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Abstract

The rapid adoption of large language models (LLMs) for everyday information-seeking is shifting energy
demand from highly optimized search engines to far more power-hungry conversational AI systems [1],
[2]. Yet this cost remains largely invisible to end users.

This thesis investigates whether user interface (UI)-only interventions can increase user awareness and
lead to measurable reductions in the energy consumption associated with chatbot usage.

We first conducted a baseline survey (n = 50), which revealed both awareness deficits and strong sup-
port for transparency features such as energy indicators and low-power modes. Guided by these findings
and prior work in human computer interaction (HCI), we developed a full-stack ChatGPT-style proto-
type (“The Botter”) incorporating five sustainability-focused UI features: (1) a three-mode toggle, (2)
prompt-level energy prediction, (3) per-response Energy-Notes, (4) a usage metrics dashboard and (5)
personalized energy analogies.

In a five-day field experiment involving eleven frequent LLM users, we observed a substantial increase
in energy awareness (peaking at M = 4.44 on a 5 point Likert scale), alongside high usability ratings (all
features above 4/5). Importantly, higher awareness correlated with more energy-efficient usage behavior:
Participants in the top awareness quartile selected the energy-saving mode for 72% of their prompts,
compared to 34% in the bottom quartile. Overall, more than half of all prompts were routed through
the energy-efficient mode, yielding an estimated 35% reduction in energy consumption relative to a
performance-mode baseline, without degrading user experience.

These findings demonstrate that lightweight, frontend design interventions can effectively nudge sus-
tainable behavior in conversational AI interfaces. This contributes to addressing a key challenge in the
design of human-AI interaction and highlights the role of interface design in mitigating the environmental
impact of large-scale language model usage.
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1 Introduction

1.1 Initial Situation

Conversational AI consumes a lot of energy during its entire life cycle [3]. A signi�cant part of this
energy is required for the development and training of the model [4], [5]. But the actual conversational
AI service also consumes a great amount of energy during inference. Although a single prompt does
not have a signi�cant impact on the required energy, the cumulative effect grows rapidly with a large
user base. In fact, inference energy usage now outweighs training in many large-scale deployments:
If chatbot-based interfaces were to completely replace traditional web search, global electricity demand
could increase by several tens of terawatt hours annually [3]. During one month, the inference energy can
already exceed that of the model training [6]. Bond Capital reports that ChatGPT reached 800 million
weekly active users just 17 months after launch, implying trillions of inference calls per month [7]. These
�gures underscore why inference energy has become a central environmental concern.

1.2 Problem Statement

Despite this growing footprint, most end users remain unaware of the hidden environmental costs of their
interactions with large language models (LLMs). Traditional searches have well-optimized, transparent
energy pro�les, but LLM-based chat incurs substantial energy consumption. In what follows, we outline
the key dimensions of this problem.

1.2.1 Perceptual Gap: Lack of User Awareness

Most users underestimate the energy implications of AI services. Our survey (Section 3.2) shows partic-
ipants vastly misjudge per–query consumption, echoing Sustainable HCI �ndings that even tech-savvy
users lack calibrated mental models for digital energy use [8]. Without awareness, users cannot factor
sustainability into everyday choices.

1.2.2 Technical Gap: Barriers to Live Transparency

Accurate, per-query energy feedback is technically complex. Current estimation tools are not very ac-
curate, of�ine, or not integrated into user interfaces [9], [10]. Live token-level attribution remains an
open challenge behind proprietary, cloud-based APIs. Without precise, real-time estimates, transparency
features risk being symbolic rather than informative.

1.2.3 Design Gap: Platform Incentives and UI Constraints

Commercial providers often deprioritize energy transparency when performance, engagement, and mon-
etization are at stake. Defaults prioritize speed and �uency over ef�ciency, and although model-selection
or prompt-optimization can cut inference energy by up to 60 % [11], [12], these options are rarely ex-
posed to users. The design ecosystem lacks strong nudges toward sustainable behavior.

1.2.4 Problem Synthesis

Taken together, these facets reveal three interrelated gaps that this thesis addresses:

1. Perceptual Gap— Users are unaware of the true environmental cost of LLM usage.
2. Technical Gap— Live, accurate energy estimation is dif�cult to implement and deploy.
3. Design Gap— Current UIs and provider incentives offer little support for sustainability-aware

decisions.
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1.2.5 Opportunities for Intervention

Research in adjacent domains shows that real-time, contextual feedback can shift behavior, for example
smart-meter dashboards and mobile energy apps have driven measurable reductions in consumption [13],
[14]. UI-only strategies such as dashboards, mode toggles, and energy analogies can make backend en-
ergy innovations visible and actionable at the user level. This thesis builds on these insights to explore
how purely interface-based interventions can raise awareness and nudge more sustainable use of conver-
sational AI.

1.3 Overall Goal and Requirements

We strive to reduce the overall energy consumption associated with conversational AI by improving user
awareness through targeted UI-based interventions. By researching and contributing to the state of the
art, this thesis aims to understand how interface design alone can effectively in�uence user behavior
regarding energy consumption. We will identify and evaluate UI features that increase user awareness,
providing transparency and actionable insights into the energy impact of their interactions with conver-
sational AI. Ultimately, our goal is to empower users to make informed decisions when and how to use
conversational AI, fostering more sustainable and energy-ef�cient usage patterns without compromising
the user experience.

1.3.1 Research Questions

Therefore, our work is guided by the following three research questions:

RQ1: To what extent are users currently aware of the energy implications associated with their chatbot
interactions?

RQ2: How can UI-based features most effectively increase user awareness regarding the energy con-
sumption of conversational AI?

RQ3: How strongly does increased user awareness correlate with reductions in conversational AI en-
ergy consumption?

1.4 Structure of the Thesis

This thesis is organized into eight core chapters, followed by a declaration of honesty and a comprehen-
sive appendix.

• Chapter 1 - Introduction situates the study, delineates the problem space, formulates the research
questions, and speci�es the goals and requirements that guide the work.

• Chapter 2 - Methodology details the �ve-phase research design: Literature review, the baseline
survey, prototype development, controlled experiment, and data-analysis plan.

• Chapter 3 - State of the Art reviews prior work on user awareness, energy footprints of con-
versational AI, UI-based sustainability interventions, and identi�es the resulting knowledge gaps
addressed in this thesis including our own survey results.

• Chapter 4 - Conceptual Solutionoutlines the high-level approach, describes the baseline chatbot
and the �ve UI features (three-mode switch, metrics dashboard, prompt prediction, energy note,
and energy analogies) and presents the underlying energy-estimation model.

• Chapter 5 - Implementation explains the concrete realisation of the system architecture on Azure,
covering frontend, backend, data storage, non-functional requirements, and CI/CD pipeline.

• Chapter 6 - Validation and Results reports quantitative and qualitative �ndings from the user
study(experiment), including awareness trajectories, behavioral metrics derived from server logs,
and usability assessments.
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• Chapter 7 - Discussioninterprets the empirical results in light of the research questions and hy-
potheses, re�ects on methodological and technical limitations, and outlines avenues for further
research and development.

• Chapter 8 - Conclusionsynthesises the key contributions and practical implications of the thesis.
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2 Methodology

The following section outlines the �ve phases of the methodology that guided the development of this
thesis. Each phase is brie�y described to provide an overview of the overall approach.

