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Abstract
Code understanding is a common and important use case for gener-
ative AI code assistance tools. Yet, a user’s background, context, and
goals may impact the kinds of code explanations that best fit their
needs. Our aim was to understand the kinds of configurations users
might want for their code explanations and how those relate to
their context. We ran an exploratory study with a medium-fidelity
prototype and 10 programmers. Participants valued having configu-
rations and desired automated personalization of code explanations.
They found particular merit in being able to configure the structure
and detail level in code explanations and felt that their needs might
change depending on their prior experience and goals.
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1 Introduction
Generative AI has made code assistants accessible and useful to
professionals who work with code. Tools, such as Github CoPi-
lot1 and IBM Watsonx Code Assistant2, typically provide a variety
of functionalities, such as code generation, test generation, and
code explanations. Generating code explanations is a popular and
valuable function of these tools [2, 26], due to the challenges of
understanding unfamiliar code [17]. While code assistants provide
1https://github.com/features/copilot
2https://www.ibm.com/products/watsonx-code-assistant
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basic functionality for supporting code understanding, including
more context [2, 4, 7, 17, 21, 24], as well as supporting adaptation
and control over explanations [5, 27] could be beneficial.

Code understanding is a complex process and a user’s needs can
be impacted by a variety of factors related to: users’ backgrounds,
the code, task, and project. Personalization and customization may
be possible using Generative AI [1, 11, 15], such as by adapting
code explanations to individual user needs using Large Language
Models (LLMs) [3] or allowing users to provide natural language
instructions about their needs and preferences3. We hypothesized
that if we knew more about what factors impact users’ explana-
tion customization needs, future systems could better automate
the personalization and contextualization of code explanations or
assistance.

Our research questions were: 1) how valuable is having code
explanation options and which options are most valuable, 2) what
aspects of users or their tasks impact preferences around expla-
nation options, and 3) what kinds of automated adaptation and
control do users prefer? To answer these questions, we ran a forma-
tive think-aloud study with a medium-fidelity prototype of a code
assistant that supports configuration of code explanation options.
Participants could change the structure, detail level, and style of the
code explanations, as well as add on language concept descriptions,
examples, or real-world analogies. We asked participants about
their preferences and potential use for this kind of tool.

Users valued having options for code explanations, in particular
for the structure and detail level. They felt that the background of
a user, the user’s goals, and the project context impact the kinds
of personalization needed. Automation will likely be valuable, as
long as the system provides the ability to control and modify the
explanations. In this paper, we contribute the findings and analysis
of this exploratory study, which provide insight into how code
assistance tools can support the individual needs of users.

2 Related Work
Our work builds upon and extends recent research around genera-
tive AI code tools and personalization for AI code tools.

Generative AI code assistance tools typically provide the ca-
pability to get explanations of code, such as through conversa-
tion [2, 18, 20] or by clicking a button [24, 28]. Several studies have
validated the potential of LLM-generated code explanations [9] and

3https://www.cursor.com
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Figure 1: Figma prototype used for the study. The code explanations are shown in the left panel and the code is on the right.

code explanations with context [7]. One tool for code understand-
ing enables users to request more information, such as about the
concept or usage, with the click of a button, which increased task
completion but not understanding [17]. Another system provides
helpful explanations alongside generated code, but could also bene-
fit from expandable, adaptable, and controllable explanations [27].
Finally, several studies have indicated that users prefer concise code
explanations [2, 27]. Our work contributes to the understanding of
users’ needs for generated code explanations.

