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Abstract
Human testers—often end-users themselves—can judge system er-
rors in context and reveal failures that automated methods miss.
Inspired by software testing practices, we conducted an exploratory
study in which 15 participants tested a satellite image classifier us-
ing an interactive tool that allowed them to collect data and create
test cases. While participants shared a common understanding
of the model’s behavior and generally adopted a failure-driven
approach, we observed significant variability in their testing be-
haviors, including the number of test cases created, the timing of
seeking feedback, the distribution of effort across classes, and the
types of failures identified. Although links between specific strate-
gies and outcomes remain unclear, our findings provide a first step
toward understanding human testing of ML models and inform
future research on human-driven AI auditing.

CCS Concepts
• Human-centered computing → Empirical studies in HCI; •
Computing methodologies→Machine learning.
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1 Introduction
AI systems are increasingly deployed across domains such as health-
care, finance, and administration. As adoption increases, so do
the risks: erroneous predictions in high-stakes contexts can have
serious consequences [15]. Where performance metrics reduce
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model behavior to numbers, human testers—often the end-users
themselves—bring perspective: they understand context, notice
when errors reflect bias, and evaluate models according to what
matters in real-world use.

Inspired by software engineering testing [2], machine learning
testing can be viewed as a deliberate search for model failures.
To support AI testing, prior work has proposed both automated
methods that select test examples through computational heuris-
tics [11, 13, 20] and interactive tools that guide human testing
through frameworks [23] or test case suggestions [8, 21, 22], most
of which are intended for AI practitioners. However, little is known
about how end-users of AI instinctively approach model testing
without guidance, but guided by their understanding of the model
they are interacting with. Addressing this gap, we explore testing
strategies in a vision-based ML system—a satellite image classifier—
to understand behaviors that contribute to effective failure dis-
covery. We address two research questions: (RQ1) What testing
strategies emerge when end-users test a satellite image classifier
without prescribed guidance? (RQ2) What measurable differences
in testing behaviors relate to failure discovery? To answer these
questions, we conducted a study where 15 participants tested a pre-
trained satellite image classifier using an interactive application
without being primed with a specific strategy. The interactive tool
allowed participants to create test cases (input images and expected
categories) and review whether their test cases would fail or pass.

Our contributions include an open and reusable prototype for
testing image classifiers (source code available in the supplemen-
tary material1) and a preliminary characterization of the testing
strategies employed by human testers. We discuss our insights and
propose actionable future research directions to better understand
how behaviors translate into desirable testing outcomes, such as
failure discovery. This research opens avenues for future work and
may ultimately inform the design of interactive systems that sup-
port decision-subjects, domain experts, and end-users in testing
ML models.

2 Background and Related Work
In this section, we first present backgrounds on software testing
practices and related work that have focused on ML model testing
and auditing involving end-users.
1https://github.com/teo-sanchez/alpchi-testing-supplementary-material
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2.1 Software testing practices
Testing in software engineering (SE) comprises techniques and
workflows [19], studied for decades, and aiming to improve soft-
ware quality. Myers et al. define software testing as a destructive
process, i.e., it aims to uncover as many errors as possible within a
program execution [17]. Testing techniques can be broadly catego-
rized into static and dynamic methods [10]. Static testing involves
reviewing the software artifacts (e.g., requirements, design doc-
uments, or source code) without executing the program, aiming
at identifying early inconsistencies in the software development
lifecycle [1]. Dynamic testing involves running the software to vali-
date its behavior under various conditions. SE expertise is required
to identify and debug defects during the software implementation.
Dynamic testing is further divided into white-box and black-box
testing, where the tester evaluates the software’s functionality with
resp. without the knowledge of its internal code [18]. The most
known tools for white-box dynamic testing include debuggers and
unit tests, both used to debug small testable components of a soft-
ware. Beyond techniques, testing also reflects a mindset. Testers
operate under the assumption that errors are present and aim to
detect them early in the development process to mitigate technical
debt.

