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Interpretability tools are increasingly used to make ML models more transparent, yet their effectiveness has been limited
in practice despite significant work on improving their design. While individual factors (e.g., mental models, cognitive biases)
shape tool use, the research community has also highlighted the influence of socio-organizational factors (e.g., job roles,
team dynamics, policies). We trace the impact of one such factor that operates at a hierarchical level: proficiency differential,
i.e., the development of skill over time as people evolve from novices to experts. To investigate the value of this proficiency
differential, we conducted contextual inquiries and semi-structured interviews with expert and novice data scientists (N=23).
Our work contributes empirical evidence of how proficiency shapes interpretability use, with novices driven by curiosity
and experts by efficiency and caution. We present a framework for understanding expert-novice differences, and identify
design implications for interpretable ML that scaffold both expert-like reasoning and novice-like exploration.
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1 Introduction

The growing accessibility and wide range of applications of data science techniques have made them an integral
part of many people’s workflows. As we collect more and more data in our information ecosystem, data science
is now routinely applied in diverse domains—from weather forecasting [163] and sports analytics [131] to
social media content filtering [5], and more sensitive settings such as education [124], healthcare [82], and
finance [111, 153]. Moreover, with the democratization and accessibility of data science techniques and tools,
people with varying levels of expertise can effectively apply these methods. However, with these rising applications
and access to data science, model transparency and accountability have become critical concerns. Many ML
models, after being applied in practice, are discovered to be biased, imbalanced, missing relevant edge cases and
guardrails, and riddled with issues that can cause harm (e.g., [7, 54, 78, 94, 128, 151, 155, 181, 188]).
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Interpretability and explainability tools' are proposed as a solution to support model transparency and
accountability [60, 62, 126], but have had mixed success in practice. Prior work has studied user reliance on
interpretability tools for tasks such as exploratory data science (e.g., [22, 79, 92]), Al-assisted decision-making
(e.g., [143, 180, 189]), and cognitive reasoning (e.g., [175]). This scholarship relies on empirical work to observe
human-centered factors and designs interventions to support better tool use. Experimental work has explained
the influence of user mental models [12, 93, 99] and cognitive facets (e.g., biases, bounded rationality, critical
thinking [20, 53, 92, 140]). Design interventions have shown the impact of various explanation types (e.g., global
vs. local, example-based, counterfactuals [21, 51, 117, 127]) and interface designs (e.g., highlights, text percentages,
cognitive forcing functions [18, 20, 97, 133]). As is evident from this rich body of work, interpretability tools have
the potential to make data science more accessible, but at the risk of exacerbating inappropriate reliance on ML
outputs. Many design interventions seek to reduce this inappropriate reliance.

Complementary to the individual cognitive and design facets described above is the growing knowledge that
socio-organizational factors (e.g., job roles, team dynamics, hierarchies, policies, etc.) are equally important in
considerations of appropriate reliance on interpretability tools. We study one specific facet of hierarchical
expertise development: how proficiency, the development of skill over time as people evolve from
novices to experts, shapes the use of interpretability tools among data scientists. While domain expertise
has been the most commonly studied socio-organizational factor [28, 164], proficiency-based expertise can
also represent a set of diverse perspectives, potentially affording another type of social redundancy against
inappropriate reliance on ML. Indeed, HCI literature on distributed cognition [81, 86] and socio-organizational
sensemaking [2, 91, 183] often cite this expertise development as a means of adding necessary human redundancy
in effective task completion. Therefore, we ask the following research questions to understand the role of
proficiency-based expertise in interpretability and data science:

RQ1. How do experts and novices approach data science tasks and tooling?

RQ2. How do experts and novices integrate interpretability into their workflows and build trust in their outputs?

RQ3. What do differences in expert and novice behaviors reveal about the nature and development of proficiency-
based expertise in data science and interpretability?

To answer these research questions, we conducted contextual inquiries and semi-structured interviews with
expert (N=12) and novice (N=11) data scientists to understand how proficiency-based expertise differentials
manifest in data science tasks and tooling. Participants’ data science expertise was established using a validated,
objective ML literacy scale [84]; as well as qualitative signals of formal training and professional experience
in ML. The study included pre-interviews about people’s data science workflows; a contextual inquiry where
participants performed an exploratory data science task set up in a Google Colab notebook; a set of multiple-
choice questions about the data and model; and a follow-up interview on experiences and comparisons with their
existing workflows. Our Colab setup included access to explanations from a popular tool, SHAP [118], as the
main interpretability component of the study.

Our results show that proficiency-based expertise differentials significantly shape people’s behavioral and
subjective experiences with data science and interpretability. Novices and experts approach the data science task
with completely different mindsets, with experts being driven by the purpose of the data and forming scoping hy-
potheses from the get-go. While novices in our study gravitated toward SHAP explanations as guiding narratives
for exploration, experts integrated them selectively within these hypothesis-driven workflows. Their comple-
mentary orientations brought strengths and risks: novices’ openness encouraged flexible learning but risked
over-reliance, whereas experts’ caution ensured critical evaluation but led to rigidity in task workflows. Taken to-
gether, we discuss the implications of these differences in mixing proficiency levels to create a productive balance
in collaborative settings, and how interpretability tools should be designed to support both curiosity and critique.

IFor brevity, we refer to these as interpretability tools going forward.
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2 Related Work

2.1 ML Interpretability

Interpretable ML has become central to building trustworthy, transparent models for high-stakes use [115, 120,
167, 176]. Early work in the field focused on laying the theoretical foundations and establishing definitions [66, 98].
Doshi-Velez and Kim [60] defined interpretability as “the ability to explain or to present in understandable terms to
a human,” though the specifics of what that means and how to evaluate it remain elusive. Taxonomies like [14, 62,
132] provide categorizations of techniques; and surveys such as [152] formalize the objectives and highlight the
technical hurdles that need attention. More recent surveys extend this work by offering different systematizations:
[110] maps out a broad taxonomy of methods whereas [29] emphasizes metrics and societal impact.

In practice, interpretability is pursued either through glass-box models (e.g., decision trees, generalized
additive models [95, 103, 107]) or post-hoc explainers for black-box models (e.g., LIME, SHAP, Integrated Gradi-
ents, SmoothGrad [116, 118, 147, 149, 168]). Recent directions extend interpretability into model design (causal
structure, decoupled explanation, human concepts [88, 130, 142]) and examine how explanation types (global
vs. local, example-based, counterfactuals) shape user understanding and behavior [21, 51, 117, 127]. Related
desiderata—fairness, robustness, and generalization—interact with interpretability and influence real-world
deployment [87, 89, 179].

2.2 Human Interaction with Explanations

Explanations often fall short of their intended goals and frequently lead to over-reliance instead [13, 20, 64, 93, 97].
Prior work attributes this to cognitive, design, social, and domain expertise-related factors.

Cognitive Factors. Explanations do not automatically improve comprehension and can overload users or draw
attention to the wrong cues. For example, greater transparency sometimes reduces people’s ability to detect
errors due to cognitive burden [143], while logic-based or contextual signals can confuse rather than clarify
explanatory information [93, 101]. Even the presence or absence of explanations shapes cognition and task
perceptions differently [71]. This shows that interpretability is bounded by human cognitive limits [92, 140, 144].

Design and Contextual Factors. Explanation effectiveness also depends on design choices and task context.
Explanations paired with feedback improve satisfaction, whereas explanations alone can frustrate [165]. The
framing of information matters: explaining why a system acted can build trust, while explaining why it did not
act can confuse [109]; presenting these details as questions vs. answers also matters [53, 127]. Too much detail can
overwhelm users [96], and in low-resource settings, explanations can exacerbate over-trust [141]. Comparative
and example-based explanations are usually more intuitive but can also backfire [23]. Interactive approaches
can improve understanding but do not necessarily improve trust calibration [40, 92]. More recent work shows
that over-reliance depends on task difficulty, explanation clarity, and incentives, with well-designed explanations
lowering the cost of verification and improving calibration [175].