Recent work emphasizes a need for personalization of generative
AI assistance for code. Personalization of the user’s experience may
follow a strategy of user modeling as part of Theory of Mind [25],
in which the system learns the user’s characteristics and adapts
its display and behavior to the user’s needs. Studies of new code
assistance tools have demonstrated a need for supporting differing
experience levels [4] and tasks [18], which can be described as
relatively invariant traits and rapidly changing states, respectively
(e.g., [6]). Studies also propose that future work should leverage
code context, project context, system context, and users’ personal
context to improve code assistance tools [2, 5, 17, 21]. Several tools
and studies have begun to integrate adaptations of code expla-
nations. One code understanding tool used various aspects of a
user’s mental state, such as their knowledge and experience, to
personalize code explanations, though it didn’t impact understand-
ing [19]. Other research has found potential value in adapting to the
user’s intent [18], problem-solving style [3], task description [28],

or the user’s background [16]. Our work contributes by investigat-
ing users’ preferences for personalizing code explanations and the
kinds of context that might impact their needs.

3 Prototype
We describe our prototype’s design rationale and provide a detailed
description of the prototype’s features (see Figure 1).

3.1 Design rationale
We designed our code explanation tool to be a variant on exist-
ing systems, with code explanations appearing in a side panel. We
based our explanation options on prior work around the kinds of
code explanations generated by LLMs [3, 12–14] and needs for
code explanations [8, 22]. We extracted the qualities, content, and
styles of code explanations described and grouped them. We dis-
tilled the ideas into three binary options users could choose for the
main explanation: structure (summary/step-by-step), detail level
(less/more), and style (informational/conversational). We also pro-
vided three “add-ons”: programming concept descriptions (aimed
at providing more information for those with less experience or
knowledge in the language), example, and real-world analogy.
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3.2 Description
We created a Figma4 prototype (see Figure 1) designed to simulate
an extension to the Visual Studio Code IDE5. Our design was pri-
marily motivated by the need to be easy to understand in order
to elicit feedback focused on the value of the explanation options
themselves and the ability to modify explanations, rather than the
visual design.

The code explanation extension is the left panel (A-J) and the
code is on the right (K). The main code explanations always show
up at the top of the left panel (A) based on the selected options from
structure (D), detail level (E), and style (F). For structure, users can
choose summary (default) or step-by-step (D). For detail level, they
can choose less detail (default) or more detail (E). For style, they can
choose informational (default) or conversational (F). Participants
could also select to include Language concept descriptions (G), an
Example (H), or a Real-world analogy (I). These appeared below the
main explanation (B). The add-ons were adapted for the different
code snippets but did not have the structure, detail-level, or style
adaptations for simplicity. There is also a static input box (J) to
indicate that a future version of this kind of tool would support
text input. The prototype has a task description (L) and a button to
click to view the explanation for a part of the code (M).

We pre-generated the explanations using Llama-3.1-70b using
the prompt: “Explain the following code:[source code from [17]].
Additionally, follow the following instructions: [based on configu-
ration] Only provide the explanation- do not provide a simplified
version of the code.” The instructions changed depending on the
options configured. For example, for summary, informational, and
low-detail, the instructions were: “Provide the explanation as a
summary instead of step-by-step. Provide the explanation in an
informational style. Provide a concise explanation.” Table 1 shows
examples of generated explanations for different configurations.
For language concept descriptions, the instructions were “For the
following code, provide an explanation of the programming lan-
guage concepts in the code.” For examples, the instructions were
“For the following code, provide an example of inputs and outputs
to the code.” For real-world analogies, the instructions were “ For
the following code, provide a real world analogy of the code.”

4 Methods
We ran a formative think-aloud study using the prototype described
above (section 3). Participants stepped through a code task using
the prototype and told us about their experience and preferences.

4.1 Study Protocol
The study was a supervised interview via a recorded video call. We
began with general profile questions to understand the participant’s
background and prior experience with generative AI tools. Next,
we demonstrated how to use the prototype using a demo task
(from [17]). After the participant was comfortable using the tool,
they worked on the main task for up to 25 minutes. Participants
had a 101-line Python code file that used the Bokeh library and a
task to answer three questions (see Figure 1-L, adapted from [17]).
Participants could view the explanations for the whole code file
4https://www.figma.com/
5https://code.visualstudio.com

or three smaller snippets of code (pre-selected by the researchers)
and change the explanation options. We prompted the participants
to explore at least two code snippets if they hadn’t done so and
to explain their reasoning and preferences around their use of the
explanation options (see Figure 1-C). Finally, we asked participants
follow-up questions about their experience, including why they
chose the options they did, how valuable they felt the ability to
customize code explanations was, and their preferences around
automated personalization of code explanations.