Machine learning (ML) development introduces unique chal-
lenges for SE testing. Unlike other software, ML systems are not
explicitly programmed but comprise non-legible parameters, in-
ferred from training data through an optimization process. This
lack of causal relationship between model parameters and behav-
ior makes ML algorithms inherently difficult to debug and incurs
technical debts [24]. Because defects can originate at any stage
of model development—data collection, model design, training, or
evaluation—developers often must revisit earlier stages or even
retrain models from scratch to address them.

2.2 Machine learning testing
Machine learning testing procedures usually reserve a share of
the testing data in order to calculate performance metrics (e.g.,
accuracy). Within the ML research field, new testing approaches,
known as input prioritization techniques [16], aim to find heuristics
to detect unseen input likely to provoke erroneous model predic-
tions. However, evaluating such heuristics also requires labeled
data, overlooks the criticality of failures [14], and neglects social bi-
ases embedded in annotated datasets. For instance, unfair treatment
of certain social groups may go undetected because the training
and testing data also embed the same biases [3].

To address these gaps, recent work has explored engaging laypeo-
ple directly in testing [5], leveraging their reflective judgment and
prior experiences, advantages that automated methods lack. For
instance, DeVos et al. [6] showed that people prioritize tests that
reflect their personal exposure to algorithmic biases. Several tools
have been developed to support and structure human testing ef-
forts: CheckList [23] introduced a matrix framework for struc-
tured error discovery in NLP. AdaTest [22], AdaTest++ [21], and
AdaVision [8] leverage LLMs to suggest test cases in a text-fix-
retest loop. Weaver [25] recommends testing requirements rather
than cases, while IndieLabel [12] supports user-driven audits
through personalized model training.

2.3 Research gap
While prior tools offer structured support, little is known about
how end-users test without external guidance. Our study investi-
gates spontaneous testing strategies in a vision-based ML system—a
satellite image classifier—to understand behaviors that contribute
to effective failure discovery. These insights may inform the design
of systems promoting effective testing behaviors.

3 Methods
We conducted a user study where 15 participants tested a pre-
trained satellite image classifier using their own testing intuitions.
We selected this task as it resembles real-world applications of
modern ML models, and most people are now familiar with satellite
imagery through navigation apps. Participants’ data and the source
code of the interactive application used in the study are available as
supplementary materials at https://github.com/teo-sanchez/alpchi-
testing-supplementary-material.

3.1 Participants
We recruited 15 participants for this study through university mail-
ing lists and in-person interactions within and beyond the univer-
sity ecosystem. 8 participants identified as female and 7 as male, 4
participants were 18-24 years old, 8 were 25-34, and 3 were 35-44.
Testers varied in their familiarity with artificial intelligence (AI)
and machine learning (ML), reflecting a range of prior knowledge.
Three participants identified as beginners with no prior experience
("neophytes"), 7 reported a basic understanding of ML, 4 identi-
fied as having intermediate experience, and 1 reported advanced
knowledge of ML techniques and tools. Regarding formal training,
4 participants had taken at least one ML-related course during their
studies, 5 reported having created a dataset to train an ML model,
and 8 had already trained and tested an ML model on a dataset. The
study involved adult volunteers participating in non-interventional,
minimal-risk human-computer interaction tasks. Participation was
voluntary, informed consent was obtained, no sensitive data were
collected, and all data were anonymized. Formal ethics committee
approval was not required under applicable local regulations. The
recruitment and study were conducted in English.

3.2 Setup and Model Training
We developed an application using Marcelle2, a toolkit for building
web-based interfaces with integrated ML pipelines [7]. Figure 1
depicts the graphical interface used by participants to test the im-
age classifier. For the interactive application and model training,
we restricted the data to a region surrounding Munich (Germany),
where the study was conducted. We used a subset of open-source
and public aerial photographs of 20 cm pixel size of the Bavaria
region extracted from the DOP20 dataset3. 8 categories are con-
sidered: Agricultural area, Forest, Industrial or commercial area,
Railway, Residential area, Road, Square or park, Waterbody.

