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ABSTRACT
As concerns about the environmental impact of software continue
to grow, recent studies have explored how software consumes en-
ergy and emits greenhouse gases, often using isolated benchmarks
or specific tasks. However, the environmental implications of im-
plementing the same application across different technology stacks
remain underexplored. In this paper, we investigate the energy
consumption, execution time, and carbon dioxide emissions of a
benchmark web application implemented using three distinct tech-
nology stacks. Through 32 usage scenarios and the analysis of 10
efficiency-related metrics, our results reveal no statistically signifi-
cant differences among the stacks regarding their environmental
footprint. These findings suggest that replacing the entire technol-
ogy stack may not be as impactful as optimizing specific application
functionalities when aiming for more sustainable software.

KEYWORDS
Web application technology stacks, energy consumption, execution
time, carbon dioxide emission

1 Introduction
Recently, efforts to reduce the environmental footprint of software
have garnered growing attention [24, 31, 37, 56]. This rising interest
highlights the need to optimize both software development and us-
age to mitigate environmental harm, particularly by enhancing the
efficiency of computational resource consumption, such as energy
usage [49]. Within this context, Information and Communication
Technologies have been estimated to contribute between 1.8% and
3.9% of global Greenhouse Gas emissions (GHG) [24], such as car-
bon dioxide. Alarmingly, these figures are projected to rise in the
coming years [31].

In pursuit of more environmentally sustainable software devel-
opment and usage, researchers have sought to understand how
software consumes energy [50, 57, 60] and the extent of its GHG
emissions [5, 11]. Studies on energy consumption often rely on
benchmarks consisting of isolated algorithms implemented in var-
ious programming languages [57]. In the case of GHG emissions,
estimations typically focus on the amount of carbon dioxide pro-
duced during the execution of specific tasks, such as training large
language models [5].

While existing approaches are valuable for understanding how
to reduce energy consumption and GHG emissions, they often
overlook the impact that different implementations of the same
application can have on these factors. For instance, how do choices
regarding programming languages, tools, and frameworks influence
the environmental impact of an application’s execution? To the

best of our knowledge, no prior study has investigated whether de-
velopers should consider selecting or replacing these development
approaches as a strategy to reduce long-term energy consumption
and carbon dioxide emissions.

To address part of this gap, our study investigates the energy
consumption, execution time, and carbon dioxide emissions of a
single web application implemented using three distinct technology
stacks (e.g., Angular with Django). For this purpose, we leverage an
existing benchmark web application, namely RealWorld App, that
provides multiple versions built with different stacks. Based on this
application, we define 32 usage scenarios to carry out our evaluation.
In this context, we analyze energy consumption, execution time,
and carbon dioxide emissions across these 32 testing scenarios
implemented in different web application technology stacks.

To support our assessment, we select a set of 10 metrics to evalu-
ate the energy, time, and carbon efficiency of each technology stack.
Interestingly, our findings suggest that the choice of stack has min-
imal impact on the overall environmental footprint. For the same
testing scenarios implemented across the three stacks, variations
in energy consumption, execution time, and CO2 emissions remain
below 3%. Moreover, we observe no statistically significant differ-
ences among the stacks with respect to any of these factors. These
results point to the need for further investigation into whether
optimizing individual application functionalities may offer greater
environmental benefits than replacing the entire technology stack.

The remainder of this work is organized as follows. Section 2
explains the adopted structure and methodology. Section 3 details
the results for energy consumption, execution time, and carbon
dioxide emissions. Moreover, we discuss related work in Section 4
and conclude this study in Section 5.

2 Study Settings
This section outlines the structure and methodology of our study.
We begin by detailing our goal, research questions, and metrics in
Section 2.1. Section 2.2 presents the set of applications used as case
studies, along with their respective technology stacks. Moreover,
Section 2.3 describes the tool we use to create the testing scenar-
ios for our measurements. Next, in Section 2.4, we introduce the
tool selected for performing the measurements. Finally, Section 2.5
provides information on our execution environment.

2.1 Goal-Question-Metric
To better drive our work, we use the Goal-Question-Metric (GQM)
framework [7]. Table 1 summarizes our approach.

To achieve our goal of analyzing energy efficiency in relation to
the environmental impact of computing systems, we define three re-
search questions. First,RQ1 investigates how the execution of tasks
across different technologies influences energy consumption. For
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Table 1: Our Goal-Question-Metric approach
Goal
Purpose To analyze the energy efficiency of web applications
Issue in relation to their environmental impact
Object across various testing scenarios implemented in different

web application technology stacks for the RealWorld App
Viewpoint from a user’s perspective
Questions Metrics
RQ1- How energy-efficient are -Mean in Watts (MnW)
different web application technology stacks -Median in Watts (MdW)
in terms of energy consumption? -Total Consumption in Watts (TC)

-Watt-hour per Second (Wh/s)

RQ2- How time-efficient are -Total Execution Time in Seconds (TE)
different web application technology stacks? -Mean Execution Time in Seconds (ME)

-Median Execution Time in Seconds (MD)

RQ3- How carbon-efficient are -Total CO2 Emissions in Grams (TCO2)
different web application technology stacks? -CO2 Equivalent Emissions in Grams per Second (CO2eq/s)

-Estimated CO2 Equivalent Emissions in Grams per Year (CO2eq/y)
RQ4- Are the differences in energy consumption, execution time, ANOVA p-value
and CO2 emissions among technology stacks statistically Effect Size (Cohen’s d)
significant enough to be a primary factor in their selection? Pearson Correlation Coefficient

instance, does the execution of a login feature implemented using
React [55] and Rails [46] consume more energy than the execution
of the same feature implemented in Angular [4] and Django [52]?
An answer to this question could assist developers in selecting the
technology stack that best meets their energy efficiency require-
ments.

To answer RQ1, we select four metrics, as shown in Table 1.
The MnWmetric represents the mean power consumption, measured
in watts, during the execution of a system’s feature, repeated ten
times, implemented in a specific technology stack. The MdW metric
measures the median instead of the mean for the same power con-
sumption. Furthermore, the TC metric sums the watts consumed by
the 10 executions of each feature. At last, Wh/s indicates the rate of
energy consumption over time, that is, how many watt-hours each
feature consumes per second.

Additionally, we define RQ2 to assess the performance of task
execution across different technology stacks. For instance, does
logging out in an application built with React and Rails execute
faster than the same feature implemented in KVision [39] and
Spring Boot [9]? By addressing this research question, we aim to
help developers make more informed decisions when selecting the
most suitable technology stack for their software projects.