Figure 2.1: Overview of the �ve-phase thesis methodology

2.1 Phase I – Literature Review

We conducted a structured literature review to identify existing research and solutions related to sustain-
able AI and energy awareness in conversational systems. The process included:

• Databases Searched:Google Scholar, Google search and AI (ChatGPT deepsearch functionallity)
for literature searches related to the subject.

• Keywords Used: Our search included combinations of terms such as “chatbot”, “LLM”, “large
language models”, “sustainable AI”, “green AI”, “energy ef�ciency”, “carbon footprint AI”, “eco-
feedback”, “energy”, “consumption”, “behavior change”, “energy literacy”, “gami�cation”, “peer
comparison”, “eco-nudges”, “token ef�ciency”, “budget-constrained inference”, “carbon tracking
widgets”, “HCI for sustainability”, and “sustainability metrics”. We adapted and expanded the
keyword set iteratively as themes emerged.

• Selection Criteria: We prioritized peer-reviewed papers, highly cited publications, and industry
reports published between 2016 and 2025. Additionally, we considered emerging tools (such as
browser extensions) and preprints to gain insight into current trends and early-stage research on
energy feedback and user-facing interventions in conversational AI.

• Screening Process:Abstracts and tool descriptions were screened for relevance to user awareness,
energy consumption measurement, and UI-driven strategies for promoting sustainable behavior or
raising awareness in chatbot interfaces or similar �elds.

We totally collected 67 documents, articles or other tools and sources related to this keywords and used
45 directly in this thesis.

This methodology ensured that our review was both systematic and focused, providing a solid foundation
for the analysis and proposed solutions presented in subsequent sections. The results of this review
presented throughout the whole thesis directly shaped the structure of multiple sections such as the
problem analysis and state-of-the-art, as well as the selection of features for the prototype development.

2.2 Phase II – Survey

To complement the literature review, we conducted a survey to assess the current user awareness and
attitudes toward energy consumption in conversational AI. The survey methodology included:
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• Instrument: The survey comprised fourteen closed items on a 5-point Likert scale [15] and three
open questions.

• Recruitment: Participants were recruited via E-Mail, WhatsApp, LinkedIn, and in-person. Fifty
valid responses were collected.

• Data Collection: Responses were collected anonymously through Google Forms, with an option
for participants to add their email to volunteer for subsequent experiment.

• Analysis Plan: Descriptive statistics and correlation analysis was conducted to investigate the
users awareness and examine their acceptance for energy consumption reducing UI-features.

The survey results are reported in Section 3.2 and informed the design of subsequent phases.

2.3 Phase III – Prototype Development

The development of the proof-of-concept chatbot (further called:The Botter) reproduces the ChatGPT
interface and adds �ve sustainability modules which we wanted to test and research the effectiveness of:

a) Energy notebelow each response (Wh and user-chosen equivalent, e.g. “0.53 Wh which equals to
43 s laptop use”).

b) Prompt prediction shows the estimated energy cost before sending a query.
c) 3-mode toggle(Energy ef�cient, Balanced, Performance) with token-based cost prediction shown

before sending to indicate that more powerful modes equal more energy consumption.
d) Usage-metrics dashboardaggregating per-day Wh, modes share and more.
e) Energy-analogiesdescribe energy consumption in relatable units.

2.4 Phase IV – Controlled Experiment

2.4.1 Experimental Design

To evaluate the impact of our sustainability-focused UI features, we conducted a �ve-day controlled
user study using our prototype (The Botter). The experiment was designed as a single-group �eld study,
maximizing statistical power within the constraints of a small sample size [16]. All sustainability features
were enabled by default, but participants could disable them at any time. System interactions, self-reports
(daily check-ins and a �nal questionnaire at the end of the experiment) and background telemetry were
logged for evaluation.

2.4.2 Hypotheses

This experiment was guided by the research questions de�ned in the section 1.3.1. Based on these
questions, we formulated two hypotheses:

H1. Showing per-prompt consumption (Energy-Note) and predicted consumption (Prompt Prediction +
Three-Mode Switch) increases the average awareness score from pre- to post-study.

H2. Individual awareness scores (end-of-study) are positively correlated with positive sustainability be-
havior logged during the study.

2.4.3 Participants and Duration

Eleven frequent LLM users (self-reported usage of� 15 minutes per day in the baseline survey) were
recruited from the survey pool. All participants live and work in Switzerland and demonstrated En-
glish pro�ciency, which is required because the prototype chatbot operates in English only. The sample
spanned an age range of 25–35 years. Most participants were employed in IT-related roles or business
services (e.g. software engineering, support, mortgage and �nancial consulting); one participant worked
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in child care, providing some occupational diversity beyond the tech and �nance sectors. All participants
signed a consent document before starting the experiment, see A.2.1. The study ran across �ve consec-
utive workdays (Monday 23 June 2025 to Friday 27 June 2025). Each participant interacted with the
prototype in their usual professional or academic context.

2.4.4 Instrumentation and Logged Metrics

Data collection combined three sources:

• Daily check-ins consisting of four Likert scale items on awareness and feature salience, see Ap-
pendix A.2.2

• A �nal questionnaire covering awareness, behavior, usability, and open-ended feedback, see Ap-
pendix A.2.3

• Backend telemetry including prompts, input/output token counts, selected mode, energy usage
estimates, feature toggles, and navigation events

Logs were stored in Azure Cosmos DB and retained only until 31 December 2025. All infrastructure
was hosted in the EU.

2.4.5 Procedure

The procedure of the whole experiment was the following:

Day 0 – Onboarding: Participants completed an informed consent form detailing data categories, reten-
tion period, and their right to withdraw. They also �lled out a baseline questionnaire and received
a remote walkthrough of the prototype.

Days 1–5 – Usage period:Participants used the chatbot during their daily work, received a morning
reminder, and completed a four-item check-in survey in the evening.

Day 5 – Wrap-up: Logging was disabled and participants completed a comprehensive �nal question-
naire.

The study was approved through internal review and followed ethical guidelines for digital research
involving personal usage data and behavioral tracking.

2.5 Phase V – Data Preparation and Analysis

After the experiment period, raw logs and database contents were exported as JSON and CSV. Then
they were manually cleaned and combined in an Excel spreadsheet. Data sources included token counts,
selected modes, timestamps, prompt content, page visits, and user preferences. To analyze the data
Microsoft Excel and MATLAB were used.

The following methods were central to our data analysis:

• Grouped Analysis: Aggregated prompt counts, token usage, and energy consumption in different
groups, per user, day and chat mode.

• Daily Trends: Prompt and page visit activity tracked over �ve days to observe usage patterns.
• Prompt Growth Curves: Normalized input-editing traces to assess user behavior prior to prompt

submission.
• Energy Ef�ciency: Calculated Wh per 1,000 input tokens per mode (excluding �xed overhead) to

compare ef�ciency.
• LOWESS Regression: Used to smooth input/output token scatter plots and analyze prediction

trends.
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The methodology combines survey research, prototype engineering and a �ve-day experiment to examine
the impact of different UI-driven features regarding increasing energy awareness in conversational AI.
The following chapter reviews existing work in related areas to provide context for our approach and
highlight the research gaps this thesis aims to �ll.
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3 State of the Art

Building on the challenges identi�ed in the problem analysis, in this section we review current re-
search/literature and practical developments related to the three core gaps: User awareness (Perceptual
Gap), technical constraints (Technical Gap), and design incentives and implementation (Design Gap).
For each dimension, we synthesize insights from academic literature, existing tools, and our own survey
to establish the research context and identify areas for innovation.