4.2 Participants
We recruited participants from IBM who program at work through
an internal channel. Participants were from countries in the Asian
Pacific (7) and the Americas (3). They ranged in experience at their
job (<6 months: 1, 6 months - 1 year: 1, 1-2 years: 2, 3-5 years: 4, 6-10
years: 1, 16-20 years: 1). Participants also ranged in experience with
the Python language (never: 1, used once or twice: 2, experience
but not daily: 4, daily use: 3). None had used the Python library
Bokeh. Participants used generative AI tools for code assistance
daily (3), sometimes but not daily (4), in the past (1), once or twice
(1), and never (1).

4.3 Data and Analysis
We collected auto-transcriptions and repaired them manually as
needed. We then used affinity diagramming to perform an inductive
qualitative analysis [23]. Three researchers worked together on the
analysis. We first divided and individually grouped and coded the
10 transcripts, before working together to merge groups, iterate
and refine codes and themes, and discuss the coding of transcript
segments until there was agreement.

5 Results
5.1 Value and Preferences
We asked participants about the value of being able to customize
code explanations through options as well as which options were
most and least important to have in such a system6.

5.1.1 Having explanation options is valuable. Participants generally
found having ways to adapt and modify the explanations to be
valuable. On a scale from 0 (not valuable at all) to 10 (most valuable),
participants all rated having options for their explanations between
7 and 10 (𝑚𝑒𝑎𝑛 = 9.30, 𝑆𝐷 = 1.06). They valued having options
and the ability to change what they were looking at, as well as
to customize the explanations to their particular needs. P5 said:
“Maybe by customizing it like from my own specific needs, I can
get the exact thing which I was looking for.” Several participants
also talked about valuing the ability to select the options without
needing to write prompts to change the explanations.

5.1.2 Structure and detail level most valuable. Participants had the
most positive comments about the structure and detail level options.
In particular, many preferred the step-by-step structure and more
detail choices. All 10 participants had positive comments about the
value of the step-by-step structure option. Three participants also

6We did not ask each participant about every option, but allowed them to talk about
what was most and least important to them.
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Table 1: Examples of explanations generated for a snippet of code and four sets of configurations. Note, the step-by-step
explanations are truncated and only show step 1 for brevity.

Configuration Explanation

Summary, less detail, in-
formational

This code snippet is used to position and orient text labels around a circular plot, likely a pie chart or a polar
plot. It calculates the x and y coordinates of the labels based on the last radius value and the angles of the
labels, taking into account a large angle offset (𝑏𝑖𝑔_𝑎𝑛𝑔𝑙𝑒). The labels are then positioned at these coordinates
with their text aligned to the left and baseline centered, and rotated to match the angle of the corresponding
section of the plot. The rotation is adjusted to ensure that labels are always oriented in a readable direction,
with those below the horizontal axis rotated to point upwards.

Summary, less detail,
conversational

This code is essentially positioning and rotating text labels around a circle. It’s calculating the x and y coordinates
of the labels based on a radius and a set of angles, then adjusting those angles to ensure the labels are always
readable (i.e., not upside down). The labels are then placed at those coordinates, rotated to match the angle of
the circle at that point, and formatted with a specific font size and alignment.

