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Abstract
Automated accessibility evaluation tools, such asWAVE and Google
Lighthouse, are widely used to assess compliance with the Web
Content Accessibility Guidelines (WCAG). However, most existing
evaluations rely on real-world websites, where the true number
of accessibility violations is unknown, preventing calculation of
accuracy metrics such as precision and recall. This study addresses
these limitations by constructing a controlled HTML webpage that
contains forty intentional WCAG 2.1 Level A and AA violations.
WAVE and Lighthouse were executed forty times under identical
conditions, and their outputs were compared against a predefined
ground-truth data set. Results indicate that WAVE achieves higher
detection coverage but produces a higher volume of non-actionable
outputs, while Lighthouse identifies fewer violations yet demon-
strates stronger performance on programmatically testable criteria,
including Accessible Rich Internet Applications (ARIA) validation
and contrast analysis. The findings confirm that no single auto-
mated tool provides comprehensiveWCAG coverage and reinforces
the necessity of combining automated evaluation with expert man-
ual assessment. This study contributes a reproducible framework
for quantitatively benchmarking accessibility tools under controlled
conditions.

Keywords
Web accessibility, WCAG 2.1, automated evaluation, WAVE, Google
Lighthouse, false negatives, rule coverage, Accessibility Testing

1 Introduction
Web accessibility ensures that individuals with disabilities can per-
ceive, navigate, and interact with digital content. As education,
healthcare, employment, and government services increasingly
move online, inaccessible interfaces create significant barriers for
users with visual, auditory, motor, and cognitive disabilities. The
Web Content Accessibility Guidelines (WCAG) define the primary
international standard for accessible web design, evolving from
WCAG 2.0 (2008) to WCAG 2.1 (2018) and WCAG 2.2 (2023) to
address mobile interaction, low vision accessibility, cognitive re-
quirements, and modern web applications [1, 2].

The Web Content Accessibility Guidelines (WCAG) are orga-
nized around four foundational principles known as POUR: content
must be Perceivable to users, Operable throughmultiple input meth-
ods, Understandable in both presentation and behavior, and Robust
enough to be interpreted reliably by assistive technologies. These
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principles structure the guidelines and map to testable success crite-
ria and conformance levels. Figure 1 illustrates this hierarchy. The
controlled test page used in this study embeds forty intentional
WCAG 2.1 Level A and AA violations distributed across all four
principles, enabling systematic evaluation of detection coverage
and tool sensitivity across accessibility categories.

Figure 1: Overview of the WCAG 2.1 structure, showing the
four POUR principles (Perceivable, Operable, Understand-
able, Robust), associated guidelines, and success criteria lev-
els. This figure was created by the author.

Despite the maturity of WCAG, large-scale analyses such as the
WebAIM Million consistently report that more than 96 percent
of homepages contain detectable WCAG violations [3, 4]. Prior
research has shown that automated accessibility tools differ sub-
stantially in rule coverage and detection behavior. Manca et al.
identify transparency and reporting inconsistencies across eval-
uation engines [5], while Chadli et al. demonstrate that free and
open-source tools vary significantly in accuracy and coverage [6].
Ara and Sik-Lanyi further report substantial divergence in detection
behavior across automated tools [7]. Collectively, these findings
highlight the need for multi-tool evaluation and expert manual
inspection.

A central limitation in existing research is that most evaluations
rely on real-world websites where the true number of accessibility
violations is unknown. Without ground truth, it is not possible to
compute false negatives or assess detection reliability in a controlled
manner, which are essential metrics for evaluating tool performance
[8]. Early foundational work first identified persistent disagreement
among automated tools [9, 10], and more recent studies confirm
that this limitation persists in modern evaluation engines [5]–[7].
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This study addresses this gap by constructing a controlled HTML
webpage containing forty intentional WCAG 2.1 Level A and AA
violations. By embedding violations across all four POUR principles,
the study creates a reproducible dataset that enables systematic
measurement of detection coverage, determinism, and cross-tool
agreement. Based on prior research, it is hypothesized that both
WAVE and Google Lighthouse will demonstrate consistent behavior
across repeated executions but will differ in detection coverage.
WAVE is expected to identify a broader range of violations due to
its heuristic-based scanning approach [11, 12], whereas Lighthouse
is expected to perform more strongly on strictly machine-verifiable
criteria such as ARIA validation and contrast analysis [13].

The primary contribution of this research is a controlled and
reproducible evaluation framework that enables automated accessi-
bility tools to be benchmarked against a known violation set. This
framework supports computation of detection coverage and false-
negative counts, which is not feasible when evaluating real-world
websites without ground truth. The study advances understand-
ing of automated accessibility evaluation and reinforces the need
for hybrid testing approaches that combine automated tools with
expert manual assessment [5, 7, 13].

2 Background
2.1 Automated Accessibility Evaluation Tools
Automated accessibility evaluation tools play a central role in
large-scale assessments of WCAG conformance. Tools such as
WAVE and Google Lighthouse are widely used in research and prac-
tice to identify issues detectable through rule-based analysis. WAVE
has been examined extensively in both historical and contemporary
accessibility studies [10], [18], while Lighthouse is frequently in-
cluded in multi-tool evaluations due to its integration with Chrome
DevTools and its emphasis on programmatically testable criteria
[13–15].

Despite their widespread use, these tools can assess only a subset
of WCAG requirements. Many criteria depend on semantic inter-
pretation, interaction context, or user experience, which cannot be
evaluated through automated means. Prior work has shown that
such tools differ in their rule sets, detection logic, and interpreta-
tion of WCAG success criteria, resulting in inconsistent reporting
across evaluation tools [5, 7]. These constraints underscore the need
for careful methodological design when using automated tools in
empirical research.

2.2 Limitations of Existing Evaluation
A substantial body of research has documented the variability and
inconsistency of automated accessibility tools. Benchmarking stud-
ies show that different tools often disagree on both the number and
type of issues detected, even when analyzing the same webpage
[5, 6]. Comparative evaluations further reveal gaps in rule coverage,
differences in how WCAG criteria are operationalized, and sensi-
tivity to HTML structure and ARIA usage [7, 8]. These challenges
complicate efforts to compare tools directly or rely on automated
results as definitive indicators of accessibility quality.

A critical methodological constraint is the absence of ground
truth datasets in most evaluations. Studies that analyze real world

websites cannot determine the true number of accessibility vio-
lations, which prevents calculation of accurate metrics such as
precision, recall, and false positive rates. Several authors have em-
phasized the need for controlled testing environments where vio-
lations are explicitly defined and measurable [8, 13, 16]. Machine
learning approaches have attempted to predict accessibility barri-
ers or estimate coverage error, but these models depend on labeled
datasets and often inherit inconsistencies from the tools used to
generate training data [14, 17, 18]. As a result, controlled experi-
mental designs remain essential for evaluating the capabilities and
limitations of automated tools.

2.3 Need for Controlled Testing

Figure 2: Comparison framework for WAVE and Google
Lighthouse.

Controlled testing environments address the methodological gaps
associated with real world evaluations by enabling measurement
against a known set of accessibility violations. Constructing a web-
page with a predefined ground truth dataset enables computation of
detection coverage, precision, recall, and false positive rates, which
are not feasible when the true number of violations is unknown.

Large scale studies such as the WebAIM Million highlight the
widespread presence of accessibility barriers across the web [3, 3],
but they also demonstrate the limits of relying solely on automated
tools for comprehensive evaluation. Similar findings in institutional
website analyses reinforce the need for controlled experiments that
isolate tool behavior from the variability of real world content [19].

Figure 2 illustrates this challenge by showing how different
tools diverge in rule coverage, detection capabilities, and evalu-
ation scope. These discrepancies underscore the importance of
controlled methodologies that enable systematic examination of
tool performance, including determinism and cross-tool agreement.
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Multi-tool evaluations have shown that automated tools may pro-
duce inconsistent results depending on execution context, browser
configuration, or rendering conditions [12, 15]. Controlled test-
ing provides the necessary stability to measure these behaviors
rigorously.

3 Methodology
3.1 Study Design
This study employed a controlled experimental design to evaluate
the detection capabilities of WAVE and Google Lighthouse with
respect to WCAG 2.1 Level A and AA success criteria. A controlled
environment was necessary because real-world websites do not
provide a verifiable ground truth, making it impossible to compute
key accuracy metrics such as precision, recall, and false-negative
rates. Prior research consistently highlights this limitation and em-
phasizes the need for reproducible test environments when bench-
marking automated accessibility tools [4–6, 8].

To address this gap, a custom HTML webpage was constructed
containing forty intentional WCAG 2.1 violations. The number
forty was selected to balance methodological rigor with analytical
manageability while ensuring representation across a diverse set of
accessibility categories. Violations were distributed across the four
POUR principles: Perceivable, Operable, Understandable, and Ro-
bust—to capture the breadth of WCAG requirements and to enable
principle-level analysis of tool performance. Figure 3 summarizes
the structured distribution of these intentional violations within
the controlled test page.

Figure 3: Distribution of intentional WCAG 2.1 violations
across the POUR principles.

3.2 Ground Truth Dataset Construction
The controlled HTML test page was designed to embed a wide range
of WCAG 2.1 violations representative of common accessibility
failures observed on real world websites [3, 3]. Violations included
missing alternative text, insufficient color contrast, incorrect ARIA
roles, unlabeled form fields, keyboard inaccessibility, and structural
markup errors as seen in Figure 3.

Each violation was mapped to its corresponding WCAG 2.1 suc-
cess criterion to ensure traceability. Violations were also classified
by detectability:

• Automatable: Criteria detectable through rule-based or pro-
grammatic checks.

• Partially Automatable: Criteria requiring both automated
detection and human interpretation.

• Non-automatable: Criteria dependent on human judgment,
such as meaningful sequence or descriptive link text.

This classification aligns with prior work distinguishing machine
testable and human dependent criteria [13, 16]. The complete list of
intentional WCAG 2.1 violations, including their identifiers, success
criteria mappings, and descriptions, is provided in Appendix A.

3.3 Experimental Environment
All evaluations were conducted in a standardized environment to
ensure reproducibility and minimize confounding variables. The
configuration included:

• Operating system: Windows 11 (23H2)
• Browser: Opera One (Chromium-based), version 108
• Screen resolution: 1920×1080
• Google Lighthouse version: 11.2.0 (CLI mode)
• WAVE version: WAVE API 3.1 (2024)

The browser operated in incognito mode with caching disabled,
hardware acceleration enabled, and no extensions or background
applications. A controlled environment is essential because auto-
mated accessibility tools can produce inconsistent results depend-
ing on browser configuration, rendering behavior, and execution
context [12, 15].

3.4 Execution Procedure
WAVE and Lighthouse were each executed forty times under identi-
cal conditions to measure detection coverage and determinism. All
executions were performed manually following a strictly controlled
and repeatable procedure to ensure consistency across runs. A strict
no-interaction policy was enforced during every audit: no scrolling,
clicking, or dynamic content interaction occurred, ensuring that
both tools evaluated the page in a consistent static state.

During each execution, WAVE generated a report containing er-
rors, alerts, structural issues, and ARIA-related findings generated
a report containing accessibility issues consistent with patterns
observed in automated accessibility evaluation tools [20], while
Lighthouse produced an accessibility score and detailed audit re-
sults for contrast, ARIA usage, keyboard accessibility, and related
criteria [16]. To situate this procedure within the broader study
design, Figure 4 illustrates the complete experimental workflow,
from construction of the controlled test page and ground-truth map-
ping to repeated tool execution, detection logging, and quantitative
analysis.

3.5 Ground Truth Mapping and Evaluation
Metrics

Each issue reported by WAVE and Lighthouse was systematically
mapped to the predefined ground-truth dataset to assess detection
performance. This mapping enabled classification of tool outputs
using three standard categories:

• True Positive (TP): A reported issue that correctly corre-
sponds to a predefined violation.
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Figure 4: Overview of the controlled experimental workflow used in the study.

• False Negative (FN): A predefined violation that was not
detected by the tool.

• False Positive (FP): A reported issue that does not corre-
spond to any predefined violation.

The controlled test page was intentionally designed to minimize
false positives arising from page structure or ambiguous markup.
However, some tool-specific discrepancies may still occur due to dif-
ferences in rule implementation, interpretation of WCAG criteria,
and ARIA processing behavior [5, 7]. All mappings were manu-
ally validated to ensure consistency and accuracy. Based on these
classifications, the following evaluation metrics were defined:

• DetectionCoverage:The proportion of the forty predefined
violations detected by each tool.

• Precision:

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
• Recall:

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
• Determinism (Stability Coefficient): The proportion of
identical outputs across forty executions, where a value of
1.0 indicates perfect consistency.

• Cross-Tool Overlap: The number of violations detected by
both tools, providing insight into shared detection capability
and complementary strengths.

This evaluation framework supports systematic comparison of
automated accessibility tools and aligns with established multi-tool
benchmarking approaches in accessibility research [12, 20].

3.6 Validity Considerations
Although the study employs a controlled and reproducible design,
several validity considerations are acknowledged to contextualize
the findings.

Internal Validity. Internal validity is supported through a fixed
execution environment, consistent procedures, and a predefined
ground-truth dataset. These controls reduce confounding variables,
ensuring that observed differences primarily reflect tool behavior.
However, manual execution introduces a minor risk of human error
despite strict adherence to a no-interaction protocol.

External Validity. The results may not fully generalize to real-
world websites, which often include dynamic content, interactive
elements, and complex structures [19]. While controlled environ-
ments enable precise measurement, they do not capture the full
variability of real-world accessibility barriers.

Construct Validity. Construct validity is limited by the use of
a static test page containing forty intentional WCAG 2.1 violations.
Although these span all POUR principles, they cannot represent
the full diversity of accessibility issues, particularly those requiring
user interaction or semantic interpretation.

Conclusion Validity. The evaluation metrics (recall, detection
coverage, determinism, and overlap) provide a structured compari-
son of tool performance. However, they depend on accurate ground-
truth mapping, and some classification ambiguity may remain for
partially automatable criteria.

Tool and Browser Bias. Differences in rule coverage, WCAG
interpretation, and detection logic between WAVE and Lighthouse
may introduce systematic bias [5–7]. In addition, browser rendering
differences can affect accessibility tree generation [15]. Although
a standardized browser configuration was used, minor variability
may still occur.

4 Results
Empirical findings from forty executions ofWAVE andGoogle Light-
house on a controlled WCAG 2.1 violation test page are reported.
The analysis examines detection coverage, recall, false-negative rate,
determinism, cross-tool overlap, and performance across the four
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Figure 5: Detected WCAG 2.1 violations by POUR category
for WAVE and Lighthouse.

POUR principles, based on comparison with a predefined ground-
truth dataset of forty intentional accessibility violations.