3.1 Perceptual Gap: User Awareness and Behavior

A growing body of Sustainable-HCI and digital energy literacy research shows that users consistently
underestimate the energy consumption and environmental impact of digital services. For instance, Preist
et al. [8] found that only 17% of UK participants could estimate the energy cost of uploading a photo
to the cloud within an order of magnitude. Walters et al. [17] demonstrated that awareness can be im-
proved through visible, real-time carbon-footprint feedback via thePurple interface, although this did
not reliably lead to sustainable behavioral changes. Similarly, Chen et al. [18] observed that anthropo-
morphic cues in chatbots increase user engagement and affect visual attention patterns. While their study
did not examine sustainability directly, it suggests that enhancing engagement through design does not
automatically translate into sustainable behavior.

These �ndings are echoed also in broader HCI research. Geelen et al. [13] showed that real-time feed-
back can improve energy awareness but only has an effect when the information is easy to understand
and directly actionable. HCI literature consistently �nds thatjust-in-time, personalized, and contextual
feedback is more effective than generic sustainability messaging [14], [19].

Our own survey con�rms the presence of a signi�cant “intention–action” gap. While most participants
express concern for sustainability, only a minority are willing to set personal usage limits or pay for
energy offsets. However, strong support exists for transparency and optional eco-modes, suggesting that
users are open to behavioral nudges when paired with credible and interpretable feedback mechanisms.

Research outside the AI domain highlights additional intervention mechanisms:

• Real-time feedback: Smart-meter apps displaying live usage data increased energy awareness,
though savings depended on usability [13].

• Social comparison: Opower's neighbour reports reduced household energy use by 2–4% [20], [21].
• Gami�cation and eco-badges: Reward systems increased pro-environmental behavior in mobile

contexts [22].

These insights provide a foundation for our UI design, which aims to make energy data salient, action-
able, and easy to interpret.

3.2 Survey results

To further assess current user awareness of energy consumption in conversational AI, we conducted
our own survey. A total of50 participants completed the questionnaire. The sample consisted pre-
dominantly of digitally literate respondents: 66% identi�ed as technically advanced (e.g., developers, re-
searchers), and 74% reported regular or heavy use of LLM chatbots such as ChatGPT, Gemini or Claude.
Most worked in IT-related roles and used LLMs primarily for research, learning, or coding purposes. The
majority accessed chatbots via desktop or laptop, and 38% reported using a paid license. While not repre-
sentative of the general population, this technically savvy sample re�ects the early-adopter audience most
likely to engage with LLM technologies and therefore most exposed to their sustainability implications.



3.2 Survey results 9

3.2.1 General Awareness and Attitudes

Participants expressed only moderate concern about environmental impacts: The statement“I am con-
cerned about the environmental impact of AI usage”averaged 3.26 on a 5-point Likert scale as seen
in the table Table 3.1. However, agreement was much higher for statements related to transparency
and accountability. Items such as“LLM chatbots should disclose energy usage”and“AI companies
don't disclose enough energy data”each received a mean rating of 4.32, indicating strong support for
disclosure even in the absence of precise knowledge.

Item Mean Std. Dev.

LLM chatbots should disclose energy usage 4.32 0.84
AI companies don't disclose enough energy information 4.32 1.02
I am concerned about the environmental impact of AI us-
age

3.26 1.19

It is important to see energy consumption information 3.20 1.18
Sustainability is important in chatbot design 2.82 1.12

Table 3.1: Awareness-related Likert Items (1 = Strongly Disagree, 5 = Strongly Agree)

These results were further supported by correlation analysis. For instance, support for an “Eco Mode”
was strongly correlated with a preference for low-carbon chatbot variants (r = 0 :76), and the perceived
importance of showing energy usage data correlated with general environmental concern (r = 0 :66).
This suggests that once awareness is present, users tend to support adaptive or energy-saving features.

3.2.2 Comparative Estimation and Perception

When asked to compare the energy consumption of ChatGPT to other familiar technologies, responses
varied substantially. Most participants estimated that a single ChatGPT query uses around 10 times more
energy than a Google search, and that 20–100 queries would equal the energy cost of fully charging an
iPhone 14. However, answers spanned several orders of magnitude from 10 to 10,000 times more energy,
or from 20 to 1000 queries per charge indicating highly wrong beliefs.

This variation points not only inaccurate estimations but also fundamentally different mental models
of digital energy use. Such inconsistencies are well-documented in Sustainable HCI literature: Most
users lack the mental calibration to estimate the energy cost of digital services within even an order
of magnitude [8]. Crucially, this uncertainty appears to be self-recognised. The strong support for
transparency (Table 3.1) suggests that participants are aware of their own informational gaps even when
they self-report being “aware.”

This epistemic uncertainty is not entirely misplaced. The per-query energy cost of LLMs is itself an
estimate, typically cited at around 0.30–0.34 Wh for GPT-4o [23], [24], while a Google search is esti-
mated at 0.04 Wh [25]. Charging an iPhone 14 requires approximately 12.68 Wh [26], placing the true
equivalence at roughly 4–40 prompts. In this light, the range of user responses re�ects not just cognitive
bias, but also a rational response to the lack of accessible and veri�able information. These �ndings
highlight the value of visual and contextual feedback tools that bridge the perception gap regardless of
precise technical measurements.

3.2.3 Qualitative Insights

Open-ended responses further illustrated the general uncertainty and lack of strategies. While some
participants proposed fallback mechanisms (e.g., “route simple queries to Google”) or limitations on
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excessive use, most responses were left blank or non-informative (e.g., “–”, “n/a”). This supports the
interpretation that even among technically pro�cient users, baseline conceptual understanding of energy
implications is limited.

3.2.4 Implications

The survey results con�rm a signi�cant gap between perceived and actual awareness. While users believe
they understand the environmental costs of chatbot usage, their comparative estimations are widely scat-
tered. At the same time, they strongly support transparency and feature based nudges suggesting a readi-
ness to act if actionable information were available. This supports our design rationale: By providing
contextualized, UI-driven feedback (e.g., dashboards, equivalency visualizations, or mode switching),
we aim to raise user awareness without requiring expert knowledge or technical detail.

3.3 Technical Gap: Measurement and Mitigation Strategies

The energy consumption of LLMs arises from training, �ne-tuning, and especially inference. While
early studies focused on training costs, inference now dominates total energy use due to its frequent and
large-scale deployment [3]. With nearly a billion users projected by 2025 [27], the aggregate energy
burden is expected to grow rapidly.

Current benchmarks estimate that a single GPT-4o query consumes 0.30–0.34 Wh [23], [24], making it
roughly eight times more energy-intensive than a Google search [25]. If chatbot usage replaced search
engines at scale their energy consumption could increase by 60-70 times [1].

Mitigation strategies exist at multiple levels:

(a) Model-level: Sparsi�cation, quantisation, distillation, and retrieval-augmented generation (RAG)
reduce FLOPs per token [28].

(b) System-level: Dynamic model selection, GPU frequency scaling, and batch scheduling cut infer-
ence energy by 40–60% [11], [12], [29].