Social Factors. Explanations also shape social judgments of Al competence, expertise, and authority. They can
increase acceptance of Al decisions without improving calibration [13, 20, 102, 189]. People view Al as more
competent in technical domains than moral ones [173], and sometimes perceive Al as fairer than humans [8, 78].
Explanations interact with advice-taking: users lean on algorithms unless they have strong confidence [30, 113],
but abandon them quickly after mistakes [59]. Group-level work shows similar dynamics: explanations can
increase reliance on Al but diversity of perspectives helps catch errors [44].

Expertise Differentials. Reliance also differs by domain expertise. People evaluate explanations against disci-
plinary norms [4, 138, 170], and explanations are more effective when users have relevant background knowl-
edge [180]. Users’ cognitive constraints and biases shape how they interpret and rely on explanations [1, 16, 70,
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91, 140, 156], and interpretability practices vary by organizational role [83]. Explanations often help only those
unfamiliar with a task [154], and tailoring details to expertise improves outcomes [72]. Novices benefit when
barriers are lowered through dialogue, targeted support, or Al-mediated creativity tools [45, 55, 56, 187].

Our work builds on human-centered scholarship showing that the accountability promise of interpretabil-
ity comes with contextual challenges. Explanations can amplify rather than reduce bias [78], fail to empower
non-experts even when designed to [17, 102], depend on how users make sense of them [91, 127, 156], and are
sensitive to technical choices invisible to most users [87]. We extend this by examining how proficiency-based
expertise shapes reliance on interpretability tools, identifying for whom explanations work and under what
conditions they support accountability.

3 Methods
3.1 Main Study Flow

To understand how proficiency-based expertise differential impacts data science and interpretability tool use, we
conducted a study with data scientists (N=23), comprising three components: (1) a context-building pre-study
interview; (2) a contextual inquiry using a think-aloud protocol, where participants conducted exploratory data
analysis using SHAP as the interpretability tool; and (3) a semi-structured follow-up interview. We used SHAP in
our study given its widespread adoption in both research and practice, its open access, and its consistency with
other feature-attribution methods such as LIME [147], EBMs [139], and the What-if Tool [185].

As a first step, we recruited participants using an intake survey to introduce the study, get informed consent,
verify participant eligibility, and establish their background and expertise in ML and interpretability (see Appen-
dix A). To effectively manage recruitment based on proficiency, we relied on Hornberger et al. [84]’s validated
objective Al Literacy Scale: an objective scaled allowed for easy scoring of proficiency, and a validated scale added
credibility; this scale was the only one available at the time that met both criteria. From this intake, we reached
out to a subset of survey responders to take part in the main study based on their results. We briefly overview our
study artifacts, including the intake survey, dataset, SHAP tutorial, model and explanation outputs, and MCQs;
more details on specific questions and protocol can be found in Appendices B and C. All study procedures and
protocols were reviewed and approved by the University of Minnesota Institutional Review Board.

3.1.1  Pre-study Interview. We first asked participants to keep their video on throughout the session to ensure
legitimate participation. We confirmed their ML knowledge and experience through some open-response questions,
and asked them to describe their typical ML workflow, covering data selection, pre-processing, model selection
and validation, and deployment. These workflow questions were asked both generally and using their most
recent data science experience as a retrospective anchor [85] to confirm details.

3.1.2  Contextual Inquiry. We conducted a contextual inquiry that followed a think-aloud protocol, using a
shared Google Colab notebook containing the study task. The Colab notebook was organized into sections by
cells: imports, dataset exploration, model training, visualizations from SHAP-based explanations (see Appendix
Figure 2 for example SHAP plots from our Colab notebook), and post-exploration MCQs. The task was based
on the Titanic dataset? which is publicly accessible and does not require esoteric knowledge. Participants were
asked to conduct exploratory data analysis on the included dataset while referring to the provided SHAP tutorial
(Appendix C.2). They were encouraged to write their own code and run independent analysis, and use SHAP
to support their exploration as appropriate. Throughout this part, following think-aloud protocol norms [136],
participants were asked to verbalize their thinking and were periodically nudged by the researchers to do so.

2https://www.kaggle.com/competitions/titanic/
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3.1.3  Post-Exploration Multiple Choice Questions (MCQs). After exploration, participants moved to the final cell
of the Colab notebook, which contained 10 MCQs to assess their reasoning skills with model outputs using global
and local explanation interpretation, drawing on prior interpretability work [92, 93, 108] (see Appendix C.5 for
details). Participants could answer using SHAP or their preferred data science methods, and rated their confidence
for each answer on a 7-point Likert scale.

3.1.4  Semi-Structured Follow-up. Finally, we conducted a semi-structured interview to understand participants’ re-
liance patterns and attitudes towards interpretability tools. We asked them to reflect on whether they wanted to rely
more on SHAP or their own intuition, along with a justification for their (lack of) reliance. We also inquired about
instances where they blindly trusted a SHAP plot and their overall opinions on the visualizations. Additionally, they
were asked to assess their self-perceived expertise in ML and qualitatively evaluate their own task performance.

3.2 Participants and Data

Participants were first recruited via our intake survey shared on ML-oriented subreddits and LinkedIn. The intake
survey was a critical aspect of our methodology - establishing a grounded way to determine proficiency shapes
our research questions and results. We received 400 responses with high scores on the objective Al literacy scale.
However, it became clear in interviews that most of these participants’ ML and Al knowledge did not match
their scores, and they were using generative Al during the main study. Therefore, we revised our recruitment
strategy, changing our outreach from public forums to university newsletters, industry-specific Slack channels
and LinkedIn groups, and snowball sampling through trusted networks.

To establish participants’ status as novices or experts, we operationalized proficiency using two approaches.
First, we used the validated Al Literacy scale [84], grouping participants based on defined score thresholds:
novices scoring between 33% and 66% (inclusive) and experts scoring 67% or higher. We chose these cutoffs based
on the distribution of scores and selecting a split that both reflected meaningful differences in task performance
and yielded comparably sized groups for analysis.

Second, we confirmed participants’ proficiency qualitatively during pre-study interviews, where we asked them
to describe their ML experience, typical workflows, and decision-making processes, recognizing that expertise is
situated in professional practice and not fully captured by standardized measures alone [19, 46]. In rare cases
where a participant’s demonstrated knowledge in the interview diverged from their literacy score, we adjusted
categorization based on their described experience prior to task engagement. In the first recruitment round that
we later disregarded, we had also included a subjective Al literacy scale: MAILS (Meta Al Literacy Scale) [27].
Almost all participants rated themselves highly, making it ineffective for distinguishing expertise levels. We
removed the scale from the main recruitment efforts and disregarded its results.

Our revised recruitment call received 290 responses. Based on defined thresholds, 108 experts and novices
qualified, and 23 completed the study: 12 experts and 11 novices. Further recruitment was stopped after all authors
agreed that our data trends had reached saturation and our sample size (N=23) was sufficient as per guidance on
grounded theory qualitative methods [24, 48]. On average, sessions took 67.6 minutes, and participants received
$40 compensation. Participants were aged 21-30 (M=25.3, SD=2.7), most held graduate degrees (16 MS, 5 PhD, 2
BS), and 16 identified as male and 7 as female. Mean self-reported ML knowledge was 5.0/7 (experts: 5.4; novices:
4.5) and interpretability-tool familiarity was 3.6/7 (experts: 4.3; novices: 2.7), with objective literacy scores ranging
from 38.7% to 93.6%. Individual participant demographics are provided in Appendix Table 1.

3.3 Analysis

We used Zoom-generated transcripts of the study, with manual edits to fix any inconsistencies. All verbal data—
including the contextual inquiry and interview components—was transcribed and analyzed holistically rather
than by study phase. Participants were assigned anonymous identifiers, and no identifying information was
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recorded in the transcripts. Our analysis was based on a grounded theory approach [31, 32, 48]. In the first stage,
three researchers used MaxQDA?3 to open-code all 23 transcripts independently. They met regularly to discuss
progress and note emerging observations. Because our research questions were exploratory, the coding process
was iterative. Codes served as tools for developing emerging themes through constant comparison, not fixed
labels to be tested. Accordingly, we did not calculate inter-rater reliability [122]. After finishing open coding,
participant categories—expert and novice—were reintroduced. In the second stage, axial codes were formed using
affinity diagramming (see process in Appendix Table 3). These axial codes were compared across participant
categories, and thematic clusters were developed to address the research questions. To get diverse perspectives,
an additional researcher not involved with open coding participated in the second stage.