4.1 Detection Coverage
Detection coverage measures the proportion of the forty intentional
WCAG 2.1 violations correctly identified by each tool. Table 1 sum-
marizes the total number of violations, detected violations, missed
violations, and overall coverage for both WAVE and Google Light-
house.

Table 1: Detection coverage for WAVE and Lighthouse

Tool Total Detected Missed Coverage

Violations (%)

WAVE 40 22 18 55%
Lighthouse 40 12 28 30%

WAVE achieved a higher detection coverage (55%) than Google
Lighthouse (30%), identifying a substantially larger proportion of
the intentionally injected accessibility violations. This suggests
that WAVE provides broader issue detection across the test dataset,
whereas Lighthouse demonstrates a more limited detection scope.

Figure 5 further disaggregates detected violations across the
WCAG 2.1 POUR categories. WAVE identified issues across all four
categories, with the highest counts in the Robust (10) and Perceiv-
able (8) dimensions, followed by Operable (6) and Understandable
(4). In contrast, Lighthouse detections were concentrated primarily
in the Robust category (4), with minimal detection in Perceivable
(2) and no detected issues in either the Operable or Understandable
categories.

Overall, WAVE exhibited more comprehensive coverage across
the POUR principles, while Lighthouse showed a narrower detec-
tion profile focused primarily on structural and machine-readable
accessibility checks. This pattern reflects differences in tool de-
sign: WAVE’s heuristic-based scanning approach captures a broader

range of accessibility failures, whereas Lighthouse’s rule-based en-
gine prioritizes a more constrained subset of programmatically
testable criteria.

4.2 Recall and False Negative Rate
Detection coverage was computed using the ground-truth dataset
and measured the proportion of true WCAG 2.1 violations success-
fully detected by each tool. The false-negative rate was defined as
the proportion of violations present in the dataset but not identified
by the tools.

WAVE achieved higher recall (55%) compared to Google Light-
house (30%), indicating greater sensitivity to the predefined viola-
tion set. Correspondingly, WAVE exhibited a lower false-negative
rate (45%), while Lighthouse showed a higher false-negative rate
(70%), reflecting reduced overall detection coverage across the test
dataset.

Precisionwas definedwithin the evaluation framework; however,
it was not computed in this study. This is because the experimen-
tal design did not include a systematic classification of all tool-
generated outputs into true-positive and false-positive categories.
As a result, false-positive counts could not be reliably established,
preventing the calculation of precision.

Overall, the results indicate a trade-off between detection cov-
erage and strictness of evaluation. WAVE demonstrates broader
detection across WCAG 2.1 categories, capturing a larger propor-
tion of injected violations, whereas Lighthouse produces more con-
strained outputs focused primarily on programmatically verifiable
accessibility criteria.

Table 2: Recall and False-Negative Rates for Automated Tools

Tool Recall False Negative Rate

WAVE 55% 45%
Lighthouse 30% 70%

4.3 Cross-Tool Overlap
Cross-tool overlap was quantified as the proportion of violations
detected by both tools relative to the total number of unique de-
tected violations. Out of the combined detection set, 9 violations
were identified by both WAVE and Lighthouse, corresponding to
a cross-tool overlap of approximately 29%. This overlap was pri-
marily concentrated in clearly defined accessibility issues such as
missing form labels and color contrast violations, indicating partial
agreement on strictly machine-verifiable criteria.

WAVE uniquely detected a larger number of violations, particu-
larly those related to structural and contextual accessibility issues
that require broader heuristic interpretation. In contrast, Lighthouse
uniquely identified a smaller set of issues, primarily associated with
ARIA validation and rule-based checks.

These differences reflect variations in rule implementation, eval-
uation scope, and interpretation of WCAG success criteria across
tools [5, 7]. The limited overlap suggests that the tools provide
complementary rather than redundant coverage, with each tool
capturing distinct subsets of accessibility issues.
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4.4 Determinism
Determinism was evaluated using a stability coefficient defined
as the proportion of identical outputs across forty executions per
tool. Both tools demonstrated high determinism under controlled
conditions. Lighthouse produced identical outputs across all runs,
indicating fully stable behavior. WAVE exhibited minor variability
in alert-level classification across executions; however, the set of
detected violations remained consistent. Overall, these results indi-
cate that both tools are stable under repeated evaluations, with only
minimal variation observed in non-critical classification layers.

Figure 6 presents a word cloud summarizing WCAG violation
categories detected by WAVE and Lighthouse across all runs. Term
size reflects relative frequency within the combined outputs of both
tools. Prominent terms such as “ARIA,” “Missing,” and “Contrast”
indicate frequently detected issue types, consistent with a focus on
programmatically verifiable criteria, while smaller terms represent
less frequently identified or tool-specific violations. Although qual-
itative, the visualization complements the quantitative findings by
highlighting overall detection patterns.

Figure 6:Word cloud representation ofWCAGviolation types
detected by WAVE and Lighthouse across forty runs.

4.5 Detection Across POUR Categories
Violations were grouped according to the WCAG POUR principles.
WAVE identified a greater number of issues across the Perceivable,
Operable, and Understandable categories, reflecting its heuristic-
based detection approach. In contrast, Lighthouse exhibited compar-
atively stronger performance in the Robust category, particularly
in ARIA validation and programmatic correctness checks. Despite
these differences, both tools demonstrated reduced detection ca-
pability in categories requiring contextual interpretation, which
remain challenging for automated accessibility evaluation systems.

5 Conclusion
This study evaluated the effectiveness of two widely used auto-
mated accessibility evaluation tools, WAVE and Google Lighthouse,
under a controlled WCAG 2.1 test environment containing forty
intentionally embedded Level A and AA violations. By establishing
a predefined ground-truth dataset, the study enabled systematic
measurement of detection coverage (recall-like performance), cross-
tool agreement, and output consistency—metrics that are difficult

to obtain in real-world website evaluations due to the absence of
known violation baselines.

The results demonstrate a clear difference in detection behavior
between the two tools. WAVE achieved higher detection coverage
(55%) compared to Lighthouse (30%), indicating broader detection
capability across multiple WCAG dimensions, particularly struc-
tural and content-level issues. In contrast, Lighthouse exhibited
more conservative detection behavior, focusing primarily on strictly
machine-verifiable conditions such as ARIA validation and contrast-
related checks. This difference reflects fundamental variations in
evaluation design, where heuristic-based scanning (WAVE) pro-
duces broader coverage, while rule-based auditing (Lighthouse)
prioritizes consistency in machine-verifiable conditions.

Across all analyses, both tools demonstrated consistent internal
behavior under repeated executions, with Lighthouse showing fully
deterministic outputs and WAVE exhibiting only minor variation in
classification labels. However, cross-tool overlap remained limited,
with agreement primarily occurring on straightforward violations
such as missing labels and contrast failures. This suggests that each
tool captures different subsets of WCAG violations, reinforcing
their complementary rather than substitutive roles in accessibility
assessment workflows.

A key methodological contribution of this study is the use of a
controlled violation dataset that enables computation of detection
coverage and false-negative counts. Unlike prior studies that rely
on real-world websites with unknown ground truth, this approach
provides a reproducible framework for benchmarking accessibility
tools under identical evaluation conditions. At the same time, the
study is limited by the absence of full false-positive annotation,
which prevented computation of precision and related composite
metrics such as F1-score.

Overall, the findings highlight that no single automated tool
provides comprehensive WCAG 2.1 coverage. WAVE offers broader
detection coverage, while Lighthouse provides more constrained
but stable rule-based evaluation. These complementary strengths
support the continued use of multi-tool evaluation strategies com-
bined with expert manual review to achieve more complete acces-
sibility assessment. Future work should extend this framework by
incorporating full confusion-matrix labeling, expanding the viola-
tion set to include WCAG 2.2 criteria, and evaluating additional
automated tools to further generalize findings across accessibility
evaluation ecosystems.
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A WCAG 2.1 Violations in Controlled Test Page
This appendix lists the forty intentional WCAG 2.1 violations em-
bedded in the controlled test page. Violations are organized by
POUR principles and AAA-level criteria for clarity and interpretabil-
ity.

A.1 Perceivable Violations
• P-1.1.1-1 (1.1.1 Non-text Content, Level A): Image miss-
ing alternative text.

• P-1.2.2-1 (1.2.2 Captions, Level A): Video without cap-
tions.

• P-1.3.1-1 (1.3.1 Info and Relationships, Level A): Incor-
rect heading structure (skipped levels).

• P-1.3.2-1 (1.3.2 Meaningful Sequence, Level A): Content
presented in incorrect logical order.

• P-1.4.1-1 (1.4.1 Use of Color, Level A): Information con-
veyed using color only.

• P-1.4.3-1 (1.4.3 Contrast (Minimum), Level AA): Insuffi-
cient text contrast.

• P-1.4.4-1 (1.4.4 Resize Text, Level AA): Text does not scale
appropriately.

• P-1.4.5-1 (1.4.5 Images of Text, Level AA): Image used
instead of accessible text.

• P-1.4.10-1 (1.4.10Reflow, Level AA): Fixed layout prevents
responsive reflow.

• P-1.4.11-1 (1.4.11 Non-text Contrast, Level AA): UI com-
ponent lacks sufficient contrast.

A.2 Operable Violations
• O-2.1.1-1 (2.1.1 Keyboard, Level A): Interactive element
not keyboard accessible.

• O-2.1.2-1 (2.1.2 No Keyboard Trap, Level A): Keyboard
navigation is blocked.

• O-2.2.2-1 (2.2.2 Pause, Stop, Hide, Level A): Moving con-
tent cannot be paused.

• O-2.4.3-1 (2.4.3 Focus Order, Level A): Illogical tab order.
• O-2.4.4-1 (2.4.4 Link Purpose, Level A): Link text is not
descriptive (“Click here”).

• O-2.5.3-1 (2.5.3 Label in Name, Level A): Visible label
does not match accessible name.

A.3 Understandable Violations
• U-3.1.2-1 (3.1.2 Language of Parts, Level A): Language
not specified for content.

• U-3.2.1-1 (3.2.1 On Focus, Level A): Unexpected context
change on focus.

• U-3.2.2-1 (3.2.2 On Input, Level A): Unexpected navigation
on input.

• U-3.2.3-1 (3.2.3 Consistent Navigation, Level AA): Navi-
gation structure is inconsistent.

• U-3.2.4-1 (3.2.4 Consistent Identification, Level AA):
Components labeled inconsistently.

• U-3.3.1-1 (3.3.1 Error Identification, Level A): Errors not
identified to user.

• U-3.3.2-1 (3.3.2 Labels or Instructions, Level A): Form
input lacks label.

• U-3.3.3-1 (3.3.3 Error Suggestion, Level AA): No sugges-
tions for input errors.

• U-3.3.4-1 (3.3.4 Error Prevention, Level AA): No safe-
guards for form submission.

A.4 Robust Violations
• R-4.1.1-1 (4.1.1 Parsing, Level A): Improper HTML nest-
ing.

• R-4.1.2-1 (4.1.2 Name, Role, Value, Level A): Invalid ARIA
attribute value.

• R-4.1.2-2 (4.1.2Name,Role, Value, LevelA): Non-semantic
interactive element.

• R-4.1.2-3 (4.1.2 Name, Role, Value, Level A): Missing
ARIA role.

• R-4.1.2-4 (4.1.2 Name, Role, Value, Level A): BrokenARIA
reference.

• R-4.1.3-1 (4.1.3 Status Messages, Level AA): Dynamic
updates not announced.

A.5 AAA-Level Violations
• AAA-1.2.7-1 (1.2.7 Extended Audio Description): Video
lacks extended audio description.

• AAA-3.1.5-1 (3.1.5 Reading Level): Content exceeds ac-
cessible reading level.

• AAA-3.1.6-1 (3.1.6 Pronunciation): Ambiguous pronunci-
ation not clarified.
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Abstract
Websites and online services have become essential to daily life, and
with that, guardrails in the form of privacy policies are as important
as ever to maintain user consent. However, privacy policies are one-
sided. While these policies are meticulously crafted by corporations,
the resulting documents are often dense and legally complex for
the average user. This study utilized natural language processing to
investigate the relationship between readability and the presence
of terms related to data handling. The dataset used for the analysis
included 135 privacy policies across many sectors. A disclosure
frequency score was developed using the Spacy Python library to
detect disclosures of data sharing, tracking, and sensitive informa-
tion using common keywords while also accounting for negation.
Readability was scored using the Textstat library, primarily utiliz-
ing the Flesch-Kincaid Grade Level. Statistical analysis revealed a
weak positive correlation between grade level and the disclosure
frequency score, showing that policies with possibly more invasive
data practices are more difficult to read. A Wilcoxon Signed-Rank
Test also showed that sentences containing data disclosure key-
words are significantly harder to read than the rest of the text. Our
results showed that text is less readable around data handling dis-
closures, possibly concealing important privacy disclosures from
the average user.
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• Human-centered computing → Empirical studies in HCI ; •
Applied computing → Law.
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1 Introduction
Today’s internet functions as the modern town square, exchanging
user data for services and relying on privacy policies as the legal
means for obtaining consent between corporations and users. The
current world depends on websites and applications for commu-
nication, commerce, and entertainment, making clear, accessible
data-handling agreements essential. Even though they are impor-
tant, research confirms that privacy policies remain notoriously
difficult to read for the average adult, let alone children.

the 26th Winona Computer Science Undergraduate Research Seminar, Winona, MN, US
2026.

Privacy agreements prior to the Internet usually involved two
parties establishing boundaries between private life and public ac-
tivity, with both comprehending the terms and participating in
decisions about them. Now, modern interactions between corpora-
tions and users are one-sided, where consumers can either accept
the terms or lose the service [14]. Because of this, policy lengths are
often lengthy to guarantee compliance with laws from the many
different jurisdictions. This, in turn, results in a “privacy paradox”:
a user who is interested in their privacy fails to read the policy [7].

While length is a big, if not themain, factor producing the privacy
paradox, the piece that tags right along with length is the hard-to-
read nature of the policies. As privacy policies became longer, they
also became more complex [7]. On average, a reader must have
graduated from high school or completed some college, requiring
approximately 13 to 16 years of formal education, to understand
these documents [1]. Study [7] found that although only 18.4% of
participants reported difficulty understanding policies, 55% did not
actually understand them, showing a gap between perceived and
actual comprehension.

Total text length does not increase most of the readability met-
rics’ scores, so why is there an increase in complexity as length
increases? This study set out to answer that question. As mentioned
before, policies are often quite comprehensive, especially after the
passage of the European Union’s General Data Protection Regu-
lation, which increased policy length by 325% [3]. With so many
required disclosures, this study focused on whether readability is
associated with disclosure frequency. While studies have exam-
ined readability across several sections of policies and by length,
none have specifically analyzed readability based on disclosure oc-
currence, both intra- and inter-policy. Therefore, by investigating
the relationship between disclosures and policy readability, this
study sought to fill this gap and identify new possible causes of
complexity in privacy policies.