(c) Infrastructure-level : Renewable energy sourcing, hardware reuse, and waste-heat recycling re-
duce lifecycle emissions [30].

3.3.1 Recent Advances

Additional tools such as MELODI [31], LLMCO2 [32], and EnergyMeter [33] enable more accurate
energy attribution, though real-time, token-level feedback for end-users remains an open challenge [9],
[10]. Research also explores prompt engineering and decoding strategies that can reduce energy con-
sumption by up to 99% in some cases without compromising output quality [34], [35] The past two
years have seen a surge of research on the energy and carbon footprint of LLMs, with a focus on both
measurement and mitigation. Key �ndings from recent studies include:

• Life-cycle and System-level Solutions:[3] identi�es eight major life-cycle phases for LLM-
powered chatbots, with hardware manufacturing and training as the most energy-intensive. System-
level solutions include dynamic reporting, extended producer responsibility, and management stan-
dards.

• Inference Optimization: Frameworks like SPROUT [29] and DynamoLLM [12] demonstrate 40–
60% carbon savings by controlling output verbosity, dynamic instance scaling, and GPU frequency
adaptation. Workload-based models [36] and energy-aware routing [37] further optimize inference
energy.
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• Measurement and Modeling:Tools such as MELODI [31] and LLMCO2 [32] provide accurate,
real-time energy monitoring and prediction, revealing that larger models can consume 100x more
energy per token than smaller ones. EnergyMeter [33] and other benchmarks [28] highlight the
dominant role of GPU and the impact of batch size, quantization, and model architecture.

• Prompt Engineering and Decoding:Prompt engineering [34], [38] and decoding strategies [35]
can reduce inference energy by up to 99% in some con�gurations, with minimal or even positive
effects on accuracy. Assisted Decoding and stochastic methods offer practical trade-offs between
quality and energy use.

• Code Generation and Use Cases:Studies on LLM-generated code [39], [40] show that model
size, architecture, and usage patterns (e.g., concurrency, streaming) signi�cantly affect energy ef�-
ciency. Only a small fraction of generated code is actually used, highlighting waste.

• Hardware and Deployment: Using older GPUs in low-carbon regions[30] and extending hard-
ware lifetimes can reduce embodied emissions. On-device generation is far less ef�cient than
remote inference [41].

• Gami�cation and Education: Prompt-based games [42] and eco-badges can increase awareness
and promote sustainable behavior.

These advances collectively demonstrate that both technical and behavioral interventions are needed for
sustainable LLM deployment.

Despite these advances, technical constraints persist: Most accurate energy measurement tools are of-
�ine, coarse-grained, or limited to academic settings. As a result, platforms rarely offer meaningful
energy feedback to users. Open-source libraries such as CarbonTracker [43] and CodeCarbon [44] esti-
mate emissions post-hoc. However, live token-level feedback for chatbots remains an open challenge [9],
[10].

3.4 Design Gap: UI Feedback, Tools, and Market Landscape

Although technical and behavioral research on sustainable LLM usage has advanced, few practical ap-
plications have reached end-users. Existing tools illustrate emerging approaches:

ScaleDown [45]: Displays per-prompt CO2 feedback and incentivizes short, ef�cient prompts with a
visual badge.

AI Wattch [46]: Adds a live energy gauge and dashboard to ChatGPT without backend access.

Both operate purely on the frontend and rely on static assumptions for energy estimation [47]. Their
adoption and effectiveness have not yet been studied in peer-reviewed contexts.

UI interventions from other domains offer transferrable patterns: Gami�cation, comparative feedback,
equivalency visualizations, and nudges have proven effective in domains like smart metering and mobile
energy management. Prompt-based games and eco-badges [22], [42] exemplify how sustainability cues
can be embedded without requiring infrastructure changes.

3.5 Conclusion and Implications

While UI-based sustainability features are well established in domains such as smart metering and mobile
apps, their integration into conversational AI remains nascent. Existing research and third-party tools
provide valuable design patterns and initial evidence, but several gaps persist:

• There is a lack of precise, real-time energy feedback for LLM users.
• The effective energy consumption for the major chatbots is not disclosed and there is no unanimous

formula or method to calculate or predict the energy consumption of inference with such a chatbot.
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• The impact of UI-only interventions on actual energy consumption and user behavior is not well
understood.

• Corporate incentives and technical barriers limit the adoption of transparency features.

Our work addresses these gaps by investigating UI-only strategies to improve energy transparency and
promote sustainable user behavior in conversational AI. Informed by prior research and existing tools, we
introduce a user-centered approach that includes a lightweight method for estimating energy consumption
suitable for UI integration. The next chapter presents the conceptual framework that underpins this
solution
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4 Conceptual Solution

4.1 Solution Approach

To encourage users to reduce their energy consumption, a new chatbot prototype was developed that
incorporates various user interface techniques. These techniques are designed either to directly reduce
the energy required for inference or to indirectly impact it by increasing users awareness of their personal
energy usage.

Based on insights from our user survey, academic literature, and a market analysis, several features were
de�ned to pursue this goal.

4.2 Baseline Chatbot

To assess the impact of energy-awareness features, it is crucial to establish a robust and widely recognized
baseline. Among existing LLM-based chatbots,ChatGPT, developed by OpenAI, stands out as one of
the most well-known and widely adopted systems worldwide at the moment of this thesis.

As detailed by Dam et al. [48], ChatGPT plays a central role in the current LLM ecosystem and is
frequently cited as a benchmark for usability, response quality, and system integration. Its global promi-
nence and maturity make it an ideal reference point for designing and evaluating alternative chatbot
features.

National-level data further reinforces this decision. According to a 2024 Swiss survey by Comparis,
over two-thirds of the population have already used ChatGPT or comparable tools such as Google Gem-
ini [49]. This widespread familiarity among users ensures the relevance and realism of employing Chat-
GPT as the baseline system.

The baseline version of our prototype replicates the core user experience of ChatGPT, including standard
features such as deleting conversations and editing conversation titles and the design.

Figure 4.1: Baseline ChatGPT-inspired chatbot without sustainability features

4.3 Features and Functionalities

To promote more sustainable usage of large language models, this work explores a variety of user in-
terface features aimed at increasing awareness of energy consumption and in�uencing user behavior.
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The proposed features were derived through a combination of methods: A user survey conducted during
the research (see Section 3.2), analysis of related academic literature, and brainstorming informed by
behavioral design principles and digital sustainability research.

This section �rst categorizes all brainstormed features into three conceptual groups: (1) technical con-
�guration features, (2) awareness and behavioral nudges, and (3) feedback, limits, and gami�cation
mechanisms. Afterwards, a �nal subset of selected features for implementation is presented.

4.3.1 Technical Con�guration Features

These features shown in the table Table 4.1 focus on reducing energy consumption through technical
adjustments that are exposed to the user via the UI. They allow the system to use fewer computational
resources by choosing more ef�cient processing strategies or limiting input complexity.

Feature Description

Eco-Mode Toggle Switch to a smaller model or activate multiple eco-features
at once

Model Selector Choose between performance and ef�ciency focused mod-
els

Ignore Context Option Skip conversation history to reduce token processing
Alternative Tool Suggestion Redirect queries to ef�cient tools like Google or DeepL
Document Splitting Warning Ask users whether only parts of large uploads should be

processed instead of defaulting to the whole document al-
ways

Table 4.1: Technical con�guration features

4.3.2 Awareness and Behavioral Nudges

This category includes features as shown in Table 4.2 that aim to in�uence users through information,
education, or subtle nudges during interaction. The goal is to increase awareness of energy usage and
foster more deliberate, sustainable usage patterns in general.

