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Proposing Regex Sequence Analysis to Explore Elementary Students Design 
Practice and Collaboration in Engineering Design Challenges 

Introduction 

This methods full paper seeks to illustrate the utility of adopting regular expressions or “regex” 
string parsing functions from programming to a type of learning analytics called sequence 
analysis. Learning analytics is a sub area within the larger field of analytics focused on student’s 
digitally-logged data, such as through learning management systems, which is analyzed to 
understand and model students learning processes and outcomes [1]. Sequence analysis has been 
used in the social sciences (e.g., [2]) and education as one approach to learning analytics (e.g., 
[3]) to uncover meaningful patterns from temporally ordered data, i.e. sequences or 
subsequences. Sequence analysis is powerful for educational research because these techniques 
can identify sets of ordered actions students undertake that represent some higher order skill [4] 
and the distinct ways students may undertake that skill or engage it in productively or 
unproductively [5]. Sequence analysis is not new – techniques like Markov chains [6] and 
optimal matching [2] have been used regularly for decades. However, these more established 
approaches often struggle with identifying complex (e.g., sequences with many different 
elements) or long sequences. For instance, Markov chains use probability to identify sequences, 
so when sequences become longer the probabilities of any given sequence become lower and the 
approach becomes less useful. In this work, we propose a new approach to sequence analysis that 
utilizes regular expressions (regex) to identify sequences of students learning processes. Regex 
has the potential to address some of the weaknesses of other sequence analysis approaches and 
enable the identification of longer and more complex sequences for better student modeling, 
which can create actionable insights for supporting learners.  

Historically, regex has not been used for sequence analysis in learning analytics, therefore this 
work is adapting regex from its traditional use in computer science for string identification to a 
data analysis application. To identify sequences, regex uses several analyst-defined operations 
that specify what matching sequences should or should not include. Sequences that match these 
criteria are then returned for further inspection or validation. In other words, the analyst can set 
several rules or criteria by which specific sequences are identified from their data. Traditionally, 
these features of regex have allowed analysts to automatically locate patterns in large amounts of 
text, such as email addresses. This makes regex more flexible than other sequence analysis 
techniques, and potentially more adaptable to students’ complex learning processes. In the 
present work, we aim to provide a proof-of-concept of the utility of regex in learning analytics.  

To demonstrate the potential utility of regex for learning analytics, we apply this approach to the 
context of K-12 engineering education. There has been a growing interest to include engineering 
as a part of the K–12 curriculum in line with the Next Generation Science Standards [7]. 
Educational technology is frequently used to support teachers and students to engage in 
engineering projects in K-12 settings (e.g., [8], [9], [10]). We draw on one such platform here – 
MindLabs.  

MindLabs is an augmented reality educational technology that engages elementary students in 
science and engineering challenges, to help them develop engineering design and collaborative 
skills. MindLabs captures student collaborations, design actions, and self-reported emotional 
states through event data-logging. In a Midwestern school, 223 elementary students collaborated 



in teams for a learning unit on forces and motion. Students were tasked with designing a system 
for transporting a ball using MindLabs. Assignments were primarily based on science concepts 
including forces and motion and culminating with a design challenge. Our analysis draws on 
their logged actions to perform regex sequence analysis. Our driving question for demonstrating 
the utility of regex through this K-12 context is:  

To what extent can regular expression      extract distinct elementary students’ engineering 
design and collaborative practices from learning process logs? 

In the remainder of the work, we first review past research on collaborative learning and 
sequence analysis. Then we describe the context of the study, participants and how we 
operationalized and used regex for this study, including how data was processed and sequences 
extracted. Our results highlight students' prevalence of different types of sequences and then 
discuss the five unique types we identified. The discussion focuses on how the sequences relate 
to past work on design skills and collaboration, and what advantages and disadvantages regex 
has compared to other sequence analysis methods, before concluding.  

