (2014), PISA 2012 Technical Report, PISA, OECD Publishing, 
Paris, https://doi.org/10.1787/6341a959-en.

https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en


CC Item – Final Score

Response to the matching question is used to compute the final score (0: incorrect, 1: correct). 
For each examinee, we have:
• Log data containing positions of the three control bars each time they clicked “Apply” & clicks of 

“Reset”.
• Final score (0/1) on the matching.

PISA Climate Control item. Retrieved from OECD (2014), PISA 2012 Technical Report, PISA, OECD Publishing, 
Paris, https://doi.org/10.1787/6341a959-en.

https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en
https://doi.org/10.1787/6341a959-en


Importing Raw Data



Variables in the Raw Data

Remarks:
- Each student’s id will be country 

(cnt) + school (schoolid) + student 
ID (StIDStd).

- There’s no single “Coding”/”Event” 
column for a specific action, so we 
need to create it.

- Rows with event_type “Diagram” 
correspond to the matching 
question. We’ll remove them if we 
only care about actions related to 
manipulating the control bars.



We have 31,677 
students’ log data



2. Checking Anomalies
• Log data in assessments can be susceptible to data recording anomalies, so it 

is necessary to check for anomalies before analysis.
• Common anomalies:

• Process information completely missing or recorded as NAs
• Missing several or all timestamps (not necessarily a problem if there’s event ordering ID 

and timing is not used for analysis.)
• Incorrect log data structure, e.g., 

• Events that should appear in all log data are missing (e.g., no “start”, no “end”, a page visit with “Enter” 
doesn’t have a corresponding “Exit”)

• Mispositioned events (e.g., more events occur after “end”)
• Repeated entry of the same event.
• …

• These will greatly help in understanding data structure and identifying 
anomalies:

• Visually examine the log data of a small number of test takers. 
• Exploratory analysis: e.g., table of possible values



In our log data, there were no missing, but 118 students had anomalies in the 
number of or positions of start and end. We will remove their log data.



Recoding Actions

• The goal is to recode events into a single “Action” column with 
unique, substantively meaningful action labels.

• Ideally, after the recoding, every action is:
• Interpretable: Do we understand what it means in an examinee’s process?
• Specific: Does the label precisely document what the examinee did?
• Nonredundant: Can we delete the action without losing useful information?

• For the CC item, the recoding is relatively simple:
• “start”, “end”, and “reset” remain.
• For “apply”, recode into “x_y_z” containing top/central/bottom control values.
• For all actions with event_type “Diagram” (matching actions), delete.

• Finally, we order actions by timestamps for each examinee.



Resulting log_cc_recoded:



3. Feature Extraction
• We will use the ProcData R package (Tang et al., 2021), which contains tools for exploratory 

process data analysis. ProcData contains a cleaned version of CC item’s log and score data: 

Note:
Score data (cc_data$responses) 
is available in the same PISA 
2012 CBA database.

• “Cognitive item response data 
file”.

• Can match to logfiles via the 
complete student ID.



Note on cc_data$seq

Creating the proc object from 
our previously preprocessed 
logfiles (log_cc_recoded) is 
easy. 

Requires:
• action_seqs: list of action 

sequences for each 
examinee (each element is 
a vector, i.e., the Coding 
column for that examinee)

• time_seqs: list of timestamp 
sequences for each 
examinee (i.e., the time 
column for that examinee)

Note: if you don’t have 
timestamps, can use 1, 2, …, 𝐿𝐿𝑖𝑖.

• ids: vector of examinee IDs



3.1 Pattern-based Summary Indicators 
Let’s extract three indicators:

• Number of actions
• Time to first action
• Whether the log suggests usage of the 

varying one thing at a time (VOTAT) strategy:
• Manipulating a single input variable (i.e., 

adjusting one control bar). 
• Keeping all other input variables fixed at 

their initial value (i.e., leaving the other 
sliders at the neutral (Δ) position).

• Observing the resulting changes (or lack 
thereof) in the outcome variables (i.e., 
the temperature and humidity levels).