To train the classifier used in the study, a training set of 343 la-
beled images was collected by two annotators—one co-author and
one external annotator—using a similar interface and the same satel-
lite tiles as in the experiment. We usedMobileNetV1 as a pre-trained
2https://marcelle.dev/
3https://geodaten.bayern.de/opengeodata/OpenDataDetail.html?pn=dop20rgb
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1 32

Figure 1: Study’s prototype used during the testing phase, comprising a 1) data collection panel 2) a test case table, and a 3) test
case coverage graph.

feature extractor, followed by a multi-layer perceptron (MLP) with
two hidden layers of 32 neurons each. The model was trained
directly within the Marcelle environment to avoid precision er-
rors when converting models from Python-based ML libraries to
JavaScript. Training used 8 epochs and a batch size of 8 images
to limit overfitting while achieving reasonable accuracy for the
study’s purpose.

After the model had already been trained, six additional annota-
tors were recruited to provide a baseline for later analyses. They
collected 865 labeled data points using the same interface, explor-
ing the same satellite tiles, and working within a fixed 30-minute
session, but they were unable to query the model’s predictions.

3.3 Study Procedure
Each participant completed the following three phases: introduction
phase (15 minutes), testing phase (exactly 30minutes), and post-task
questionnaire (15 minutes). During the introduction, we obtained
informed consent and familiarized the participants with the study
design, the concepts of image classification and testing in ML, and
an overview of the interface. We avoided mentioning any specific
testing strategies in this introduction to prevent biasing participants.
Themain task for participants was to create the best test set possible
for the pre-trained image classifier and to investigate the classifier’s
robustness for various inputs.

During the testing phase, participants had 30 minutes to create
test cases using the interface shown in Figure 1. In the Data col-
lection panel on the left of the screen, the participant can browse
satellite images of Munich (Germany) and its surroundings and
collect test cases. The participant can zoom in and out, pan across
the map, jump to random locations, or return to the city center
(set to Marienplatz). Note that participants could only collect data
beyond a certain zoom level, indicated by a dashed blue frame

around the image, to limit input variability. After selecting a loca-
tion, participants can assign a label by clicking on one of the eight
categories. The labeled image is then added as a test case in the
central panel called Test cases created. The panel contains a table
where all created test cases are listed in order of creation. After cre-
ating a test case, only the order, thumbnail, and label columns are
shown. Once participants click the “Check Test Cases” button, the
predicted label, confidence level, and pass/fail status are updated
in the table for all non-checked test cases. Participants can update
the statuses of unchecked test cases at any time by clicking on
this button. Participants are free to delete any test cases they deem
irrelevant to their testing goals. As they create or check test cases,
the Test case coverage graph displayed on the right side of the
screen is updated. This graph was designed to enable an overview
of all test cases created and their status. It shows the number of
collected images per category: gray bars are unchecked test cases,
blue bars are correctly predicted test cases, and red bars are in-
correctly predicted test cases. After the testing phase, participants
fill out a questionnaire (provided in supplementary material) that
investigates participants’ self-reported strategies, understanding,
usefulness of interface elements, and trust, as well as demographic
and background information, e.g., prior expertise.

We recorded participants’ interactions with the interface, includ-
ing their actions with the satellite image browser (zoom, pan, clicks),
the test sets collected or deleted, i.e., the image and its assigned
label, the classifier’s predicted label, the confidence, fail/pass status,
and the per-class probabilities. We also recorded when participants
initialized test case verifications, sorted the table according to which
column, and the responses to the post-task questionnaire.

4 Results
In this section, we report the study’s results that examine both
observed and self-reported testing strategies.
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4.1 Perception of the model’s behavior

01234567891011121314 1 2 3 4 5 6 7 8 9 10 11 12 13 14

The system reacts unpredictably.

I was able to understand why the
image classifier made mistakes.

Overall, the image classifier is
accurate.