Feature Description

Prompt Energy Prediction Estimate energy consumption before sending a mes-
sage [50]

Hints Display short energy-saving tips and nudges while chat-
ting [51]

Prompt Suggestions Recommend more ef�cient or speci�c prompts [51]
Footprint Awareness Tips Relate usage to real-world analogies (e.g. phone

charges) [50]
Onboarding Tutorial Show introductory guide to raise awareness before �rst use

Table 4.2: Awareness and behavioral features

4.3.3 Feedback, Limits, and Gami�cation

These features in Table 4.3 provide real-time or retrospective feedback, integrate social comparison
mechanisms, and apply gami�ed incentives. They are designed to reinforce sustainable behavior through
motivation, re�ection, and competition.
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Feature Description

Usage Meter Track energy usage per message, session, or time pe-
riod [50]

Saving Meter Show energy saved by using ef�ciency features [50]
Personal Limits Allow users to set usage caps or warning thresholds [51]
Eco-Score Assign a sustainability score based on user behavior
User Ranking Compare individual usage with anonymized peer data [21]
Challenges Set daily, weekly, or monthly goals for eco-friendly use
Fee System Introduce symbolic cost to re�ect energy consumption

Table 4.3: Gami�cation and feedback mechanisms

4.3.4 Decision Matrix - Overview of Features

The following table Table 4.4 shows a simpli�ed scoring overview of all features we had in mind and
their scores/priority. Each feature was scored based on its expected impact (awareness and energy),
research, survey support and implementation complexity (note: The scores are speculative):

Feature Awareness Energy Survey Research Complexity Note Total

Eco-Mode Toggle 3 3 1 1 -2 [1] 6
Alternative Tool Suggestion 2 2 1 1 -1 [2] 5
Usage Meter 3 1 1 1 -1 5
Footprint Awareness Tips 3 1 1 1 -2 4
Prompt Suggestions 2 2 0 1 -1 4
Prompt Prediction 3 1 0 1 -2 [3] 3
Document Splitting Warning 2 2 1 0 -2 [4] 3
User Ranking 2 1 1 1 -2 3
Hints 2 1 1 1 -2 3
Model Selector 2 2 0 0 -2 [5] 2
Saving Meter 2 1 0 1 -2 2
Personal Limits 2 1 0 1 -2 2
Challenges 2 1 0 1 -2 2
Onboarding Tutorial 2 1 1 0 -2 2
Eco-Score 2 1 0 0 -2 1
Ignore Context Option 1 2 0 0 -3 0
Fee System 1 1 0 0 -3 -1

Table 4.4: Decision matrix of all evaluated UI features

Note:

1. Combines model selector; intuitive, low-effort toggle.
2. Idea seems good, although extensive analysation of the prompt might add an overhead.
3. Prediction/estimation of the actual consumption or some sort of measure is a critical feature for

many others including statistical features, ranking or fee.
4. Comes with overhead effort since document prompt input must be supported by the bot.
5. Can be combined with the mode toggle; may be redundant as a separate feature.
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Based on the decision matrix and a feasibility analysis, �ve features were selected and re�ned to form
a coherent and complementary set. These features were chosen due to their expected high impact, their
contribution to the effectiveness of other selected features and their alignment with user expectations as
identi�ed in the survey. Feasibility within the scope of this thesis was also a key consideration.

4.4 De�nitive Features

In the following sections, we will describe each of the �nal chosen features in detail.

4.4.1 Three-Mode Switch (Eco-Mode toggle)

The Three-Mode Switch is a central UI element that allows users to consciously select between three
energy pro�les before sending a prompt. It builds upon the idea of an eco-mode toggle and integrates
functionality from a previously proposed model selector. It also includes restrictions about the included
history length. This feature enables users to balance environmental impact against output quality in an
intuitive way.

Each of the three selectable modes corresponds to a different underlying model and restrictions concern-
ing history length.

• Energy-Ef�cient Mode : UtilizesGPT-4.1-nano(1.1 billion parameters), limited to the last 2 mes-
sages of context. Ideal for simple or repetitive queries.

• Balanced Mode: UsesGPT-4o-mini(8 billion parameters), with the last 5 messages of context.
Offers a compromise between resource usage and conversational depth.

• Performance Mode: EmploysGPT-4o(175 billion parameters), including the last 10 messages of
context. Suited for complex reasoning or in-depth queries.

Unlike systems that auto-switch based on prompt type, this implementation leaves the decision entirely
to the user, ensuring transparency and control. The switch appears inline during prompting and can be
adjusted for each individual message.

4.4.2 Metrics Dashboard

The Metrics Dashboard is a central feature designed to enhance user awareness of the environmental
footprint associated with their chatbot usage. It consolidates key energy and behavior related statistics
into a uni�ed visual interface. This feature responds directly to survey feedback indicating a strong desire
for transparency and supports re�ection on usage patterns.

Purpose and Motivation
The dashboard serves a dual purpose: (1) to increase awareness of energy consumption through quan-
ti�ed feedback and (2) to support behavior change through actionable insights and motivational design.
Research has shown that eco-feedback systems can lead to energy savings of 4–5% on average [19],
and that real-time feedback can enhance these effects by an additional 5% [14]. To increase user en-
gagement, the system also integrates elements of gami�cation such as emojis, color-coded badges and
progress indicators, an approach shown to positively in�uence sustainable behavior [22].

Displayed Metrics
The dashboard provides live and historical insights into user behavior, with metrics structured around
energy tracking, token-level statistics and usage distribution across different modes. These metrics are
visualized via bar charts, line graphs, and text summaries, and are computed from both client-side and
backend-collected data. Table 4.5 describes each metric and its intended user-facing function.
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No. Metric Purpose

1 Total energy usage Provides a high-level perspective on cumulative energy con-
sumption over time.

2 Total number of conversationsIndicates overall usage intensity, including deleted entries.

3 Total number of prompts Helps users understand the frequency of input, beyond just the
number of conversations.

4 Total input tokens Directly correlated with energy usage; re�ects the user's
prompt length.

5 Total output tokens Complements input tokens; both are used in energy calcula-
tions.

6 Delta compared to yesterday Displays day-over-day change in energy consumption, rein-
forced by gami�ed emoji to promote behavior change [22].

7 Daily energy usage Visualizes trends in energy consumption over time.

8 Usage per chat mode Helps users identify which modes contribute most to their en-
ergy footprint.

9 Prompts per chat mode Highlights the distribution of usage across different LLM con-
�gurations.

10 Prompts per day Tracks how frequently users engage with the system.

11 Average usage per prompt Designed to support prompt optimization by showing the typ-
ical energy cost per message.

12 Tokens per day (input/output) Provides token-level insight into daily usage behavior.

Table 4.5: Overview of metrics shown on the user dashboard

User Interface of the Metrics Dashboard
The dashboard is accessible via the navigation drawer and is available at any time during a session.
The layout prioritizes simplicity and readability: Key metrics are displayed numerically, supported by
trend indicators and visual charts. Comparative badges and emoji feedback are used sparingly to avoid
overload, while still encouraging re�ection and sustainable engagement.