In this study, we hypothesize that sentences containing disclo-
sure keywords have a higher Flesch-Kincaid Grade Level than sen-
tences without such keywords. We secondly hypothesize that there
is a statistically significant positive relationship between the fre-
quency of disclosure keywords and the Flesch-Kincaid Grade Level
of corporate privacy policies.

Collecting the policies immediately posed a problem due to the
lack of standardization of privacy policies worldwide. Most com-
panies publish their privacy policies as HTML pages with no way
to save them as normal text documents, so the study required a
cleaning step to allow examination of the policies. To investigate
the relationship, three variables needed to be collected for each
sampled policy: overall policy readability score, the readability dif-
ference between sentences with and without disclosure keywords,
and a custom score based on disclosure keyword frequency. To
collect these variables, Python and many of its libraries were used.
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Figure 1: Methodology Diagram

After collecting these variables, a statistical analysis was conducted
to test the study’s two hypotheses. The results of this analysis
provide further insight into how disclosure practices may affect pri-
vacy notice complexity, identifying a potential area for regulatory
change.

2 Methodology
Since 2000, the average policy length has quadrupled [15]. Length
increases coincide with new privacy policy regulations. In 2018,
the General Data Protection Regulation coincided with a 928-word
increase in the average length of policies that mention it [15]. In
2021, the average Flesch Reading Ease of privacy policies in a corpus
of more than 50000 privacy policies was around 31, comparable to
that of the Harvard Law Review. Interestingly, that score is 6 points
below 2001 and 3 points below 2011 [15]. According to [15] and [4],
scores above 60 are considered plain English, while scores below
30 are best understood by college graduates. Other studies have
confirmed that readability is well below average [4–6, 11, 15].

With the regulations came new disclosure requirements, which
explain the increase in length but not the decrease in readability
unless the increase is related to the disclosures. Study [1] shows
that different disclosure categories are very difficult to read, but it
does not compare them with the rest of the policy sample, making
it impossible to examine the relationship between disclosures and
readability. The language used in legal disclosures to describe tech-
nical activities is often complex [10], which makes the hypotheses
of this study intriguing. If the disclosures themselves are complex,
the text within and directly around the disclosure could partially
account for the policies’ advanced readability.

The methodology followed in this study is outlined in Figure 1.
Figure 1 visually maps to the following subsections to guide the
reader: the initial Data Cleaning process is detailed in Section 2.1,
the Variable Computation for our metrics is covered in Section 2.3,
and the final Statistical Testing phase is explained in Section 2.4.

2.1 Dataset
To scientifically confirm the two hypotheses, a large dataset com-
prising 153 policies was collected. The dataset spanned a wide
variety of industries. Due to the lack of standardization [2] and
companies’ reluctance to adopt standards [13], there is no template
or standard format for privacy policies. There is also no requirement
that privacy policies be in a document form. Because of those issues,
the cleaning of the dataset was challenging. The selected privacy

policies’ HTML pages were saved. Tags that are not usually part of
the body of privacy policies were automatically removed, as were
headers. From the remaining HTML, only text from components
commonly containing body text was used. Using the NLTK Python
library, the text was tokenized into sentences, preserving proper
sentence boundaries (including abbreviation recognition). Policies
exceeding 200 words were combined and saved to a JSON file.

2.2 Readability Metric
There are many popular readability metrics, and while each could
be used for this study, [5] found that they all correlate with one
another. For ease, a singular readability metric was selected: the
Flesch-Kincaid Grade Level [9]. Equation (1) is how the Flesch-
Kincaid Grade Level is calculated. The score was generated using
the Textstat Python library, which takes the given text as input and
returns the grade level. The metric is easy to understand because
the result indicates the grade level required to understand it. So,
a score of 9-12 would be high school, 13-17 would be college, and
above 17 would be postgraduate. The typical American reads at a
7th- to 8th-grade level [16].

𝐺𝐿 = .39(𝐴𝑣𝑒𝑟𝑎𝑔𝑒𝑆𝑒𝑛𝑡𝑒𝑛𝑐𝑒𝐿𝑒𝑛𝑔𝑡ℎ)+11.8(𝑆𝑦𝑙𝑙𝑎𝑏𝑙𝑒𝑠/𝑊𝑜𝑟𝑑)−15.59
(1)

2.3 Algorithm to Compute Variables
To calculate the disclosure frequency score, a Python algorithm was
created utilizing the Spacy natural language processing library. The
Python library utilized sentence boundary detection, tokenization,
and lemmatization. A set of about 15 keywords commonly included
in disclosures was used. The algorithm did more than just count
keyword occurrences. Using the spaCy library, it iterated through
the sentences. Each sentence was checked for keywords from the
categories of keywords found in Table 1. If found, a value was
added to the keyword score depending on the keyword category.
The sentence was also appended to the sentences used to calculate
the difference in readability between sentences with and without
keywords. Some jurisdictions require companies to declare what
they do not do with the data, so negation was checked using Spacy
and common negation strings. Negation, when present, resulted
in the value being subtracted rather than added. If keywords from
more than one category were used in a sentence, the keyword score
was multiplied slightly. The score was then divided by the word
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Table 1: Disclosure Keywords

Type Keywords

Sensitive Biometric, Health, Medical, Social Security, Precise Location
Data Sell, Monetize, Commercialize, Share, Transfer, Disclose

Partners Advertising, Marketing, Analytics, Brokers, Third Parties

Table 2: Shapiro-Wilk Normality Test

Variable P-Value

Reading Grade Level *0.1603
Disclosure Score *0.5937

Sentence Differences 0.0003
* Indicates a normal distribution

count and multiplied by 100 to give the final disclosure frequency
score, as shown in Equation (2). The grade level for the whole
policy and for the grouped sentences is computed at the end of the
algorithm, and all variables are saved to a JSON file.

𝐷𝐹𝑆 = (𝑘𝑒𝑦𝑤𝑜𝑟𝑑𝑠𝑐𝑜𝑟𝑒/𝑤𝑜𝑟𝑑𝑐𝑜𝑢𝑛𝑡) × 100 (2)

2.4 Statistical Analysis
With the variables now housed in an easy-to-access, easily manip-
ulated format, the next step is to run the actual statistical tests.
Both hypotheses look at the relationship between readability and
disclosure keywords. For each statistical analysis, the variables
were checked for normality using the Shapiro-Wilk test [8, 12]
before selecting a parametric or nonparametric test. The first hy-
pothesis investigated whether policies with higher disclosure scores
corresponded to a higher required grade level for understanding.
Depending on the results of the Shapiro-Wilk test, a Pearson (nor-
mally distributed) [12] or a Spearman (nonnormally distributed)
[12] rank correlation coefficient was used to evaluate the relation-
ship. To evaluate the second hypothesized relationship, a paired
t-test (normally distributed) [8] or Wilcoxon signed-rank test (not
normally distributed) [8] was employed to determine if there was
a statistical difference in grade level between text with disclosure
keywords and text without.

3 Results and Analysis
During the experimental phase of this study, specific versions of
the previously mentioned Python (v3.13.2) libraries were utilized to
compute the variables and results: NLTK (v3.9.3) for tokenization,
Textstat (v0.7.13) for readability scoring, and Spacy (v3.8.11) for
natural language processing.

3.1 Comparing Disclosure Frequency Score and
Policy Readability

To determine whether there was a significant positive relationship
between the disclosure score and grade-level readability, we first
ran the Shapiro-Wilk Normality Test on both variables (see Table 2).
Both were found to be normally distributed (p > 0.05). Because of

Table 3: Statistical Test Results

Statistical Test Test Statistic P-Value

Pearson Correlation r=0.397 *1.8235×10−6
Wilcoxon Signed-Rank W=12.000 *1.2842×10−23

* Indicates a significant result

this finding, the Pearson correlation coefficient was used (see Table
3), producing a significant positive relationship (p < 0.01) between
the disclosure score and grade-level readability, confirming the first
hypothesis. This means that as the disclosure score increases, the
policy’s estimated grade level goes up. Furthermore, the 𝑅2 value
of 0.1579 indicates that approximately 15.79% of the variance in
a policy’s reading grade level can be explained by the disclosure
score, which is weak but still significant.

This weak positive correlation is visually represented in the
scatter plot in Figure 2, where the x-axis is the Disclosure Frequency
Score of the policies, and the y-axis represents the corresponding
Flesch-Kincaid Grade Level.

Figure 2: Scatter Plot of Disclosure Frequency Score vs Grade
Level

3.2 Comparing Readability Differences Between
Policy Sentences

Determining whether there was a significant difference in estimated
grade level between sentences with and without disclosure key-
words first required running the Shapiro-Wilk Normality Test on
the differences across all policies (see Table 2). The differences were
not normally distributed (p < 0.05). Because the differences were not
normally distributed, a Wilcoxon Signed-Rank Test was carried out
(see Table 3). The result confirmed the second hypothesis, showing
a significant difference (p < 0.01) in grade level between sentences
containing disclosure keywords and those without. This shows
that sentences with disclosure keywords are, on average, harder
to read than those without. The median grade level for sentences
with keywords was 16.87, while for those without it was around
13.35, or 3.52 grade levels lower.
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Figure 3 shows this Grade Level difference. The x-axis shows the
calculated grade level, while the rows contain the data points for
disclosure sentences and nondisclosure sentences for each policy.

Figure 3: Grade Level Difference Between Disclosure and
Nondisclosure Sentences

3.3 Past Work and Limitations
Existing studies have found that the average readability of a privacy
policy is significantly worse than that of an average person. This
study also confirms that the median grade level is 14.4, about 5
points higher than the recommended grade level for accessibility
to the general population. This study extends that finding by also
establishing a significant link between disclosures and readability.

The distribution of policy grade levels is shown in Figure 4. In
the histogram, the x-axis shows the grade level bins, and the y-axis
shows the number of policies in each bin.

Figure 4: Grade Level Histogram of Policies

This study was limited by the cleaning of the unstructured
dataset, which sometimes resulted in the outright elimination of
policies due to their structure. If policies were standardized or re-
quired to be in a printable format, cleaning would be effortless. This

study also utilized a single readability score, but as noted before,
the different readability scores in another study on this topic were
found to be correlated, so this limitation is minimal. The use of
a fixed set of keywords also limited it, because there are endless
ways to disclose data handling, and a fixed list could never properly
count all of them, nor account for when they are not used as such.

4 Conclusion
The significant link between disclosure keywords and worse read-
ability suggests that privacy policies are harder to understand as
more practices are disclosed. While the results were weak, they
do not lower their significance. A user who cannot understand a
privacy policy cannot possibly be considered informed, which un-
dermines the whole purpose of privacy policies. More concerning
is the significant difference in readability between sentences that
contain disclosure keywords and those without. The 3.52 grade
level increase from sentences without them shows that sentences
with the policy’s most important details are the hardest to read,
which again raises questions about whether current policies prop-
erly inform users.

Future work could further minimize limitations by implement-
ing a more thorough cleaning process and including additional
readability metrics. Using machine learning to determine where
disclosures occur could also improve the disclosure score metric.
The differences between industries are another topic considered
but not implemented in this study, as is a custom score calculated
by large language models to compare with the readability.
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Abstract
Rust crates are concise, safe ways to abstract compilation units
in the Rust programming language. Each crate can be compiled
individually, or some may depend on others (i.e. function ‘bar‘ may
depend on crate ‘foo‘). However, there is no standardway to compile
Rust crates in a non-standard way, which targets the compilation
at embedded systems.

Existing research into this topic mostly focuses on developer
opinions. Sharma et al. discovered that developers at and around
October 2024 had mixed opinions about the state of Rust and em-
bedded systems, with only 68% of developers thinking Rust crate
support was sufficient. In addition, 92% of developers surveyed
also used C for embedded systems, and 64% of which claimed an
improvement in code safety after switching to Rust. Overall, Rust
could be more widely adopted and improved even further with
easier ways to correctly evaluate compiler options.

This paper tests the open problem P0.1 in Sharma et al., which
hypothesizes the idea of compiling a given Rust crate and its depen-
dencies using a binary constraint satisfaction algorithm to derive
the correct compilation flags. The results, while limited, suggest that
this approach is not effective in deriving correct compiler feature
flags in the current Rust ecosystem.

CCS Concepts
• Computer systems organization→ Embedded software; • Soft-
ware and its engineering → Software usability.
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1 Introduction
The Rust programming language contains many features meant to
help software developers with low-level problems that are common
in C such as type safety, use-after-frees, and in some cases unhelpful
compiler errors. In October of 2024, an annual paper detailing the
current state of Rust among software developers was released
[7] and included was a survey of embedded systems developers
focused on Rust in embedded systems. In the paper, the authors
find that existing developer support for Rust is mixed. Only 68%

the 26th Winona Computer Science Undergraduate Research Seminar, Winona, MN, US
2026.

of developers they studied answered that they found the Rust
crates support for embedded systems development sufficient. This
conclusion is furthered by two additional factors that they must
consider: larger overhead and Rust-specific bugs [4]. Another paper
showed that typically, more specialized programs utilizing Rust-
specific features take longer to compile [8]. In addition, another
paper found that the same kinds of Rust-specific compiler bugs can
affect embedded systems adoption including ones that can affect
the compilation outcomes of a developer compiling and optimizing
for an embedded system [3].

In the paper authored by Sharma et al., they brainstormed the
current open problem P0.1, which hypothesizes that creating a
binary constraint satisfaction algorithm to improve reliable non-
standard compiling in Rust would be a better way to get embedded
systems developers to adopt it. Binary constraint satisfaction prob-
lems are ways of mapping the correctness of a variable that can
only be one of two options. In this instance, a compiler flag can
either be enabled or disabled. Nemhauser and Wolsey authored a
big foundational piece of developing a model like this by exampling
integer programming and integer lattices [5]. A model developed
using these principles with modern approaches can be tested on
Cargo crates so that compiling crates for embedded systems may
be more reliable and perhaps, even faster.

Embedded projects created in Rust utilize special crate config-
urations that are known as no_std, of which the Rust compiler
compiles them, making no assumptions about the hardware it’s
running on [2]. As such, a crate marked with no_std has no API
for system-specific utilities or platform integration, and lacks the
runtime provided by Rust’s libstd [2]. This paper aims to address
the issues that may arise when compiling a given crate that sup-
ports no_std, where crates may have different flags, options, or
configurations to successfully compile using no_std.

2 Background Research
Existing research into binary constraint satisfaction algorithms
is quite extensive, mostly covering consistent improvements to
algorithms [1], [6], but doesn’t usually venture into the realm of
compiler flags. Research about Rust’s developer opinion is fairly ex-
tensive, mostly covering broad features for lots of developers, since
Rust is still an up-and-coming programming language. Problem
P0.1 from Sharma et al. supposes that converting compiler feature
flags to a binary constraint object model, then solving that using a
satisfaction algorithm could be a cleaner way to package crates in
Rust, specifically those that target embedded systems.