In this context, we define two metrics to answer RQ2 (Table 1).
The TE metric measures the total execution time, in seconds, for all
repeated runs of a given feature. Additionally, the ME metric repre-
sents the average execution time per run, calculated by dividing TE
by the number of executions for the measured feature.

Furthermore, our objective with RQ3 is to quantify CO2 emis-
sions, given their significant environmental impact [6, 31, 40]. No-
tably, the Information and Communication Technology (ICT) sector
alone is estimated to contribute between 1.8% and 2.8% of global
Greenhouse Gas (GHG) emissions [24]. In this context, software
execution is an integral part of ICT, and CO2 is among the pri-
mary GHGs [41]. Therefore, answering RQ3might help developers
decide which technology stack contributes to reducing CO2 emis-
sions.

To answer RQ3, we select three metrics. First, TCO2 measures
the total CO2 emissions (in grams) across all repeated executions
of a given feature. Second, CO2eq/s represents the carbon dioxide
equivalent emissions (in grams per second) [23]. This metric ac-
counts for not only CO2 but also other greenhouse gases, such as
methane and nitrous oxide, by expressing their impact in terms of
CO2 equivalence. Therefore, CO2eq/s quantifies the combined ef-
fect of multiple greenhouse gases in a standardized unit. Finally, we
include the CO2eq/y metric, which estimates the total CO2 equiva-
lent emissions (in grams) over the course of a year.

At last, RQ4 investigates whether the choice of a technology
stack to implement the RealWorld App significantly influences
energy consumption, execution time, or carbon dioxide emissions.
Therefore, we assess whether the technology stack choice should
be a primary factor for reducing or increasing such measures.

To answer RQ4, we use three statistical methods to investigate
differences among the selected technology stacks: (i) analysis of
variance (ANOVA) [59], (ii) effect size calculations using Cohen’s
d[14], and (iii) Pearson correlation test [8].

2.2 RealWorld apps
As a case study, we use the RealWorld App [65], a blog platform
inspired by Medium [42], developed as a benchmark for web appli-
cation development. Unlike typical demo applications, it includes a
set of features commonly found in real-world web systems, such
as user authentication, login, and profile management, full CRUD
functionality for creating and editing articles, an integrated com-
menting system, global and personalized feeds, and the ability to
follow other users.

In this context, to carry out our study, we select three technol-
ogy stacks provided by the RealWorld App: (i) React with Rails,
(ii) Angular with Django, and (iii) KVision with Spring Boot. We
base this selection on our familiarity with the technologies, their
popularity among software developers [34], and the requirement
that the corresponding repositories have been updated within the
last three years.
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To systematically select usage scenarios for the RealWorld App,
we utilize the E2E Code Coverage tool [16]. Our selection criterion
is to achieve a minimum of 80% code coverage for source code
statements, functions, and lines. This process results in a final
suite of 32 testing scenarios that exercise the application’s existing
features. Table 2 presents the consolidated E2E Code Coverage
report for this suite. For instance, the 32 scenarios collectively
execute 84.7% of all statements in the RealWorld App’s source code.

Table 2: E2E Code Coverage Report
Statements Functions Lines

Coverage percentage 84.7% 80.98% 85.5%

Additionally, we categorize these 32 scenarios into two groups:
Simple and Composed, as shown in Tables 3 and 4, respectively.
A Simple scenario involves the execution of a single feature. For
example, the createArticle scenario focuses solely on creating a
new article, without invoking any additional functionality. In con-
trast, a Composed scenario consists of at least two sequential feature
executions. For instance, the loginAndLogout scenario evaluates a
user logging in and subsequently logging out. This categorization
helps to better assess the energy efficiency of different technology
stacks under varying usage patterns.

Table 3: RealWorld App Simple testing scenarios
Testing scenario Description
login Logging in existing user
signUp Creating user
logout Logging out existing user
invalidEmail Logging in with an invalid email
invalidPassword Login with an invalid password
updateProfile Updating user profile
createArticle Creating an article
deleteArticle Deleting existing article
updateArticle Updating article
createComment Commenting an existing article
deleteComment Deleting an existing comment
filterTag Filtering article by tag
loadPages Loading pages
loadPageAndWait Loading a page

Table 4: RealWorld App Composed testing scenarios
Testing scenario Description
signUpAndLogin Creating user and logging in
loginAndLogout Logging in and out an existing user
createAndDeleteArticle Creating deleting an article
createAndDeleteComment Creating and deleting a comment
favoriteAndUnfavoriteArticle Favoriting and unfavoriting an article
loginAndCreateArticle Logging in and creating an article
loginAndDeleteArticle Logging in and deleting an article
loginCreateAndDeleteArticle Logging in, creating, and deleting an article
loginCreateComment Logging in and commenting on an article
loginAndDeleteComment Logging in and deleting a comment
loginCreateAndDeleteComment Logging in, creating, and deleting a comment
loginAndUpdateProfile Logging in and updating an user profile
loginCreateArticleAndComment Logging in, creating an article, and commenting
signUpLoginAndLogout Creating user, logging in and out
loginFilterTagAndComment Logging in, filtering articles, and commenting
loginCreateAndUpdateArticle Logging in, creating, and updating an article
createAndUpdateArticle Creating and updating an article
createAndCommentArticle Creating an article and commenting

In this context, we execute the same testing scenarios across
different technology stacks. For example, we compare the carbon
dioxide emissions produced when logging in an existing user in a
React with Rails implementation versus an Angular with Django
implementation. We repeat each execution 10 times.

2.3 Cypress
To execute the set of selected tasks in our case study, we employ
the Cypress testing framework [17]. Cypress is an open-source end-
to-end testing tool specifically designed for web applications and is
agnostic to the underlying technology stack. We use this framework
to implement automated tests for each scenario described in Ta-
bles 3 and 4, covering all three technology stacks: React with Rails,
Angular with Django, and KVision with Spring Boot. As an example,
Listing 1 shows the implementation of the deleteArticle testing
scenario for the React with Rails stack.

This Cypress test simulates the deletion of an article by an au-
thenticated user. First, in lines 3 and 4, a JWT token is stored in
the browser’s localStorage to simulate a logged-in session. The test
scenario then begins by navigating to the profile page of a user
named “user1” (line 7). It clicks on the first article preview link
to open the article page in line 8. A helper function is defined to
retrieve the article’s title element in line 8, which will later be used
for validation. Then, it locates and clicks the “Delete Article” button
in line 10. Finally, it asserts that the title element no longer exists
on the page, confirming that the article was successfully deleted
in line 11. To gather measurements for the metrics presented in
Table 1, we execute each Cypress test, including the example in
Listing 1, ten times.

