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Abstract
Static analysis tools are commonly used in continuous integration
(CI) pipelines to detect potential defects without executing the
program. Such tools offer configuration options that control how
thoroughly the code is analyzed. In SpotBugs, this is done through
an effort level setting (Min, Less, More, Max), where higher levels
enable deeper and more computationally intensive analysis. In this
paper, we study how these effort levels affect energy consumption
and analysis results. Our results show that higher effort levels gen-
erally consume more energy, which fits our intuition. However, the
increase is not uniform: deeper static analysis comes with addi-
tional energy cost, but the marginal benefit of higher effort levels
may be limited in some cases. This suggests that static analysis
tool designers could make energy consumption more transparent
and provide configuration options that explicitly expose trade-offs
between analysis depth and energy cost.

CCS Concepts
• Software and its engineering→ Softwaremaintenance tools.
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1 Introduction
Continuous Integration (CI) pipelines automatically build, test, and
analyze software after commits [7, 16]. In large-scale industrial
settings, CI and continuous testing infrastructures execute builds
and analyses repeatedly to maintain quality [14]. Although a single
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execution may appear inexpensive, the cumulative computational
cost can be substantial. Recent research has shown that automated
quality assurance processes, including CI and testing, consume con-
siderable amounts of energy [13, 19]. However, prior work typically
evaluates the pipeline as a whole, without isolating the contribution
of individual phases. It therefore remains unclear where within CI
workflows meaningful opportunities exist to reduce energy con-
sumption.

Static analysis is one phase in CI pipelines whose energy impli-
cations remain underexamined. Static analysis tools (SATs) inspect
source code without executing it and report warnings about po-
tential defects or code quality issues. Deeper analysis explores
more program paths and relationships, which can produce more
warnings, but also requires more computation. At the same time,
warnings are not always correct, and false positives are common
[12]. For this reason, many tools allow the analysis depth to be con-
figured [6]. Developers can therefore choose how strict the analysis
should be, which may affect both the number of reported warnings
and the computational cost.

Prior empirical research shows that static analysis tools are often
configured more strictly in CI than in local environments [18].
Since static analysis depth is configurable rather than correctness-
constrained, CI policies can deliberately trade analysis precision
against computational cost. This creates a practical space where
CI policies can trade analysis precision against computational cost.
Furthermore, Beller et al. found that configuration settings of SATs
tend to remain stable once adopted by development teams [4], and
that default configurations are frequently used in practice. This
suggests that configuration choices can have long-term impact,
including on energy consumption in CI environments.

Despite the potential long-term impact and the configurable ef-
fort levels as a built-in mechanism for some SATs, there is limited
empirical evidence on how different static analysis configurations
influence energy consumption. To address this gap, in this paper,
we focus on SpotBugs 1, an open-source SAT for Java, since it is
the most frequently used SAT in our literature review for SAT puli-
cations from 2020 to 2025 [1]. SpotBugs provides a clearly defined
configuration parameter called effort, with four settings: Min, Less,
More, and Max, which can be used to investigate how changes in
analysis depth relate to energy usage and reported warnings. These
levels adjust the internal analysis depth while keeping the tool and

1https://github.com/spotbugs/spotbugs
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Table 1: Differences between SpotBugs effort levels

Feature Description 1 2 3 4

Accurate Exceptions More precise exception flow analysis ✓ ✓ ✓
Model Instanceof Model instanceof in type analysis ✓ ✓ ✓
Track Guaranteed
Dereferences

Track guaranteed null dereferences ✓ ✓

Track Null Value Num-
bers

Track recoverable null values ✓ ✓

Interprocedural Analy-
sis

Across application classes ✓ ✓

Interprocedural (Refer-
enced)

Across referenced classes ✓

Conserve Space Reduce memory use at lower preci-
sion

✓

rule set consistent. This allows energy consumption comparison of
different effort levels within the same environment. We study two
research questions on how configuration choices affect energy use:

RQ1: How does energy consumption vary across different effort
levels of SpotBugs?

RQ2: How does the change in energy consumption relate to the
number of reported warnings?

To answer these questions, we conduct energy consumption
measurements of four effort levels across ten open-source Java
projects. Energy consumption is measured using EnergiBridge [15].