Given this information, this study hypothesizes that a binary
constraint satisfaction algorithmwill derive a minimal set of feature
flags for successful compilation of a given no_std Rust crate.
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3 Methodology
First, we define some terms and ideas used in this paper.

A crate is considered no_std if it contains a feature or function
that disables the standard library, such as declaring #![no_std]
or #![cfg_attr(not(feature = "std"), no_std)] in the be-
ginning of a Rust file. The former is an explicit declaration of a
non-standard Rust file, while the latter declares that if a Rust file
is compiled without standard features, switch to no_std, rather
than simply compiling without the standard library. This is most
common in crates that support both std and no_std.

“Successful compilation” is defined as the Rust package manager,
Cargo, throwing no error when attempting to check or compile a
source file. Warnings are allowed, but any step that halts compila-
tion early or fails to produce an output file is considered a failed
compilation.

A feature flag, in Rust, is a feature that can be optionally included
or excluded at compile time. For non-standard Rust code, these
features are sometimes required for Cargo to successfully check a
given program against no_std. This is because when –no-default-
features is enabled, Cargo does not use its internal build system
which normally resolves crate dependencies for the user.

Finally, the target thumbv7-none-eabiwas chosen as the no_std
target because it is one of the most widely accepted no_std Rust
targets for developers. It defines a target for a class of ARM Cor-
tex microcontrollers, namely the M3, M4, and M7 chips. ‘thumbv7‘
defines the instruction set (ARM Thumb Version 7), ‘none‘ defines
the operating system (of which there is none), and ‘eabi‘ stands for
Embedded Application Binary Interface, which defines some key
information about how variables are passed into certain registers.

Rust crates were sorted by crates that support no_std according
to a third-party website that supports crate filtering, lib.rs. The
crates were selected according to number of downloads, total de-
pendencies, and must have been marked as no_std. Crates were
hand-picked to select a diverse group of crates that were able to
be hand-compiled to test correctness. Ten crates were selected,
demonstrated in Table 1. Some crates were selected to evaluate
crate-specific constraints over general ones, like prost, which imple-
ments prost-derive and derive. Others, like nalgebra and num-traits,
were selected as a baseline to evaluate the correctness of the binary
constraint satisfaction algorithm.

Table 1: Crates, versions, required feature flags, and
monthly downloads (April 2026)

Name Version Required Features Downloads
heapless 0.9.2 None 8,198,284
embedded-hal 1.0.0 None 1,325,552
funty 3.0.0-rc2 None 11,623,208
micromath 2.1.0 None 122,658
num-traits 0.2.19 libm 40,111,275
nalgebra 0.34.2 libm, alloc 4,329,523
serde 1.0.228 alloc, derive 55,568,821
hashbrown 0.16.1 alloc, allocator-api2 125,929,757
bitvec 1.0.1 alloc, atomic 11,970,691
prost 0.14.3 alloc, prost_derive 30,828,671

Figure 1: Algorithm Flow Chart

Each of these crates has some combination of feature flags re-
quired to compile properly to no_std. This can be shown as the
following:

Let 𝐹 = {𝑓1, 𝑓2, . . . , 𝑓𝑛} be the set of feature flags for a crate. Each
crate 𝐶 has a subset 𝐹𝐶 ⊆ 𝐹 , which contains the minimum set of
feature flags required to compile under no_std.

The binary constraint satisfaction algorithm (BCSA) is built us-
ing the Python library PuLP, using the HiGHS solver. Previous
iterations of the program used Coin or Branch and Cut (CBC),
and moved to HiGHS for better performance, though they both
performed the same when comparing correctness.

Crates were checked for correctness by running the command:
cargo check –no-default-features

–target=thumbv7-none-eabi.
Running Cargo using the check feature allows Cargo to test

compilation under a set of restrictions, like using disabling the
standard library (–no-default-features) and specifying crates
to link and a target to compile for.

To perform this experiment, a Python script was created that
downloads the crates from crates.io. For each crate in the list, a
main.rs script was created to expose the crate’s functions. This
main.rswas placed in a test directorywith the crate added, then the
check command was called. Any standard error that was generated
was parsed into known feature flags (i.e. “Vec not found. . . ” →
alloc).

4 Results & Analysis
This experiment was conducted using Cargo and rustc version
1.94.1, as well as Python 3.14.4 and Poetry 2.3.4.
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Table 2: Expected features vs. derived features & compilation outcomes

Crate Expected minimal feature set BCSA derived set Compilation outcome
heapless [] [] Success
embedded-hal [] [] Success
funty [] [] Success
micromath [] [] Success
num-traits [libm] [libm] Success
nalgebra [libm, alloc] [alloc] Fail, needs libm
serde [alloc, derive] [alloc, derive] Success
hashbrown [alloc, default-hasher] [alloc, libm, default-hasher] Fail, remove libm
bitvec [alloc, atomic] [alloc] Success
prost [prost-derive, alloc] [derive] Success

Each crate was hand-selected to provide the best combination
of manual feature flag testing and complexity for the BCSA. There
are four crates that have no feature flag dependencies (heapless,
embedded-hal, funty, and micromath), one that has one depen-
dency (num-traits depends on libm), and five crates that have two
dependencies (nalgebra, serde, hashbrown, bitvec, and prost).
micromath in particular was chosen because it implements features
from libm, but does not depend on it. This requires the feature
parser to correctly identify that num-traits requires libm, but
micromath, using the same methods, requires its own implementa-
tion.

After running the Python script, any feature flag detected by
the BCSA was placed into the Cargo.toml under a dependency
header, then the compilation check was re-run. To allow the BCSA
to correctly detect all feature flags, all crates were compiled prior to
running the algorithm. Error messages from the standard error were
placed into a Python file, which matched certain messages with
associated features (i.e. Box -> alloc, Float -> libm, etc.). In addition,
a main.rs file was placed in the test’s src/ directory to expose the
crate’s API and get a true positive or negative for missing or non-
missing feature flags. This main.rswas created using ChatGPT free
tier, which uses the GPT-5.2 mini model. ChatGPT was prompted
with a crate’s functions provided and asked to create a non-standard
compliant main.rs file that uses all the features of a given crate,
then double-checked for correctness by hand.

The BCSA identifies a set of feature flags for all crates, though the
set is not always correct. During compilation testing, only eight of
ten went through the check without any errors. As shown in table 2,
we see that the set of feature flags the BCSA derives is correct 73%
of the time (11 flags derive / 15 flags to derive). All four of the crates
with empty feature flag sets (aka no feature flags required) were
100% accurate, the BCSA correctly derived libm for num-traits,
but when prompted for two or more flags the feature flag derivation
accuracy falls to 60%, and actually incorrectly assumes hashbrown
needs libm.

An interesting observation is that bitvec and prost both suc-
ceeded, despite the BCSA set not matching the expected set. This
is most likely an error in usage and input. In the case of bitvec,
atomic exists to alter the types that the code uses (u8 -> Atom-
icU8). In this case, the BCSA derived set produces a successful
compilation, but does not match the expected feature set. prost,
on the other hand, uses prost-derive to encode and decode APIs.

In this case, prost-derive provides a much nicer implementation
of prost’s API features than the default — which would be a real
hurdle that someone using this algorithm would have to overcome
and therefore the output produced is actually wrong, and so the
BCSA produces a false positive. This means that out of the 10 total
compilations, only 6 of them produced a true positive compila-
tion. Both nalgebra and hashbrown had extra or missing features,
bitvec did not detect the atomic flag, and prost produced a false
positive.

5 Conclusion
In conclusion, the results from this study provide limited evidence
supporting the hypothesis; that a binary constraint satisfaction
algorithm is a good way to derive Cargo feature flags for Rust
crates. Compared to just examining the Cargo features provided,
the BCSA provides unnecessary overhead, time to compile, and isn’t
completely accurate. It also requires a vast amount of prerequisite
mapping between errors and their feature flags, of which both could
change over time. The algorithm should not be put out entirely, as
it could work if the Rust environment changes drastically, or for
specific environments conducive to large-overhead, safe options
like this BCSA.

5.1 Limitations & Future Research
The biggest limitation of the current research is that there exists
no scope at which this current problem might be implemented
smoothly and correctly given the overhead required to make it
function. Modeling a given feature flag as a binary constraint prob-
lem is certainly more efficient than a brute-force solution, though
the differences in feature flag error detection are both verbose and
heavy. Perhaps future research could be conducted on a broader
scale, where either the overhead makes sense, or the environment
dynamically detects error to feature flag mapping, rather than hard
coding it in ahead of time. Some additional cost analysis on flags
that do not error out but add bloat (compile time, binary size, etc)
could be attempted or even a different algorithm entirely.

One smaller but important limitation is the physical implementa-
tion of an algorithm like this one. Questions like “Where in Cargo
might this be implemented?” and “What kinds of features should
we target?” should be asked before moving forward with a BCSA-
centric approach. Other things to consider would be maintaining
the features, updating standard output and error parsing, and more.
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An alternative to brute-forcing the BCSA input could be to standard-
ize Cargo input by forcing any crate dependencies to be declared
under a different, no_std header in Cargo.toml. The biggest up-
side of this approach is that it fully gets rid of one of the biggest
hurdles, but the obvious downside is that to succeed, developers
would need to collectively agree to a new Rust standard.
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Abstract
Predicting soccer match outcomes is a challenging problem due
to the sport’s low-scoring nature and the high frequency of draw
results. This study uses a historical dataset of European league
matches from 1960 to 2024 to develop and evaluate machine learn-
ing models for predicting match outcomes. Several models, includ-
ing logistic regression, decision trees, random forests, and XGBoost,
were implemented and compared.

Initial models using basic features achieved moderate perfor-
mance, with XGBoost reaching approximately 65% accuracy. To
improve predictions, team-level rolling performance features and
relative difference metrics were introduced to capture recent team
strength. The enhanced model achieved improved performance,
reaching approximately 67% accuracy.

Despite these improvements, all models consistently struggled
to predict draw outcomes, indicating the inherent uncertainty as-
sociated with such results. Overall, the results demonstrate that
while machine learning models can effectively capture dominant
patterns in soccer matches, predicting less frequent outcomes re-
mains a significant challenge and an important direction for future
research.

Keywords
machine learning, soccer prediction, classification, XGBoost, ran-
dom forest

1 Introduction
Soccer is one of the most unpredictable games in the world. This
game is also considered a low-scoring game compared with many
other sports. Across many leagues and competitions, the average
total goals per match typically ranges between approximately 2.4 to
2.7 goals per game [4]. On top of that, it also has a high rate of draw
outcomes, whichmakes prediction harder. Based on recent statistics,
about 23% of matches end in a draw, roughly one in four matches
[5]. It also has factors like player injuries and ground variance. Due
to this unpredictability, various bets are placed every year on it.
Among all these bets, most of them are not calculated, which leads
to frequent losses. To address this issue, machine learning can be
used to predict match results.

The problem of predicting soccer match results has attracted
increasing attention from researchers due to the sport’s inherent
uncertainty and the availability of large historical datasets. Tradi-
tional statistical approaches, such as Poisson and regression-based
models, have been widely used to model goal scoring and match
∗Advised by Dr. Mingrui Zhang and Dr. Trung Nguyen
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outcomes by assuming low event rates and independence between
scoring events [2]. More recently, machine learning techniques
have been applied to this problem to capture nonlinear relation-
ships and interactions among multiple match-related factors [6].
Prior studies have explored methods such as logistic regression, de-
cision trees, random forests, and gradient boosting to predict match
outcomes or goal counts, often demonstrating improvements over
simple baseline models [2]. However, despite these advancements,
accurately predicting draw outcomes remains difficult.

In addition to machine learning approaches, rating-based sys-
tems such as ELO have also been used to estimate team strength and
predict match outcomes [7]. These approaches provide a dynamic
way to track team performance over time but may not fully capture
short-term variations in team form.

In this study, soccer match result prediction is formulated as a
supervised machine learning classification problem, where histori-
cal match data are used to predict future outcomes. The proposed
approach focuses on modeling match results using machine learn-
ing algorithms while incorporating team-level performance indica-
tors. The contribution of this work lies in systematically analyzing
how these features affect predictive performance and comparing
multiple machine learning models under a consistent evaluation
framework.

1.1 Hypothesis
The machine learning model, such as decision trees and random
forests, will be able to predict match results 2% more accurately
than the baseline model, such as a regression model, on historical
European league data.

1.2 Research Question
Can machine learning models predict soccer match outcomes more
accurately than simple baseline models based on historical outcome
data?

2 Background Research
Predicting soccer match outcomes has been a long-standing prob-
lem in sports analytics due to the inherent uncertainty and low-
scoring nature of the game. Early approaches to this problem relied
heavily on statistical models, particularly Poisson-based methods,
which model the number of goals scored by each team as inde-
pendent random variables. These models are well-suited for soccer
because goals occur infrequently; however, they rely on strong as-
sumptions such as independence between scoring events and con-
stant scoring rates, which often do not hold in real-world matches
[2].
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To address these limitations, researchers have explored proba-
bilistic rating systems such as the ELO rating model, which dynam-
ically updates team strength based on past performance and match
outcomes. These models provide a more flexible representation of
team ability over time and have been shown to improve predictive
performance compared to static statistical approaches [7]. How-
ever, while ELO-based methods capture long-term team strength
effectively, they may fail to reflect short-term fluctuations in team
performance, such as recent form or temporary changes in lineup.

With the advancement of data availability and computational
power, machine learning methods have become increasingly promi-
nent in soccer prediction tasks. Logistic regression is often used as
a baseline model due to its simplicity and interpretability [8]. Deci-
sion trees extend this approach by learning hierarchical decision
rules that can capture nonlinear relationships between variables
[11]. Random forests improve upon decision trees by combining
multiple trees to reduce variance and improve generalization [1].
More recently, gradient boosting methods, particularly XGBoost,
have gained popularity due to their ability to iteratively refine pre-
dictions and handle complex interactions within structured data
[3].

Several studies have demonstrated that ensemble methods such
as random forests and gradient boosting tend to outperform simpler
models in predicting match outcomes [6, 12]. In addition, recent
research emphasizes the importance of incorporating dynamic fea-
tures that capture team performance over time. Features such as
rolling averages of goals, win rates, and goal differences provide a
more realistic representation of team strength compared to static
aggregate statistics [12]. These approaches allow models to adapt
to changes in team performance and improve predictive accuracy.

Despite these advancements, predicting draw outcomes remains
a persistent challenge. Draws occur less frequently and often result
from closely matched teams or unpredictable match conditions,
making them difficult tomodel accurately. This limitation highlights
the need for more sophisticated feature engineering and modeling
techniques that can better capture uncertainty and balance between
competing teams.

3 Methods: Research
The dataset used in this study was obtained from Kaggle and con-
tains historical European soccer matches from 1960 to 2024 [10].
The data includes information such as team identities, match results,
goals scored, match dates, and stadium-related variables.