Listing 1: deleteArticle testing scenario for React with Rails
1 d e s c r i b e ( 'test article delete ' , ( ) => {
2 b e f o r e ( ( ) => {
3 const jwtToken = 'tokenSecret ' ;
4 window . l o c a l S t o r a g e . s e t I t em ( 'jwtToken ' , jwtToken ) ;
5 } ) ;
6 i t ( 'delete article ' , ( ) => {
7 cy . v i s i t ( 'http :// localhost :4000/#/ profile/user1' ) ;
8 cy . g e t ( '.preview -link' ) . f i r s t ( ) . c l i c k ( ) ;
9 const t i t l e = ( ) => cy . g e t ( 'h1' ) ;
10 cy . g e t ( 'button ' ) . c o n t a i n s ( ' Delete Article ' ) . c l i c k ( ) ;
11 t i t l e ( ) . shou ld ( "not.exist" ) ;
12 } ) ;
13 } ) ;

2.4 Code Carbon
To automate the measurement of our selected metrics, we use the
CodeCarbon tool [11, 15]. This open-source tool is designed to esti-
mate and track the energy consumption, performance, and carbon
dioxide emissions of software execution. It also features automatic
logging, enabling detailed analysis of energy usage. Additionally,
CodeCarbon converts electricity consumption into CO2 equiva-
lent (CO2eq) emissions, incorporating regional energy mix data to
provide environmental impact assessments [38].

In this context, to estimate CO2 emissions, we configure Code-
Carbon with the default setting for Brazil, which assumes a car-
bon intensity of 98.348 grams of CO2 equivalent per kilowatt-hour
(gCO2eq/kWh) [47]. This value indicates that, on average, the Brazil-
ian energy mix emits 98.348 grams of greenhouse gases (in CO2
equivalent) for every kilowatt-hour of electricity produced. The
most recent data available refer to the year 2023.
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Moreover, CodeCarbon is designed to measure the total CPU
usage over a given period of time. However, in our case, we need
to track a specific process at a time, each corresponding to a task
executed within our case study (Section 2.2). To achieve this, we cre-
ate a script that monitors the processes running when the Cypress
testing scenario is being executed. Essentially, this script automat-
ically starts the task and logs the measurements provided by the
CodeCarbon tool.

Listing 2 illustrates part of our script output when using CodeCar-
bon regarding the execution of CreateAndCommentArticle testing
scenario (Table 4. This output presents the results of an automated
test executed using Cypress, with metrics collected by the CodeCar-
bon library. Lines 3-7 list the active system processes at the time
of execution, which helps contextualize system load and potential
interferences. Moreover, line 10 indicates the specific test being
run—in this case, the CreateAndCommentArticle testing scenario
using the Angular with Django stack. Lines 13 and 14 report the
carbon emissions and total execution time. Finally, lines 17-19 pro-
vide energy usage estimations for each hardware component: RAM
showed 2.86 watts consumption, the GPU was not used, and the
CPU was the primary source of energy usage, averaging 21.4 watts.

Given the 32 testing scenarios outlined in Tables 3 and 4, and
the use of three different technology stacks, we collect a total of 96
script outputs similar to the one shown in Listing 2. We compile
these outputs into spreadsheets, which serve as the basis for the
results and conclusions presented in Section 3.

Listing 2: Our script output for measuring
CreateAndCommentArticle with CodeCarbon

1 . . .
2 === Running P r o c e s s e s ===
3 PID : 1 , Name : systemd , User : r o o t
4 PID : 2 , Name : k threadd , User : r o o t
5 PID : 3 , Name : poo l_workqueue_re l ea se , User : r o o t
6 PID : 4 , Name : kworker /R−rcu_g , User : r o o t
7 PID : 5 , Name : kworker /R−rcu_p , User : r o o t
8 . . .
9 === Cypress s c r i p t ===
10 S c r i p t : / angu l a r +d jango / CreateAndCommentArt ic le . cy . t s
11
12 === CodeCarbon measures ===
13 Carbon em i s s i on s : 0 . 0 0 0 1 1 39 7 6 3 34 9 2 0 50 7 1 5 k i l og r ams
14 Execu t i on t ime : 1 8 1 . 7 0 2 5 1 0 8 3 3 7 4 0 2 3 seconds
15
16 === CodeCarbon log ===
17 Energy consumed f o r RAM : 0 . 0 0 0 0 0 2 kWh . RAM Power : 2 . 8 6 W
18 Energy consumed f o r a l l GPUs : 0 . 0 0 0 0 0 0 kWh . To t a l GPU Power : 0 W
19 Energy consumed f o r a l l CPUs : 0 . 0 0 0 0 1 2 kWh . To t a l CPU Power :

2 1 . 4 0 W
20 . . .

2.5 Execution Environment
To conduct our study, we use an Acer Nitro 5 laptop equipped with
an Intel Core i5-7300HQ processor, 8 GB of RAM, and SSD storage,
running Ubuntu 22.04 LTS. To reduce interference from background
activities, we disable system features such as Bluetooth, system
updates, and Wi-Fi throughout the experiments. Prior to each test
execution, we restart the system and leave it idle for three minutes
to help with post-boot stabilization. Subsequently, we initialize the
application corresponding to the target technology stack. Finally,
we execute our script and collect its output for analysis.

Last but not least, we provide every script, setting, and artifact
necessary to reproduce this work in our Online Appendix [30].

3 Results and Discussion
This section presents the results of the comparative analysis among
the technology stacks React with Rails, Angular with Django, and
KVision with Spring Boot. Section 3.1 discusses the energy effi-
ciency results, focusing on CPU power consumption. Section 3.2 ex-
amines performance in terms of execution time across the selected
testing scenarios, while Section 3.3 presents the corresponding car-
bon dioxide emissions. Section 3.4 explains the results regarding
statistical differences among the technology stacks. In Section 3.5,
we provide an integrated discussion of the findings, and in Sec-
tion 3.6, we outline the threats to the validity of this study.

3.1 Energy efficiency
This section aims to answer RQ1. Therefore, we investigate the
energy efficiency of the three selected technology stacks in terms of
CPU energy consumption. To help us answer this question, we use
the Mean inWatts (MnW), Median inWatts (MdW), Total Consumption
inWatts (TC), andWatt-hour per second (Wh/s) metrics, as explained
in Section 2.1. Table 5 shows the results for each metric.

Table 5: Energy results for each technology stack

Stack React Angular KVision
with Rails with Django with Spring Boot

MnW 22.2311 21.9652 22.3994
MdW 23.0995 22.9814 23.1751
TC 802.7107 794.4133 808.6571
Wh/s 0.22297 0.22067 0.22462

Although the differences are relatively small, Angular with
Django exhibits the lowest average energy consumption among
the three stacks. Specifically, its consumption of 21.9652 watts is
1.21% lower than that of React with Rails and 1.98% lower than
KVision with Spring Boot. However, these results solely are not
enough to draw conclusions about energy efficiency. Therefore, we
also measure the Total Consumption in Watts (TC) for each Simple
and Composed testing scenario (Tables 6 and 7).