4 Results
4.1 Descriptive Statistics and Overview

Novices performed better than experts on the 10 post-task MCQs (accuracy for novices: M = 80.9%, SD = 16.4;
experts: M = 74.2%, SD = 17.3). Self-reported confidence on the MCQ responses, measured on a 1-7 Likert scale,
was similar (novices M = 5.95, SD = 0.42; experts M = 6.1, SD = 0.47). These numbers are a result of different
analytic styles more so than ability. Novices inspected SHAP plots comprehensively, which improved their recall,
while experts skimmed selectively to integrate explanations across the task (details in subsections below).

We also report time as a percentage of each participant’s total interview time. Experts and novices distributed
their time similarly overall, with some meaningful contrasts. Experts spent slightly more time on dataset review
(M =3.6%, SD = 1.9) and model exploration (M = 2.7%, SD = 1.3) than novices (M = 2.7%, SD = 1.6; M = 2.2%, SD
= 1.0; respectively), indicating a stronger emphasis on orienting to the data and modeling setup. Both groups
devoted about one-third of their time to SHAP exploration (experts M = 32.1%, SD = 6.1; novices M = 31.6%, SD
= 6.2). Novices, however, allocated substantially more time to the SHAP tutorial (M = 12.1%, SD = 5.0) compared
to experts (M = 8.7%, SD = 2.0). This comes up again in our qualitative findings, with experts relying more on
their priors and novices leaning more heavily on SHAP.

4.2 Approaches to Data Science Tasks and Tools

4.2.1  Critical vs. Exploratory Approach. Experts approached the task with a more analytical mindset; they en-
gaged critically—questioning the study setup, evaluating its components, and considering its broader purpose and
implications. Experts asked for justifications of our workflow choices, for example, “[I want] a lot more data vali-
dation before modeling” (P14); “you didn’t do PC analysis at all...for feature engineering?”; and “trying alternatives
like LightGBM... better for computational efficiency issues” (P15). Their think-aloud comments reflected com-
parisons between our setup and their own workflows. Compared to experts’ problem-definition driven critique,
novices did not define a problem going into the task. Rather, they adopted an exploratory approach, developing
their understanding incrementally as they progressed through steps linearly. When asked about their approach
beyond the study, they mentioned standard data science practices like checking data distributions or missing
values, but without providing a reasoning. This was akin to reading from a textbook, wherein they described
their process as general habits learned in class rather than as actions tied to specific goals. As P4 described:

“It’s first going to be pre-processing, right? Identifying [how many] net total features are there? What
is my dataset? What is my sample size? Am I going to use pandas or am I going to use PySpark?”
(P4, Novice)

4.2.2 Data-First vs. Prediction-First. The differences in expert vs. novice behaviors in completing the task were
noticeable from the get-go with how they each approached the role of the dataset. For experts, data science was

3https://www.maxqda.com
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all about the data. They preferred a top-down approach where they “first understand the objective when I have a
new dataset” (P19); formed hypotheses about the prediction task; and then asked questions, probed assumptions,
and evaluated the workflow in the context of their data understanding. This sometimes included looking for
“prior work that works [i.e., develops models] in such settings” (P15) or “reaching out to domain experts” (P20) if
the dataset was in an unfamiliar domain (e.g., medicine, finance).

Once they understood the broader context of the dataset, they moved on to evaluating the specifics. While
experts conducted the standard quality checks (e.g., managing missing values and outliers, analyzing data
distributions), they also experimented with the data, removing specific data points to observe how patterns
shift, merging correlated features, or eliminating irrelevant variables to refine their understanding of the data
structures. They formed hypotheses about trends and then evaluated them by applying, for example, visualization
techniques. P20 shared:

“While pre-processing, I first visualize and then use these visualizations to inform pre-processing
because I sometimes have initial hypotheses. For example, whether cabin is related to pclass and can
it be [meaningfully] used?” (P20, Expert)

Novices, by contrast, took a more bottom-up approach, relying on model predictions and SHAP local explanations
to guide their understanding of the data and task. They quickly moved from the data to the model and SHAP
outputs. Many, like P12, made quick model choices without much data exploration:

“If we have a lot of number of records, it’s a more complicated dataset then I would lean towards
deep learning. If it’s less [data] or seems like a naive machine learning algorithm can deal with it,
then probably go with that” (P12, Novice)

When they got to SHAP, novices did not verify the data using alternative techniques like experts. Their evaluation
relied on reviewing individual cases and reasoning about prediction accuracy using SHAP.

“So I remember it [SHAP dependence plot] was saying earlier that if you were male you would have
a higher likelihood of surviving versus female so I think this case [individual prediction] seems to
align with what I saw earlier [dependence plot]” (P6, Novice)

4.3 Integrating Interpretability Tools into Data Science Workflows

Our findings show that SHAP enters expert and novice workflows in different ways: experts use SHAP selectively—
as a check that integrates into an existing hypothesis-driven workflow—while novices use SHAP systematically—as
the anchor for exploration, evaluation, and sensemaking. Here, we first examine SHAP as a means of narrative
sensemaking, then contrast selective attention vs. systematic inspection of SHAP visuals, and finally show
how SHAP is more deeply embedded in exploratory rather than critical workflows, shaping trust and reliance
differently across proficiency levels.

4.3.1 SHAP as a Tool for Narrative Sensemaking. Human sensemaking is inherently driven by narratives [91, 114,
183], and we find that SHAP can be a helpful tool if used appropriately for this purpose. While both experts and
novices craft narratives to make sense of the task, experts rely on their intuition and novices gravitate towards
SHAP outputs as a guiding narrative.

Novices use SHAP visualizations as narrative anchors that shape their understanding of the model perfor-
mance and data. The explanations make it easy for novices to generate narratives for why a prediction was made
and hypotheses for trends they want to explore on subsets of data. For example, during data exploration and
answering MCQs, novices note:

“Kind of obvious that the class with the highest fair, like business class, has the most survival because
probably they are in more secure environments...have like more boats for emergencies” (P12, Novice)
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“As age increased, that’s probably a factor of why they didn’t make onto the lifeboat. And this would
make me curious about middle-aged or people who have children, how their likelihood was different
from people who didn’t have children” (P17, Novice)

SHAP enables this kind of narrative sensemaking, both at the global level (e.g., seeing different values of a feature
and its impact on the outcome - dependence plots) and local level (e.g., seeing how different input feature values
result in a given outcome for an individual — local bar plots). This can yield positive outcomes compared to
intuition-driven sensemaking: many novices set aside their own intuition and tried to craft plausible narratives
from the SHAP visuals. Indeed, this helps them perform just as well as experts, who can sometimes overfit to
their own opinions or intuitions about the task and model performance. However, appropriate reliance in both
cases depends on the accuracy of underlying assumptions: for novices, the assumptions SHAP makes about the
model; for experts, the assumptions behind their intuition.

4.3.2  Selective Attention vs. Systematic Inspection of SHAP Visuals.

Experts demonstrate selective attention during data analysis, focusing on relevant components. They go through
the notebook intentionally—skimming through “obvious code blocks” (P20) and identifying which parts of data,
model, and SHAP visualizations need further evaluation. For SHAP, experts adopt a strategic approach: they read
the tutorial, examine one representative plot, and then quickly skim through similar visualizations.

“So these are the things we can take away. [ guess I might not remember all of this [SHAP plots], but
I will come back to these if needed.” (P20, Expert)

They attribute this selective behavior to experience, “familiarity with tools like SHAP” (P20), “similar charts and
outputs” (P2), and common data science setups. They pay more attention to elements that help them decipher
the task—identifying data types, “whether image, spatial, or time-series” (P3), determining problem formulation
(regression versus classification), and scoping its application. This allows them to build a mental framework first,
which they later supplement with details from SHAP if needed for the MCQs.

Novices have a similar focus on details, but they gravitate towards the details of outputs rather than code. They
are systematic in their evaluation of SHAP. Novices read SHAP plots closely, ask more questions than experts—
both during the tutorial and in follow-ups—and hypothesize what each visual is trying to communicate. They
memorize details of visuals which they reiterate later when answering MCQs. When interpreting visualizations,
their questions focus on visual elements: “color meanings” (P16), “axis ranges, legend interpretation, visual marks”
(P4), and underlying representations being used (e.g., “absolute SHAP values or not” (P10), “purple in decision
plots...same as dependence plots?” (P13)). They treat SHAP values as valid model approximates.