Prior to analysis, the dataset was cleaned by removing irrelevant
attributes and handling missing values to ensure consistency and
reliability. Columns with excessive missing data or those that could
introduce data leakage, such as post-match statistics, were excluded.
Remainingmissing values in numerical features were handled using
appropriate imputation techniques.

Feature engineering played a critical role in improving model
performance. Instead of relying solely on static features such as
team names, dynamic team-level performance indicators were con-
structed. These indicators were based on rolling statistics computed
from historical match data. For each team, rolling averages of goals
scored, goals conceded, and win rates were calculated using a fixed
window of the previous matches. This approach allows the model

to capture recent form and performance trends, which are essential
in sports analytics [12].

To ensure the validity of the predictive framework, all rolling
features were constructed using only information available prior to
each match. This was achieved by shifting the data before comput-
ing rolling averages, thereby preventing data leakage and ensuring
that the model does not have access to future information during
training. Such practices are critical in time-dependent prediction
problems [9].

In addition to individual team performance metrics, relative
difference features were introduced to capture the comparative
strength between competing teams. These features include differ-
ences in win rates, goal-scoring averages, and defensive perfor-
mance between the home and away teams. Prior research suggests
that relative performance measures are often more informative
than absolute metrics when comparing competing entities [11].
Furthermore, derived features such as goal balance were included
to provide a more comprehensive representation of team strength.

The predictive models used in this study include logistic regres-
sion, decision tree, random forest, and XGBoost. Logistic regression
serves as a baseline model and provides a probabilistic interpreta-
tion of classification outcomes [8]. Decision trees model the data
through hierarchical splits, allowing for nonlinear relationships
[11]. Random forests extend this approach by combining multi-
ple decision trees to improve robustness and reduce overfitting
[1]. XGBoost, a gradient boosting algorithm, builds models sequen-
tially by minimizing prediction errors and has demonstrated strong
performance in structured data problems [3].

To improve model performance, hyperparameter tuning was
performed, particularly for tree-based and boosting models. Param-
eters such as the number of estimators, maximum tree depth, and
learning rate were adjusted to balance bias and variance. For XG-
Boost, additional parameters such as subsampling rates and column
sampling were also considered to improve generalization.

The dataset was divided into training and testing sets using a
chronological split, where 80% of the data was used for training
and the remaining 20% for testing. This approach ensures that mod-
els are evaluated on future data, simulating real-world prediction
scenarios and preventing data leakage.

Model performance was evaluated using multiple metrics, includ-
ing accuracy, precision, recall, and F1-score. Confusion matrices
were used to provide a detailed breakdown of classification per-
formance across outcome classes, namely home win (H), draw (D),
and away win (A). Receiver Operating Characteristic (ROC) curves
were also generated to evaluate the models’ ability to distinguish
between classes under different thresholds.

4 Results and Analysis
After preprocessing and feature engineering, the dataset consisted
of approximately 2,372 observations and 26 features capturing both
team performance and match context. The engineered features
included rolling performance metrics, such as recent win rates and
goal statistics, as well as relative difference features representing
the comparative strength between teams. The distribution of match
outcomes revealed a class imbalance, with home wins occurring
most frequently, followed by away wins, while draw outcomes
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Figure 1: Overview of the machine learning pipeline, including data collection, preprocessing, feature engineering, model
training, and evaluation.

represented the smallest proportion of the dataset. This imbalance
is consistent with known characteristics of soccer data and has
been noted as a challenge in prior studies [5, 12].

All experiments were conducted using Python (version 3.11),
with libraries including Pandas (version 2.0) for data preprocessing,
Scikit-learn (version 1.3) for model implementation, and XGBoost
(version 1.7) for gradient boosting. The models were implemented
using standard machine learning pipelines, and hyperparameter
tuning was performed for tree-based models by adjusting parame-
ters such as the number of estimators, maximum tree depth, and
learning rate. The dataset was divided using a chronological split,
where 80% of the data was used for training and 20% for testing.
This approach ensures that models are evaluated on future data,
which is critical in time-dependent prediction problems and helps
prevent data leakage [9].

To evaluate model performance, multiple experiments were con-
ducted comparing baseline models with progressively enhanced
feature sets. The results of these experiments are summarized in
Table 1.

Table 1: Model Comparison Results

Model Accuracy H Recall A Recall D Recall
Logistic Regression 0.50 0.55 0.50 0.10
Decision Tree 0.51 0.48 0.70 0.21
Random Forest 0.59 0.69 0.67 0.12
XGBoost 0.65 0.81 0.70 0.10

As shown in Table 1, XGBoost achieved the highest performance
among the baseline models, with an accuracy of approximately
65%, outperforming logistic regression, decision trees, and random
forests. These results are consistent with previous research demon-
strating the effectiveness of gradient boostingmethods in structured
data problems [3]. When team-level rolling features were intro-
duced, the overall accuracy did not significantly improve. However,
the inclusion of relative difference features led to a measurable im-
provement, with the final XGBoost model achieving approximately
67% accuracy. This result supports the hypothesis that relative team
performance provides more predictive value than absolute metrics.

Further insight into model performance is provided by the con-
fusion matrices shown in Figure 2.

Figure 2 illustrates the classification results for each model,
where the rows represent the actual outcomes and the columns
represent predicted outcomes. The labels H, D, and A correspond

Figure 2: Confusion matrices comparing model performance.
Rows represent actual outcomes and columns represent pre-
dicted outcomes. H, D, and A correspond to home win, draw,
and away win.

to Home Win, Draw, and Away Win, respectively. The confusion
matrices show that the models perform well in predicting home and
away wins, as indicated by the higher values along the diagonal for
these classes. However, draw outcomes are frequently misclassified
as either home or away wins. This behavior suggests that the model
struggles to identify balanced match conditions, which has been
observed in prior studies on soccer prediction [12].

To further evaluate model performance, Receiver Operating
Characteristic (ROC) curves were generated for selected classi-
fication scenarios, as shown in Figures 3 and 4.

Figures 3 and 4 show that the models achieve stronger discrimi-
native performance for home win predictions compared to draw
predictions. The ROC curve for home wins demonstrates a higher
true positive rate across different thresholds, while the curve for
draw predictions remains significantly lower. This indicates that
the model is less capable of distinguishing draw outcomes from
other classes, reflecting the inherent uncertainty associated with
such results.

Overall, these results suggest that while machine learning mod-
els can effectively capture dominant patterns in soccer match out-
comes, predicting draw results remains a significant challenge. The
improvement achieved through feature engineering highlights the
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Figure 3: ROC curve for HomeWin versus Rest classification.

Figure 4: ROC curve for Draw versus Rest classification.

importance of incorporating relative team strength, but also indi-
cates that additional features or alternative modeling approaches
may be required to further enhance predictive performance.

5 Conclusion
This study investigated the effectiveness of machine learning mod-
els in predicting soccer match outcomes using a historical dataset
spanning multiple decades. By implementing and systematically
comparing several models, including logistic regression, decision
trees, random forests, and XGBoost, this research provided a com-
prehensive evaluation of different predictive approaches for a com-
plex and inherently uncertain problem. The use of multiple models
allowed for a balanced comparison between simple, interpretable
methods and more advanced ensemble techniques, which have
been widely recognized for their effectiveness in structured data
applications [3, 8].

A central contribution of this work lies in the design and incor-
poration of team-level feature engineering techniques. In partic-
ular, rolling performance metrics and relative difference features
were introduced to capture both recent team form and comparative
strength between competing teams. These features provided a more
realistic representation of match dynamics compared to traditional
static features. The results demonstrated that while basic rolling fea-
tures alone did not significantly improve performance, the inclusion
of relative difference metrics led to a measurable improvement in
predictive accuracy. The final XGBoost model achieved an accuracy
of approximately 67%, representing an improvement of about 2%
over baseline approaches. This finding supports the hypothesis that
enhanced feature engineering can improve model performance and
aligns with prior research emphasizing the importance of dynamic
and relative features in sports prediction tasks [11, 12].

Despite these improvements, the study also revealed a significant
limitation in predicting draw outcomes. Across all models, the recall
for draw predictions remained substantially lower than for home
and away wins. This result highlights the inherent difficulty of
modeling draw outcomes, which often arise from closely matched
teams and unpredictable match conditions. Similar challenges have
been reported in previous studies, where draw predictions consis-
tently exhibit lower performance due to class imbalance and higher
uncertainty [5, 12]. The imbalance in class distribution may nega-
tively affect the model’s ability to learn patterns associated with
draw outcomes, as fewer training examples are available for this
class.

Future work could explore techniques specifically designed to ad-
dress class imbalance, such as the SyntheticMinority Over-sampling
Technique (SMOTE), which generates additional synthetic samples
for minority classes based on existing data. Incorporating such
methods may improve the model’s ability to better capture draw
outcomes and enhance overall predictive performance. In addi-
tion, exploring cost-sensitive learning or class-weighted models
may further help address this imbalance and improve classification
performance for underrepresented outcomes.

Another important contribution of this study is the methodologi-
cal framework used to ensure valid model evaluation. By employing
a chronological train-test split, the study simulated real-world pre-
diction scenarios and avoided data leakage, which is a critical consid-
eration in time-dependent datasets [9]. In addition, hyperparameter
tuning was applied to optimize model performance, particularly
for ensemble methods such as random forests and XGBoost. These
methodological choices strengthen the reliability of the results and
provide a robust foundation for future research.

Looking forward, there are several avenues for improving pre-
dictive performance in soccer match outcome modeling. One po-
tential direction is the incorporation of more granular data, such as
player-level statistics, team lineups, and injury reports, which could
provide deeper insights into match dynamics. Another promising
approach is the integration of external data sources, such as bet-
ting odds or expert predictions, which have been shown to contain
valuable information about expected match outcomes. Additionally,
advanced modeling techniques, including deep learning architec-
tures and hybrid ensemble models, could be explored to better
capture complex relationships within the data.
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In conclusion, this study demonstrates that machine learning
models can effectively capture dominant patterns in soccer match
outcomes, particularly for home and away wins. However, predict-
ing draw outcomes remains a significant challenge, highlighting
both the limitations of current modeling approaches and the inher-
ent uncertainty of the sport. The findings of this research contribute
to a deeper understanding of soccer prediction and provide a foun-
dation for future work aimed at improving model performance
through enhanced feature engineering and data integration.
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Abstract
This study investigates whether incorporating FinBERT based news
sentiment analysis into a Long Short-Term Memory (LSTM) neural
network improves its risk adjusted intraday trading performance.
Twomodels were trained on five-minute bar data for seven different
stocks that spanned from 2018–2026. The baseline model used
24 technical features whereas the sentiment enhanced model had
25, with FinBERT score being the only difference. Walk-forward
validation across five folds was used to prevent look ahead bias
when testing the models. Results showed that sentiment improved
the Sharpe ratio on four of the seven tickers, with the strongest
gains being high volatility, news driven stocks (+3.26 TSLA & +2.27
AAPL), and the negative gains on macro driven stocks (-2.80 JNJ
& -1.21 SPY), which suggest that FinBERT inclusion thrives on
individual company news that has high price impact.

Keywords
LSTM, FinBERT, intraday trading, sentiment analysis, stock trading,
walk forward validation

1 Introduction
Stock price predictions have remained one of the most complex
problems in the financial field. This is primarily due to market ran-
domness and the many human factors that influence price fluctua-
tions. Things like the Efficient Market Hypothesis believe that stock
prices follow a random walk pattern that makes their movements
unpredictable based purely on historical data. This randomness is
then further amplified by events such as COVID-19, which produce
abnormal market behavior. Advances in neural network models
have given us new approaches to combat this randomness. Long
Short-Term Memory networks are particularly well suited for this
use because their memory cells can retain temporal dependencies
across long sequences, allowing the models to draw conclusions
on hours of prior data while also responding to the short-term
dynamics [7].

Stock price prediction methods have changed and evolved in
correlation with technology over the past few decades. Early ap-
proaches used things like statistical models that assumed relation-
ships in price data were linear. These struggled with non-stationary
behavior of financial markets that newer methods do not. Eventu-
ally, machine learning would improve these models by capturing
the nonlinear patterns in historical price data. One of the most
recent advances in methods used is deep learning architectures
such as LSTM networks. Strong results using these networks have
been shown through running tests on sequential financial data [7].
These advances shifted the methods being used from rule-based
trading to data driven models that are now capable of adapting to

changes seen in market data. The next advancement on the rise is
the inclusion of sentiment analysis [3, 4].

Sentiment analysis is another approach that has emerged as a
complementary tool in stock trading. Research has shown that
investor beliefs about a company’s future have a direct effect on
buying and selling behavior, so something like media negativity
correlates with downward trends in the market [3]. However, sen-
timent analysis alone has been shown to underperform historical
stock data. Without some sort of price context to correlate the sen-
timent scores too, it cannot accurately generate tradable signals.
This study investigates whether combining the sentiment scores
from FinBERT with technical price features in an LSTM model will
improve risk adjusted trading performance, as well as whether or
not the effect differs between high volatility stocks, news driven
stocks, and stable macro driven assets.

1.1 Hypothesis
Integrating FinBERT sentiment analysis into an LSTM stock trad-
ing model will improve the risk adjusted performance (Sharpe
Ratio) compared to a purely technical indicator baseline model,
with differing amounts of improvement between high volatility,
news sensitive, and stable macro driven stocks.

1.2 Research Questions
• Will the LSTM model with FinBERT sentiment scores have a
higher walk forward Sharpe ratio compared to the baseline
across all seven stocks?

• Will the type of stock (high volatility, news driven, andmacro
driven) play a role in how the FinBERT scores positively
or negatively affect the overall performance and to what
degree?

2 Background Research
Stock prediction has advanced throughmultiple different eras. Early
on, statistical approaches assumed linear relationships in price data,
which caused them to struggle with the non-stationary aspect of
financial markets. The advancement of machine learning brought
models capable of capturing the nonlinear patterns, which were
then advanced further by deep learning networks like LSTM [4].
What differentiated these networks from previous methods was that
they are able to retain temporal dependencies across long periods of
time [7]. Implementation of sentiment scores has begun to become
more popular as a sort of addition to the technical data approaches
already in place.

Mittal and Goel [6] showed that public mood and stock market
movements are correlated through the use of Twitter sentiment.
They also showed that sentimental data alone underperforms when
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used without historical price data. This finding of theirs made a
huge impact on the design of this study, combining technical fea-
tures with sentiment scores rather than testing on them separately.
Wu et al. [7] introduced the S_I_LSTM framework, which combined
multiple data sources, including sentiment scores with LSTM net-
works, and showed that qualitative sentiment signals combined
with quantitative price data produce stronger predictions than ei-
ther of them on their own.