Continue to next page…



Regular expressions (regex) are useful in searching for 
string patterns:
https://evoldyn.gitlab.io/evomics-2018/ref-
sheets/R_strings.pdf 
Or just ask AI 

Slightly more than half of the students used the 
VOTAT strategy.

https://evoldyn.gitlab.io/evomics-2018/ref-sheets/R_strings.pdf
https://evoldyn.gitlab.io/evomics-2018/ref-sheets/R_strings.pdf
https://evoldyn.gitlab.io/evomics-2018/ref-sheets/R_strings.pdf
https://evoldyn.gitlab.io/evomics-2018/ref-sheets/R_strings.pdf
https://evoldyn.gitlab.io/evomics-2018/ref-sheets/R_strings.pdf


3.2 n-gram Features

ProcData package contains a function for 
extracting n-gram features. Can specify:
• level: max n, e.g., level = 2 means it will extract 

unigrams and bigrams. level = 3 will 
additionally add trigrams.

• Type: binary, raw frequency, or TF-ISF 
weighted?

Note: for large n, the number of n-grams and 
computation time explode combinatorially. 



Subset of unigrams:

Subset of bi-grams:



3.3 MDS features
ProcData package provide functions for extracting these data-driven whole-sequence features. 

To choose K based on cross-validation? This will run MDS 
for K = 5, 10, and 15. It will return which one achieves lowest 
5-fold cross-validation error predicting pairwise 
dissimilarities.

Extracting K = 5 MDS features (and perform PCA to them):



First 8 examinees’ 5-dimensional MDS features (MDS$theta): Remarks:
• The principal components are 

uncorrelated but not necessarily 
(almost never) independent. 

• These features are not inherently 
interpretable. Users take additional 
steps to interpret them, e.g.,

• Interpret clusters based on 
MDS features

• Examining sequential pattern 
shifts as feature value 
increases



3.4 Seq2seq Autoencoder Features
Very similar to MDS feature extraction.

• For ae_type, it can be “action, “time”, or “both” 
(e.g., “both” will extract features that can recover 
both action and timestamp sequences.)

• rnn_type, n_epoch, step_size, etc. are settings for 
training the neural network. 

• To choose K with cross validation, use 
chooseK_seq2seq()

Note: 
• Recurrent neural nets are slow especially for 

longer and more complex (larger set of possible 
of actions) sequences.

• To run functions requiring neural nets in the 
ProcData package, user must install 
dependencies. See instructions here: 
https://cran.r-
project.org/web/packages/ProcData/readme/REA
DME.html 

https://cran.r-project.org/web/packages/ProcData/readme/README.html
https://cran.r-project.org/web/packages/ProcData/readme/README.html
https://cran.r-project.org/web/packages/ProcData/readme/README.html
https://cran.r-project.org/web/packages/ProcData/readme/README.html


4. Some Basic Usage of the Process Features
We can use the extracted features to answer some simple questions, e.g., 

Is the usage of the VOTAT strategy (0/1) 
related to the score (0/1) on the 
matching question?

19% of students who did not 
use VOTAT answered the 
question correctly, whereas 
85% who used VOTAT 
answered correctly.

How does the distribution of number of actions 
differ for correct/incorrect responses?



Section 4: Applications of Process 
Features in Measurement and Education
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Section 
Learning 

Objectives

Learning Objective 2
Know the key considerations for modeling and 
statistical analysis using process-derived features.

Learning Objective 1
Describe case studies in which process-derived 
features are used to answer measurement 
questions.

Applications of Process Features4



Case Studies Applying Process Features

Now that we have features extracted from process data, how do we use 
them in measurement tasks?
In this section, we show three case studies illustrating their usage:

• Case study 1: 
Examining group differences in process patterns (e.g., score/demographic) to 
understand the effect of NEAP extended time accommodation (Wei & Zhang, 2024)
• Case study 2: 
Using process features with IRT models to improve measurement precision of adult 
problem solving in technology-rich environments (Zhang et al., 2023)
• Case study 3:
Using process features with IRT models to reduce and understand differential item 
functioning in assessing adult problem solving in technology-rich environments 
(Chen, Zhang, & Liu, 2025)



Case Study 1: Effect of NAEP Extended-time Accommodation

• The goal of test accommodations is to increase the reliability, validity, and 
fairness of the scores by reducing construct-irrelevant measurement errors 
(AERA, APA, & NCME, 2014).

• Example: Extended time accommodation (ETA)
• NAEP’s goal is to assess what students know and can do in mathematics
• The standard time limit for a math test block is 30 minutes.
• Students with learning disabilities (LD) are more impacted by test-speededness, e.g., 

higher anxiety, rapid guessing, and missingness due to running out of time.
• ETA aims to help overcome the construct-irrelevant nuisance (lack of time) when speed is 

not an intended component of the test construct.
• Students with ETA received 90 minutes for a test block.