4.3.3 SHAP is More Extensively Integrated into Exploratory Rather Than Critical Workflows. Most participants
had some experience with interpretability tools, and many (especially experts) routinely used similar tools. While
SHAP could be easily integrated into workflows of both, novices show more eagerness to integrate it.

Experts’ workflows are not entirely reshaped by SHAP; rather, it plays one small role in their original
workflow. They maintain their analytical approach, integrating SHAP as a support tool to validate pre-existing
hypotheses. They do not base their analysis or conclusions on SHAP. Moreover, experts ask technical questions to
understand the underlying assumptions of SHAP, specific visualization types, how SHAP values are calculated”
(P12), hyperparameter effects and methods for synthesizing information across multiple plots. These details are
intended to help them calibrate reliance on SHAP. Throughout this integration, experts maintain a diverse toolkit
approach that preserves their workflow while giving the “new” interpretability tool a supportive role.

Novices’ workflows are more fundamentally influenced by SHAP: it becomes the center of exploration and
evaluation, and the baseline they compare everything against. As novices do not start their exploration with
task-driven hypotheses (see Section 4.2.1), they adapt their exploration to what SHAP can reveal, prioritizing
visualization-driven insights.
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“It [SHAP] was really helpful to understand patterns. If T had to do this manually by plotting graphs
for everything, seeing correlation and everything, it would be more time consuming. But this [SHAP]
was pretty easy to understand once you get the hang of it” (P13, Novice)

4.4 Trust and Reliance on Interpretability Tools

4.4.1 Experts’ Skepticism and Under-Utilization of SHAP. Experts engaged with SHAP through a lens of con-
ditional trust rather than as a definitive source of data or model understanding. They cross-checked SHAP
explanations against their domain knowledge, and often dismissed outputs. Their skepticism arose from three
main reasons.

First, experts described a paradox where a tool designed to increase transparency actually introduced a layer
of ambiguity. Despite reading the tutorial and doing their research on it, they could not decipher “how SHAP
values are calculated” (P21). Given this, they preferred standard data science methods. As P19 pointed out:

“What does it [SHAP values] actually represent in terms of predicting...what’s the background
calculation. I'm still not sure about that so if we have that calculation available and if I put these values
in a linear equation to tell whether these are slopes then it can be more interpretable and I can do better
in terms of decision making but right now I'm not sure if minus 0.86 is actually a slope” (P19, Expert)

In most cases, this resulted in experts’ ignoring SHAP, instead writing and running their own code to confirm
assumptions or testing alternative modeling or interpretability approaches that they considered to be “more
appropriate analysis” (P15), for example, relying on a “pure mathematical model instead” (P2).

Second, experts found SHAP’s visual presentation of information unnecessarily complex. When going over
individual plots, they cited other ways in which the same information could be presented:

“Instead of looking at SHAP value... I would just plot the age distribution... These explainability tools
are great for certain tasks but sometimes the question can be answered more directly by something
simpler or even something more complex but not necessarily using visual tools.” (P15, Expert)

While critiques like these were common from experts, they also ultimately preferred these more complex visuals.
Experts particularly critiqued complex plots showing partial dependence and decision subsets, or dense tables of
counterfactuals and semi-factuals, citing these to be counterintuitive. However, they ultimately preferred these
visuals over global and local bar plots, calling the latter “too simplistic” (P20) and “potentially biased” (P19). We
describe these preferences in further detail below (Section 4.4.3).

Finally, several experts mistakenly attributed data and model issues to SHAP, amplifying their skepticism in
its validity. Our participants noted some outputs with potential biases from overfitting to anomalous data points.
However, instead of associating these with the data and modeling aspects of the pipeline, they used it as further
evidence to under-utilize SHAP. A rarer subset of experts (2 in our sample) correctly delineated SHAP from the
data and model issues, and acknowledged the opportunity that SHAP visuals afforded in identifying the potential
data and model biases noted here.

4.4.2  Novices’ Enthusiasm and Over-Utilization of SHAP. Novices treated SHAP as the sole interpretive anchor
and ground truth, placing confidence in its outputs since they did not have the experience of other established
ways of discovering similar, interpretable information. They referenced SHAP plots as being more “accurate
than their own intuition” (P4) and “providing novel information that is useful” (P8). Their understanding of the
entire setup often resulted solely from SHAP outputs. They referenced SHAP plots alone while explaining their
reasoning behind MCQs and did not deliberate further:

“Answer is [option] 4 based on the plot. It shows that females were more likely to survive.” (P16, Novice)

Novices’” enthusiasm about SHAP’s visual approach to interpretability is exactly what the tool is designed for, but
results in over-utilization due to novelty bias and lack of expertise. Novices might lack prior experience to inspect
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the data and model in ways that improve their understanding. In this scenario, SHAP is an ideal alternative:
visual representation of otherwise more complex information. Indeed, SHAP, like all visual interfaces, capitalizes
on visual literacy in communicating complex data information. Novices quickly learned to interpret these visuals
compared to the equivalent learning of data and model. We hypothesize that this is why novices over-rely on SHAP.

4.4.3  Differential SHAP Preferences. Expert and novice behaviors were consistently different in both their trust
and reliance judgments, and their preferences for SHAP visuals. While experts preferred the more information-rich
charts, novices prioritized ease of interpretation and learning with the simpler bar plots.

Experts described the denser SHAP outputs as “particularly intriguing” (P15) because they allowed them to
make objective observations on their own. They relied primarily on the counterfactual tables, decision plots, and
partial dependence plots, all of which the novices explicitly mentioned disliking. As some experts noted:

“Can I rank them? I feel that most of them were helpful but PDPs were the most helpful” (P11, Expert)

“Counterfactual table was much more useful as far as I know because of the comparison thing. With
this one table, we can manually interpret whether subsets of people survived or not. And why. For
other plots, you need [to write] code to gather more information for reasoning. But with this, you
can more easily brainstorm and do rough hypothesis building. (P21, Expert)

For experts, plots with clusters of data or relationships between multiple variables offered opportunities to compare
data points, see patterns, and draw their own conclusions. They were skeptical of simple outputs and did not want
to overfit to the narratives salient in the simpler plots; they wanted the room to make independent, seemingly objec-
tive observations. In their view, the real value of the tool came from the complex plots that enabled deeper analysis.
An interesting contradiction emerged: while experts preferred these complex plots, they were also frustrated
by the lack of transparency in how the outputs were calculated and about certain presentation decisions. They
wanted visual representations of the SHAP calculation process to appropriately evaluate the explanations:

“I'm still not sure how SHAP in the background for XGBoost is calculating these values for the chart
axes. It’s aggregating to tell that class importance is 0.6 for a specific age in the PDP. But I'm not
sure how it’s quantifying this against other leaf [feature] nodes. So it depends on how SHAP created
the TreeExplainer, what are the settings for the tree? If you are using too many tree nodes you could
of course overfit the data as well. Then slight changes can change the explanation entirely. I can’t
confidently take decisions here because the selection of features and ordering for plots depends on
these choices” (P19, Expert)

Novices were not inherently skeptical of SHAP and preferred simpler, easy-to-interpret outputs free of complex
visual marks and channels (e.g., local and global bar plots). Because they trusted SHAP outputs, they wanted
plots that afforded quicker decision-making with minimal information to process, which is exactly the opposite
of experts’ approach. They thought of complex plots like PDPs and counterfactuals as “cluttered” (P4), “hazy”
(P13), “confusing at first” (P6), and “noisy” (P23). Early in the study, they tended to misread these plots, though
their accuracy gradually improved.

4.5 Experience-based Maturity

Beyond static differences, we observed participants’ approaches evolving during the study. We call it experience-
based maturity: the ways prior knowledge and openness to new input shape how people adapt their strategies in
real time. In our context, this appeared in how participants decided when to rely on SHAP versus intuition, how
often they revisited materials, and in the language they used to describe their workflows.