As presented in Table 6, the TC rates are relatively similar,
with differences remaining below 5% (Diff%). Total energy con-
sumption per scenario ranges from 17.70 watts for Angular with
Django (loadPagesAndWait) to 27.48 watts for React with Rails
(deleteArticle). In this context, Angular with Django demon-
strates the best energy efficiency in 8 out of the 14 evaluated sce-
narios. React with Rails leads in 5 scenarios, while KVision with
Spring Boot achieves the best result in only one case (loadPages).

Notably, in the loadPages scenario, React with Rails consumes
6.21% more energy than KVision with Spring Boot. However, this
stack is significantly less efficient in specific scenarios such as
updateProfile (5.37%) and filterTag (4.38%). Furthermore, dele-
tion scenarios exhibit the smallest energy consumption variation
among the three technology stacks, with differences remaining
below 0.31%, as shown in the three Diff% columns.

Furthermore, Table 7 presents the TC results for the Composed
scenarios. Angular with Django stands out as the most energy-
efficient stack, achieving the lowest consumption in 10 out of 18
scenarios. However, the overall differences among the stacks remain
relatively small, typically under 5% - equal to the Simple scenarios.
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Table 6: Total Energy Consumption in Watts for Simple testing scenarios

Testing Scenario React with Rails Diff% Angular with Django Diff% KVision with Spring Boot Diff%

createArticle 22.94 1.18% 22.67 0.00% 23.03 1.61%
createComment 27.03 2.15% 26.46 0.00% 26.93 1.79%
deleteArticle 27.48 0.31% 27.39 0.00% 27.44 0.18%
deleteComment 27.21 0.20% 27.16 0.00% 27.19 0.12%
filterTag 26.59 2.80% 25.87 0.00% 27.00 4.38%
loadPages 27.39 6.31% 26.21 1.72% 25.77 0.00%
loadPagesAndWait 18.12 2.38% 17.70 0.00% 18.24 3.06%
login 26.51 0.00% 26.78 1.01% 26.84 1.23%
loginInvalidEmail 26.08 0.00% 26.32 0.95% 26.66 2.24%
loginInvalidPassword 26.55 1.40% 26.18 0.00% 26.62 1.67%
logOut 26.46 0.12% 26.43 0.00% 26.81 1.44%
singUp 25.25 0.00% 25.46 0.81% 26.30 4.15%
updateArticle 25.24 0.00% 26.00 3.02% 25.75 2.02%
updateProfile 24.63 0.00% 25.35 2.91% 25.95 5.37%

KVision with Spring Boot, on the other hand, consistently exhibits
higher energy usage, consuming up to 8.07% (Diff%) more energy
compared to the most efficient alternatives. This trend is especially
pronounced in creation and update operations, where KVision
regularly shows the least favorable energy consumption. React with
Rails occupies a middle ground, leading in energy efficiency in 5
scenarios, particularly in tasks such as createAndCommentArticle
and createAndUpdateArticle.

In this context, the most pronounced differences in energy con-
sumption for Composed scenarios occur in workflows, such as
loginCreateArticleAndComment, where Angular with Django
outperforms the other stacks by approximately 22%. In contrast,
scenarios like favoriteAndUnfavoriteArticle exhibit minimal
variation among the three stacks, indicating that some functionali-
ties tend to consume similar amounts of energy regardless of the
underlying technology.

Last but not least, in response to RQ1, we conclude that Angular
with Django consistently exhibits the lowest energy consump-
tion across the majority of testing scenarios for the RealWorld
App. Nonetheless, the differences between the stacks are rel-
atively modest—typically below 2% in most cases. Although
energy efficiency can vary depending on the specific scenario,
the overall variations are minimal. This suggests that, while
measurable differences in CPU energy consumption exist, the
choice of technology stack has only a limited impact on overall
energy efficiency.

3.2 Time efficiency
This section presents the results regarding RQ2, which focus on
the time efficiency of the three evaluated technology stacks. As
discussed in Section 2.1, we use the Total Execution Time in Seconds
(TE), Mean Execution Time in Seconds (ME), and Median Execution
Time in Seconds (MD) metrics. Table 8 illustrates our measures for
these metrics.

Notably, the results vary less than 1% among React with Rails,
Angular with Django, and KVision with Spring Boot regarding TE,
ME, and MD. These numbers might indicate that execution time does

not change significantly when executing the same functionalities
across different technology stacks. However, to better understand
these results, we also investigate execution time for each Simple
and Composed testing scenario.

Table 9 presents the Total Execution Time in Seconds (TE) for Sim-
ple testing scenarios. In this context, Angular with Django records
the shortest execution time in 6 out of the 14 scenarios. The Diff%
column also shows that this stack achieves differences greater than
3%. For instance, regarding createArticle, Angular with Django
completed this testing scenario in 169.44 seconds, while React with
Rails took 175 seconds (3.28% slower), and KVision with Spring
Boot, 181.14 seconds (6.46% slower).

This performance advantage is also evident in operations such as
createComment and deleteArticle. Angular with Django takes
99.6 and 91.74 seconds, respectively, to complete, while React with
Rails takes 108.03 and 95.78 seconds to end. As discussed in Sec-
tion 3.1, this time efficiency may be attributed to architectural opti-
mizations, such as Angular’s Ahead-of-Time (AOT) compilation [3]
and Django’s ORM [20].

Additionally, React with Rails outperforms the other stacks in
certain testing scenarios. For instance, in filterTag, it is 6.60%
faster than KVision with Spring Boot and 4.14% faster than An-
gular with Django. In loadPagesAndWait, it shows even greater
efficiency—11.81% faster than Angular with Django and 2.18% faster
than KVision with Spring Boot. Conversely, KVision with Spring
Boot exhibits slower execution in most of the Simple testing scenar-
ios. This stack generally requires more time to complete operations,
as observed in login (101.01 seconds) and logOut (100.03 seconds).

For the Composed testing scenarios, the results in Table 10 show
a contrast compared to the Simple ones. In this context, KVision
with Spring Boot emerges as the fastest stack in 6 out of 18 oper-
ations. For instance, in the createAndUpdateArticle scenario, it
completes the task in 193.01 seconds, while React with Rails takes
221.97 seconds (15% slower), and Angular with Django takes 211.07
seconds (8.56% slower).