The remainder of this paper is structured as follows. Section 2
positions our study within existing research on sustainability and
static analysis . Building on this background, Section 3 details the ex-
perimental design and measurement setup. Section 4 then presents
the empirical results addressing our research questions. Finally,
Section 5 concludes the paper and discusses the future work.

2 Related Work
Several studies have examined the relationship between sustain-
ability and static analysis. Faghih and Jalili investigated whether
SATs can detect energy-related defects in Android applications [11].
They proposed a framework to identify energy anti-patterns, such
as inefficient resource usage. Their work focuses on improving
the energy efficiency of applications through static analysis, but
does not consider the energy consumption of the analysis tools
themselves. Brosch studied the effect of applying static analysis
recommendations on software energy consumption [5]. Using the
Benchmarks Game project, he observed that implementing sug-
gested changes sometimes increased energy usage. This highlights
that static analysis results do not always lead to improved energy
efficiency. However, the study does not measure the energy cost of
running the analysis tools.

At the CI level, Ailane et al. proposed a Green DevOps guide
with strategies to reduce the environmental impact of development
workflows [2]. Their recommendations include reducing redundant
builds, leveraging caching, and scheduling tasks during low-carbon
periods. While these strategies address CI sustainability at a process
level, they do not quantify the energy consumption of specific
CI phases. Zaidman conducted an empirical study on the overall
energy consumption of CI pipelines [19]. The results show that
CI processes consume considerable amounts of energy. However,

Table 2: Projects used in the empirical study

Project (clickable) Source Build Commit Commits

Cruise-control GitHub Gradle #e30eaf3 1,014
Elasticsearch GitHub Gradle #39d2bb8 91,711
JUnit Framework GitHub Gradle #464022d 10,262
OpenEMS GitHub Gradle #fd6a70d 6,342
Spring GitHub Gradle #0e56cd0 58,761
Spring Framework GitHub Gradle #8642a39 34,130
Apache Flink GitHub Maven #b152cde 37,297
Apache Maven GitHub Maven #a336a2c 15,880
Apache Seatunnel GitHub Maven #ca6447f 5,149
Google Guava GitHub Maven #782206b 7,121

the analysis treats the pipeline as a whole and does not isolate the
contribution of individual phases such as static analysis.

In summary, prior work has explored how static analysis can
improve software energy efficiency and how CI pipelines consume
energy. However, the energy cost of configurable static analysis
itself within CI workflows remains largely unexamined.

3 Methodology
3.1 Subject Tool: SpotBugs
SpotBugs was selected because it is widely used in Java projects and
frequently referenced in empirical studies on static analysis [3, 6, 8–
10, 17]. It is an open-source SAT for Java that integrates with com-
mon build systems such as Maven and Gradle. The effort config-
uration in SpotBugs provides four levels that adjust the depth of
analysis while keeping the detection rules consistent, thereby en-
abling an empirical investigation of the energy implications of
different precision trade-offs. Table 1 summarizes the documented
differences between effort levels (1,2,3,4 means Min, Less, More,
and Max).

3.2 Projects and Versions
We conducted the measurements on the same set of projects stud-
ied by Zaidman [19]. Table 2 lists the projects, their build systems,
selected commit hashes, and total number of commits. For each
project, we selected the most recent commit with a successfully
passing CI pipeline to ensure that the code compiled without modi-
fication.

Gradle and Maven are widely used Java build automation tools.
In our experiments, most projects use Java 17. OpenEMS was con-
figured with Java 21, and Spring Boot with Java 25, as required by
their build configurations. We used Gradle 9.2.1 for all Gradle-based
projects and Maven 3.8.6 for Maven-based projects. SpotBugs ver-
sion 4.9.8 was used with plug-in version 6.4.7 (Gradle) and 4.9.8.2
(Maven). Both main and test source files were analyzed.

For Maven projects, the parameter includeTests was set to
true. Before measurements, we executed mvn clean install
-DskipTests to compile the projects and cache dependencies. Then
using mvn -Dspotbugs spotbugs:spotbugs to conduct energy
measurements. Gradle uses incremental builds, meaning that tasks
are skipped if inputs and outputs are unchanged2. Since our ex-
periments require repeated execution of SpotBugs without code

2https://docs.gradle.org/current/userguide/incremental_build.html
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changes, incremental behaviour would underestimate energy con-
sumption. To ensure consistent execution, we first ran gradlew
clean build -x test. Energymeasurements were then performed
using gradlew spotbugsMain spotbugsTest –rerun-taskswhile
excluding compilation and packaging tasks. This isolates the static
analysis phase from the build process.