Literature review  

Collaborative Learning 

Collaborative learning involves students working in groups towards a common goal, by sharing 
tasks, that leads to individual and collective learning [11], [12], [13]. When students engage in 
collaborative learning, considering peers as sources of expertise and knowledge [14], it leads to 
better learning and knowledge retention [15], [16], higher academic achievement [15], [17], and 
greater critical thinking skills [18]. However, mismatched levels of commitment between team 
members, social loafing, inadequate communication, and incoherence can lead to dysfunction 
that poses challenges for both students and teachers [19]. Teachers often have to rely on self and 
peer assessments to identify dysfunction in team dynamics and evaluate individual contribution. 
However, these feedback mechanisms are primarily retrospective and can prove unreliable due to 
challenges in disaggregating various implicit biases of raters and the temporal distance between 
experience and reflection [20], [21], [22]. Researchers and practitioners recognize the need for 
real-time feedback mechanisms that can help students in developing collaborative skills in 
addition to meeting outcomes of learning experiences and are engaged in developing such 
platforms (e.g., [23]). 

Sequence analysis  

Sequence analysis is a suite of approaches including Markov chains, n-grams, optimal matching 
and other approaches that seek to identify or extract a set of temporally ordered elements that 
represent some phenomena or subject of study [2]. In the social sciences and applied fields like 
education, the elements in a sequence may represent things like events, actions, or processes. In 
sequence analysis, there is an assumption that elements of a sequence or sub-sequence (part of a 
full sequence) are stochastically related to each other (e.g., the presence or absence of some 
elements is related to or informs other elements) and sequences or sub-sequences reveal 
something about the activity or people being studied. In the social sciences, sequence analysis 
has often focused on longer temporal processes, for example, life course trajectories [2] and 
employment biographies [26]. In contrast, for many studies in education, sequence analysis has 



been used to study more temporally constrained processes such as problem solving [3], [6], [24] 
or progress through a course [25]. 

Application of sequence analysis in educational research has been accelerated by work that 
argues for creating fine-grained and comprehensive user action or artifact transformation logging 
systems in digital learning or professional software environments [4], [26]. Platforms that follow 
these guidelines produce a large amount of temporal data on user-actions or artifact manipulation 
(e.g., computer-aided design models) that can be fruitfully examined through sequence analysis 
approaches.   

Turning more specifically to sequence analysis approaches, one of the more popular techniques 
has been Markov chains [6], [24], [27]. Markov chains model the probability of moving from the 
current state to the next in what is called a transition matrix. These states are the elements of a 
sequence. While Markov chains can be a useful modeling approach, when there are a large 
number of unique “states” or many elements exist within a sequence until the next transition (and 
you need to model all of the combinations), it is difficult to estimate or extract probabilities as 
they become very small or absent.  

Another technique commonly used in the social sciences for sequence analysis is optimal 
matching [1]. Optimal matching or OM conducts pairwise comparisons of sequences and 
computes a distance score depending on the number of changes it would take to transform one 
sequence to another [28]. These changes or operations may involve substituting one element for 
another, removing an element or adding an element. The technique was originally adapted from 
work in biology and computer science [29] and has seen some similar applications in education 
(e.g., see [2]). While innovative, OM has been heavily critiqued (see [2], pp 41-44 for a summary 
of these critiques). One of the strongest criticisms is that the transformation costs (i.e., removing, 
deleting or substituting) lack clear guidelines or conceptual grounding on how these should be 
set. Often the elements in a sequence may be substantially different in quality or qualities (for 
example, a log of computer-aided design elements may include events like add a roof and 
analyze the heat transfer properties of a building), rendering a numeric “cost” between elements 
unclear. Consequently, the transformation costs risk becoming somewhat arbitrary and may 
either lack sensitivity or be overly sensitive to costs, and in either circumstance they bias what 
sequences are or are not identified. Thus, although there are several more well-established 
sequence analysis techniques, many of them suffer from some limitations when dealing with 
larger sequence lengths or when the types of elements in a dataset vary highly in quality or type.  

Methods 

Study Context and Participants 

This study took place in three fifth-grade classrooms at a suburban elementary school in the 
Midwestern United States. A total of 223 students took part in the study by engaging in a 
7-lesson unit. Most students had little prior experience with engineering design. The lessons 
were aligned with NGSS physical science standards and focused on forces and motion. The 
lessons also highlighted basic engineering practices and encouraged students to solve problems 
through iterative testing and redesign. Teachers had the choice on how to set up student teams, 
based on their perspective on how their students would best learn. Consequently, team sizes vary 
from 1-3 in our results. It is also important to note that a small number of students had their 
teams reassigned, so the total number of students and team sizes do not add up to exactly 223 as 



above. Over seven one-hour class sessions, students used augmented reality tools to explore 
ideas related to force and motion. The unit ended with a multi-day design challenge in which 
teams built a course that moved a ball from a starting point to an ending point using several 
simple machines. 