Moreover, Angular with Django is faster in scenarios
such as createAndDeleteArticle (173.85 seconds) and
createAndDeleteComment (98.12 seconds). However, its
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Table 7: Total Energy Consumption in Watts for Composed testing scenarios

Testing Scenario React with Rails Diff% Angular with Django Diff% KVision with Spring Boot Diff%

createAndCommentArticle 21.72 0.00% 22.96 5.75% 23.22 6.92%
createAndDeleteArticle 22.92 1.46% 22.59 0.00% 23.12 2.34%
createAndDeleteComment 27.02 0.76% 26.82 0.00% 27.18 1.35%
createAndUpdateArticle 21.20 0.00% 21.85 3.07% 22.85 7.79%
favoriteAndUnfavoriteArticle 27.30 0.01% 27.30 0.00% 27.52 0.83%
loginAndCreateArticle 22.72 1.84% 22.31 0.00% 22.76 1.99%
loginAndDeleteArticle 26.68 2.79% 25.95 0.00% 26.78 3.19%
loginAndDeleteComment 26.64 3.09% 25.85 0.00% 26.30 1.76%
loginAndLogout 25.87 0.00% 26.29 1.65% 26.32 1.73%
loginAndUpdateProfile 25.53 1.89% 25.06 0.00% 25.14 0.34%
loginCreateAndDeleteArticle 23.22 2.14% 22.73 0.00% 22.98 1.09%
loginCreateAndDeleteComment 26.42 0.02% 26.51 0.34% 26.42 0.00%
loginCreateAndUpdateArticle 21.15 0.00% 22.57 6.71% 22.85 8.07%
loginCreateArticleAndComment 23.08 22.46% 18.85 0.00% 22.87 21.35%
loginCreateComment 26.85 3.20% 26.01 0.00% 26.12 0.41%
LoginFiltertagAndComment 26.52 5.59% 25.11 0.00% 25.71 2.39%
singUpAndLogin 25.40 1.69% 25.49 2.03% 24.98 0.00%
singUpLoginAndLogout 24.99 3.37% 24.18 0.00% 24.98 3.33%

Table 8: Time results for each technology stack

Stack React Angular KVision
with Rails with Django with Spring Boot

TE 4098.57 4087.90 4069.09
ME 128.08 127.75 127.16
MD 109.80 112.45 110.67

time efficiency decreases in more complex scenarios, like
loginCreateArticleAndComment (241.25s), where KVision with
Spring Boot performs 17.14% faster. In contrast, React with Rails
shows higher execution times in Composed scenarios, including
createAndCommentArticle (204.74 seconds) and loginCreate-
ArticleAndComment (241.25 seconds).

Finally, in response to RQ2, and based on the results discussed
in this section, there is no definitive best choice for the Real-
World App in terms of time efficiency among the three technol-
ogy stacks, as each demonstrates strengths in different contexts.
Angular with Django performs best in most Simple scenarios,
achieving the fastest execution time in 8 out of 14 cases. In
contrast, KVision with Spring Boot stands out in more Com-
posed scenarios, leading in 9 out of 18. React with Rails delivers
balanced performance across both scenario types, but seldom
outperforms the other stacks.

3.3 Carbon efficiency
In this section, we aim to answer our third research question -
RQ3. As stated in Section 2.1, we measure four metrics: Total CO2
Emissions in Grams (TCO2), CO2 Equivalent Emissions in Grams
per Second (CO2eq/s), and Estimated CO2 Equivalent Emissions in
Grams per Year (CO2eq/y).

Table 11 demonstrates our results for these metrics. Regarding
TCO2, Angular with Django has the lowest total carbon dioxide

emissions at 2.7194 grams, while React with Rails produces 1.2%
more CO2 - 2.7519 grams. Additionally, KVision with Spring Boot
has the highest emissions at 2.7717 grams, which is 1.92% higher
than Angular.

Moreover, the CO2eq/s rates further reinforce that Angular with
Django is themost energy-efficient among the evaluated technology
stacks, emitting only 0.0217 grams of carbon dioxide equivalent per
second during the execution of the testing scenarios. In comparison,
React with Rails generates approximately 1% more CO2eq/s, while
KVision with Spring Boot emits around 1.75% more to execute the
same set of scenarios.

In terms of projected annual carbon dioxide equivalent emissions,
Angular with Django once again reports the lowest value, at 685,636
grams. React with Rails emits approximately 0.81% more, while
KVision with Spring Boot reaches 696,588.0 grams—an increase of
1.6%. Despite these differences, the overall results remain relatively
close. Therefore, we also calculate the TCO2 for each Simple and
Composed testing scenario individually.

Table 12 shows the TCO2 for each Simple scenario. Angular with
Django demonstrates superior efficiency in 6 scenarios (primarily
creation and update operations), while React with Rails leads in
5 scenarios (predominantly login and validation processes), and
KVision with Spring Boot excels in only the loadPages scenario.
The emission values range from 0.0341 grams to 0.1140 grams of
carbon dioxide, with createArticle generating the highest carbon
footprint across the three stacks. Most scenarios show relatively
modest differences between stacks, typically ranging from 1% to 9%,
with the maximum difference being 14.98% in loadPages between
Angular with Django and KVision with Spring Boot.

Overall, the total carbon dioxide emission differences among
these technology stacks are relatively small and unlikely to be the
sole determining factor in technology selection.While Angular with
Django appears to have a slight environmental advantage in more
scenarios, none of the stacks demonstrates consistent superiority
across the evaluated testing scenarios. Additionally, the similar
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Table 9: Total execution time in seconds for Simple testing scenarios
Testing Scenario React with Rails Diff% Angular with Django Diff% KVision with SpringBoot Diff%
createArticle 175.00 3.28% 169.44 0.00% 181.14 6.46%
createComment 108.03 8.46% 99.60 0.00% 106.40 6.39%
deleteArticle 95.78 4.40% 91.74 0.00% 98.00 6.39%
deleteComment 94.99 2.07% 93.06 0.00% 98.64 5.66%
filterTag 91.65 0.00% 95.61 4.14% 98.13 6.60%
loadPages 78.85 0.00% 89.41 11.81% 80.61 2.18%
loadPagesAndWait 70.52 0.00% 70.57 0.07% 70.84 0.45%
login 95.87 0.00% 97.73 1.90% 101.01 5.09%
loginInvalidEmail 94.43 0.00% 94.64 0.22% 101.27 6.75%
loginInvalidPassword 96.00 0.00% 98.72 2.76% 101.70 5.60%
logOut 94.68 0.00% 95.75 1.12% 100.03 5.35%
signUp 108.05 3.06% 105.91 1.01% 104.84 0.00%
updateArticle 111.54 5.87% 105.36 0.00% 111.29 5.33%
updateProfile 112.40 0.00% 112.91 0.45% 114.16 1.54%