3.3 Setup for Energy Measurements
Energy consumption was measured using EnergiBridge, a cross-
platform tool that retrieves CPU energy data from model-specific
registers [15]. We therefore measure CPU-attributed energy rather
than full-system energy consumption.

All experiments were conducted on a dedicated desktop machine
(Dell OptiPlex 7060, Intel i5 8th Gen, Windows 10). The machine
was connected via Ethernet to ensure stable network conditions.
Before each measurement session, non-essential applications and
background services were closed.

Each configuration was executed 30 times. Prior to each run, a
5-minute CPU warm-up was performed, followed by a 1-minute
cool-down period between runs to reduce thermal and power-state
interference. Outliers were removed using a z-score criterion, ex-
cluding observations that deviated more than three standard devia-
tions from the mean (|𝑥 − 𝑥 | > 3𝑠). Subsequent statistical analyses
were performed on the cleaned data.

3.4 Performance Metric
To answer RQ1, we used the total number of warnings reported by
SpotBugs as an indicator of configuration effectiveness. For both
energy consumption and warning counts, we tested whether ef-
fort levels differed within each project using the Friedman test.
When the test indicated significant differences, we performed pair-
wise Wilcoxon signed-rank tests with Holm correction for multiple
comparisons.

To answer RQ2, we also considered the effectiveness of each con-
figuration. As this work is exploratory in nature, we treat the total
number of reported warnings as a coarse proxy for the analytical
power of SpotBugs. We do not, at this stage, differentiate between
true and false positives or evaluate additional validity-related met-
rics such as recall or false alarm rate.

4 Results
4.1 RQ1: How does energy consumption vary

across effort levels?
Table 3 reports the average energy consumption per effort level
and the corresponding Friedman test results. Figure 1 visualises
the mean energy consumption across projects. For all ten projects,
the Friedman test indicates a statistically significant effect of effort
level on energy consumption (𝑝 < 0.01 for all projects). This shows
that effort configuration influences energy usage.

Post-hoc Wilcoxon signed-rank tests with Holm correction (Ta-
ble 4) reveal where these differences occur. Significant increases in
energy consumption are most frequently observed when moving
from Min to Less and from Less to More. Several projects, including
OpenEMS, Spring Framework, Apache Flink, Apache Maven, and
Guava, show strong statistical significance for these comparisons.

Figure 1: Average energy consumption per project across
SpotBugs effort levels.

In contrast, differences between More and Max are often not sta-
tistically significant. For most projects, the increase from More to
Max results in limited or negligible additional energy consumption.
This suggests diminishing marginal energy costs at the highest ef-
fort level. A small number of cases show non-monotonic behaviour,
where higher effort levels do not always correspond to higher en-
ergy consumption. These cases appear to be project-specific.

Answer to RQ1: Increasing the SpotBugs effort level generally
increases energy consumption, particularly when moving from
lower to moderate effort levels. However, the additional energy
cost from More to Max is typically limited, and the relationship is
not strictly monotonic for all projects.

4.2 RQ2: How does energy consumption relate
to the number of reported warnings?

Across most projects, higher effort levels result in a larger number
of reported warnings. This aligns with the design of SpotBugs,
where higher effort increases analysis depth.

To evaluate the trade-off between energy use and detection out-
put, we computed the number of warnings per unit of energy (warn-
ings per Wh). The results are shown in Figure 2. For nine out of
ten projects, the Min effort level provides the highest number of
warnings per unit of energy. For Spring Framework, Less is the

Table 3: Friedman test 𝑝-values and average energy consump-
tion (Wh) per effort level.