Description of MindLabs 

For this project, students used MindLabs, which is an Augmented Reality (AR) platform where 
students can collaboratively place tiles (e.g., a pulley or lever) to design systems in an AR space 
and solve science challenges. Students use a tablet or computer to interact with the platform and 
data is logged as they interact. MindLabs has a robust learning process data logging system. It 
captures students’ design process and collaborative actions (as they place tiles and build a system 
together). Additionally, typed entries into the engineering journal, self-reported affective states, 
and individual-initiated feedback to teammates are also logged. All of these data streams are 
logged at the device in JSON format and then pushed to a Postgres SQL server where they can 
be retrieved for post-hoc analysis, viewed by the teacher through an instructional dashboard, or 
accessed by the system to provide support for students.  

Data Analysis  

Regular Expression 

A regular expression is a sequence of operations that specify a search pattern in text strings used 
in computer science and programming more generally. It is often referred to as regex in 
shorthand and is available for most modern programming languages. It is similar to an advanced 
version of “find” function for text search. Instead of searching text character by character 
manually, regex allows us to define concise patterns that can detect repetitions, sequences, 
boundaries, or specific structural rules in large bodies of text or text datasets. Regular 
expressions rely on a small set of operators to define how patterns are matched. We discuss a few 
of the key operators here, but for a fuller list of all operators in Python, see [35]. Plus, operator 
(+) indicates to match or find at least one or more occurrences, and asterisk (*) used to match 
zero or more occurrences. “^” and “$” matches beginning and end of the string or line, 
respectively. “(…)” anything between parentheses groups a set of matching characters together. 

In this study, regex was used as a method for identifying meaningful behavioral patterns from 
student interaction logged data generated during assignments across MindLabs, described 
previously. Using regex, we extracted behavioral patterns such as unequal collaborative 
contributions (e.g., one student dominating), redo/iteration, and system removal behavior. 
Student interaction logged data is transformed into structured textual sequences i.e., various 
important attributes are converted into strings and converted into tokens and to full sequence of 
actions. 

How we used regex 

Raw data consists of temporal interaction logs during multiple assignment activities. Each row 
corresponds to a single interaction event performed by      a student within MindLabs. These logs 
capture fine-grained details about the user, including actions performed, design element involved 
(e.g., different AR tiles, such as a spring or incline), and relevant contextual metadata as shown 
in Table 1. 



 

Table 1: Description of attributes from dataset 

Attributes Description 
groupId A team ID with mixture of alphanumeric characters. 

studentId A student ID with mixture of alphanumeric characters. 

actionType Indicates if tile has been added, modified or removed. 

tileType Contains various tile types (spring, lever, …). 

tileVariant Indicates which version of tile is being used. 
createdAt Indicates date & time of action.  

​
To process this data, we first ordered the data temporally to preserve the order of actions and to 
ensure temporal and structural consistency. Timestamps were converted into a standardized 
date-time format, enabling reliable chronological ordering of events. Any missing records, 
invalid, and/or duplicate timestamps caused by known errors in the data logging platform were 
removed from the dataset to maintain consistency and completeness. Next, the data was encoded 
from long-strings to single-letters or converted from numerical values to strings datatype which 
helps in making a full ordered sequence for each team. 

●​ Ex:​ Lever (tileType) -> as “L” or 123 (studentId) -> as “123” 
Event data, however, often contains multiple attributes or metadata which may not easily 
translate into a single letter or short array of numbers. To address this concern, we developed a 
token system for transforming a single event data point to a compound token. For these tokens, 
all the encoded data attributes were joined by an “underscore” to form one single entity. A Token 
represents one complete action at a particular time and encapsulates most detailed information 
needed for finding patterns in students’ learning behavior. This transformation compresses 
multiple attributes into a compact and standardized representation. 

●​ Ex: 348_M_L_21_2 -> indicates  studentID 348 modified (M) tileType Lever (L) of 
variant 21 and rotated it clockwise180 (2, where 1 is a directional 90 degs turn). 