Table 10: Total execution time in seconds for Composed testing scenarios
Testins Scenario React with Rails Diff% Angular with Django Diff% KVision with SpringBoot Diff%

createAndCommentArticle 204.74 12.68% 181.70 0.00% 189.31 4.02%
createAndDeleteArticle 177.47 2.08% 173.85 0.00% 175.95 1.19%
createAndDeleteComment 104.84 6.85% 98.12 0.00% 107.41 8.65%
createAndUpdateArticle 221.97 15.00% 211.07 8.56% 193.01 0.00%
favoriteAndUnfavoriteArticle 97.98 3.04% 95.09 0.00% 99.02 3.97%
loginAndCreateArticle 187.57 4.19% 184.89 2.63% 180.02 0.00%
loginAndDeleteArticle 106.74 0.00% 113.60 6.04% 109.28 2.33%
loginAndDeleteComment 107.69 0.00% 111.99 3.84% 110.05 2.14%
loginAndLogout 103.26 0.00% 105.42 2.05% 106.70 3.22%
loginAndUpdateProfile 122.10 0.00% 126.56 3.52% 123.27 0.95%
loginCreateAndDeleteArticle 189.65 0.62% 190.38 1.00% 188.48 0.00%
loginCreateAndDeleteComment 126.02 6.06% 123.58 3.85% 118.82 0.00%
loginCreateAndUpdateArticle 236.12 16.01% 207.23 1.79% 203.53 0.00%
loginCreateArticleAndComment 201.53 0.81% 241.25 17.14% 199.90 0.00%
loginCreateComment 119.21 5.31% 113.20 0.00% 116.87 3.15%
LoginFiltertagAndComment 117.03 0.00% 123.14 4.96% 123.90 5.55%
singUpAndLogin 116.92 0.00% 118.08 0.98% 125.81 7.06%
singUpLoginAndLogout 129.94 0.19% 148.31 12.55% 129.70 0.00%

Table 11: Carbon emission results for each technology stack

Stack React Angular KVision
with Rails with Django with Spring Boot

TCO2 2.7519 2.7194 2.7717
CO2eq/s 0.0219 0.0217 0.02208
CO2eq/y 691.213 685.636 696.588

emission patterns across stacks indicate that optimizing specific
operations within any chosen stack might yield more significant
environmental benefits than switching between stacks.

Furthermore, Table 13 illustrates the results for Composed
testing scenarios. KVision with Spring Boot demonstrates
superior efficiency in 4 scenarios, particularly outperform-
ing in scenarios involving article creation and updates (e.g.,
loginCreateAndUpdateArticle and createAndUpdateArticle),

with emissions as low as 0.1205 grams of carbon dioxide. An-
gular with Django leads in 7 scenarios, showing particular ef-
ficiency in comment-related operations and article interactions,
such as createAndCommentArticle and loginCreateComment,
with values down to 0.0709 TCO2. React with Rails achieves
the lowest emissions in 5 scenarios, performing well in logout
sequences and authentication flows (e.g., loginAndLogout and
signUpLoginAndLogout). The emission values across the evaluated
Composed scenarios range from 0.0709 to 0.1364 TCO2, noticeably
higher than most Simple scenarios due to their compound nature.

The carbon emission differences between stacks remain rel-
atively modest, with most differences falling between 1% and
7%. The most significant difference observed is 11.08% in the
signUpLoginAndLogout scenario between React with Rails and
Angular with Django. Interestingly, each stack demonstrates ad-
vantages in specific operation types: KVision performs better in
complex article manipulations, Angular excels in comment opera-
tions, and React shows strength in authentication flows. None of
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Table 12: Total carbon dioxide emission in grams for Simple testing scenarios

Testing Scenario React with Rails Diff % Angular with Django Diff % KVision with Spring Boot Diff %

createArticle 0.1096 4.46% 0.1049 0.00% 0.1140 7.94%
createComment 0.0798 10.83% 0.0720 0.00% 0.0783 8.05%
deleteArticle 0.0719 4.81% 0.0686 0.00% 0.0734 6.54%
deleteComment 0.0707 2.46% 0.0690 0.00% 0.0732 5.74%
filterTag 0.0666 0.00% 0.0675 1.33% 0.0724 8.01%
loadPages 0.0590 3.87% 0.0668 14.98% 0.0568 0.00%
loadPagesAndWait 0.0349 2.35% 0.0341 0.00% 0.0353 3.40%
login 0.0695 0.00% 0.0723 3.90% 0.0740 6.08%
loginInvalidEmail 0.0672 0.00% 0.0681 1.32% 0.0738 8.94%
loginInvalidPassword 0.0696 0.00% 0.0706 1.42% 0.0740 5.95%
logOut 0.0685 0.00% 0.0691 0.87% 0.0733 6.55%
signUp 0.0746 1.36% 0.0736 0.00% 0.0753 2.26%
updateArticle 0.0769 2.67% 0.0749 0.00% 0.0782 4.22%
updateProfile 0.0756 0.00% 0.0782 3.32% 0.0809 6.55%

the stacks maintains a consistent carbon dioxide emissions advan-
tage across the evaluated Composed scenarios. Such results suggest
that environmental impact is more dependent on specific operation
types than on the technology stack.

Lastly, in response to RQ3, we observe that the three evalu-
ated stacks exhibit relatively similar carbon dioxide efficiency
for the RealWorld App. While there are differences in the val-
ues of TCO2, CO2eq/s, and CO2eq/y, these variations are mi-
nor—approximately 1.6% between the most and least efficient
cases. This trend remains consistent when analyzing the Simple
and Composed scenarios separately. Overall, our findings sug-
gest that Angular with Django tends to emit the least carbon
dioxide. Specifically, Angular with Django stands out in CRUD
operations, whereas React with Rails performs particularly well
in authentication scenarios. Finally, despite having the highest
total emissions, KVision with Spring Boot demonstrates relative
efficiency in handling complex workflows and intensive page
loads.

3.4 Statistical differences
To answer RQ4, we conduct an analysis of variance (ANOVA)[59].
The results indicate no statistically significant differences among
the three evaluated technology stacks, as all p-values across the
testing scenarios remain consistently above the 0.05 threshold. Ad-
ditionally, we apply effect size calculations using Cohen’s d[14] for
all pairwise comparisons. These results further confirm the absence
of substantial differences, with d values ranging from -0.11 to 0.15,
indicating only negligible effect sizes.