• Do LD students who receive ETA benefit from it?
• NAEP provides a rare opportunity to investigate this special group with a large sample size. 
• Process data can capture students’ interactivity with each question --- something 

speculated to depend on time pressure.



Sample: 
1530 students with LD who took the 
N03 (15-item) block in the NAEP 2017 
8th Grade Math.
Note: 
45% of the LD students were granted 
ETA but did not use more than 30 
minutes (NU). We separated them 
from those who used >30 minutes 
(U) in further analyses.

39%

16%

45%

Not granted (NG)

Granted & used (U)

Granted not  used (NU)

Instrument: 15 items (multiple choice, constructed response, 
drag and drop) 
Item Content Score 

Range
% Full 
Score

1 Translate a percent to a fraction 0-1 64.27%
2 Complete a circle graph to represent the data 0-1 94.55%
3 Multiplication of two two-digit decimals 0-1 46.40%
4 Determine x and y intercept of a given line 0-2 47.68%
5 Compare measurement using unit conversions 0-2 59.21%
6 Extend a numerical pattern 0-1 44.19%
7 Calculate diameter of a circle from a given 

circumference
0-1 12.23%

8 Rotation of a triangle 0-1 36.89%
9 Create a proportion to find distance on a map 0-1 67.39%
10 Identify characteristics of lines 0-2 12.84%
11 Make & explain a conclusion about linear equations 0-2 14.72%
12 Identify figures that are composites of 2 given 

shapes
0-2 6.75%

13 Evaluate circle graph and bar graph to determine 
possible data sets

0-4 5.85%

14 Match box-plots to stem-and-leaf plots 0-2 19.99%
15 Write expression for polygon area using conjecture 0-2 9.35%

Data Description (Wei & Zhang, 2024)



Key variables used for examining the effect of ETA:
•  ETA group membership       (NG, U, NU)
•  Score on each item         (0 – Full score)
•  Process-derived variables on each item
Instead of working with raw process data, this study worked with predefined features that 
are conjectured to be associated with interactivity.

Sample sequence:
Enter_item, Scratchwork_Mode_On, Draw, Scratchwork_Mode_Off, choose_3, Exit_Item, Enter_Item, Exit_Item
List of process-derived features:

Note:
Number of actions and response time were highly skewed and log-transformed in further analysis.

Feature Value
Number of actions (# of recorded events) 8
Number of visits (page views > 3 seconds) 2
Digital drawing tool usage (0/1) 1
Text-to-speech usage (0/1) 0
Total response time (in seconds, sum across 
visits)

102.23



Methodological Considerations
• ETA assignment is not randomized. 

• In the evaluation of the ETA effect, there is the confound of true math skill/knowledge difference 
without time pressure

• Assuming there is minimal time pressure on the first 5 items, we test for conditional 
independence between the ETA group and score/interactivity on items 6-15, given a 
comparable total score on items 1–5. 

• Process features for interactivity have highly irregular distributions.
• e.g., some features (# of visits) are “one-inflated”
• We adopt a conditional permutation test for the conditional independence to circumvent the 

need for distributional assumptions:

Based on total score on first 5 items, we divided individuals into 4 strata (k): 0 – 1, 2 – 3, 4 – 5, 6 – 7.
Testing the effect of ETA controlling for performance on the first 5 items amounted to testing

𝐻𝐻0:𝐸𝐸𝐹𝐹 𝑋𝑋𝑖𝑖 𝑆𝑆𝑖𝑖 = 𝑘𝑘 = 𝐸𝐸𝑅𝑅 𝑋𝑋𝑖𝑖 𝑆𝑆𝑖𝑖 = 𝑘𝑘 ,  ∀𝑘𝑘,
𝐻𝐻1:𝐸𝐸𝐹𝐹 𝑋𝑋𝑖𝑖 𝑆𝑆𝑖𝑖 = 𝑘𝑘 < 𝐸𝐸𝑅𝑅 𝑋𝑋𝑖𝑖 𝑆𝑆𝑖𝑖 = 𝑘𝑘 ,  some 𝑘𝑘.

Notations: 
• 𝑋𝑋𝑖𝑖: Interactivity feature/score value of student i
• 𝑆𝑆𝑖𝑖: Initial score strata of student i
Note: The alternative is a one-sided hypothesis, where those receiving ETA (U/NU) are higher on 
expected score/interactivity.



• Higher expected response time and number of actions across almost all of items 6 - 15.
• Higher number of visits, % of digital drawing tool usage, and % of text-to-speech usage on select items.
• Even for those who used the extra time, the expected score was only higher on items 6, 9, 11, 13, 

although interactivity was higher across all items.