Tokens for each team are ordered based on their timestamps and are joined using delimiter ‘:’, to 
form into a full sequence of actions for the respective learning assignments. This sequence 
representation enabled the analysis to apply regex directly to the sequences in order to detect 
various behaviors of students interacting while working with fellow peers on assignments. 

●​ Ex: 469_A_S_1_2:469_A_C_0_2:469_M_H_0_o … 

Extracted learning process sequences 

The team collectively identified five learning process patterns as a starting sample to test regex 
capabilities and then defined regex operations that could extract sequences that matched the 
pattern criteria. These patterns reflect learning behaviors identified in past literature or from our 



experience analyzing and modeling student logged data. We selected five sequences to give a 
range of tests for this proof of concept. The five specific patterns we selected are listed below.  

First, long repetition single-student and second, repetition multi-student are both sequences 
where the same tile (e.g., an incline plane or a spring) is repeatedly used, either by a single 
student or multiple students on a team respectively. Third, continual removal involves chains of 
actions where students/team repeatedly remove tiles (these could be similar or dissimilar tiles) 
from their design space. Fourth, continual modification is similar to the prior sequence, but 
involves repeated modification of tiles (for example, changing a specific tile’s attributes, like the 
slope of an incline). 

Finally, the redo pattern identifies repetition of same action after certain number of actions. Such 
patterns could indicate students redo action or iterative design behavior. Table 2 breaks down the 
regex operators used for the redo sequence search as an illustrative example. We do not list all 
regex operations due to space limitations.  

Table 2: Redo regex operation code 

Operations Code Description 
(?:(?<=:)|^) Start match at sequence beginning or right after a ':' delimiter 

([^:]+)   Capture one complete action token, everything until the next ':' delimiter 

(?:(?::[^:]+)){{n},} Match n intervening action-tokens (any tokens, not equal to the first) 

(?::|$)   End match at a ':' delimiter or at the end of the sequence 

​
Results 

The results are presented in two sections. First, we present an overview through summarized 
descriptive statistics in Tables 3, 4, and 5 below. Table 3 reports the number of teams (or students 
working individually, team size = 1) exhibited at least one of a given sequence type. Table 4 
reports descriptive statistics (specifically minimum, mean, median, and maximum) for the 
number of sequences exhibited by teams (size >=1) by a given sequence type. Finally, Table 5 
again displays descriptive statistics but for the variations in length or number of actions-tokens 
within different sequence types by team (size >=1).  

Table 3: Number of teams who exhibited at least one of the sequences 

Team Size Number of 
Teams 

Long 
Repetition 
Single-Stu
dent 

Long 
Repetition ​
Multiple-S
tudents 

Redo Continual 
Removal 

Continual 
Modify 

1 118 41.5% 41.5% 96.6% 37.2% 87.2% 
2 62 48.3% 48.3% 91.9% 35.4% 83.8% 
3 4 75% 75% 50% 50% 75% 

 



Table 4: Descriptive statistics of frequency count of each sequence type 

Team Size Long 
Repetition​
Single 
Student 

Long 
Repetition 
Multiple 
Student 

Redo Continual 
Removal 

Continual 
Modify 

1 [1.0, 1.62, 
1.0, 6.0] 
 

[1.0, 1.51, 
1.0, 4.0] 
 

[1.0, 1.09, 
1.0, 3.0] 
 

[1.0, 1.62, 
1.0, 10.0] 
 

[1.0, 1.62, 
1.0, 6.0] 

2 [1.0, 1.87, 
1.0, 9.0] 

[1.0, 2.11, 
2.0, 5.0] 
 

[1.0, 1.27, 
1.0, 3.0] 
 

[1.0, 2.23, 
2.0, 17.0] 

[1.0, 1.87, 
1.0, 9.0] 

3 [1.0, 1.33, 
1.0, 2.0] 
 

[3.0, 3.0, 
3.0, 3.0] 
 

[1.0, 1.0, 
1.0, 1.0] 
 

[1.0, 1.67, 
2.0, 2.0] 
 

[1.0, 1.33, 
1.0, 2.0] 