4.4.3 Prompt Prediction

Prompt prediction is a key anticipatory feedback mechanism that estimates the energy consumption of
a prompt before it is sent. This feature directly supports the broader goals of the Metrics Dashboard by
enabling more re�ective and energy-aware behavior at the point of decision-making. Rather than relying
solely on post hoc analytics, users are provided with information that helps them evaluate the impact of
their actionsbeforethe energy is consumed.

This aligns with �ndings from behavioral science which suggest that predictive or real-time eco-feedback
is more effective than delayed feedback in promoting sustainable behavior [14]. By surfacing environ-
mental costs early in the interaction, the system empowers users to rephrase or reconsider their input
whether by simplifying, shortening, or selecting a more energy-ef�cient mode.

Functionality
While text is entered in the prompt input (but before the submission), the system constantly calculates
and displays an estimated energy cost based on:

• The selected mode (Energy-Ef�cient, Balanced, Performance)
• The input token count (estimated via pre-tokenization)
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• Expected output token length

This estimate is visualized for all chat modes in real time as the user types, which enables the users to
compare the modes for their speci�c prompt. The calculations and the energy model coef�cients used in
the estimation process will be described in subsection 4.5.

Bene�ts and Integration
Prompt prediction not only enhances transparency but also enables the user to take proactive steps toward
lower-impact usage. The feature is tightly integrated with both the Three-Mode Switch (for dynamic
updates based on model selection) and the Metrics Dashboard (which records both predicted and actual
energy usage for comparison). Over time, this may help users build an intuition for the cost-effectiveness
of different prompt styles.

4.4.4 Energy-Note (Per-Response Footprint)

The Energy-Note feature provides immediate, post-interaction feedback about the energy consumed to
generate a speci�c response. In contrast to the Prompt Prediction (which estimates energy usage before
sending), the Energy-Note con�rms and reinforces the environmental cost after the system has generated
an output.

Purpose
The goal of the Energy-Note is to foster re�ection through concrete, real-time feedback. After each
assistant message, users are shown the exact energy cost for the current exchange, expressed both in
watt-hours (Wh) and in a relatable real-world comparison further explained in 4.4.5. This reinforces the
connection between digital interactions and physical resource usage.

Such �ne-grained, moment-of-use feedback is designed to make energy consumption more tangible and
personal, encouraging behavior change over time. The feature complements cumulative metrics in the
dashboard and enhances user understanding of the impact of individual prompts and shows the impact
of the history length to the energy consumption of a prompt.

User Interface of the Energy-Note
The Energy-Note appears below each assistant message in the form of a compact text element, styled sub-
tly to maintain visual hierarchy. A tooltip or expandable section optionally provides additional context or
references. This lightweight integration ensures the information is visible but not intrusive, maintaining
conversational �ow while offering transparency.

4.4.5 Energy Analogies

This feature originates from the concept of “Footprint Awareness Tips” and aims to make energy con-
sumption more relatable by expressing watt-hour values in terms of everyday devices and scenarios.
Pure numeric feedback in Wh may lack intuitive meaning for most users; thus, this feature provides
personalized analogies to improve comprehension and emotional resonance.

It integrates with other features such as Prompt Prediction and Energy-Note to display real-time feedback
using the user's selected analogy unit. It is also embedded into the onboarding �ow to encourage early
re�ection and engagement.

Design and Work�ow
To �nd an analogy the user can relate to a short on-boarding process which is done by every user after
the registration. During this process users are presented with several real-world energy anchors and are
asked to estimate the energy cost of each. These initial guesses are used to determine which units users
understand best. After the estimation users are presented with the actual consumption in Wh and their
deviation in percentage, allowing them to pick the one that feels most intuitive.
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Available Analogy Units
The following energy anchors are provided during onboarding and remain available for later customiza-
tion:

• iPhone 14 full charge(12.68 Wh) [52]
• One minute powering a refrigerator (0.21 Wh) [53]
• One minute working on a laptop (0.75 Wh) [54]
• One hour of a 500-lumen LED lamp(6 Wh) [55]
• One minute of PlayStation 5 gaming(3.5 Wh) [56]

Once selected, this energy unit is used consistently throughout the whole app wherever energy feedback
is shown, including next to each response (Energy-Note), in the Prompt Prediction label, and in the
Metrics Dashboard summaries. This consistency ensures that users develop an intuitive mental model of
their cumulative impact.

Users can change their analogy unit at any time via the settings menu, allowing them to adjust the framing
as their preferences evolve.

4.5 Estimation Model of Energy Consumption

In order to calculate and predict the energy consumption of prompts we built a formula based on the
current research and existing benchmarks. To quantify the energy consumptionE (in watt-hours, Wh)
for a single prompt–response interaction, we adopt the following linear model:

E = � � Tin + � � Tout + �

whereTin andTout are the number of input and output tokens respectively. The coef�cients� and� (in
Wh/token) represent the energy cost per token, while� is a �xed overhead cost per request accounting
for memory allocation, logging, and general infrastructure load.

4.5.1 Empirical Justi�cation

Recent research con�rms the viability of token-based energy estimation. Poddar et al. highlight a strong
correlation between token count and inference energy [9], while Fernandez et al. criticize FLOP-based
approaches and advocate for token-level modeling instead [10]. These results support the use of static
coef�cients � , � , and� .

Several empirical studies have shown that the energy cost of generating output tokens signi�cantly ex-
ceeds that of processing input tokens. This is primarily due to the autoregressive nature of large language
models, where each output token requires sequential computation and additional memory operations.
Hardware-level pro�ling and benchmark studies consistently report that output tokens consume between
4 and 5 times more energy than input tokens [57].

OpenAI's own API pricing re�ects this asymmetry: Output tokens are generally priced at 4–5× the rate
of input tokens. For instance, GPT-4o charges $5.00/M (M = millions) input tokens vs. $20.00/M output
tokens which is a 4× ratio. [58] Based on both empirical �ndings and pricing structure, we adopt a �xed
scaling factor of:

� = 4 � (4.1)

This conservative ratio balances observed energy benchmarks and commercial token economics, while
simplifying model calibration.
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4.5.2 Scaling Across Modes

To generalize the model across chat modes, we use OpenAI's of�cial pricing as a proxy for computational
cost. Table 4.6 shows the cost per million tokens and derived scaling ratios.

Model Input Price (USD) Output Price (USD) Input Ratio Output Ratio

GPT-4o $5.00 /M $20.00 /M 1× 1×
GPT-4o-mini $0.60 /M $2.40 /M 0.12× 0.12×
GPT-4.1-nano $0.10 /M $0.40 /M 0.02× 0.02×

Table 4.6: Model pricing per million tokens and cost-based scaling

4.5.3 Reported Energy Benchmarks

Table 4.7 lists published values for energy use per query, showing consistent differences in ef�ciency
across models.