Gu et al. [4] focused their study on FinBERT-LSTM architectures,
which found that FinBERT’s finance pretraining made it more effec-
tive than general-purpose models like VADER for financial news.
This is why this study used FinBERT over other models like VADER.
Das et al. [3] showed that sentiment effects tend to be asset specific
and strongest for individual stocks with high new coverage by pro-
viding a survey of sentiment augmented stock prediction methods.
This is similar to the findings shown in this study. Gülmez [5] gave
insight into how critical it is that you be careful with hyperparam-
eter tuning for LSTM performance, which is why Optuna was used
to do an automated search.

Overall walk forward validation has been shown to be more
realistic as an evaluation approach than other methods like single
train/test splits when it comes to financial machine learning [1, 2].
Since financial data isn’t stationary and the fact that a model trained
on one periodmay fail in another, walk forward validation addresses
this issue by training on expanding historical windows and then
testing on consecutive future periods to better simulate a real-world
trading environment.

3 Methodology
3.1 Data Collection
Five-minute OHLCV (open, high, low, close, volume) bar data was
collected for seven different stocks (SPY, TSLA, NVDA, MSTR,
AAPL, MSFT, and JNJ) using Alpaca’s paid market data API which
spanned from January 2018 through March 2026. Data was origi-
nally stored in CSV files, then eventually switched to Parquet files.
SPY was used both as a ticker and as a deciding factor in the trading
of the other stocks. Since SPY is an ETF that tracks the S&P500, I
decided that if the price is above (bullish) the past 50-day exponen-
tial moving average (EMA), then buy/sell signals can be done for
other stocks, but if it is below (bearish), then all buy/sell signals are
put to a halt and set to hold. News headlines for each ticker were
fetched using Alpaca’s paid news API.

3.2 Feature Engineering
Both models share 24 technical features gathered from OHLCV
data, volatility, trend direction, volume behavior, trend direction,
temporal context, and price momentum. The sentiment analysis
enhanced model adds one additional feature, which is the FinBERT
sentiment score fromfive-minute bars. Figure 1 below shows feature
importance averaged across all 7 tickers. The higher the score, the
more important the feature is.

3.3 Model Architecture
Both models use the same neural network structure. The network
is made up of one to three LSTM layers stacked on top of one
another so that each layer passes what it has learned to the next

Figure 1: Feature Importance across all seven tickers. Model
1 (Blue – No Sentiment), Model 2 (Orange – Sentiment In-
cluded). The higher the value, themore important the feature
is.

layer. After the LSTM layers, the data then goes through a set of
processing steps before reaching the final output layer, which then
produces one of the three trading decisions (BUY, SELL, HOLD).
One of the most important steps used was batch normalization.
What this does is basically keep the numbers inside the network
in a consistent range during training so that abnormalities like the
large swings of 2020–2022 would not have such a drastic effect on
the training. This helps the models continue to learn stable patterns
without these major discrepancies. Hyperparameters were then
tuned individually per ticker using an automated hyperparameter
search.

3.4 Walk Forward Validation
Across five folds, a walk forward scheme was used because of the
effects shown in prior research [1, 2]. Each fold was trained on all
of the data up to a point where it was cutoff and then evaluated on
the next two-week window, which expanded each fold. In use cases
like this, walk forward is preferred over k-fold since k-fold defies
temporal ordering which could cause training on future data. Early
stopping was implemented with a patience of five epochs to watch
the Sharpe ratio. A final version of the model was then trained on
the full 85% of the data supplied.

3.5 Backtesting
A custom backtest evaluated the final version of the models on
the remaining 15% of data. Each ticker’s stop losses were set by
a volatility percentage, which was 2% for SPY, MSFT, AAPL, JNJ,
then 4% for NVDA, TSLA, and lastly 8% for MSTR. SPY was then
used as a sort of lock that was only set when the price was below
its 50-day EMA. Each model simulation was given $10,000 to start
with and the models traded their signals by entering long on BUY,
exiting on SELL or stop loss, holding through HOLD, and no sort
of short positions.
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4 Results and Analysis
The results are shown in two different metrics. The first being
walk forward Sharpe ratio, which measures the out of sample risk-
adjusted performance across the full 2018–2026 dataset. Then the
other being the backtest return on the held out 15% of data, which
spanned from early 2025 through March of 2026. These two com-
bined give us a complete picture of the results. Walk forward Sharpe
shows consistency across market regimes, whereas the backtest
shows performance on completely unseen recent data.

4.1 Implementation Details
All of the models were created in Jupyter Notebook using PyTorch
for the LSTM network, pandas and NumPy for data and feature
engineering, and Optuna for the hyperparameter tuning. FinBERT
sentiment scores were then generated using a pretrained model.
Hyperparameters tuned, which included the batch size, number of
LSTM layers, hidden size, dropout rate, and sequence length, each
of them optimized for walk-forward Sharpe ratio. Early stopping
was also included with a patience of five epochs.

4.2 Walk Forward Sharpe Ratio
Table 1 summarizes walk forward Sharpe ratios and returns for
both models across all seven tickers. All of the Sharpe values are
annualized, which means they show performance over a full year. A
Sharpe ratio that is above 1.5 is generally considered good or strong
since it indicates the strategy generates good returns relative to the
risk it is taking on.

Model B (sentiment enhanced) outperformed Model A on four
of seven tickers, those being TSLA (+3.26 Sharpe), NVDA (+0.14),
MSTR (+0.11), and AAPL (+2.27). Model B underperformed on SPY
(-1.21), MSFT (-0.67), and JNJ (-2.80). The average Sharpe was 5.563
for Model A and 5.720 for Model B. The pattern shown from this is
that sentiment gains are heaviest on individual stocks with high
media coverage, like TSLA or AAPL, which is to be expected since
they have more to score on. Then the smallest or negative scores are
either macro-driven, such as JNJ or ETFs like SPY. Figure 2 below
shows these results visually.

4.3 Backtest Results
Table 2 shows the backtest results on the 15% of data left out of the
testing period. This period of time included quite a volatile span
across technology and stocks related to cryptocurrency during early
2025.

Four of the seven tickers showed positive returns that beat out
the buy and hold. What buy & hold is showing is if the model had
bought the stock and held on to it for the entire period. NVDA
stood out the most at +53.9% for both models versus the buy & hold
at +24.3%. AAPL’s sentiment model then showed +11.3% versus
the buy & hold’s +6.9%, which is consistent with the walk forward
findings. SPY also beat the buy & hold at +10.6% versus +8.7%. JNJ
returned +48.8% but underperformed its +67.3% buy & hold, which
suggests that the model was too slow with its entry timing. TSLA
and MSFT were both negative, which reflects the volatile span with
the difficult market conditions mentioned prior. Figure 3 below is a
visual representation of these results.

Figure 2: Walk Forward Sharpe Ratio – Model 1(A) vs Model
2(B) across all seven of the tickers. Dotted lines show Sharpe
= 1.0 (acceptable) and 1.5 (good) thresholds.

Figure 3: Backtest Total Return – Model 1(A) vs Model 2(B)
vs Buy & Hold across the 15% held out test period.

4.4 MSTR and TSLA Analysis
MSTR’s -84.2% return came from the models, 21 stop-loss triggers at
-8% with a 0%-win rate. This was not necessarily a model failure, but
instead just a result of MSTR’s drastic downward trend that lasted
the entire testing period, and we can see this by the buy % hold
being a 70% loss. The model continued to find temporary recoveries
as entry signals only for the downward trend to continue on and
trigger the stop that is put in place. Then TSLA’s -18.7% return
despite it’s high walk forward Sharpe of 3.156 shows that it was a
tough period for trading on this stock. In 2025 and still going into
2026, TSLA faced a large political and brand backlash because the
model was not trained on, so it struggled. This is where something
like consistent day-to-day or week-to-week training plays a large
role in real time trading with models such as these.
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Table 1: Walk forward Sharpe ratios and returns. Returns are combined averages across all five folds.

Ticker M1 Sharpe M2 Sharpe M1 Return M2 Return Winner

SPY 6.170 4.959 +13.1% +11.4% Model 1
TSLA 3.156 6.417 +0.9% +19.2% Model 2
NVDA 6.366 6.510 +23.3% +24.6% Model 2
MSTR 7.420 7.525 +48.9% +48.1% Model 2
AAPL 4.588 6.859 +13.9% +17.2% Model 2
MSFT 5.219 4.549 +14.4% +11.9% Model 1
JNJ 6.019 3.223 +20.6% +12.2% Model 1
Avg 5.563 5.720 +19.5% +19.2% Model 2

Table 2: Custom backtest results on held out test period (early 2025–March 2026).

Ticker M1 Return M2 Return B&H Return M1 Trades M2 Trades

SPY +10.6% +7.8% +8.7% 3 3
TSLA -18.7% -19.2% +2.3% 4 9
NVDA +53.9% +53.9% +24.3% 1 1
MSTR -84.2% -82.1% -70.0% 21 20
AAPL +9.1% +11.3% +6.9% 7 6
MSFT -15.5% -14.8% -12.7% 7 6
JNJ +48.8% +42.2% +67.3% 4 6

4.5 Sentiment Impact
Figure 4 shows the Sharpe delta (Model 2(B) –Model 1(A)) per ticker.
This value reinforces the previous data that showed sentiment
analysis helps when company news drives price actions (TSLA
+3.26, AAPL +2.27, NVDA +0.14, MSTR +0.11) and hurts when the
stock responds mainly to macroeconomic variables (JNJ -2.80, SPY
-1.21, MSFT -0.67). This is not only consistent with our other data
but also with similar studies that showed sentiment signals are
most valuable when a single company’s news flow plays a large
role in short-term price actions.

Figure 4: Sentiment Impact – Sharpe Delta (Model 2(B) –
Model 1(A)) per ticker. Orange = sentiment helped & blue =
sentiment hurts.

5 Conclusions
This study investigated whether FinBERT news sentiment improves
LSTM tradingmodel performance compared to a baseline using only
technical indicators. The results show that there is a clear pattern
where sentiment scores play a part in improving the Sharpe ratio
for high volatility, news sensitive stocks (TSLA +3.26, AAPL +2.27)
and lowering it for macro-driven assets (JNJ -2.80, SPY -1.21). Model
B outperformed Model A on four of the seven tickers with a higher
average walk forward Sharpe value (5.720 vs 5.563). FinBERT’s
finance focused pretraining was shown to be beneficial by the
consistent results across the stocks tested on. The five-fold walk
forward scheme used was needed to prevent any sort of overfitting
that might come from using only a single train/test split on non-
stationary financial data.

The next step in this study would be to implement the two
models into a framework that uses Alpaca’s paid paper trading API.
Then running both models simultaneously on separate accounts but
identical conditions to provide a direct look into a real-world trading
environment that lacks any sort of simulations or anything that can
be seen as a bias or advantage. Once that was tested enough, I would
then only apply the FinBERT scores to stocks that it has shown
to add value and leave it out for those where it didn’t or harmed
the return. One way the sentiment analysis could be strengthened,
which was left out of this study because of the requirements of paid
subscriptions, is to include social media (reddit, twitter), SEC filings,
and earnings call transcripts that are publicly available. One last
step that could be done is testing on different environments, like
day-to-day and week-to-week, to see if sentiment scores benefit
more in a faster paced setting or more so something like portfolio
management over long periods of time.
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Abstract
Accurate detection of mitotic events in time-lapse microscopy is
important for quantitative analysis of cell proliferation, but remains
challenging in DNA fluorescence imaging because mitotic events
are sparse, short-lived, and visually heterogeneous. In this study,
mitosis detection is formulated as a spatiotemporal event localiza-
tion task, in which each event is represented by its spatial center
and supervised using Gaussian heatmaps rather than dense masks.
Short-term temporal context is incorporated by stacking consecu-
tive frames as input to a lightweight U-Net-based network. The pro-
posed framework combines patch-based training with full-image
inference. During training, event-centered patches are sampled to
improve learning efficiency under limited annotation. During in-
ference, full-resolution images are processed using an overlapping
tile-based strategy, and candidate mitotic locations are recovered
from the predicted heatmaps through local maxima detection fol-
lowed by non-maximum suppression. Experiments were conducted
to evaluate the effects of Gaussian scale, temporal window con-
struction, and inference calibration. On the validation split, the
proposed method achieved a precision of 0.579, a recall of 0.657,
and an F1 score of 0.616, with a mean localization error of 1.87
pixels. These results suggest that center-based heatmap supervi-
sion can provide useful localization cues under sparse annotation,
although false-positive suppression remains a major challenge in
full-image inference.

Keywords
Mitosis detection, spatiotemporal event localization, fluorescence
microscopy, Gaussian heatmap supervision, U-Net.

1 Introduction
Mitosis is a central process in cell division and is closely related
to abnormal proliferation in cancer. Accurate detection of mitotic
events in microscopy data can support the quantitative analysis
of cell behavior, proliferation dynamics, and disease-related cellu-
lar abnormalities [10, 11, 14, 18]. However, in DNA fluorescence
time-lapse microscopy, mitotic events are difficult to identify auto-
matically because they are sparse, short-lived, and visually hetero-
geneous across frames [2, 10, 17, 18]. As a result, manual annotation
is labor-intensive and difficult to scale, particularly for long image
sequences and datasets with limited labels [7, 10, 18].

Recent deep learning methods have improved mitosis detection
and related microscopy analysis tasks [3, 7, 11, 13]. Many existing
approaches formulate the problem as dense segmentation or general
object detection. Although these formulations have been successful

in related biomedical imaging applications [6, 12, 16, 20], they often
depend on dense supervision, such as pixel-level masks or bounding
boxes, which is costly to obtain for sparse cellular events [3, 7, 11].
In addition, methods that process frames independently do not
explicitly capture the short-term temporal evolution of mitosis,
even though the appearance of dividing cells changes over time [15,
17, 18]. These limitations suggest the need for a simpler and more
annotation-efficient formulation for mitotic event detection in time-
lapse microscopy.

In this study, mitosis detection is formulated as a spatiotempo-
ral event localization task rather than a dense prediction problem.
Each mitotic event is represented by its spatial center and super-
vised using Gaussian heatmaps, which reduces annotation com-
plexity while preserving localization information [21]. Short-term
temporal context is incorporated by stacking consecutive frames
as input to a lightweight U-Net-based network [12, 15]. To sup-
port deployment on high-resolution microscopy data, the proposed
framework combines patch-based training with a full-image infer-
ence pipeline based on tiled prediction, local maxima detection, and
non-maximum suppression.

The main contributions of this work are threefold. First, an event-
centric framework is introduced for mitosis localization in DNA
fluorescence time-lapse microscopy using center-based Gaussian
heatmap supervision and stacked-frame input. Second, an end-to-
endworkflow is established that connects patch-based training with
deployment-time full-image inference. Third, the framework is eval-
uated through both training-stage ablation studies and inference-
stage validation experiments. The results show that the proposed
approach can learn useful mitotic localization cues, while also iden-
tifying false-positive suppression as a key challenge in full-image
inference.