Step-by-step, less detail,
informational

**Code Explanation: Plotting Text Labels on a Circular Plot**
This code snippet is used to plot text labels on a circular plot, likely a pie chart or a polar plot. Here’s a
step-by-step breakdown of what the code does:
Step 1: Calculate x and y Coordinates for Text Labels

xr = r a d i i [ −1 ] ∗ np . cos ( np . a r r ay ( − b i g _ ang l e / 2 + ang l e s ) )
yr = r a d i i [ −1 ] ∗ np . s i n ( np . a r r ay ( − b i g _ ang l e / 2 + ang l e s ) )

In this step, the code calculates the x and y coordinates (xr and yr) for the text labels. The coordinates are
calculated using the parametric equation of a circle, where 𝑟𝑎𝑑𝑖𝑖 [−1] is the radius of the circle, and 𝑎𝑛𝑔𝑙𝑒𝑠 is
an array of angles in radians. The −𝑏𝑖𝑔_𝑎𝑛𝑔𝑙𝑒/2 term is likely used to offset the angles to start from a specific
position on the circle. ...

Step-by-step, more de-
tail, informational

**Code Explanation: Plotting Text Labels on a Circular Plot**
The provided code snippet is used to plot text labels on a circular plot, likely a pie chart or a polar plot. The
labels are positioned at specific angles and radii, with their orientation adjusted to ensure readability.
**Step 1: Calculating x and y Coordinates for Label Positions**

xr = r a d i i [ −1 ] ∗ np . cos ( np . a r r ay ( − b i g _ ang l e / 2 + ang l e s ) )
yr = r a d i i [ −1 ] ∗ np . s i n ( np . a r r ay ( − b i g _ ang l e / 2 + ang l e s ) )

In this step, the code calculates the x and y coordinates for the positions of the text labels. The 𝑟𝑎𝑑𝑖𝑖 [−1]
variable represents the radius of the circle where the labels will be placed. The 𝑛𝑝.𝑐𝑜𝑠 and 𝑛𝑝.𝑠𝑖𝑛 functions are
used to calculate the x and y coordinates, respectively, based on the angles.
The angles are calculated by adding the 𝑎𝑛𝑔𝑙𝑒𝑠 array to −𝑏𝑖𝑔_𝑎𝑛𝑔𝑙𝑒/2. This suggests that the labels are being
positioned at specific angles, offset by half of the 𝑏𝑖𝑔_𝑎𝑛𝑔𝑙𝑒 . The 𝑛𝑝.𝑎𝑟𝑟𝑎𝑦 function is used to ensure that the
angles are treated as an array, allowing for element-wise operations. ...

talked about the summary structure being helpful, especially as a
starting point. Three participants didn’t feel that having a structure
option was critical, because they could get a summary from reading
through the step-by-step or less detail explanations. Similarly, most
participants talked about the more detail detail level as valuable (9).
While five participants talked about less detail being helpful, four
participants talked about not needing the less detail option because
“it’s better always to have more details” (P1).

5.1.3 Language concept descriptions most useful add-on. Of the
three explanation add-ons (language concept descriptions, examples,
and real-world analogy), participants were most positive about
language concept descriptions (4 positive, 2 negative) compared to
example (1 positive, 1 negative) or real-world analogy (2 negative).
P4 said that the language concept description is “providing you the
details of each of the line [of code].” Two participants also said that
they would want all three of the add-ons selected.

5.1.4 Style not critical. Participants more often preferred an infor-
mational style (4), but some also found value in the conversational
style (2). Yet, even those with preferences often stated that they
could be okay with either style and six participants talked about
not needing style as an option.

5.2 Context impacts needs
All participants talked about the kinds of context that might impact
their needs for explanation options: their current goal (10), the
background of the user (8), and the project context (7).

5.2.1 Current goal. Participants talked about their goals impacting
their explanation needs. Participants often talked about getting
the high-level idea or the gist of the code (5). Once they have the
high-level idea, many want to be able to move to a more focused or
detailed understanding of the code (8). Getting more details might
involve understanding a particular concept or piece of code (9),
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understanding the output of the code (6), connecting specific code
snippets to explanations (5), looking for functionality (4), or trying
to get a complete grasp of the code (2). For example, P6 selected
options as a starting point and to find the right part of the code: “I
always started with summary and less details to just see if what
I’m looking at is even the part where I should be looking at.”