Source Model Energy (Wh) Token Length Assumption

EpochAI (2024) [59] GPT-4o 0.30 “Average ChatGPT query” (unspeci�ed token
count)

Jegham et al. (2025) [57] GPT-4o 0.43 “Short prompt” (no token details)
Jegham et al. (2025) [57] GPT-4.1-nano � 70x less than GPT-4o Relative comparison for long prompt
Altman (2025) [24] GPT-4o 0.34 No token count given

Table 4.7: Reported energy consumption per query and per token

4.5.4 Assumptions

To estimate� and� from a single interaction, we assume a typical short chat prompt withTin = 150 input
tokens andTout = 300 output tokens. This is a typical assumption also made in prior benchmarks [57],
[59]. While OpenAI's tokenizer documentation [60] provides illustrative examples, it does not specify
statistically representative token lengths.

While exact distributions vary, multiple benchmark studies report typical ChatGPT interactions with
input lengths ranging from 100–200 tokens and outputs often between 200–400 tokens. The chosen val-
ues re�ect a balanced, realistic estimate for a brief user prompt and a moderately long model-generated
response [57], [59].

The �xed overhead� = 0 :02Wh accounts for infrastructure-related energy use that occurs independently
of token processing, such as authentication, API gateway routing, logging, and request serialization.
These operations introduce a baseline energy cost per query that does not scale with token count or
model size.

We select this value based on empirical calibration: For example, EpochAI reports 0.30 Wh per GPT-4o
query [59], making 0.02 Wh a plausible 7% share. Additionally, Jegham et al. emphasize that total
query energy includes non-model components like orchestration and monitoring [57], further supporting
a �xed infrastructure cost in end-to-end modeling.

This �xed overhead avoids underestimating energy use in short prompts and lightweight models while
preserving a simple, transparent estimation framework. As more information about the underlying sys-
tem and infrastructure is exposed this coef�cients could be �ne-tuned.
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4.5.5 Coef�cient Estimation

We derive the coef�cients� , � , and � using two independent benchmarks for GPT-4o: The public
estimate from EpochAI [59] and the infrastructure-aware analysis by Jegham et al. [57]. We assume
Tin = 150, Tout = 300, and a �xed overhead� = 0 :02Wh. The total energy is modeled as:

E = � � Tin + � � Tout + �; with � = 4 �

EpochAI reportsE = 0 :30Wh. Solving:

0:30 = � (150 + 4 � 300) + 0:02 ) � =
0:28
1350

� 0:000207Wh/token

) � � 0:21mWh/token; � = 4 � � 0:83mWh/token

Jegham et al.reportE = 0 :43Wh. Solving:

0:43 = � (150 + 4 � 300) + 0:02 ) � =
0:41
1350

� 0:000304Wh/token

) � � 0:30mWh/token; � = 4 � � 1:22mWh/token

Method � (mWh/token) � (mWh/token) � (Wh)

EpochAI 0.21 0.83 0.02
Jegham 0.30 1.22 0.02

Table 4.8: Comparison of estimated coef�cients for GPT-4o

We present both estimates to illustrate the range of plausible energy use under different assumptions.
While Jegham et al.'s value re�ects a more infrastructure-aware upper bound, we adopt the coef�cients
derived from EpochAI for several reasons: They align better with short, interactive usage typical in chat
applications, rely on transparent and reproducible assumptions, and avoid potential overestimation due to
infrastructure inef�ciencies. Moreover, the resulting model remains simple and interpretable for end-user
communication.

� = 0 :21mWh/token; � = 0 :83mWh/token; � = 0 :02Wh

4.5.6 Final Coef�cients per Mode

We scale the token-based coef�cients� and� across chat modes using the pricing-derived ratios shown
in Table 4.6. However, the �xed overhead� is assumed to remain constant across all modes, re�ecting
infrastructure-level costs such as authentication, logging, and request routing that do not scale propor-
tionally with model size. This yields the �nal coef�cients shown in Table 4.9.

Mode Model Name Scaling � (Wh/token) � = 4 � (Wh/token) � (Wh)

Performance gpt-4o 1.00× 0.00021 0.00083 0.020
Balanced gpt-4o-mini 0.12× 0.0000252 0.0001008 0.020
Energy Ef�cient gpt-4.1-nano 0.02× 0.0000042 0.0000168 0.020

Table 4.9: Final energy model coef�cients per mode
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4.5.7 Predicting Output Tokens

To enable energy estimation prior to execution, the number of output tokens must be predicted from the
input. While actual output length depends on prompt complexity, model behavior and context, studies
show that outputs of large language models (LLMs) like ChatGPT are typically at least as long as their
inputs and often even longer especially in open-ended tasks such as summarization or explanation [58],
[61]. To interpret the benchmarks we assumed a input-output-ratio of 150/300 respectively 150/500,
however those values were chosen under the assumption that inference does not include previous context.
To account for a conversational scenario, we de�ne the output token count as:

Tout = Tin

This identity function avoids overestimation and makes it simple. In multi-turn interactions, users fre-
quently re-prompt or re�ne previous queries, causing the cumulative input (i.e., context/history) to grow.
Since the frequency and extent of such re-prompting vary greatly and are hard to predict, assuming
Tout = Tin provides a balanced and stable estimate. Prior heuristics using 2–3� the input may over�t to
speci�c scenarios and lack the ability to be generalized.
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5 Implementation

In this chapter we present the detailed composition and implementation of the prototype.1 2

5.1 System Architecture

The prototype is designed as a web application, accessible athttps://thebotter.com , and im-
plemented as a cloud-native system, fully hosted and scalable within the Microsoft Azure Cloud [62].
Continuous integration and deployment (CI/CD) are realized via GitHub Actions [63], ensuring seamless
and automated deployments.

The frontend is a single-page application (SPA) [64] deployed via Azure Static Web Apps [65]. The
backend is implemented using serverless Azure Functions [66]. Backend logic accesses Azure Cosmos
DB Containers for storage and interacts with the OpenAI API [67]. User authentication is handled via
Microsoft Entra ID using Easy Auth [68].

All user data is fully partitioned to ensure isolation between tenants. Administrative monitoring and
logging are implemented using Azure Application Insights [69]. Manual logging is additionally imple-
mented for experimental evaluation.

Two environments are available: A production environment for the experiment and a development envi-
ronment for local testing.
The following �gure gives a full overview of all the components and their interaction.

Figure 5.1: Application architecture overview

5.2 Frontend

The frontend is implemented as a single-page application (SPA) using Angular 19 [70], following the
of�cial Angular Style Guide and deployed using Azure Static Web Apps. The application is optimized
for desktop use and adopts a green and black color scheme to visually reinforce the sustainability theme,
with black also reducing power draw on OLED displays. [71]

1Frontend Repository:github.com/simonluescherfhnw/ip6-sustainable-ai-frontend
2Backend Repository:github.com/simonluescherfhnw/ip6-sustainable-ai-backend
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All user routes are protected by Angular route guards. Authentication is handled via Azure Static Web
Apps using Microsoft Entra ID (formerly Azure Active Directory). Authenticated user information is
available via the/.auth/me endpoint, with login and logout triggered through/.auth/login/aad
and/.auth/logout respectively [72].

5.2.1 Libraries and Packages

Key libraries as seen in Table 5.1 used in the frontend include Angular Material for UI components and
Chart.js for data visualization:

Package Version Description

@angular/* 19.1.0 Core Angular packages [73]

@angular/material 19.1.0 Used as component library and for theming [74]

chartjs 4.4.9 Rendering graphs for the metrics pages [75]

marked 15.0.12 Converting markdown chat responses to HTML [76]

rxjs 7.8.0 Implements observer pattern in JavaScript, used for state manage-
ment and interaction with Angular reactive forms [77]

jasmine-core 5.5.0 Jasmine test framework core library

karma 6.4.0 Test runner for Angular and Jasmine

Table 5.1: All important frontend packages

5.2.2 Code Structure

Figure 5.2 shows the folder structure of the frontend. The UI components are all directly in the app folder
and split for separation of concerns.