While Angular with Django tends to exhibit slightly lower en-
ergy consumption in several scenarios, and KVision with Spring
Boot shows marginally higher usage in others, these differences are
not statistically significant. In most cases, the percentage variations
remain below 3%. Taken together, these findings suggest that en-
ergy consumption alone is unlikely to be a decisive criterion when
selecting among web application technology stacks.

We also conduct an ANOVA analysis for time efficiency. It con-
firms that the execution time differences between React with Rails,

Angular with Django, and KVision with Spring Boot are not statisti-
cally significant (p > 0.05 for both Simple and Composed scenarios).
While KVision with Spring Boot shows the best average perfor-
mance in Simple scenarios (102.5 seconds) compared to React with
Rails (102.8 seconds) and Angular with Django (101.5 seconds), the
maximum percentage difference between stack means was only
1.3%. For Composed scenarios, the differences are similarly small,
with mean execution times of 149.1, 150.4, and 146.8 seconds re-
spectively (maximum difference of 2.5%). The effect sizes (Cohen’s
d) between all pairs of technology stacks fell below 0.2, indicating
negligible practical significance. These statistics support the con-
clusion that performance alone should not be the decisive factor
when selecting among these web application technology stacks.

Furthermore, for the ANOVA testing regarding carbon dioxide
emissions, we observe that differences are not statistically signif-
icant, with p-values of 0.6350 for Simple testing scenarios, 0.5102
for Composed scenarios, and 0.4381 for all scenarios combined.
Therefore, all p-values are larger than 0.05. In summary, we cannot
indicate a technology stack superior in terms of carbon dioxide
efficiency. Further analysis of effect sizes using Cohen’s d confirms
the minimal practical significance of these differences. In fact, when
all scenarios are combined, they present rates below the threshold
of 0.2. For example, React with Rails versus Angular with Django
is 0.0345. This statistical analysis suggests that the roughly 1.6%
difference in overall emissions between stacks is neither statistically
significant nor practically meaningful, indicating that environmen-
tal impact should not be the primary decision factor when choosing
between these technologies for the RealWorld App.

To explore potential correlations among energy consumption,
execution time, and carbon dioxide emissions, we apply the Pearson
correlation test [8]. The results reveal strong positive correlations
(coefficients > 0.99) across all evaluated metrics for the three tech-
nology stacks analyzed: React with Rails, Angular with Django, and
KVision with Spring Boot. These high correlation values suggest
that increases in execution time are closely associated with in-
creases in energy consumption and carbon emissions. For instance,
Angular with Django shows the lowest total energy consumption
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Table 13: Total carbon dioxide emission in grams for Composed testing scenarios

Testing Scenario React with Rails Diff% Angular with Django Diff% KVision with SpringBoot Diff%

loginCreateAndUpdateArticle 0.1364 7.38% 0.1277 0.55% 0.1270 0.00%
createAndUpdateArticle 0.1285 6.65% 0.1260 4.38% 0.1205 0.00%
loginCreateArticleAndComment 0.1271 2.35% 0.1242 0.00% 0.1249 0.60%
createAndCommentArticle 0.1215 6.60% 0.1140 0.00% 0.1201 5.08%
loginCreateAndDeleteArticle 0.1202 1.67% 0.1183 0.00% 0.1183 0.03%
loginAndCreateArticle 0.1165 4.04% 0.1127 0.71% 0.1119 0.00%
createAndDeleteArticle 0.1111 3.56% 0.1073 0.00% 0.1111 3.44%
loginCreateAndDeleteComment 0.0910 6.18% 0.0895 4.25% 0.0857 0.00%
loginCreateComment 0.0874 8.57% 0.0805 0.00% 0.0834 3.48%
loginAndUpdateProfile 0.0852 0.59% 0.0866 2.19% 0.0847 0.00%
LoginFiltertagAndComment 0.0848 0.36% 0.0845 0.00% 0.0870 2.87%
loginAndDeleteComment 0.0784 0.00% 0.0791 0.88% 0.0790 0.76%
loginAndDeleteArticle 0.0778 0.00% 0.0805 3.35% 0.0799 2.63%
createAndDeleteComment 0.0774 7.65% 0.0719 0.00% 0.0797 9.79%
favoriteAndUnfavoriteArticle 0.0730 2.96% 0.0709 0.00% 0.0745 4.83%
loginAndLogout 0.0730 0.00% 0.0758 3.69% 0.0768 4.95%
signUpAndLogin 0.0811 0.00% 0.0822 1.34% 0.0858 5.48%
signUpLoginAndLogout 0.0871 0.00% 0.0980 11.08% 0.0885 1.54%

(TC in Table 5) at 794.4133 watts, which corresponds to the lowest
total carbon dioxide emissions at 2.7194 grams (TCO2 in Table 11).

Based on our results, we answer RQ4 stating that the choice
among different web application technology stacks in the context
of the RealWorld App tends to have minimal effect on energy
consumption, execution time, and carbon dioxide emissions.

3.5 Discussion
Surprisingly, our results indicate that the selection of a technology
stack should not be the exclusive determinant when aiming for
sustainability in web applications, specifically for the RealWorld
App. Rather, targeted optimizations—such as minimizing redun-
dant calls, implementing caching mechanisms, and employing lazy-
loading—can lead to substantial environmental improvements. This
perspective reorients the conventional strategy from redeveloping
systems in newer stacks to enhancing critical functionalities within
the existing stack.

In this context, further investigation is necessary to determine
what factors are crucial for significantly changing energy consump-
tion, execution time, and carbon dioxide emissions. One hypothesis
is that improving specific features (e.g., authentication) should
bring better results when aiming for software sustainability. An-
other hypothesis regards whether the slightly enhanced energy
efficiency observed in Angular with Django could be attributed
to Angular’s Ahead-of-Time compilation, which yields more opti-
mized executable code, alongside Django’s proficient utilization of
ORM for database queries. Conversely, KVision with Spring Boot’s
comparative advantage in composed scenarios may arise from its
integration with the Java Virtual Machine, a characteristic that
often optimizes sequences of calls through Just-In-Time compila-
tion. Nevertheless, this very feature might introduce overhead in
brief executions, which would account for its worse performance
in simpler tasks.

At last, we hope that other researchers could also investigate
such hypotheses in order to achieve alternative or complementary
conclusions.

3.6 Threats to Validity
In this section, we discuss the potential threats to the validity of
our study [64].

External validity. Our findings are based on the evaluation of
three specific technology stacks. As such, the results may not be
directly generalizable to other combinations of technologies. How-
ever, the selected stacks—React with Rails, Angular with Django,
and KVision with Spring Boot—are widely adopted in web applica-
tion development [12, 43, 45, 51, 61, 62]. To mitigate this limitation,
we intend to expand our analysis in future work by incorporating
additional stacks from the Real World application project.