 

*p<.05 ***p<.001
Note: For NG vs NU group, differences in interactivity/score mostly insignificant.

Item Response 
Time

Number of 
Actions

Number of 
Visits

Digital Drawing 
Tool

Text-to- 
Speech Final Score

6 0.43*** 0.20*** 0.19*** 0.03* 0.10*** 0.06*
7 0.55*** 0.39*** 0.28*** 0.03 0.08** -0.03
8 0.70*** 0.19** 0.19*** 0.03 0.05* 0.05
9 0.58*** 0.24*** 0.13*** 0.04* 0.08** 0.07*

10 0.75*** 0.19*** 0.09 0.03* 0.13*** 0
11 0.73*** 0.35*** 0.20*** 0.06* 0.14*** 0.06*
12 0.70*** 0.34*** 0.10** 0.10*** 0.08** 0
13 0.87*** 0.53*** 0.21* 0.06*** 0.10*** 0.11*
14 1.04*** 0.51*** 0.34*** 0.06*** 0.11*** 0.06
15 1.38*** 0.73*** 0.48*** 0.11*** 0.12*** 0.01

Results: Interactivity of those who used granted ETA (U)



• Many students with LD granted ETA did not use it and did not do better.
• Given comparable performance on the first 5 questions, those who used the extra time 

interacted more with later items than those without ETA. 
• Spent more time
• Had more logged actions
• Used tools more often (scratchwork, text-to-speech)
• Made more revisits to the same item

• If we assume that the performance on the first 5 items is an accurate reflection of what students 
know and can do in 8th-grade math, given the same proficiency, those given and used ETA could 
benefit from the extra time on certain items.

• Speculation is that these are items where they have the skills/knowledge to (partially) 
solve given sufficient time:
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median RT for NG students with nonzero score % Full Score

How’s ETA Affecting LD Students’ Interactivity and Scores?

• Items 6 and 9 had the highest correct response rate. 
• Items 11 and 13 had the highest median response time 

for individuals who received partial or full credit.



Case Study 2: Improving Measure Precision of Adult Problem-Solving

• Suppose our aim is to estimate a latent construct (proficiency) 𝜃𝜃 from observed test 
behavior.

• In computer-based testing, we observe final responses 𝒀𝒀 and also process data 𝑺𝑺 
(action sequences, times, tool use).

• A test score �𝜃𝜃 is an estimator of true 𝜃𝜃, and a key goal in measurement is achieving 
small estimation error (high reliability/low mean-squared error: 𝐸𝐸[ �𝜃𝜃  − 𝜃𝜃 2]).

• Reliable scoring using responses only ( �𝜃𝜃𝑌𝑌 estimated from 𝒀𝒀) often requires long tests.



Can Process Data Reduce Test Length without Compromising Reliability?

• Under Item Response Theory (e.g., generalized partial credit model for ordinal scores), ability is 
commonly estimated from responses via an estimator, e.g., Bayesian EAP that depends on the 
posterior expectation 𝜃̂𝜃𝑌𝑌 = 𝐸𝐸 𝜃𝜃 𝒀𝒀 .

• Reliability increases with more items:
• Tradeoff: reliability vs. short test length/time.

• Can process information add meaningful proficiency signal so we can shorten tests (use 
fewer items) without compromising measurement precision?

• Intuitively, the action sequences on item 𝑗𝑗 (or MDS features extracted from them, denoted 𝑿𝑿𝑗𝑗) may contain 
additional 𝜃𝜃-relevant information compared to the final score, 𝑌𝑌𝑗𝑗, e.g.:

Partial mastery

• Examinee has some idea on how to 
approach a problem, got stuck in the 
middle and gave up ⇒ final score is 0

• Examinee knows how to solve a numerical 
problem, made a careless mistake while 
entering a number on the calculator ⇒ final 
score is 0

Strategy choice

• A spreadsheet question requires using 
“Search” to locate a particular row. 
Examinee doesn’t know how to use 
“Search”, but decided to eyeball the entire 
500-row spreadsheet to find the requested 
info ⇒ final score is 1.



Rao-Blackwellization (Zhang et al., 2023): 
Regressing the final response-based estimator (𝜃̂𝜃𝑌𝑌), on a sufficient statistic (𝑇𝑇) of 𝜃𝜃 derived from 
both response & process:

This gives a new process-incorporated estimator, 𝜃̂𝜃𝑋𝑋 = 𝐸𝐸(𝜃̂𝜃𝑌𝑌 ∣ 𝑇𝑇), with lower or equal MSE 
(comparable/higher precision).