4.5.1 Transfer Learning vs. Flexible Learning. Experts displayed transfer learning driven by efficiency. They drew
on established schemas and workflows, connecting new information to familiar mental models. This afforded
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efficiency, but also rigidity. After initial exploration, many experts felt they had “enough” understanding and
stopped consulting specific SHAP plots, leaning instead on intuition shaped by early impressions. P20 noted:

“I'would want the data to inform my understanding of what went wrong so once I look at explanations
I try to justify it against my intuition...I would call it more reasoning than intuition.” (P20, Expert)

This approach reduced effort but risked over-reliance on initial hypotheses and under-use of SHAP’s insights.
Novices, by contrast, demonstrated flexible learning driven by curiosity. Their workflows were not rigid,

allowing for the use of SHAP in its intended use-cases. They relied heavily on SHAP, exploring its outputs with

curiosity and an openness to surprising insights. They referred to the same plots multiple times. As a novice said:

“I still relied more on plots because I would go back to confirm before answering anything. I think ex-
ploring the data this way showed me some surprising results, which is why I wasn’t totally relying on
intuition because there was some kind of seemingly contradictory or surprising results.” (P17, Novice)

This flexibility surfaced edge cases that experts overlooked, while introducing risks when outputs were misleading.

4.5.2  Different Terminology. These learning styles were also reflected in language. Experts used terminology
grounded in practice, drawing on lived experience rather than textbook phrasing; their language layered personal
judgment onto formal knowledge. Novices, by contrast, relied more on textbook language, repeating codified
techniques learned in coursework. Their language lacked the nuance that comes from applying concepts across
different situations. This shift from formal, decontextualized terminology towards nuanced terminology captures
one way expertise matures and is an important signal of that deliberate practice of gaining proficiency.

5 Discussion

To situate our contributions in the broader expertise literature and provide a theoretical lens for interpreting our
findings, we first outline a framework of expertise grounded in a scoping review of this prior work [9]. This frame-
work helps explain the different cognitive, organizational, and runtime dimensions of proficiency-based expertise
development. We provide a summary of our results and their connection to the Expertise Framework in Figure 1.

5.1 A Framework of Expertise

In developing this framework, we started with classic studies of expertise and used forward citation snowballing to
trace how these ideas are applied across domains. Expertise development has been a topic of research across many
fields since the 1940s, with early research centered on cognition in chess and card games in lab studies, identifying
characteristics that distinguish experts from novices [37, 57, 69]. Building on this, field experiments studied the
differences in expertise in various topical domains [3, 49, 104, 123, 184]. From these studies, it became widely
recognized that expertise grows over time rather than being innate [6, 182]. Additionally, linear, stage-based
models of expertise development were critiqued, offering an alternative: that becoming an expert involves a
transformation in how individuals perceive and engage with their work, not just an accumulation of knowledge
or skills [52]. We synthesize the cognitive processes, knowledge development and organization, and runtime task
strategies relevant to this transformation into expertise (summarized in Appendix Table 2).

5.1.1 Cognitive Processes. Cognitive processes refer to the procedural aspects of cognition involved in acquiring,
representing, and using knowledge. These processes include chunking, pattern matching, system thinking, and
elements of memory and recall.

Chunking. Experts differ from novices in how they mentally organize information, forming larger and more
complex cognitive chunks that streamline their workflows [63, 162]. This includes experts recognizing meaningful
chunks of information that novices see as isolated elements [57], and indexing more complex chunks as one
unit instead of smaller pieces of information at a time [38]. This has been verified with field studies across
domains [49, 57].
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[l  EXPERT BEHAVIOR . NOVICE BEHAVIOR

Knowledge Development

Cognitive Processes & Organization

Runtime Task Strategies

Chunking & System Thinking Schemas & Indexing Automaticity

Own hypotheses as
anchor (Sec 4.3.1)

Grouped the
task into collective,
hypothesis-driven
chunks of information

SHAP as narrative
anchor (Sec 4.3.1)

Derived data
narratives based on
SHAP outputs

Pattern Matching

Pattern matching
(Sec 4.4.3)
Preferred visuals
that support pattern
matching and
inferential reasoning

Quick visual
takeaway (Sec 4.4.3),
Preferred simple
visuals that afford
quick prediction

Memory & Recall

No SHAP-based
recall (Sec 4.3.3)

Relied less on recall
because they were
also exploring
alternative methods

SHAP became the
workflow (Sec 4.3.3)
Relied solely on SHAI

outputs; memorized

details for recall

Critical Approach
(Sec 4.21)

Compared
the study setup to
their schemas built
through experience

Domain Knowledge & Categorization

Conditional trust
in SHAP
(Sec 4.4.1)
Used domain
knowledge to cross-
check SHAP outputs

Types of Knowledge

Efficient but rigid
(Sec 4.5)
Connected new
information
to familiar mental
models

Exploratory
Approach (Sec 4.2.1)
Built understanding
of the setup and
task incrementally
in real time

SHAP as
ground truth
(Sec 4.4.2)
No prior experience
for comparison; over-
utilized SHAP outputs

Curious and open
(Sec 4.5)
Explored freely;
adapted to SHAP as
an isolated tool;
surfaced edge cases

Strategic Efficiency
(Sec4.3.2)

Skipped low-level
steps to focus
on higher-level

strategy

Step-by-step
process (Sec 4.3.2)
Went through the
task linearly, not
automating routine
steps

Problem Framing, Scoping

& Reasoning Style
Data-first Prediction-first
(Sec 4.2.2) (Sec 4.2.2)
Formed data-driven No initial hypotheses;
hypotheses deductive reasoning

before exploring;
inductive reasoning
from data to model

Search

Selective Search
(Sec 4.3.2)

Searched efficiently,

about modeling;
inductive for outputs
and SHAP

Strategies

Systematic
Inspection
(Sec 4.3.2)

intentionally dividing
attention across
tasks and SHAP use

SHAP, but skip other
task components

I Detail-oriented with

Fig. 1. Summary of qualitative findings contrasting expert and novice behaviors, organized by the dimensions of our expertise
framework. Each behavior pattern is linked to the corresponding results section. The framework spans three high-level
dimensions: Cognitive Processes, Knowledge Development and Organization, and Runtime Task Strategies, showing how
expertise shaped participants’ behavior regarding data science practices and SHAP explanations across each dimension.

Pattern Matching. Experts recognize patterns and relevant cues faster, drawing on well-organized knowledge
chunks. Novices, on the other hand, lack the ability to identify shared cues across information types that
can enable faster prediction of outcomes [100]. This was initially studied in chess, [25], and verified in other
domains [77, 121, 123, 171].

System Thinking. Experts adopt a systems perspective, reasoning about how components interact to pro-
duce higher-level behavior [15, 150]. Novices focus on elements in isolation, while experts interpret problems
holistically [58, 119].

Memory and Recall. Work in cognition often cites the capacity of one’s short-term memory as the constraint
on human ability to think, solve problems, and process information [11, 125, 135]. This would put experts and
novices on an even footing. However, experts’ superior recall ability cannot be explained by short-term memory
capacity [35, 36, 76, 146]. Classic work with chess players demonstrated that experts recall meaningful positions
better than novices, but lose this advantage when positions are randomized, pointing to their dependence on
organized long-term memory [33, 41, 57].
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5.1.2  Knowledge Development and Organization. Expertise also depends on the development of mental schemas
that help with recognizing patterns, categorizing concepts, and different types of knowledge.

Schemas and Indexing. Experts draw on interconnected schemas built through experience, which help
them identify underlying structures [26, 43, 172] and filter out irrelevant information, but it can also create
rigidity—experts may overlook novel insights that fall outside their established frameworks. Novices, by contrast,
approach problems more openly, without preconceptions. While this makes it harder for them to filter information
or prioritize effectively [100], it allows them to consider more possibilities that experts might dismiss.

Domain Knowledge and Categorization. Experts and novices also differ in how they categorize and
approach problems. Because of deliberate practice, experts spend more time interpreting a problem but are
more efficient overall [6]. Rather than memorizing solutions, experts draw on domain experience to categorize
problems in principled ways, ignoring surface details that novices often over-focus on [49, 184].