[Minimum, Mean, Median, and Max] Number of Sequences by Type and Team Size 

Table 5: Descriptive statistics of sequence length for each sequence type 

Team Size Long 
Repetition​
Single-Stu
dent 

Long 
Repetition 
Multiple-S
tudents 

Redo Continual 
Removal 

Continual 
Modify 

1 [5.0, 16.09, 
14.0, 61.0] 

[7.0, 35.35, 
29.0, 
194.0] 

[6.0, 7.85, 
7.0, 24.0] 

[5.0, 15.88, 
12.0, 
100.0] 

[5.0, 16.09, 
14.0, 61.0] 

2 [5.0, 19.74, 
14.0, 86.0] 

[8.0, 49.87, 
44.0, 
297.0] 

[5.0, 9.5, 
8.0, 26.0] 

[5.0, 24.96, 
17.0, 
210.0] 

[5.0, 19.69, 
14.0, 86.0] 

3 [6.0, 26.67, 
11.0, 63.0] 

[57.0, 89.5, 
89.5, 
122.0] 

[8.0, 8.5, 
8.5, 9.0] 

[7.0, 33.0, 
29.0, 63.0] 

[6.0, 26.67, 
11.0, 63.0] 

[Minimum, Mean, Median, and Max] Length of Sequences by Type and Team Size 

Next, we discuss each sequence type in more depth, referring to Tables 3-5 as well as some 
additional analysis. We present the visualizations for a few of the sequence types (redo and 
continual modification) to give a window into what some specific sequences look like. We are 
only able to provide a few visualization examples due to space limitations. 

     Long Repetition & Long Repetition with multiple students sequences: 

Long Repetition is when the same action-token occurs recurrently in a full sequence. As each      
action-token encodes studentID identifier along with other action attributes, consecutive 
repetition of an identical token typically indicates repeated actions performed by same student 
without interruption. Similarly, Long repetition with multiple students’ sequence is similar to 
long repetition sequence but allows for multiple studentID, this type of sequence indicates 
consecutive repeated actions as well. Both these sequences have almost the same statistics as 



shown in Table 4 and 5 (Columns 2 and 3). This indicates that most repetitions were potentially 
made by one student. 

Redo Sequence: 

Redo sequence captures interaction patterns in which an earlier action is repeated after some 
intervening actions. In redo sequence, returning to same action type or operation after 
performing other actions in between indicating a revisitation of prior decisions. This type of 
sequence could be made by one or more students. 

Almost 90% of teams exhibit redo behavior, suggesting revisiting earlier actions is an important 
aspect of the design process. Average length of redo sequences is nearly double that of other 
sequences, around 35 action-tokens for single student teams. Figure 1 below shows a 
visualization depicting some actions for a redo sequence. At the beginning of the sequence, 
student 347 added a screw, then a target-archery tile in next action-token. Similarly, some tiles 
were added or modified, and screw was removed mid-sequence; later on, the screw was added 
after going through multiple changes, showing “redo” of same action again at the end of 
sequence. 

 
 

     Figure 1: A Sample Redo Sequence over time 

Continual Removal & Modify Sequences: 

Continual removal sequence captures periods where teams perform multiple deletion actions 
back to back with little or no switching to other operations. This type of behavior depicts that the 
team is actively undoing prior work, eliminating parts of the systems, cleaning up initial built 
design or reacting to mistakes. Continuous modify sequence captures teams repeatedly 
performing modification actions consecutively such as adjusting, rotating or altering 
components. This pattern typically means a team is undergoing iterative refinement of current 
design independent of which member performs actions. 

103 teams have on average 2 continual modify sequences with average length of 15 
action-tokens for teams with a single student, whereas average number of action-tokens of 
continual removal sequences is almost half the average length of the modify sequences. Figure 2 
below shows action-tokens for one continual modification; the values in parentheses are x and y 



coordinates of tile placed in the grid plane. It shows student 363 working on modifying the 
tileType by using different versions of lever. Student 371 was working on the Ball Anchor by      
placing it at different coordinates in grid space, after student 363’s work is complete. 

 

     Figure 2: A Sample Continual Modify sequence over time 

Discussion and Conclusion 

The goal of this study is to examine whether regular expressions can be used to identify how 
students learn while working on science and engineering design tasks. Below we provide some 
preliminary interpretations of what these sequences may indicate about student learning or 
difficulties they are encountering.  