2 11 1 1

3 39

21 111

Strongly Disagree Disagree Neither Agree nor Disagree Agree Strongly Agree

Figure 2: Participants’ responses to three Likert-scale state-
ments about their perception of the model’s behavior in the
post-task questionnaire. Most participants agreed that the
classifier was accurate and that they could understand its
mistakes, while they largely disagreed that the system re-
acted unpredictably.

First of all, participants’ responses to the questionnaire indicate
a consensus in the way they perceive the model accuracy and inter-
pretability. Indeed, Figure 2 reveals that most participants agreed or
strongly agreed that the model is accurate and that they were able to
understand why the image classifier made mistakes. Furthermore,
most participants disagree or strongly disagree that the system
reacted unpredictably. Despite potentially diverse testing strate-
gies, this consistency is important as it suggests that participants
reached a similar understanding of the model’s behavior.

4.2 Volume of test cases created
Figure 3.a shows the number of test cases created by participants
(round markers) after the 30-minute task. The diamond indicates
the groupmean, and the horizontal line depicts the group’s standard
deviation. This figure reveals that the number of test cases varies
considerably across participants, ranging from 14 to 130, with an
average of 51 test cases, which is lower than the annotator group,
although the difference is not statistically significant (Welch’s t-test,
𝑝 > 0.05). The variance in the number of tests created suggests
differing assumptions about what constitutes a “good” test set.
Some participants may believe that a larger test set increases the
likelihood of uncovering failures, while others prioritize a smaller,
more targeted set of test cases. Participants deleted a low number
of test cases (4.6 on average) during the task, suggesting that they
prioritized creating new tests over parsimony.

4.3 Feedback-seeking behaviors
Participants’ strategies strongly varied in how frequently they
sought feedback during testing. Figure 3.b shows participants’ dis-
tribution according to their ratio of checks (i.e., when participants
clicked on "Check test cases") over the total number of test cases
created. The data suggests a bimodal pattern: some participants
adopted a batched approach, creating many test cases before veri-
fying predictions all at once (low check frequency), while others
exhibited highly iterative behavior-checking the model’s predic-
tions after nearly every test case created (high check frequency).
Below Figure 3.b, two timelines showcase the actions of the two
participants (P8 and P9) at the extremes of this dimension. Orange
ticks correspond to the moments participants browsed satellite im-
ages, green ticks are the moment they created a test case, and blue
is the moment they checked the test cases collected. These results
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Figure 3: Behavioral overview of human testers during the 30-
minute task. (a) Number of test cases created by testers (top)
and baseline annotators (bottom). (b) Test-checking behavior
of testers; timelines for two extreme participants (P8 and
P9) show when they browsed images (orange), created tests
(green), and checked them (blue). (c) Fail ratio (failed / total
tests) for testers and annotators.

highlight the diversity of testing behaviors and call for further re-
search to confirm whether this dimension is truly bimodal and the
extent to which each behavior impacts the testing efficacy.

4.4 Failure discovery
Figure 3.c depicts the fail ratio (in %), calculated as the number of
failed test cases divided by the total number of test cases created.
The fail ratios range from 15.8% to 42.9%, with an average of 29.9%.
Participants uncovered more failures than the baseline annotators
(25.5%), although not significantly (Welch’s t-test, 𝑝 > 0.05). No
significant correlations were observed between the three metrics
shown in Figure 3 (a, b, c). The strong positive correlation was found
between the number of test cases created and the number of failures
uncovered (𝑐𝑜𝑟𝑟 = 0.73, 𝑝𝑣𝑎𝑙𝑢𝑒 < 0.001), suggesting that, under the
current protocol, participants may be predominantly engaged in
exploring the input space rather than exploiting failure patterns.
Participants’ questionnaire responses suggest the failure-driven
behavior observed, as the majority of participants (12 out of 15)
reported that they primarily selected challenging images to uncover
where the classifier was likely to fail. One participant indicated that
they aimed to create a test set with an equal number of correct and
incorrect predictions. In contrast, two participants reported select-
ing prototypical images to confirm where the classifier succeeded,
and no participants declared that they had selected images without
a specific strategy or added a new option to the proposed items.