Types of Knowledge. Building on prior work [50, 68, 74], Suresh et al. [169] distinguish between three types of
knowledge that delineate expertise: formal, instrumental, and personal. Formal knowledge refers to the theoretical
and factual information gained through formal education; this is often consistent across both groups [42, 178].
Instrumental knowledge captures how formal knowledge is applied in real-world contexts (e.g., experience with
specific tools or tasks); this category develops over time with experts having an advantage [74, 105]. Finally,
personal knowledge involves the experiential and intuitive resources individuals bring to situations that are
developed informally through observation and practice [65, 67]. In complex settings, decision-making often relies
less on textbooks and more on this accumulated personal knowledge [47, 61]—this shows the need for deliberate
practice in the development of proficiency.

5.1.3 Runtime Task Strategies. Runtime strategies describe how people reason during the task, how automatic
their actions are, how they frame problems and how they search.

Automaticity. With practice, experts shift routine parts of tasks into automatic processes [73, 174, 186],
allowing them to focus on strategy. This has been studied under various theoretical names (e.g., the dual process
model [90], bounded rationality [161]). The patterns that experts develop through repeated exposure trigger an
efficient and automatic course of action [112, 145, 148]. These automatic routines enable speed but can break
down when conditions change [75]. Novices complete a task step-by-step, but can recall larger chunks of solutions
automatically over time.

Problem Framing and Scoping. Experts scope problems early and iterate quickly [10, 157] navigating the tasks
effectively. Novices spend longer on instructions before acting, reducing early errors but limiting progress [106].

Reasoning Style. Novices lean on deductive, rule-based reasoning, limiting flexibility, while experts are more
inductive, beginning with tentative solutions and refining them through action [61, 106]. Experts’ inductive
approach makes them better at evaluating their own understanding and correcting errors, whereas novices rely
more on trial-and-error and struggle to self-monitor [34, 80, 129, 134, 166].

Search Strategies. Experts differ from novices in both the effectiveness and efficiency of knowledge use. They
conduct structured, knowledge-driven searches, whereas novices rely on undirected, exhaustive strategies [69].
Experience allows experts to recognize relevant information quickly [148] and process problems more rapidly [38].
Novices, by contrast, can often get stuck in information gathering before advancing to problem-solving [49].

5.2 How this framework applies to our work

Our study demonstrates that the dimensions of expertise outlined in our framework provide a foundation for
anticipating and interpreting how novices and experts approach data science tasks and interpretability tools. We
summarize the key connections here before turning to their implications for design. Similar to the framework’s
cognitive processes, experts in our study treated the data science task in collective chunks that were driven by
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hypotheses about the data; meanwhile novices focused on isolated details of data and SHAP, memorizing short-
term units. For knowledge development and organization, we noted experts’ focus on instrumental and personal
knowledge, and efficiency in building interconnected schemas between SHAP outputs and their data-driven
hypotheses; novices began with formal knowledge alone, but adapted to SHAP more easily by indexing it as an
isolated tool. Experts’ domain knowledge also served as a check on SHAP. They could cross-reference outputs
against what they already knew about the data, while novices, lacking this reference point, accepted SHAP
outputs at face value. As expected with runtime behaviors, experts scoped the problem early and applied inductive
reasoning for evaluation. They searched selectively, skimming familiar plots and focusing on higher-level strategy,
while novices inspected each plot exhaustively. However, experts were rigid in following their intuition—novices’
openness to SHAP enabled performance comparable to or better than experts.

The consistency between our findings and decades of expertise research expands two paths forward for inter-
pretability: (1) designing to guide individual practitioners toward better tool use; and (2) leveraging proficiency-
based differences as a form of social redundancy for appropriate reliance.

5.2.1 Improving Interpretability Tool Design for Individuals. Since the use of interpretability tools is filtered by
expertise as per the framework above, we consider HCI design strategies that prioritize the distinct needs of
experts and novices. Experts in our study approached SHAP selectively, skimming familiar outputs, writing their
own code to verify results, and expressing frustration with the opacity of SHAP’s underlying calculations. These
behaviors point to two design needs. First, interpretability tools should provide accelerators for experts [137]—
shortcuts, hidden from novice users, that speed up the explanatory interactions for experts. These can be
interaction shortcuts for rapid navigation across plots, customizable workflows that match hypothesis-driven
analysis patterns, or API access for programmatic integration of SHAP calculations into existing coding consoles.
Second, experts’ skepticism about SHAP’s computational opacity calls for transparency on demand [160]: while
all users may begin with global summaries, experts should be able to drill down into computational provenance
(e.g., TreeExplainer parameters), sensitivity analyses showing how SHAP values change with different parameters,
and side-by-side method comparisons that let them situate SHAP outputs against approaches they trust. This
layered approach prevents overwhelming novices with complexity while giving experts the methodological
transparency they demand to calibrate appropriate reliance.

Novices treated SHAP outputs as ground truth, a pattern rooted not in carelessness but in the absence of
established workflows. This points to a different set of design heuristics that prioritize error prevention and
scaffolding [137]. Interpretability tools could offer verification prompts that encourage cross-referencing SHAP
claims with raw data; contextual tooltips with progressive disclosure that make more methodological details
accessible over time; and structured exploration paths that guide users through global patterns, hypothesis
formation, and contradiction-checking. The visibility of deeper complexity layers—even if novices do not always
access them—can itself build appropriate skepticism by signaling that explanations involve assumptions and
alternatives [91]. We observed signs of proficiency development within our study sessions: novices who initially
called complex plots like PDPs “cluttered” became noticeably more accurate with them by the end after being
made to think aloud during the study. This suggests that interpretability tools could support the transition
between these proficiency levels, but require designs that offer scaffolding—reflective designs that prioritize
critical thinking [159], narrative visualizations connecting different explanation types [158], and gamified designs
that leverage curiosity [177] may be useful paths forward. Together, these design principles address the dual
risks of under- and over-reliance that our framework predicts, while treating proficiency as something tools can
help develop rather than just accommodate.

5.2.2 Distributed Cognition and Social Redundancy for Appropriate Reliance. We observed complementary
strengths and risks across proficiency levels that could be leveraged for better collective work. Novices’ exhaustive
strategies surface alternative insights and edge cases critical to ML, while experts’ efficient reasoning provides
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necessary friction against tool over-use. Rather than steering novices toward expert-like behavior, interpretability
tools should scaffold strategies that blend novice exploration with expert rigor. Since our study involved individual
sessions, we did not observe direct expert-novice collaboration, but our findings suggest that design directions for
collective work are worth exploring. Indeed, this is a form of social redundancy that HCI research on distributed
cognition and organizational reliability suggests makes mixed teams more reliable [86, 183].

To enable this, for example, tools could support shared artifacts where team members record their interpretations
independently before converging so that novices” exploratory approach is not prematurely influenced by experts’
tendency to discount SHAP in favor of other methods. In our study, novices and experts often reached different
conclusions from the same plot. Disagreement logs that show divergent interpretations for collective review
could provide a space for these differences to be discussed. In settings like model audits, role-differentiated views
could present the same explanation at different levels of complexity, ensuring that insights from both proficiency
levels are preserved rather than one dominating the review.

6 Limitations and Future Work

We acknowledge several limitations for external validity. First, our contextual inquiry took place in a Google
Colab notebook, which may not fully reflect the open-ended nature of real-world data science work; future
studies should embed interpretability tasks in more situated workflows. Second, our focus on SHAP constrains
the generalizability of our findings to this method; future research should test whether similar expert-novice
differences arise with other explanation methods and tools. Finally, because our study was short in duration,
we observed only initial signs of learning and adaptation. Longitudinal observations may offer more detailed
insights into expertise.

7 Conclusion

Interpretability tools are designed to increase accountability and trust in machine learning, yet their efficacy in
practice is complicated by several human-centered factors. Our study describes the impact of one such factor:
a proficiency-based expertise differential (i.e., novice vs. expert proficiency), which fundamentally alters how
interpretability tools are used. Via a contextual inquiry with expert and novice data scientists (N=23), we find
that novices bring flexible curiosity but risk over-reliance, whereas experts apply efficient schemas that support
scrutiny but can limit openness to new insights. Importantly, the same modality of expression—SHAP’s polished
plots—triggers scrutiny for experts but causes misplaced trust for novices. This duality shows that interpretability
cannot be designed as one-size-fits-all: its effectiveness depends on who is using it and how. We argue that data
science practices can benefit from this duality as a means of social redundancy for appropriate reliance. Finally,
we present ideas for design scaffolds that nudge novices toward selective, critical use, while giving experts tools
that integrate smoothly into established workflows.