2 Related Work
Deep learning has improved mitosis detection in microscopy im-
ages, especially in cases where handcrafted features are not flexible
enough to handle the large visual variation of dividing cells. In time-
lapse microscopy, the problem is also inherently temporal: mitotic
events are sparse, but their appearance changes over neighboring
frames rather than within a single image alone [2, 10, 11, 17–19].
For that reason, recent studies have looked beyond static image
analysis and explored models for event detection, stage recognition,
and temporal refinement [2, 7, 10, 11].

Convolutional neural networks have played a central role in this
progress and have become a standard tool in biomedical image anal-
ysis [4, 6, 8, 12]. U-Net and related encoder-decoder architectures
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are particularly relevant here because they combine contextual
feature extraction with relatively precise localization through skip
connections [6, 12]. These models have been used widely in medical
and microscopy imaging, mostly in segmentation-style settings,
and practical tools such as Cellpose and ZeroCostDL4Mic further
illustrate the broad adoption of deep learning in microscopy work-
flows [16, 20].

Temporal modeling has usually been introduced through re-
current designs such as CNN-LSTM or ConvLSTM [15, 17]. Such
models are well suited to mitosis detection because a dividing cell
can often be recognized more reliably when adjacent frames are
considered together rather than in isolation [17, 18]. At the same
time, recurrent models add training and implementation complex-
ity, which can become a disadvantage when the dataset is relatively
small or the annotation is limited [15, 17].

However, many existing formulations may be unnecessarily com-
plex for sparse mitotic localization. Segmentation methods often
assume pixel-level masks, and general detection frameworks usu-
ally depend on bounding boxes [3, 7, 11, 13]. For small cellular
events, neither form of supervision is ideal. More recent center-
based methods suggest a simpler alternative: represent the target by
its center and learn a spatial confidence map around that point [21].
That idea fits the present task well. In this study, mitosis is treated
as an event-centered localization problem, with Gaussian heatmaps
used for supervision and stacked frames used to provide short-
range temporal context. This keeps the formulation simpler than
recurrent sequence models while still preserving the spatial and
temporal information needed for localization.

3 Methodology
Fig. 1 summarizes the overall framework used in this study. The
pipeline consists of two stages: patch-based model training and full-
image inference. During training, short windows of consecutive
DNA fluorescence frames are stacked and fed to a U-Net-based net-
work, while annotated mitotic centers are converted into Gaussian
heatmaps for supervision. This training setup keeps the problem
local and computationally manageable, which is useful when anno-
tations are limited and mitotic events occupy only a small portion
of the full image. At inference time, the trained model is applied to
full-resolution microscopy frames through overlapping tiled predic-
tion. The tile-level heatmaps are merged into a full-image response
map, and candidate mitotic locations are then extracted by local
maxima detection followed by non-maximum suppression.

After the overall workflow is introduced in Fig. 1, it is useful to
examine the appearance of the raw microscopy data itself. Fig. 2
provides an example of the raw microscopy data and highlights the
sparsity, small size, and visual variability of mitotic events in the
full-image setting.

3.1 Problem Formulation
The task in this study is to localize mitotic events in DNA fluores-
cence time-lapse microscopy by predicting their spatial centers in
individual frames. Instead of treating mitosis detection as a dense
segmentation problem or a general object detection problem, the
method represents each event as a sparse spatiotemporal point.
This representation is better suited for the present task because

mitotic targets are small, visually variable, and costly to annotate
with full masks or bounding boxes [7, 11].

Let a time-lapse sequence be written as a set of grayscale image
frames,

{𝐼𝑡 }𝐹𝑡=1, (1)
where 𝐹 is the number of frames and each 𝐼𝑡 ∈ R𝐻×𝑊 denotes a
two-dimensional image of height 𝐻 and width𝑊 . Let

E = {(𝑥𝑖 , 𝑦𝑖 , 𝑡𝑖 )}𝑁𝑖=1 (2)

denote the set of annotated mitotic events, where (𝑥𝑖 , 𝑦𝑖 ) is the
spatial center of the 𝑖-th event and 𝑡𝑖 is the frame in which that
event is labeled.

Given a short temporal window of consecutive frames, the model
predicts a spatial confidence map for an anchor frame, with higher
responses indicating locations that are more likely to contain mi-
totic centers. These discrete point annotations are then converted
into dense supervision through Gaussian heatmaps, as described in
the next subsection.

3.2 Heatmap Representation
Sparse point annotations were converted into Gaussian heatmaps
to provide spatial supervision for training. Using a single positive
pixel at the annotated center would make the target too sharp and
fragile, especially for small localization errors. A Gaussian target
gives a smoother signal around the event center and preserves local
spatial structure, which is more suitable for mitotic localization
than direct point labeling. In this setting, the goal is to identify the
most likely center of a mitotic event rather than recover its full
extent [7, 11, 13, 21].

The model learns a mapping from a short temporal input window
to a spatial confidence map,

𝑓𝜃 : {𝐼𝑡 }𝑘+𝑇−1
𝑡=𝑘

→ 𝑌𝑘 , (3)

where𝑌𝑘 is the predicted heatmap for the anchor frame. For each
frame, the ground-truth heatmap is constructed from the annotated
mitotic centers in that frame as

𝑌𝑘 (𝑥,𝑦) = max
𝑖 :𝑡𝑖=𝑘

exp
(
− (𝑥 − 𝑥𝑖 )2 + (𝑦 − 𝑦𝑖 )2

2𝜎2

)
, (4)

where (𝑥𝑖 , 𝑦𝑖 ) denotes the center of the 𝑖-th annotated mitotic
event and 𝜎 controls the spatial spread of the target response.
Smaller values of 𝜎 produce sharper targets, whereas larger values
yield smoother and more tolerant responses. In this study, 𝜎 was
treated as a tunable hyperparameter and examined in the ablation
experiments.

Fig. 3 shows an example of the heatmap representation used
in this work. By replacing discrete point labels with continuous
confidence maps, the model is encouraged to learn not only the
event center itself, but also the local spatial pattern around it. These
heatmaps serve as the supervision targets for the network described
below.

3.3 Network Architecture
The model uses a U-Net-based encoder-decoder architecture to
predict mitotic localization heatmaps from short temporal win-
dows. Consecutive grayscale frames are stacked along the channel
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Figure 1: Overview of the proposed spatiotemporal mitosis detection framework, including patch-based training with Gaussian
heatmap supervision and full-image inference through tiled prediction, peak extraction, and non-maximum suppression.

dimension and provided as input, so the network can use both spa-
tial appearance and short-range temporal context within a single
forward pass. The encoder extracts multiscale features through
repeated convolution and down-sampling, while the decoder pro-
gressively restores spatial resolution. Skip connections are used to
preserve fine localization cues that might otherwise be weakened
during down-sampling. The final output is a dense confidence map
for the anchor frame, with higher responses indicating locations
that are more likely to correspond to mitotic centers.

A U-Net-style architecture was chosen because the task requires
both contextual interpretation and precise localization. Mitotic
events are small relative to the full microscopy frame, but their
local appearance alone is often not sufficient to separate them from
visually similar background structures. The encoder-decoder design
helps address this by combining broader contextual features with
higher-resolution spatial information [6, 12].

Temporal information is introduced through stacked-frame input
rather than a recurrent sequence model. This keeps the architecture
simpler and easier to train while still allowing the network to use
appearance changes across neighboring frames [15, 17]. In this
study, the first frame in each temporal window is used as the anchor
frame for supervision and prediction.

3.4 Training Objective
The network is trained to produce a spatial response map that
matches the Gaussian supervision target for the anchor frame. Let
𝑌 denote the ground-truth heatmap and 𝑍 the predicted heatmap

logits produced by the network. Because dense heatmap predic-
tion is highly imbalanced, positive-region weighting was used to
emphasize annotated mitotic regions during training. [9]. The train-
ing objective is defined using weighted binary cross-entropy with
logits,

LBCE = −
∑︁
𝑥,𝑦

[
𝑤 (𝑥,𝑦)𝑌 (𝑥,𝑦) log𝜎 (𝑍 (𝑥,𝑦))

+ (1 − 𝑌 (𝑥,𝑦)) log(1 − 𝜎 (𝑍 (𝑥,𝑦)))
]
,

(5)

where𝑤 (𝑥,𝑦) is the positive-regionweight and𝜎 (·) here denotes
the sigmoid activation.

This objective was used because the target is a dense heatmap
rather than a binary mask or an object boundary map. The model is
therefore encouraged to assign stronger responses near annotated
mitotic centers and weaker responses elsewhere.

A practical difficulty is that the target heatmaps are highly sparse.
Only a small region around each annotated center carries positive
signal, while most pixels belong to the background. Without com-
pensation, the loss would be dominated by easy negative pixels. To
reduce this imbalance, positive regions were weighted more heavily
than negatives during training. In practice, this made optimization
more stable and helped the model learn stronger responses around
true mitotic centers while suppressing irrelevant background acti-
vations.
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Figure 2: Example DNA fluorescence microscopy frame illus-
trating the sparse and visually heterogeneous appearance of
mitotic events in full-resolution images. Red circles indicate
metaphase examples, and blue circles indicate anaphase ex-
amples.

3.5 Training Strategy
Trainingwas carried out on image patches rather than full-resolution
frames. Each sample consisted of a short temporal window of con-
secutive grayscale frames cropped from the same spatial neighbor-
hood, with the supervision target defined on the anchor frame. This
patch-based setup reduced memory cost and kept the model fo-
cused on local mitotic patterns, which occupy only a small portion
of the full microscopy image.

Different temporal sampling strategies were explored during
model development. One used a fixed first-𝑇 formulation, in which
the earliest frames associated with an event were used to construct
a training sample. The other used a sliding-window formulation,
which generated multiple temporally overlapping samples from
the same event sequence. In the final configuration, the sliding-
window strategy was adopted because it provided broader coverage
of short-term mitotic dynamics during training.

To reduce positional bias, random spatial jitter was introduced
during patch extraction so that the annotated event did not always
appear at exactly the same image location. Standard augmentations,
including flips and intensity variation, were also applied to increase
appearance diversity.

The training set used a mixed sampling strategy with positive
patches, randomly sampled negative patches, and hard negative
examples. In total, the training data included 798 positive samples,
1596 random negatives, and 559 hard negatives, for 2953 samples
overall. The hard negatives were included to expose the model
to visually confusing non-mitotic structures that could otherwise

Figure 3: Examples of heatmap-based supervision and pre-
diction for mitotic event localization. From left to right:
input microscopy patch with annotated center, ground-
truth Gaussian heatmap, predicted heatmap, and ground-
truth/prediction overlay.

lead to false positives during full-image inference. The validation
patch set contained 313 samples, all centered on annotated positive
events.

3.6 Inference and Post-Processing
Because themodel was trained on patches, inference on full-resolution
microscopy frames was performed with an overlapping tile-based
strategy. Each image was divided into tiles with 96-pixel overlap,
and the trained network was applied to each tile separately. The
resulting tile-level heatmaps were then merged into a full-image
response map. Pyramid blending was used during this step to re-
duce boundary artifacts and produce smoother transitions between
overlapping regions.

Candidate mitotic locations were extracted from the merged
heatmap by local-maximum-based peak detection. Responses with
scores below 0.28 were discarded. Local maxima were computed
with a kernel size of 50 pixels so that weak nearby responses would
not generate multiple closely spaced peaks. After peak extraction,
non-maximum suppression was applied with a radius of 30 pixels
to remove redundant neighboring detections. The remaining peaks
were taken as the final mitotic coordinates for that frame.

This post-processing pipeline converts dense heatmap predic-
tions into a set of discrete event locations. In practice, full-image
performance depended not only on the quality of the predicted
heatmap, but also on how these responses were filtered and consol-
idated during inference.
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Table 1: Main ablation variables and inference calibration set-
tings used to evaluate the proposed mitosis detection frame-
work.

Component Variants / Values Tested Purpose

Gaussian scale (𝜎 ) 3, 4, 5, 6 Evaluate heatmap
spread sensitivity

Temporal window size
(𝑇 )

2, 3, 4, 5 Assess short-term tem-
poral context

Temporal sampling
strategy

first-𝑇 , sliding Compare window con-
struction methods

Training sample com-
position

798 positive, 1596 random
negative, 559 hard negative
samples

Improve robustness and
reduce false positives
during inference

Patch size 256×256 Enable efficient local
training on high-
resolution microscopy
data

Inference mode Overlapping tile-based pre-
diction

Support deployment on
full-resolution frames

Tile size / overlap 256×256 / 96 pixels Balance spatial coverage
and boundary stability
during inference

Score threshold 0.15, 0.18, 0.23, 0.25, 0.28, 0.30,
0.35

Calibrate inference peak
selection

Fixed inference param-
eters

local max kernel = 50, NMS
radius = 30

Stabilize post-
processing

3.7 Experimental Setup and Ablation Design
The framework was evaluated through both training-stage abla-
tion studies and inference-stage validation experiments. The main
variables considered in this study are summarized in Table 1. Some
of these settings affect how the model learns from patch-based
supervision, whereas others determine how full-image heatmap
responses are converted into final mitotic coordinates at inference
time.

During model development, the main training-side variables
were the Gaussian scale used to generate supervision targets, the
temporal window size, and the way temporal windows were con-
structed. Both a fixed first-𝑇 strategy and a sliding-window strategy
were examined. The goal was not only to compare different tem-
poral input lengths, but also to test whether the way short-term
temporal context is sampled affects downstream localization per-
formance.

The composition of the training data was also treated as an im-
portant part of experimental design. The final training set included
positive patches, randomly sampled negative patches, and hard neg-
ative examples. This was done to make the model less sensitive to
visually confusing non-mitotic structures, which became a practical
issue during full-image inference.

Inference-stage experiments were used to calibrate the final
deployment pipeline on full-resolution microscopy frames. After
the model had been trained, additional validation runs were carried
out to determine a suitable score threshold for peak selection and
to assess the effect of the maximum number of retained peaks
per frame. By contrast, the local-maximum kernel size and the
non-maximum suppression radius were kept fixed once a stable
operating range had been identified.

Unless otherwise noted, the framework used patch-based train-
ing with Gaussian heatmap supervision, stacked temporal input,

Table 2: Event-level detection and localization performance
of the proposed framework on the validation split under the
final full-image inference setting.

Metric Value

Precision 0.579
Recall 0.657
F1 Score 0.616
Mean Localization Error (px) 1.873
Hit@5 0.981
Hit@10 1.000
Hit@15 1.000
Number of Matched Events 686
Number of Processed Frames 843

and full-image inference through overlapping tiled prediction fol-
lowed by local maxima detection and non-maximum suppression.
The evaluation metrics used to assess these experiments are de-
scribed in the next subsection.