4.5 Distribution of testing efforts across
categories

We examined how participants allocated their efforts across cate-
gories during the testing task. Table 1 shows the distribution of test
cases per category (rows) for each tester (columns 1—15) and base-
line annotator (A1—A6), sorted from the least to the most balanced
distribution across categories. For instance, in the first column, 35%
of the test cases created by participant 9 were from the category
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Public square or park. The last column (Avg.) displays the average
percentage of instances per category across participants. The data
reveal that while some participants concentrated their efforts on
specific categories (e.g., participants 9, 3, 5, or 13, focusing on Public
square or park, Residential area, Road, or Agricultural area, respec-
tively), they did not necessarily target the same categories. As a
result, the average effort per category (last column) is relatively
balanced despite strong individual differences. This observation
is supported by a significant difference in Gini impurity between
testers and annotators, indicating more uneven category coverage
among testers (Welch’s t-test, 𝑝 < .05). This uneven distribution
may reflect adaptive behavior, with participants reallocating effort
toward categories that appeared more informative or yielded more
feedback during the task.

We also examined whether focusing more on certain categories
helped human testers uncover more failures in those same cate-
gories. For each participant and category, we compared the pro-
portion of their test cases belonging to that category (their testing
effort) with the proportion of failures they found in that category
(their failure discovery efficiency). Across all tester—category pairs,
these twomeasures were strongly positively correlated (𝑐𝑜𝑟𝑟 = 0.74,
𝑝 < 0.01). In other words, the more a participant concentrated on a
category, the more failures they tended to uncover in that category.

Agricultural area 8 10 16 28 7 7 15 10 8 7 11 8 14 9 16 12 14 13 13 12 15 12 13
Forest 7 0 4 8 7 5 9 7 10 21 6 8 9 11 14 8 12 7 17 14 12 12 13

Industrial or commercial area 3 24 5 8 29 14 11 10 13 11 14 17 14 18 13 14 18 12 14 14 16 12 14
Public square or park 35 16 16 19 14 7 27 9 13 14 10 12 19 12 13 16 4 10 10 10 10 12 10

Railway 7 3 6 9 14 12 7 9 8 11 11 13 10 12 10 9 6 9 8 10 8 13 9
Residential area 27 24 19 4 15 28 9 23 10 11 14 17 10 12 15 16 19 15 13 15 13 13 14

Road 4 10 26 15 7 10 7 23 25 7 13 17 10 12 10 13 18 24 14 16 13 13 16
Waterbody 9 13 8 9 7 17 15 9 13 18 21 8 14 14 9 12 9 10 11 9 13 13 11

Category 9 3 5 13 6 1 15 4 7 11 10 12 2 14 8 Avg. A4 A3 A5 A2 A6 A1 Avg.
Testers Annotators

Table 1: Testing effort across categories (in%). Each cell re-
ports the proportion of test cases created for a category rel-
ative to a participant’s total tests. Columns correspond to
individual testers (1—15) and baseline annotators (A1—A6),
with the final column showing the group average.

4.6 Role of feedback in shaping testing
strategies

The post-task questionnaire shows that a majority of participants
(8 out of 15) responded that the outcome (pass/fail) in the table
mainly influenced their choices of which category to prioritize as
the testing progressed. 4 out of 15 participants mostly monitored
the confidence value in the table, 2 out of 15 responded using their
intuition or judgment, 1 out of 15 used the predicted label in the
table, and no participants responded that the coverage bar chart
(item 3 in figure 1) was mainly influencing their choices. Therefore,
the binary outcome given by the pass/fail feedback provides an
intuitive and actionable signal, guiding participants to prioritize
model weaknesses. Conversely, the test coverage graphwe designed
for participants to monitor the overall status of their test cases was
not perceived as the most useful feedback, and it could suggest
that participants may pay more attention to feedback that directly
informs immediate decision-making.