8 Generative Al Disclosure
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A Intake Survey for Proficiency-based Recruitment

For basic eligibility requirements, participants were asked to confirm that they were: (1) at least 18 years old, and
(2) current residents of the United States. This was followed by questions about their educational background
and professional experience, such as current field of study or employment and highest degree obtained. Then the
participants were asked about their experience with ML and interpretability tools (1-7 Likert scale), including
the extent of ML integration in their job roles (1-7 Likert scale). Hornberger et al. [84]’s validated objective
Al Literacy Scale asked 31 multiple choice questions, each falling into one of these categories: Recognizing Al,
Understanding Intelligence, Ethics, Decision-Making, Data Literacy, and Understanding Model Behavior.

B Interview and Think-Aloud Protocol
B.1 Introduction
The research team and project were introduced to participants as follows:

We are a team of researchers at the University of Minnesota. We are conducting this study to observe
how expertise influences people’s understanding of Al outputs and explanations. We will share an ML
task with you to understand how you approach it. We will be here to address any questions or concerns.
We will ask you to turn on your video and also share your screen once we share the study documents
with you.

Consent. Participants were asked to turn on video for privacy and data security protocols and were asked: “Do
you consent to this video being recorded?”

Introducing the Task. The following instructions were read to participants:

Before we start talking, we are sharing a Google Colab notebook with you. This notebook already has a
dataset, model, and interpretability tool setup. Feel free to run the notebook. We will also ask you to share
your screen with us as you work with the notebook. We would like for you to conduct an exploratory
data analysis on this dataset: walk us through how you would evaluate the data and model, use the
interpretability tool to support that exploration, and feel free to write your own code as well. We are also
sharing a tutorial with you that describes the dataset, the model and the SHAP plots that we use in the
Colab notebook. We have some multiple-choice questions based on the data that we would ultimately
like you to answer, but let us spend these first few minutes on just the exploration and not focus on the
MCQs just yet.

B.2 Pre-Study Interview

The following was read to participants: “We will ask you a couple of questions to establish your background in
machine learning. You don’t have to go into too much detail here; we’re simply looking for high-level context on your
ML experience.”
(1) Can you describe your background in machine learning, including any formal training or practical experi-
ence you've had?
(2) How many years of industry experience do you have?
(3) How long have you been doing machine learning?
(4) What is your current job role or field of study and how does it relate to ML?
(5) [Verify current degree.]
(6) Imagine you are working on a new dataset. Can you walk us through your process of making decisions
about data selection, pre-processing, and model choice?
(7) What types of checks or validations would you perform?
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(8) How would you evaluate whether a model is ready for deployment?

B.3 During the Task

The following instructions were read to participants:
We would like you to go over the notebook and the tutorial and explore its contents. While you do this
exploration, we want you to think aloud and share with us what you are thinking as you look at our
model.

Since this is a think-aloud protocol, the researcher nudged participants to verbalize their thinking, reasoning,
and decision-making processes as they worked through the data analysis task.

B.4 Post-Study Interview

(1) What was your strategy when working with the SHAP plots?

(2) Did SHAP visualizations directly influence your MCQ choices?

(3) Can you describe a specific decision or MCQ answer where the SHAP visualizations directly influenced
your choice?

(4) Did any SHAP plot feel unnecessary?

(5) Do you consider yourself a novice or an expert? How would you evaluate your expertise on this task in
particular? How do you think you did?

C Data Science Task and Artifacts
C.1 Dataset

We used a publicly available tabular dataset commonly employed for ML classification tasks: the Titanic Survival
dataset.? This dataset contains information about passengers aboard the Titanic, which sank in 1912 after colliding
with an iceberg. Each observation corresponds to a unique passenger and includes input features for passenger
class, sex, age, number of siblings or spouses aboard, number of parents or children aboard, ticket number, fare,
cabin number, and port of embarkation. The outcome label—survival—is binary, indicating whether or not a
passenger survived. This dataset is widely recognized, well-structured, and contains a mix of categorical and
numerical features and a binary classification label, making it ideal for our data science task with a set of diversely
proficient participants.

C.2 SHAP Tutorial

This tutorial was created based on official SHAP documentation,’ with a focus on plots used for tabular datasets
instead of the wider applications of the official documentation. The tutorial included an overview of the SHAP
framework, the dataset and black-box model (XGBoost) used for explanation, and examples of all SHAP visualiza-
tions included in the study, along with their interpretations. To avoid exposing participants to plots they would
later be tested on, these visualizations were not updated to be based on the Titanic dataset; we re-used the official
SHAP plots based on the UCI Income dataset.

C.3 Model and Interpretability Tool

We trained an XGBoost classifier on the Titanic dataset to predict passenger survival based on available features.
XGBoost is a gradient boosting algorithm known for its efficiency, scalability, and high predictive performance [39].
While XGBoost is highly effective, it operates as a black-box model, making it difficult to understand how it

*https://www.kaggle.com/competitions/titanic/
Shttps://shap.readthedocs.io/en/latest/
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arrives at predictions. To interpret the model’s predictions, we used SHAP, which is a post-hoc explanation
tool.® SHAP uses a game-theoretic approach that assigns each feature a contribution score to explain its impact
on individual predictions [118]. SHAP provides both local and global interpretability. Global explanations help
analyze overall feature importance and trends across all data points. Local explanations describe individual
predictions by showing how much each feature contributes to the predicted outcome of a specific instance.

C.4 Colab Notebook

The Google Colab Notebook was designed for exploratory data analysis, model validation, and interpretability.
The notebook was organized into sections typical to data science tasks: imports, dataset exploration, model
training, various visualizations for SHAP-based explanations, and MCQs.

The imports sections contained the imports for necessary libraries for data handling, visualization, and explain-
ability. The dataset section consisted an overview of the Titanic dataset, including the input features and target vari-
able. We loaded the dataset and performed basic pre-processing on the data such as handling categorical variables
and dropping irrelevant columns. Following data preparation, an XGBoost model was trained on the Titanic dataset,
and its performance was assessed through accuracy on both training and test sets and log loss on the test data.

In the next section, a SHAP explainer was instantiated, and various visualizations were produced for global
and local interpretability. First, a SHAP global summary bar plot was used to highlight the overall importance of
features across the dataset. Second, SHAP dependence scatter plots were included to show interactions between
two features and their effect on model output. For local explanations, two plots were provided: the SHAP local
bar plot and the local decision plot. Additionally, a counterfactual table was introduced, comparing a selected
data point with similar instances to show how minimal changes in the feature values would lead to a different
model prediction.

C.5 Post-Exploration Multiple Choice Questions (MCQs)

Post-exploration, participants answered 10 MCQs while thinking aloud. The MCQ section was structured to
evaluate participants’ comprehension and usage of the dataset, model, and SHAP outputs.
Each question fell into one or more of the following categories:

o Global Explanation: Questions that asked participants to identify globally important features from SHAP
summary plots.

o Local Explanation: Items focused on individual predictions, prompting users to interpret local SHAP values
or decision plots.

o Plot Recognition and Interpretation: These tested the ability to distinguish between SHAP visualization
types (e.g., bar vs. dependence plots, global vs. local explanations) and interpret colors, value ranges, and
patterns.

e What-if Reasoning: Participants analyzed how small changes in feature values would impact model predic-
tions.

o Misclassification Analysis: Some questions presented misclassified instances and required reasoning about
possible causes using SHAP insights.

e Comparative reasoning: Participants were asked to compare two or more data points to identify differences
in predicted outcomes.

e Understanding Model Behavior: Questions that tested participant’s ability to reason about the overall
decision-making logic of the model, such as identifying feature interactions or recognizing when the model
might be overfitting or biased.

Shttps://shap.readthedocs.io/en/latest/index.html
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Fig. 2. SHAP visualizations generated for the Titanic survival dataset using an XGBoost model. SHAP is a post-hoc explain-

ability tool that explains the predictions of black-box models.