To obtain 𝑇𝑇 (intuition, see detail in paper):
• Extract MDS features from action sequences (𝑺𝑺𝑗𝑗) on each item j, 𝑋𝑋𝑗𝑗.
• For each item 𝑗𝑗, regressing the response-based score on MDS features.

Improving �𝜃𝜃𝑌𝑌 with MDS process features



Empirical Results from PIAAC PSTRE Data (Zhang et al., 2023)

Dataset: 
• OECD PIAAC adult skills assessment.
• Problem solving in technology-rich environments 

(PSTRE) assessment: 14 Interactive items 
resembling common ICT interfaces (email, 
spreadsheets, web browser).

• Sample: 2304 adults from 5 comparable countries 
and regions, who completed 14 PSTRE items.

Evaluation:
We randomly split the 14 items into 2 sets of 7 each. 
• Compute both 𝜃̂𝜃𝑌𝑌 (using final score only) and 𝜃̂𝜃𝑋𝑋 

(incorporating process information) on Set 1;
• Compute MSE with 𝜃̂𝜃𝑌𝑌 on Set 2.
• 𝜃̂𝜃𝑋𝑋 based on 2 – 3 items achieved similar MSE as 𝜃̂𝜃𝑌𝑌 

with all 7 items.



Case Study 3: Reducing and Understanding DIF in Adult Problem-Solving

Differential item functioning (DIF) occurs when an item behaves differently across groups for 
examinees with comparable proficiency.

DIF screening is routine in large-scale testing, but flagged DIF does not automatically reveal why 
the item is biased.



Can we use process to reduce/understand DIF?
• Final responses alone frequently provide insufficient evidence to diagnose the source of DIF.

• Standard DIF workflow ends with expert review, item revision, or discarding the item.

• Multidimensional IRT interpretation (Ackerman & Ma, 2024): DIF arises when the expected 
score depends on construct-irrelevant nuisance traits (𝜂𝜂), whose distribution given 𝜃𝜃 differs for 
focal (F) and reference (R) groups, i.e., 𝑓𝑓𝐹𝐹 𝜂𝜂 𝜃𝜃 ≠ 𝑓𝑓𝑅𝑅(𝜂𝜂 ∣ 𝜃𝜃). 

   As a result, the expected score
𝐸𝐸𝑔𝑔 𝑌𝑌𝑗𝑗 𝜃𝜃 ≔ ∫ 𝐸𝐸 𝑌𝑌𝑗𝑗 𝜃𝜃, 𝜂𝜂 𝑓𝑓𝑔𝑔 𝜂𝜂 𝜃𝜃 𝑑𝑑𝑑𝑑, 𝑔𝑔 ∈ {𝐹𝐹,𝑅𝑅}

   differs across groups.

• Process data may expose how groups approached the task (e.g., interface use, strategy 
choices), giving a plausible path to:

• Understanding what might be the nuisance (𝜂𝜂) that drives DIF, and
• Reducing DIF by jointly modeling (𝜂𝜂, 𝜃𝜃), rather than dropping the item.

• For an item 𝑗𝑗 flagged with DIF, we estimate 𝜂𝜂 using the K-dimensional MDS features extracted 
from item 𝑗𝑗,𝑿𝑿𝑗𝑗 ∈ ℝ𝐾𝐾.



Reconstructing the Nuisance from Process (Chen, Zhang, & Liu, 2025)

On a DIF item 𝑗𝑗, assume response 𝑌𝑌𝑖𝑖𝑖𝑖 follows a generalized linear model (GLM),

𝑌𝑌𝑖𝑖𝑖𝑖 ∼ 𝑝𝑝 𝑦𝑦 𝜇𝜇𝑖𝑖𝑖𝑖 , with 𝑔𝑔 𝜇𝜇𝑖𝑖𝑖𝑖 = 𝑑𝑑 + 𝑎𝑎0 �𝜃𝜃𝑖𝑖 + 𝑎𝑎1𝜂𝜂𝑖𝑖𝑖𝑖 + 𝜆𝜆𝑍𝑍𝑖𝑖 .

Notations:
• �𝜃𝜃𝑖𝑖 is the target latent trait of examinee 𝑖𝑖 estimated from DIF-free items;
• 𝜂𝜂𝑖𝑖𝑖𝑖 is a nuisance trait on item 𝑗𝑗 of examinee 𝑖𝑖,
• 𝑍𝑍𝑖𝑖 is a binary grouping variable (F/R) or continuous demographic variable,
• 𝑔𝑔(⋅) is a link function (e.g., logit, identity).