5.2.2 User background/knowledge. Different kinds of developer
experiences impact the kinds of explanations users might need.
Knowledge of particular programming languages or libraries (5),
general programming experience (4), and knowledge of the specific
code (4) all might impact users’ explanation needs.

5.2.3 Project context. Participants talked about qualities of the
code impacting their explanation needs, like the size of the code,
complexity, or readability (5). Three participants commented that
how rushed they were might change the kinds of explanations they
needed.

5.3 Interactions with the system
Towards designing future systems with explanation customization,
we asked participants about their preferences around automation of
the customization and how often they imagined changing options.

5.3.1 Desire for automation. Four participants were positive about
automating the personalization, though two of those talked about
certain situations or options that might lend themselves more to-
ward automation. Three more participants talked about automation
under certain circumstances and two participants talked about
wanting to start by manually selecting options and having the
system learn. Six participants talked about wanting to be able to
intervene in an automated personalization of code explanations.
Two participants wanted to control the options themselves.

5.3.2 Frequency of option changes. Participants often talked about
wanting to set options as part of a profile (6), but some thought the
options would be useful on a case-by-case basis. For example, P2
said “it would be nice to be able to toggle between a summary and
a step-by-step when either of those apply.”

6 Discussion
6.1 Design Implications
Participants generally found the ability to change the structure
(summary/step-by-step) and detail level (less/more) as most valu-
able. Relatedly, programming concept descriptions, which essen-
tially provided more and different kinds of details, were the most
useful add-on. While some participants’ preferences aligned with
prior work showing desires for concise explanations [2, 27], partic-
ipants typically preferred having more detail. One reason for this
difference may be participants’ lack of familiarity with the code.
Design of systems should, at a minimum, allow users to change the
way code explanations are presented, the level of detail, and the
kinds of detail, based on their background and tasks. Further, our
study highlights and provides direct evidence supporting prior sug-
gestions of the importance of individual and contextual differences
in code explanation needs [2, 4, 5, 17, 18, 21], as not all participants
had the same needs and those needs will likely change over time.

Participants felt that some level of automated personalization
would be useful to support their changing needs, where option
selections would likely adapt but be consistent for each user. In
particular, the user’s current goal was most often discussed as
critical in which kinds of explanations users needed, with different
kinds of goals impacting the structure, detail level, and kinds of
details users needed. This aligns and builds uponwork usingMutual
Theory of Mind for code assistant personalization [16, 19], with the
user’s coding-familiarity as a relatively static trait-based aspect of
the user model, and the user’s current task as a relatively dynamic
state-based aspect of the user model [25]. At the same time, users
wanted to maintain the ability to intervene to change automated
settings when their task required something different. Design of
systems for this purpose should combine automated adaptations
with the ability for users to directly modify those options.

6.2 Limitations
In this study, participants used a medium-fidelity prototype for
one small code task in which they were unfamiliar with the code
and Python library. Participants weren’t able to make changes or
execute the code, limiting our findings. While the importance of
users’ goals will likely remain, different contexts, such as larger code
bases, will likely lead to different specific goals and needs [8, 10].

7 Conclusion
Recent research has suggested that code assistance tools will likely
benefit from personalization that leverages user and task context.
Our goal was to understand the kinds of personalization program-
mers want for code explanations. Participants valued being able to
select options for their explanations and, in particular, wanted to
be able to change the structure and detail level of the explanations.
Participants also felt that their goals in the task, own background,
and project context were important factors that impact their code
explanation needs. Participants were positive about the possibility
of automatic personalization of code explanations, as long as they
can make changes. These findings support the need for personal-
ization and context in code assistance and provide directions for
future tools to better support the individual needs of programmers.
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