     Long repetition sequences occur when students had interacted with the system without 
meaningful changes to their design. This could be student making adjustment to a lever and 
doing this without major changes and many times. This type of behavior could suggest that 
students are not making any progress and are confused with the task. Redo sequences occurred 
when students returned to an earlier component after working with other tiles. For example, 
students might add a spring, test the system, and then go back to adjusting a wheel-and-axle or 
pulley they had used before the spring. This pattern relates to iterations in students design 
process, an important skill given the complexity of design problems [30] It may also indicate 
students were learning through experimentation and revision. These sequences may also indicate 
that students were using feedback from the system to rethink earlier decisions. This behavior is 
central to engineering design and shows that the sequences may capture iterative and/or 
reflective learning processes. Continual removal sequences occurred when students removed 
multiple components, such as removing several planes, springs, or pulleys in sequence. These 
actions may show recognition of systematic errors or challenges in their design or may also 
reflect students’ frustration (e.g., [19]) with the task or their design, showing students are trying 
to restart their design. Continual modification sequences occurred when students made repeated 
changes to existing components, such as slightly moving a screw, rotating a lever, or adjusting 
the length or position of a pendulum. Instead of starting over, students made small adjustments to 
improve their designs. This behavior may reflect persistence and small-scale modifications or 
optimization (e.g., see [31] of their existing system. It may also represent small trial and error 
changes to try to incrementally improve the system.  



 The action sequences identified in this analysis and discussed above begin to reveal some ways 
in which students were engaged or potentially disengaged in the learning while working on the 
science and engineering challenge. Our language above remains tentative as sequences may 
represent different design practices or have different influencing factors. For instance, the 
continual removal could represent students recognizing a large issue with their system and 
restarting or it could represent student frustration with the task. A key insight from this 
preliminary regex extraction is that regex searches may need to incorporate more sequence 
context (e.g., more actions before or after the sequence) to better unveil what kind of practice it 
represents.  

More broadly, the differences in sequence types across teams align with prior research showing 
that teams approach the same design problem in different ways [32], [33]. The range of sequence 
types identified also demonstrates the flexibility of regular expressions in capturing varied forms 
of student design behavior. While this analysis focused on relatively simple sequence patterns, 
the results suggest that this approach can be extended to more complex sequence discovery and 
modeling of student learning processes. This work also responds to calls in prior research to 
better use data generated by educational technologies to understand how learners engage with 
tasks [30, 31]. 

From a methodological perspective, regular expressions offer several advantages over more 
traditional sequence analysis approaches such as Markov chains and optimal matching. Because 
this approach relies on analyst-defined criteria rather than probabilities or frequent transitions, it 
can identify meaningful but less common sequences. This is especially useful for design tasks, 
where student behaviors can vary widely [5], [34] and often unfold over longer action sequences. 
Compared to optimal matching, regular expressions allow analysts to focus on specific action 
patterns without requiring the estimation of transformation costs [1]. However, this approach 
also has limitations. Defining meaningful regular expressions requires time, careful thought, and 
a strong understanding of how student learning behaviors appear in action data. For simpler 
patterns, other methods may be faster or easier to apply. As a result, regular expressions should 
be viewed as a complementary tool rather than a replacement for all sequence analysis methods. 

More generally, this approach has the potential to support teaching and learning in engineering 
design. The findings show that regular expressions can effectively extract clear and interpretable 
action sequences that reflect how elementary students learn engineering design through 
experimentation, reflection, persistence, and revision while working with simple machines. Like 
all studies, this work has limitations. The analysis relies on software-generated action logs and 
does not capture verbal discussion among students or interactions with the teacher. Future work 
will extend this approach by incorporating additional data sources, such as affective states, team 
feedback, or learning outcomes. Further research will also explore whether specific action 
sequences are associated with productive or unproductive learning outcomes, using assessments, 
final artifacts, or predictive modeling approaches. Moreover, work remains to compare the 
approach proposed here to more established sequence analysis techniques like Markov chains or 
optimal matching. Finally, this method can be applied to other learning technologies to better 
understand student skills and practices and to provide more targeted support for learners and 
educators. 
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