If 𝜆𝜆 = 0, group differences are fully explained by 𝜂𝜂𝑖𝑖𝑖𝑖 , and the relationship between score and target trait will be group-
invariant after controlling for the nuisance, eliminating the group difference in the conditional distribution of the 
response on measured traits (now 𝜃𝜃 and 𝜂𝜂). 

Assume 𝜂𝜂𝑖𝑖𝑖𝑖 = 𝝎𝝎⊤𝑿𝑿𝑖𝑖𝑖𝑖 , (i.e., nuisance is a weighted sum of MDS features). 

To find the optimal weights, we solve
�𝝎𝝎 = argmin 𝝎𝝎 =1 max

𝑑𝑑,𝑎𝑎,𝜆𝜆
 ℓ 𝑑𝑑,𝑎𝑎, 𝜆𝜆 − max

𝑑𝑑,𝑎𝑎,𝜆𝜆=0
ℓ 𝑑𝑑, 𝑎𝑎, 𝜆𝜆 ,

where ℓ() is the log-likelihood under the GLM. 

This optimization finds a nuisance trait that minimizes the response distribution’s dependence on group membership.



Using 𝜂̂𝜂𝑖𝑖𝑖𝑖 to Reduce and Interpret DIF
• Reducing DIF with 𝜂̂𝜂𝑖𝑖𝑖𝑖:

• Rather than discarding item 𝑗𝑗 flagged with DIF, we can now replace the item 
response function for 𝑗𝑗 (with 𝜃𝜃 only) with the multidimensional item response 
function given by the GLM involving 𝜃𝜃 and 𝜂𝜂𝑖𝑖𝑖𝑖 . This aims to explicitly model the 
complete latent space (both 𝜃𝜃 and 𝜂𝜂𝑖𝑖𝑖𝑖) on DIF items to mitigate DIF effect on the 
estimated 𝜃𝜃 (Ackerman & Ma, 2024).

• For items without DIF, the item response function stays the same as before.
• Plugging in the estimated 𝜂̂𝜂𝑖𝑖𝑖𝑖 , we can re-estimate 𝜃𝜃 with all items (with & without 

DIF).

• Interpreting DIF with 𝜂̂𝜂𝑖𝑖𝑖𝑖:
• Can look at which behavioral patterns from the log data are associated with the 
𝜂̂𝜂𝑖𝑖𝑖𝑖 = �𝝎𝝎⊤𝑿𝑿𝑖𝑖𝑖𝑖 .

• The next page is an example item from the PIAAC PSTRE that was flagged with DIF 
related to age (PIAAC surveyed working-age adults with age between 16 and 65).



PIAAC PSTRE Nuisance Interpretations
U01a, “Party Invitation”, required examinees to move emails in the Inbox folder into the correct places 
– “Can Come” folder and “Cannot Come” folder.

Nuisance trait �𝜂𝜂𝑖𝑖𝑖𝑖 correlated with drag-and-drop usage (𝑟𝑟 =  0.61).
Younger examinees used drag/drop more often.

Speculations:
- Each line of email was 

narrow in the inbox. 
- On another 

spreadsheet item 
(where each line of data 
is similarly narrow, 
older participants were 
also less likely to 
eyeball the entire 
spreadsheet to find 
some information.

- One possibility is these 
tasks are more visually 
taxing to older 
participants, and 
allowing zooming on 
the interface may help 
reduce DIF.



Concluding Remarks
• In the feature extraction stage, we transformed 𝑺𝑺𝑖𝑖𝑖𝑖 into 𝑿𝑿𝑖𝑖𝑖𝑖 (process features) that 

contain original sequence information but are numerical and rectangular.

• Process features can still have irregular distributions and can be noisy.
• Case study 1: some process features are irregularly distributed, so we applied nonparametric 

hypothesis tests.

• Case study 2: not all information in the MDS features is relevant to the measured trait, so we 
summarize 𝜃𝜃-relevant process information (𝑇𝑇) by regressing MDS features onto the response-
based score �𝜃𝜃𝑌𝑌.

• Case study 3: not all information in the MDS features is relevant to the nuisance accounting for 
DIF, so we summarize by finding a weight sum that best accounts for group differences in item 
response unaccounted for by 𝜃𝜃.

• Use caution in making distributional assumptions, and apply regression or variable 
selection (if features are high-dimensional) to separate signal from noise.
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