3.8 Evaluation Metrics
Performance was evaluated at the event level by matching predicted
mitotic coordinates to ground-truth annotations within a spatial
tolerance of 30 pixels. A prediction was counted as a true positive
if it could be matched to an annotated mitotic event within this
radius. Predictions without a match were counted as false positives,
and annotated events that were not detected were counted as false
negatives.

Based on these matches, precision, recall, and F1 score were used
to summarize detection performance. Precision reflects how many
predicted events corresponded to true mitotic events, whereas recall
measures how many annotated events were successfully recovered.
The F1 score was used to summarize the balance between these
two quantities.

Detection performance alone does not fully describe localization
quality, so additional spatial accuracy metrics were also reported.
For matched detections, the Euclidean distance between the pre-
dicted center and the corresponding ground-truth center was mea-
sured, and the mean of these distances was reported as the mean
localization error. Hit@5, Hit@10, and Hit@15 were also included
to indicate the proportion of matched detections whose localization
error fell within 5, 10, and 15 pixels, respectively. Together, these
metrics provide a more complete view of both detection perfor-
mance and spatial localization accuracy.

4 Results and Analysis
4.1 Full-Image Inference Performance
The final framework was evaluated on the validation split using
overlapping tiled prediction and post-processing. Since the main
purpose of this study was to test whether a patch-trained local-
ization model could remain effective in full-resolution microscopy
scenes, the event-level detection and localization metrics under
the selected inference setting are the primary results. The overall
validation performance is reported in Table 2.
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As shown in Table 2, the final configuration achieved a precision
of 0.579, a recall of 0.657, and an F1 score of 0.616 on the validation
split. These values indicate that the model was able to recover a
substantial portion of annotated mitotic events under full-image
inference, although false positives remained a noticeable source of
error. The localization metrics were stronger than the detection met-
rics: the mean localization error was 1.87 pixels, and both Hit@10
and Hit@15 reached 1.000. This indicates that, when a true mitotic
event was successfully detected, its predicted center was usually
close to the annotation.

Taken together, these results suggest that the proposed frame-
work learned meaningful localization cues, but that deployment
on full-resolution images remained more difficult than patch-level
learning alone. The main limitation was not spatial precision after
a correct detection had been made, but the ability to suppress back-
ground responses that resembled true mitotic events under realistic
full-image conditions.

4.2 Training-Stage Ablation Results
Table 2 reports the final validation performance under the selected
full-image inference setting. Before that operating point was cho-
sen, a series of training-stage ablation experiments was carried out
to determine a reasonable model configuration. These experiments
focused on design choices that most directly affect heatmap learn-
ing and short-range temporal modeling, especially the Gaussian
scale used for supervision and the way temporal windows were con-
structed during training. The results are presented in the following
subsections.

4.2.1 Gaussian Scale Study. TheGaussian scale controls how sharply
each annotated mitotic center is represented in the supervision tar-
get. This directly affects the balance between localization specificity
and tolerance to small spatial deviations during training. To exam-
ine its effect, several values were tested under the same baseline
configuration, and the results are summarized in Table 3.

A clear trade-off can be seen across the tested settings. Smaller
values produced sharper supervision targets and tended to improve
precision, but they also made the model more conservative and
reduced recall. Larger values had the opposite effect: recall increased
because the supervision became spatially smoother, but this also
introduced more false responses and lowered precision. In other
words, overly sharp targets made the detector less tolerant, whereas
overly broad targets weakened spatial selectivity.

Among the tested settings, 𝜎 = 5 gave the best overall bal-
ance and achieved the highest F1 score. Although 𝜎 = 6 produced
the highest recall, that gain was offset by reduced precision. By
contrast, 𝜎 = 4 achieved the highest precision but missed more
annotated events. Localization quality remained strong across all
three settings, with nearly identical Hit@K values, although the
mean localization error increased slightly at the largest 𝜎 . Based
on this comparison, a moderate Gaussian scale was retained in the
final configuration.

4.2.2 Temporal Window and Sampling Strategy. To examine how
short-term temporal information should be introduced during train-
ing, two temporal sampling strategies were compared. The first

Table 3: Comparison of Gaussian scale (𝜎) settings under the
baseline configuration. Event-level detection and localization
metrics are reported on the validation split.

𝜎 Prec. Rec. F1 MLE (px) H@5 H@10 / H@15

4 0.662 0.555 0.604 1.75 0.981 1.000 / 1.000
5 0.579 0.657 0.616 1.87 0.981 1.000 / 1.000
6 0.510 0.720 0.597 2.20 0.981 1.000 / 1.000

Note: Prec. = precision; Rec. = recall; MLE = mean localization error; H@K = Hit@K.

Table 4: Comparison of temporal input construction strate-
gies on validation performance.

Strategy Window (𝑇 ) Stride Prec. Rec. F1

first-𝑇 3 – 0.507 0.552 0.529
first-𝑇 4 – 0.531 0.524 0.527
sliding 3 3 0.579 0.657 0.616
sliding 4 4 0.496 0.589 0.538

Note: Prec. = precision; Rec. = recall.

used a fixed first-𝑇 formulation, in which each sample was con-
structed from the earliest frames associated with an event. The
second used a sliding-window formulation, which generated multi-
ple temporally overlapping samples from the same event sequence.
Validation experiments were then carried out with different window
lengths to assess how these design choices affected downstream
detection performance.

The results in Table 4 show that temporal input construction
mattered beyond the choice of window length alone. Across the
tested settings, the sliding-window formulation produced consis-
tently stronger recall than the fixed first-𝑇 strategy. This suggests
that the model benefited from seeing a broader range of short-term
appearance changes during training, rather than being restricted
to a single fixed temporal view of each event.

The best overall performance was obtained with the sliding-
window strategy at 𝑇 = 3, which achieved the highest F1 score
among the compared settings. Increasing the window length to𝑇 =

4 did not improve performance further, indicating that adding more
frames was not necessarily beneficial in this setting. A plausible
explanation is that short mitotic dynamics were already captured
within a three-frame context, whereas longer windows introduced
additional variation without providing equally useful information.

Overall, these results indicate that temporal modeling was help-
ful, but the way temporal context was sampled during training was
at least as important as the number of frames included in the input.
Based on this comparison, the sliding-window strategy with 𝑇 = 3
was adopted in the later configuration.

4.3 Inference Calibration
Full-image performance depended not only on what the model
learned during training, but also on how the predicted heatmaps
were converted into discrete mitotic detections at inference time.
Because the final output was produced through peak extraction
and suppression steps, several inference-side parameters affected
the balance between recovering true mitotic events and filtering
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Table 5: Validation performance under different score-
threshold settings during full-image inference.

Threshold Prec. Rec. F1 MLE (px)

0.15 0.489 0.731 0.586 2.039
0.18 0.506 0.719 0.594 1.991
0.23 0.537 0.705 0.610 1.941
0.25 0.547 0.690 0.610 1.924
0.28 0.579 0.657 0.616 1.873
0.30 0.565 0.654 0.606 1.843
0.35 0.582 0.631 0.605 1.815

Note: Prec. = precision; Rec. = recall; MLE = mean localization error.

spurious responses. The main factors examined here were the score
threshold used for peak selection and the maximum number of
peaks retained per frame. These experiments were carried out on
the validation split using the same trained model so that the effect
of post-processing could be assessed separately from changes in
model training. The corresponding results are presented in the
following subsections.

4.3.1 Score Threshold Study. The score threshold determineswhich
heatmap responses are retained as candidate detections after peak
extraction. In practice, it acts as an operating-point control for the
final inference pipeline. Lower thresholds preserve more responses
and therefore tend to improve recall, but they also allow more weak
or spurious peaks to survive. Higher thresholds have the opposite
effect: false responses are suppressed more aggressively, but some
true mitotic events are also lost.

This trend can be seen clearly in Table 5, and the same pattern
is visualized in Fig. 4. At the low end of the tested range, recall
was highest, but precision was reduced by the larger number of
false positives. As the threshold increased, recall generally declined,
while precision tended to improve despite small fluctuations. F1
reached its highest value in the intermediate threshold range rather
than at either extreme.

Among the tested settings, a threshold of 0.28 gave the best over-
all F1 score and was retained in the final configuration. Thresholds
below this value kept more candidate events but allowed too many
false responses, whereas higher thresholds became increasingly
restrictive and started to remove valid detections. Fig. 4 makes this
trade-off easier to see by showing that the threshold mainly changes
the operating point of the detector rather than the underlying lo-
calization behavior of the model.

Overall, the threshold sweep shows that full-image inference
performance depended not only on the learned heatmap quality,
but also on how the response map was converted into final event
coordinates. For that reason, threshold selection was treated as
part of the inference design rather than as a minor implementation
detail.

4.3.2 Maximum Peak Count Study. In addition to threshold se-
lection, full-image inference was also affected by the maximum
number of peaks retained in each frame after post-processing. This
parameter limits how many candidate responses are allowed to
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Figure 4: Effect of score threshold on validation performance
during full-image inference. Increasing the threshold gen-
erally reduces recall, while precision tends to improve with
small fluctuations. F1 reaches its best balance in the interme-
diate threshold range.

Table 6: Validation performance under different maximum-
peak settings during full-image inference.

Max Peaks Prec. Rec. F1 MLE (px)

2 0.610 0.617 0.614 1.855
3 0.579 0.657 0.616 1.873
4 0.565 0.665 0.611 1.867
5 0.560 0.672 0.611 1.872

Note: Prec. = precision; Rec. = recall; MLE = mean localization error.

survive after peak extraction and suppression. A smaller peak bud-
get makes the detector more conservative, whereas a larger one
preserves more candidate events at the cost of additional false re-
sponses.

The comparison in Table 6 shows the same general trade-off seen
in the threshold study, but in a different form. When only a small
number of peaks was retained, precision improved because fewer
low-confidence or redundant responses remained in the final output.
As the peak budget increased, recall became stronger, indicating
that more true mitotic events were preserved. At the same time,
the additional retained peaks also introduced more false positives,
which gradually reduced precision.

The best overall F1 score was obtained at an intermediate setting
rather than at either extreme. This suggests that the final perfor-
mance did not benefit from making the detector as restrictive as
possible or as permissive as possible. Instead, a moderate peak
budget provided the most effective balance between recovering
true mitotic events and suppressing spurious detections in crowded
full-image scenes.

Taken together, the results in Table 6 show that post-processing
design remained an important part of the full-image inference
pipeline. The quality of the predicted heatmap mattered, but so did
the rule used to convert that response map into a limited set of final
event coordinates.
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Additional sensitivity checks were also performed for the NMS
radius and local-maximum kernel size. Within the tested ranges
(NMS radius: 15–50 pixels; local-maximum kernel size: 15–60 pix-
els), these parameters produced only minor changes in the overall
metrics compared with the effects of score threshold and maximum
peak count. Therefore, fixed values of 30 and 50 were used in the
final configuration.

4.4 Discussion
The results support the use of an event-centric formulation for
mitosis localization in DNA fluorescence time-lapse microscopy.
Representing each event by its center and supervising the model
with Gaussian heatmaps was sufficient for learning meaningful
spatial responses around annotated mitotic locations. In that sense,
dense mask supervision may not be necessary for this form of
center-based mitotic localization. For sparse mitotic events, center-
based supervision offers a simpler and more annotation-efficient
alternative.

At the same time, the experiments also make clear that patch-
level learning and full-image inference are not equally difficult.
Once a true mitotic event was detected, the predicted center was
usually very accurate, as reflected by the low localization error
and strong Hit@K performance. The larger difficulty was decid-
ing which responses should be kept in the full-image setting. In
other words, the main limitation was not precise spatial localization
itself but separating true mitotic responses from visually similar
background structures under realistic inference conditions.

The ablation and calibration experiments help explain this gap.
On the training side, both the Gaussian scale and the temporal
input strategy affected downstream performance. In particular,
the comparison between fixed first-𝑇 windows and sliding tem-
poral windows suggests that the model benefited from seeing a
broader range of short-term mitotic dynamics during training. On
the inference side, full-image performance depended strongly on
thresholding and peak-budget selection, while the NMS radius and
local-maximum kernel size had comparatively smaller effects. This
pattern suggests that the model had already learned useful local
response patterns, but the final detection quality still depended on
how those responses were filtered and consolidated during post-
processing.

Several limitations also emerged from this study. First, the cur-
rent circular heatmap target may not be the best match for mitotic
DNA structures, which often appear elongated or bar-like rather
than approximately isotropic. A more shape-aware target, such as
an elliptical heatmap, may better reflect the underlying morphol-
ogy and improve supervision quality. Second, the annotations are
likely incomplete in densely populated regions. As seen in Fig. 2,
some crowded areas contain highly similar DNA structures, making
exhaustive manual labeling difficult. As a result, some detections
currently considered false positives may in fact correspond to real
but unlabeled mitotic events, which would lead to an underestima-
tion of true precision.

Another limitation is that the present analysis has focusedmainly
on localization and has not yet examined anaphase in the same
depth as metaphase. Extending the framework to include anaphase

more explicitly would provide a more complete view of mitotic pro-
gression. More broadly, the long-term goal of this work is not only
to localize mitotic events, but also to estimate mitotic duration as a
quantitative indicator of abnormal cancer-cell division. Reaching
that goal will require more than point localization alone. It will
likely depend on more complete event association across frames,
explicit phase modeling, and better temporal interpretation of the
mitotic process [1, 5].

5 Conclusion
This study presented an event-centric framework for mitosis lo-
calization in DNA fluorescence time-lapse microscopy. Instead of
treating the task as dense segmentation, the proposed method rep-
resented each mitotic event by its spatial center and used Gaussian
heatmap supervision together with stacked temporal input to learn
localization cues. The framework combined patch-based training
with full-image inference, making it possible to train efficiently
while still evaluating the model under realistic full-resolution con-
ditions.

The experimental results showed that this formulation was able
to learn meaningful mitotic responses and localize matched events
with high spatial accuracy. The ablation experiments further indi-
cated that both supervision design and temporal input construc-
tion affected downstream performance, while the inference stud-
ies showed that post-processing choices remained important in
full-image deployment. These findings suggest that event-centric
heatmap learning is a practical and annotation-efficient direction
for mitosis localization, while also showing that false-positive sup-
pression remains a central challenge in crowded microscopy scenes.

Several directions remain for future work. A more shape-aware
supervision target, such as an elliptical heatmap, may better match
the morphology of mitotic DNA than the circular targets used here.
Improved annotation quality will also be important, especially in
densely populated regions where some detections may correspond
to real but unlabeled events. In addition, the present study has
focused mainly on localization and has not yet examined anaphase
as fully as metaphase. Extending the framework to model a broader
range of mitotic stages, and ultimately to estimate mitotic duration,
will be an important next step.

Overall, this work shows that event-centric heatmap learning
is a promising direction for mitosis localization. It also highlights
the remaining gap between accurate local response learning and
robust full-image deployment.
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