5 Discussion
5.1 Behavior, reasoning, and learning
This research investigated unconstrained testing strategies em-
ployed by non-experts for the testing of a satellite image classifier.
Participants shared a common perception of the system’s perfor-
mance and seemed to adopt a failure-driven approach, evidenced by
the higher proportion of errors found compared to annotators and
by post-task questionnaire responses. However, their testing behav-
iors varied considerably across key dimensions, such as the number
of test cases created, the timing at which they sought feedback, and
the distribution of effort across categories. While behaviors were
variable, it remains unclear if and how they reflect different reason-
ing processes. For instance, batch testers may have formed implicit
hypotheses about the model’s behavior by grouping and testing
clusters of evidence, a process that parallels the sensemaking frame-
work described by Cabrera et al. [4] with AI experts. Furthermore,
the task in our study is not a purely evaluative task but also a learn-
ing task: while testing, participants also learn about the content
and distribution of the input space (e.g., characteristics of satellite
imagery in the surroundings of Munich) together with the model’s
behavior. Iterating on the experimental design could help disentan-
gle the learning from the evaluative aspect involved in user-driven
testing tasks. Lastly, while most participants were novices, a few
had intermediate or advanced ML experience, which may have
influenced their strategies. Future research should compare distinct
groups to better understand how expertise shapes testing behaviors.
The intertwined effects of learning and prior knowledge in ML may
be intrinsic to user-driven testing, although they pose challenges
for its evaluation.

5.2 Evaluation metric
Assessing what constitutes “successful” testing is not straightfor-
ward. In our study, we used the fail ratio as a simple quantitative
indicator, but the large variation across participants suggests that
this metric may not fully capture the exploratory and subjective
nature of user-driven testing. Recent work highlights that effective
testing can also involve qualitative dimensions rooted in users’ ex-
periences and expertise [5, 12]. Beyond counting failures, evaluation
metrics could therefore consider aspects such as user engagement,
testers’ understanding of model behavior, or whether the failures
uncovered expose critical vulnerabilities.

5.3 Future research direction and implications
for design

Overall, we believe this experimental approach should be expanded
to integrate the learning aspect of testing and promote outcomes
that go beyond failure discovery. Such an approach could help
to map the relationship between testing behaviors and desirable
testing outcomes. In turn, it could have important implications
for the design of assistive ML auditing tools. Existing prototypes
often generate recommendations for specific test content using
large language models [8, 21, 22, 25] or heuristics [9]. Such recom-
mendations may limit testers’ free will and autonomy. Instead, one
could envision guidance that nudge users toward certain behaviors
while preserving users’ ability to make deliberate testing choices.
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For instance, such guidance could help users distribute efforts to
ensure good coverage or encourage hypothesis generation about
the system’s behavior. Investigating this approach may support
the development of meaningful interactions with ML systems for
testing and auditing purposes. Lastly, testing by domain experts or
end-users will become more important for AI systems that work in
a dynamic context and need to be updated by the end-users them-
selves. For example, hate speech classifiers cannot rely on static
training and testing datasets as hate speech evolves continuously.
Future research is warranted to apply these approaches in applica-
tions where domain experts and end-users are the only people who
can test AI systems.

6 Conclusion
We explored how end-users tested a satellite image classifier using
a custom interactive tool. We found that, (1) participants shared
a common perception of the model’s behavior but tend to adopt
failure-driven strategies, (2) participants demonstrated variable
testing behaviors in terms of the number of test cases created, the
timing at which they sought feedback, and the distribution of ef-
fort across categories, and (3) there are no clear links between
specific testing strategies and failure discovery. Future research in
this direction is warranted, examining the role of prior expertise,
disentangling testing from learning, and assessing testing beyond
failure discovery (e.g., failure diversity, criticality, and participant
engagement). By highlighting these dimensions, this work con-
tributes to emerging participatory approaches to ML auditing that
place human discernment and interaction at their core.
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