Project 𝑝-value Min Less More Max

Cruise-control 1.2e-4 0.5581 0.5735 0.6058 0.5837
Elasticsearch 3.4e-3 48.27 49.12 50.47 49.90
JUnit 7.0e-4 1.627 1.632 1.665 1.668
OpenEMS 2.8e-12 6.988 7.059 7.223 7.194
Spring Boot 8.5e-4 18.66 18.89 19.05 19.03
Spring Framework 1.7e-10 4.895 5.011 5.229 5.207
Apache Flink 1.2e-12 7.366 7.698 12.13 12.24
Apache Maven 9.9e-10 2.318 2.452 2.428 2.440
Apache Seatunnel 9.5e-3 11.37 11.71 11.67 11.66
Google Guava 5.8e-11 0.9509 1.052 1.026 1.059
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Figure 2: Number of warnings divided by energy consump-
tion per project per effort

most efficient configuration. Although higher effort levels may re-
port more warnings in absolute terms, the additional findings often
come at a disproportionately higher energy cost. As a result, energy
efficiency decreases for higher effort levels.

Answer to RQ2: Higher effort levels generally produce more
warnings, but they are less energy-efficient. In most projects, the
Min effort level yields the highest number of warnings per unit of
energy.

4.3 Threats to Validity
Internal validity. Our results may be influenced by measurement
noise and system-level variability. Although we followed a exper-
iment protocol with repeated runs, CPU warm-up phases, and
cool-down periods, our measurements remain sensitive to back-
ground processes and thermal fluctuations. To mitigate this, we
performed multiple runs and applied outlier filtering. However,
some variability may remain. In addition, energy consumption was
measured using EnergiBridge, which estimates CPU-attributed en-
ergy; therefore, unmeasured factors may still influence the observed
differences.

Table 4: Holm-corrected Wilcoxon signed-rank post-hoc 𝑝-
values for adjacent effort comparisons. Bold values indicate
statistically significant differences (𝑝 < 0.05).

Project Min–Less Less–More More–Max

Cruise-control 0.358 0.036 0.036
Elasticsearch 0.236 0.009 0.192
JUnit Framework 1.000 0.857 1.000
OpenEMS 1.5e-3 2.3e-8 0.187
Spring Boot 0.014 0.234 0.851
Spring Framework 0.013 7.7e-7 0.413
Apache Flink 6.4e-4 2.0e-33 0.060
Apache Maven 1.7e-11 3.4e-3 0.311
Apache Seatunnel 0.047 1.000 1.000
Guava 2.1e-7 2.0e-5 2.8e-6

External validity. All experiments were conducted on a dedi-
cated Windows-based desktop machine, which may not fully rep-
resent typical CI environments that often rely on Linux-based or
containerized server. While we expect the relative trends across
effort levels to generalize, absolute energy consumption may differ
under other hardware and system configurations.

Construct validity. We measured energy consumption using a
software-based tool that focuses on CPU energy, which does not
capture the full-system energy footprint (e.g., memory, storage, or
cooling). In addition, we used the number of reported warnings as
a proxy for analysis effectiveness. Since static analysis tools may
produce false positives, warning counts do not necessarily reflect
the true usefulness or correctness of detected issues. Therefore, our
results should be interpreted as reflecting trade-offs between energy
consumption and warning volume rather than overall analysis
quality.

5 Conclusions and Future Work
This study shows that the largest energy increases occur when
moving fromMin to Less and from Less toMore, while the additional
cost from More to Max is often small. When considering warnings
per unit of energy, the Min configuration is the most efficient in
nine out of ten projects. Overall, our results suggest a trade-off
between analysis depth and energy consumption: higher effort
levels may yield more warnings, but not always in proportion to
their additional energy cost. Given the limited scope of the study
and the use of warning counts as a coarse effectiveness proxy, these
findings should be interpreted as preliminary observations rather
than definitive configuration recommendations.

Future work can extend this study beyond the predefined effort
levels offered by SpotBugs. A more fine-grained insight into how
specific analysis features contribute to energy consumption can be
interesting.

Besides, in this study, configuration effectiveness was approx-
imated using the total number of reported warnings. However,
warning counts do not distinguish between true positives and false
positives. As a result, the observed trade-off between energy con-
sumption and detection output does not fully capture analysis qual-
ity. Future work could evaluate static analysis configurations on
labelled datasets with known defects, enabling assessment of met-
rics such as false positive rates. This would enable a more informed
analysis of the energy–quality trade-off.

Data Availability
The datasets and research artifacts are available at [1].
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