The answer options for MCQs were designed to capture different reasoning strategies, from correct interpre-
tations to plausible but incorrect ones. Several questions in the assessment tested the ability of participants to
synthesize information from multiple visual cues and integrate that with their own reasoning. These questions
evaluated whether participants relied mainly on the visualizations or used their intuition and prior knowledge to
form conclusions. In some cases, participants had to identify patterns across various plots or make predictions
based on subtle interactions between features. This tested how well they could connect the dots, recognize under-
lying patterns, and how they developed reasoning from both visual data and their mental models. Participants
also rated their confidence in each answer on a 7-point Likert scale, where 1 represented ‘very uncertain’ and 7
indicated ‘very confident’. This scale helped assess the level of certainty in their interpretations.
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) ) Job Experience Machi'ne Interpretability Ol?jective

pID Gender Age Education Occupation (months) Learning . .Tof)l Literacy

Knowledge (1-7) Familiarity (1-7)  Score (%)

Experts
P1 Male 24 MS Teaching Assistant 14 6 5 93.55
P2 Male 26 MS ML/AI Researcher 14 5 2 87.10
P3 Male 30 PhD ML/AI Researcher 5 6 4 80.65
P9 Male 23 PhD ML/AI Researcher 15 5 3 90.32
P11 Male 23 MS Data Analyst 18 5 5 77.42
P14 Male 29 MS Data Analyst 48 5 1 45.16
P15 Male 27 PhD Data Scientist 42 6 7 87.10
P18 Male 30 PhD Electrical Engineer 65 6 7 77.00
P19 Male 27 MS Data Scientist 5 5 3 77.00
P20 Male 27 MS Data Scientist 20 5 5 93.00
P21  Female 23 MS Student 6 6 4 77.00
P23 Male 23 MS ML/AI Researcher 24 5 6 90.32
Novices

P4 Male 21 BS Software Dev. 4 6 4 54.84
P5 Female 23 MS Student 3 5 5 51.61
P6  Female 25 MS Engineer 5 3 1 74.19
P7  Female 26 MS Research Eng. 38 4 4 77.42
P8 Male 29 MS Student 13 3 1 38.71
P10 Male 23 PhD ML/AI Researcher 3 5 2 77.42
P12 Male 25 BS Student 4 5 3 83.87
P13 Female 23 MS Teaching Assistant 15 4 1 74.19
P16  Female 22 MS Student 5 5 2 64.52
P17  Female 25 MS Software Dev. 29 4 1 77.42
P22 Male 28 MS Engineer 40 6 6 93.55

Table 1. Overview of participant demographics captured via the intake survey.
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Novices

Experts

Cognitive
Processes

Chunking

Store small chunks of isolated
information that is more easily accessible.
However, it is harder to determine the
relevance of when to access it.

Store larger chunks of related
information about a task that can
be referenced collectively in the future.

Pattern Matching

Do not identify shared cues within or

across information types. This makes

pattern matching and quick solutions
cognitively harder to identify.

Recognize meaningful patterns that let
them anticipate connections between
information components and apply
appropriate known solutions.

System Thinking

Focus on elements in isolation,
which can make it hard to see how
variables interact as a whole.

Connect elements into a coherent
whole, understanding how variables
in a system influence one another.

Memory and
Recall

Use short-term memory when
doing tasks because they do not have
sufficient indexed information to recall.

Retrieve meaningful patterns relevant
to the task from long-term memory.

Knowledge
Development
and Organization

Schemas and
Indexing

Rely on less connected schemas, keeping
concepts isolated. Approach problems
more openly without using preconceptions.

Use more complex schemas to represent

interconnected concepts. Work harder to filter

out irrelevant details at runtime.

Domain Knowledge
and Categorization

Categorize problems by domain-specific
features and rely on memorized solutions.

Categorize problems by domain-agnostic
principles or algorithms, enabling them
to generalize across tasks and domains.

Types of
Knowledge

Use textbook based knowledge given
they are less experienced. This gives
them a strong foundation but less
flexibility in unfamiliar contexts.

Combine theory, skills and personal
experience , using them flexibly
depending on the context.

Runtime Task
Strategies

Automaticity

Complete a task step-by-step without
making memory- or intuition-based leaps.

Complete a task automatically by relying
on historical experiences with similar
setup. However, they struggle when
routines or patterns are disrupted.

Problem Framing
and Scoping

Struggle to identify solvable framings of
the problem via scoping. Trying to tackle
everything at once can hinder their
progress.

Scope and set up the problem
before attempting to solve it, and
continue to iteratively scope as needed.

Reasoning Style

Primarily deductive, relying on
rules and formulae before acting,
which constrains flexibility.

Primarily inductive, generating and
refining solutions, supported by
stronger self-evaluation

Search Strategies

Rely on broad trial and error searches
which might make their process
less efficient, but can also help discover
important alternatives and edge cases.

Conduct structured, knowledge-driven
searches that help them access
relevant information quickly for
efficient problem-solving.

Table 2. Summary of the key information from our Framework of Expertise, grounded in a scoping review of prior work on
the topic from non-technical fields.
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Open Code

Axial Code

Theme

Experts: wants to know the hypoth-
esis being tested in the study; would
first identify study objective before
data explorations; would use lightgbm
instead; wondering why we chose

to include specific pdps; what is the
study hoping to achieve

Experts: Evaluated the study through

the lens of their own workflows and as-
sumptions; scoped the purpose and formed
hypotheses before engaging with the data

Novices: starts by data exploration;
will do data cleaning based on data
type; building intuition based on
shap plots; gradually developing
understanding of plots; referred back
to exact plot details

Novices: Followed the task structure as
given, following step-by-step; adopted an
exploratory approach; built their under-
standing of the data incrementally through
SHAP outputs rather than independent
analysis

Experts worked top-down,
beginning with objectives,
forming hypotheses, and
evaluating specifics against that
initial understanding. Novices
worked bottom-up, relying on
model predictions and SHAP to
guide their understanding rather
than forming their own
hypotheses first.

Novices: questioned colors and what
they mean; tried to understand val-
ues and ranges of axes; interpreting
legends; interpreting marks and chan-
nels

Novices: Focused on decoding the vi-
sual elements of SHAP plots: colors, axes,
marks; memorized specific plot details and
recalled them for answering post-study
questions (memory/retrieval strategy)

Experts: curious about hyperparam-
eters; how to merge information from
different plots; shap plots useful for
quick visual takeaway; would come
back to plots if needed but will skim
for now

Experts: Allocated attention strategically,
examining one representative plot and
skimming similar ones (attention strat-
egy); redirected attention to meta-level
concerns: how SHAP values are calculated,
how to synthesize across plots, what the
tool’s assumptions are

Experts and novices allocated
attention at different levels.
Experts skimmed plot-level details
and instead focused on meta-level
questions about SHAP’s
mechanics. Novices decoded each
plot thoroughly: its colors, axes,
and marks, memorizing these
details for later recall.

Experts: not enough data to make

a prediction using shap; wrote their
own code; more confidence in tra-
ditional methods from years of ex-
perience; trust SHAP when it maps

to domain knowledge; SHAP adds a
layer of less transparency; SHAP over-
fits on anomalies and biases; want to
see SHAP background calculations;
not use SHAP for making conclusions

Experts: Trust in SHAP was conditional
on alignment with their domain knowl-
edge and prior experience; perceived
SHAP as adding opacity rather than re-
moving it—would have liked to see back-
ground SHAP calculations; when SHAP
conflicted with their understanding, ex-
perts trusted standard data science meth-
ods

Novices: SHAP plots give the exact
accurate information needed; relied
more on plots than intuition; trust
shap plots to answer MCQs; appreci-
ates accuracy of shap plots

Novices: Treated SHAP outputs as accu-
rate and sufficient, not questioning the
assumptions behind the visualizations;
based their post-study assessments solely
on SHAP plots, using them as the primary
evidence for reasoning

Experts treated SHAP as a tool to
be checked, conditioning trust on
alignment with domain
knowledge, and defaulting to
their own methods when outputs
contradicted their understanding.
Novices treated SHAP as a source
of ground truth, accepting its
outputs as accurate and sufficient
for drawing conclusions.

Table 3. Open codes, axial codes, and emerging themes from our grounded theory analysis.
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