The second threat relates to the selection of testing scenarios
(Tables 3 and 4). Although the scenarios cover common web ap-
plication functionalities—such as sign-up, login, and logout—we
cannot claim that our findings generalize to all types of features.
Nevertheless, the selected 32 testing scenarios cover the majority
of available functionalities from the Real World project across the
three evaluated technology stacks. In this sense, our sample likely
captures foundational behaviors of typical web applications.

Furthermore, this study relies on a single case study—the Real
World app [65]. As such, our findings are limited by the specific char-
acteristics of how this project is developed, maintained, and shared
within the software community. Nevertheless, the Real World app is
a well-established project, supported by over 84 contributors, with
more than 81,000 stars and 7,000 forks on GitHub. These numbers
reinforce its relevance for studies like ours. In fact, there are a num-
ber of research studies that use the Real World app for a myriad of
purposes [2, 58, 66, 67].

Last but not least, CodeCarbon [11] uses the Intel Running Aver-
age Power Limit (RAPL) tool [18, 35] under the hood. This means
that our conclusions apply only to web applications running on
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an Intel Processor. Therefore, we cannot generalize our results for
other processors. In addition, conditions such as room temperature
might slightly influence our results. However, RAPL is widely used
as a measurement tool in academic work [1, 5, 22, 36].

Construct validity. This research uses 10 metrics, as illustrated
in Table 1. Therefore, our conclusions are based on the results
of such a set of metrics. In this context, we could come across
different results in case we use different metrics. For example, the
differences in emissions of greenhouse gases other than carbon
dioxide, such as methane [24], across the evaluated stacks could be
more significant. Nonetheless, to mitigate this issue, we select the
CO2eq/s and CO2eq/ymetrics to measure greenhouse gas emissions
equivalent to carbon dioxide. Thus, we do not evaluate alternative
greenhouse gases separately, but we estimate them within those
metrics.

Internal validity. To measure energy consumption (in watts),
execution time (in seconds), and carbon dioxide emissions (in
grams), we rely on the CodeCarbon tool [11]. Ideally, we should
employ multiple tools to reduce the risk of bias introduced by limi-
tations or inaccuracies specific to a single tool. However, we argue
that CodeCarbon is a widely adopted and validated solution for
measuring these metrics [10, 21, 26, 53]. Thus, we consider its use
to be a more reliable and less error-prone choice than developing a
custom measurement solution from scratch.

4 Related Work
In this section, we review and discuss related work, highlighting
key studies in the field and comparing their approaches and findings
with those of our research.

First, Hindle et al. [33] introduce GreenMiner, a framework for
measuring energy consumption in Android applications using hard-
ware instrumentation (e.g., Arduino [48]). Unlike their approach,
which targets mobile apps with physical measurements, we as-
sess server and client-side web frameworks using software-based
tools like CodeCarbon. While both studies aim to promote energy-
efficient software, our work provides a complementary perspective
by analyzing web architectures rather than mobile environments.

Additionally, Georgiou et al. [25] evaluate the energy consump-
tion and runtime performance of 14 programming languages across
multiple platforms: embedded systems, laptops, and servers. Their
study relies on controlled benchmarks from the Rosetta Code [13],
whereas ours uses the RealWorld app [65] to simulate practical
web application scenarios. Although both works address energy
efficiency, our focus on technology stacks extends their findings to
web development.

Pereira et al. [57] analyze energy consumption, execution time,
and memory usage across 27 programming languages using bench-
marks from the Computer Language Benchmarks Game [28]. While
their study focuses on algorithmic tasks at the language level, our
work evaluates full-stack web frameworks (e.g., React with Rails,
Angular with Django, and KVision with Spring Boot) in application
scenarios using the RealWorld App benchmark. This difference in
focus allows us to assess the environmental impact of technology
combinations rather than individual languages.

The work of de Macedo et al. [19] compares WebAssembly [32]
and JavaScript in terms of energy efficiency and execution time.
Their study, which includes both micro-benchmarks and real-world

applications (e.g., WasmBoy [63]), demonstrates that WebAssembly
can reduce energy consumption by up to 30% in compute-intensive
tasks. While their work examines low-level execution formats in
browsers, we investigate web applications, providing conclusions
at a higher architectural level.

Moreover, Rashid et al. [44] investigate the energy consumption
of sorting algorithms implemented in ARM Assembly, C, and Java
on a Raspberry Pi [54]. Their analysis highlights how programming
language abstraction levels and hardware characteristics impact
power usage. In contrast, our study focuses on web applications de-
veloped using different technology stacks. Furthermore, we present
results related to greenhouse gas emissions, contributing to a better
understanding of how usage scenarios can affect environmental
impact.

Finally, the study by Gordillo et al. [27] investigates differences
in energy consumption across algorithms implemented in various
programming languages. Their goal is to empirically identify which
languages are more suitable from an energy efficiency standpoint.
Alternatively, our work does not focus on specific algorithms exe-
cuted in isolation. Instead, we analyze energy consumption within
usage scenarios of a web application implemented using differ-
ent technology stacks. Additionally, we extend the evaluation by
measuring execution time and carbon dioxide emissions.

5 Conclusion
This work investigated how different web application technology
stacks differ with respect to energy consumption, execution time,
and carbon dioxide emissions. Unlike prior studies that focus on
isolated tasks or algorithmic benchmarks, our approach evaluated
real usage scenarios, offering a more practical perspective for de-
velopers and decision-makers concerned with reducing software
environmental impact.

Our results indicated that the choice of web application technol-
ogy stack, among the three evaluated, has minimal influence on
energy consumption, execution time, and CO2 emissions. Variations
across the stacks remain consistently low, and we found no statisti-
cally significant differences. This suggests that simply switching
technology stacks may not be an effective strategy for reducing
environmental impact. Instead, efforts may be better directed at
identifying and optimizing specific application functionalities.

As future work, we aim to expand this analysis by incorpo-
rating additional technology stacks, exploring different types of
applications, and investigating the impact of optimizing specific
functionalities. In particular, we plan to leverage Large Language
Models (LLMs), such as llama-3.3-70b-versatile and deepseek-r1-
distill-llama-70b available on GroqCloud [29], to perform targeted
optimizations. An interesting avenue for exploration is whether
LLMs can outperform human developers in identifying and im-
plementing energy- and carbon-efficient improvements. At last,
long-term monitoring of energy and carbon dioxide metrics in
production environments could provide a more comprehensive
understanding of how software design decisions translate into en-
vironmental outcomes over time.

ARTIFACT AVAILABILITY
We provide all artifacts used in this work in our Online Appen-
dix [30].
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