Figure 5.2: Frontend project structure
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5.2.3 Routing

There are four main areas of the web application accessible via navigation./ or /chat and /chat/id
are redirecting the user to the main area, the chat section./metrics shows the user's dashboard and
/settingsthe settings page. After registrations users get redirected to/account-setupwhere the account
initialization process starts. Figure 5.3 shows the detailed con�guration of the routes in the Angular
project.

Figure 5.3: app.routes.ts

5.2.4 API Connection

On the productive environment the static web app is connected to the azure functions backend directly
via con�guration. It is setup so that all calls to/api are redirected to the functions url. This also makes it
possible to automatically authenticate the user for the api and attach the user claims to the request headers
automatically [72]. To replicate this behavior when developing in a local environment some additional
steps are necessary.

A proxy (Figure 5.4) is redirecting all requests to/api to http://localhost:7028/apiwhere the functions
are running locally. Additionally, thex-ms-client-principalheader must be set manually for every request
since it wont be added automatically.
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Figure 5.4: Proxy con�guration �le

5.3 Backend

The backend for the prototype is implemented using Azure Functions in C#. This decision was made
based on Azure Functions scalability, ease of integration with other Azure services and the serverless
nature of the framework which eliminates the need for infrastructure management. The backend com-
municates with the Angular frontend via a clean HTTP interface, is testable both locally and through the
Azure Portal and integrates seamlessly with GitHub, Cosmos DB and Application Insights for logging
and monitoring.

5.3.1 Functions Overview

Azure Functions offer a lightweight and scalable way to build backend logic without managing dedicated
servers. In the context of a time-boxed student project, this offered several advantages:

• No server management:Reduces setup and DevOps effort.
• Auto-scaling: Adjusts to load during the experiment and reduces costs when idle.
• Built-in GitHub integration: Allows fast deployment with CI/CD pipelines.
• Easy to test:Each function can be tested in isolation via HTTP-Client or the Azure Portal.
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The following HTTP-triggered functions in Table 5.2 de�ne the main capabilities of the backend:

FunctionName Params Returns Description

GetAppData None DtoAppData Returns base app data including
energy units and mode con�gu-
rations.

GetConversations GetConversationsArgs ICollection
< DtoConversation>

Returns user's conversations.

GetPrompts GetPromptsArgs ICollection
< DtoPrompt>

Returns prompts in a conversa-
tion.

GetUsageStatistics GetUsageStatisticsArgs DtoStatistics Returns user's statistics for the
last week.

UpdateConversation UpdateConversationArgs DtoConversation Updates conversation name.

UpdateUser UpdateUserArgs DtoUser Updates user preferences.

DeleteConversation DeleteConversationArgs None Soft-deletes a conversation.

LogPageVisit LogPageVisitArgs None Logs visited page.

PredictPromptUsage PredictPromptUsageArgs DtoPrediction Predicts energy usage for a
prompt.

SendPrompt SendPromptArgs IAsyncEnumerable
< DtoMessageResponsePart>

Sends prompt and returns model
response stream.

Table 5.2: Overview of implemented backend Azure Functions

5.3.2 Code Structure and Modularity

5.4 Solution Structure

The solution follows a modular folder structure that aligns with best practices for organizing .NET appli-
cations as recommended by Microsoft [78], [79]. This organization supports maintainability, testability,
and separation of concerns.

IP6-Sustainable-AI/
|-- .gitignore
|-- README.md
|-- SustainableAI.sln
|-- .github/
| |-- workflows/
| |-- main_sustainable-ai-api.yml
|-- .vscode/
|-- SustainableAI.Api/
| |-- chatmode.configuration.json
| |-- EnvironmentHelpers.cs
| |-- host.json
| |-- local.settings.json
| |-- Program.cs
| |-- SustainableAI.Api.csproj
| |-- Common/
| |-- Configuration/
| |-- Data/
| |-- Functions/
| |-- Properties/
| |-- Repositories/
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| |-- Service/
|-- SustainableAI.Api.Tests/
| |-- SustainableAI.ApiTests.csproj
| |-- TestData.cs
| |-- Mock/
| |-- UnitTests/

Key Components:

• SustainableAI.sln : The main solution �le that aggregates all project references.
• .github/workflows/ : Contains GitHub Actions CI/CD pipelines for automated testing and

deployment.

SustainableAI.Api/ is the core Azure Functions project and contains:

• Entry and con�guration �les likeProgram.cs , host.json , andlocal.settings.json .
• chatmode.configuration.json : Custom con�guration to de�ne available chat modes.
• Common/, Configuration/ , Data/ , Repositories/ , Service/ : Represent logical lay-

ers of the application, adhering to the Clean Architecture pattern.
• Functions/ : Contains Azure Function entry points representing external APIs.

SustainableAI.Api.Tests/is a dedicated project for automated tests:

• Mock/ : Provides mocked dependencies for test isolation.
• UnitTests/ : Contains unit tests for individual services, repositories, or functions.
• TestData.cs : Supplies reusable test data objects.

This structure enables clear boundaries between infrastructure, business logic, and API endpoints, im-
proving readability and testability of the solution.

5.4.1 OpenAI Integration

To replicate ChatGPT-like behavior, the backend interacts with OpenAI's chat completion API [67].
An abstraction layer is implemented via theIChatBotService interface to decouple model-speci�c
logic from the core application.

• Decoupling from the vendor: The backend could be switched to e.g. Azure OpenAI or open models.
• Streaming [80] responses using server-sent events (SSE) [81], improving UX with incremental

output.

Figure 5.5: Interface abstraction for OpenAI integration
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5.5 Feature Implementation

In the following sections we will explain technical implementation points of our core features.

5.5.1 Baseline Chatbot Features

The prototype replicates core ChatGPT-like functionality to serve as a reference system for measuring
the effect of sustainability features. These baseline capabilities include starting new chats, renaming, and
deleting existing conversations as well as prompting in existing chats or just start a new chat with a new
prompt.

Users begin each session on the main chat screen (Figure 5.6) where they can initiate a new conversation.
Previously saved conversations can be selected and revisited (Figure 5.7).

Each conversation includes a contextual menu that appears on hover, enabling users to rename or delete it
(Figure 5.8). These changes are re�ected in the Cosmos DB backend via theUpdateConversation
andDeleteConversation functions.

Figure 5.6: Users opening the application will land on /chat and be able to start a new dialog instantly
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Figure 5.7: Previous conversations can be revisited to continue prompting or collect information

Figure 5.8: Users can delete or rename conversations via the menu icon

5.5.2 Three-Mode Switch

Implemented in the Angular chat component, the mode switch allows users to select between ”Energy-
Ef�cient”, ”Balanced”, and ”Performance” modes. Each mode corresponds to a model preset and context
window con�guration. Mode changes are re�ected in the frontend UI and stored per-prompt (see Fig-
ure 5.9).

The con�guration is loaded from the backend viaGetAppData and used for both prompt sending and
prediction logic.

Figure 5.9: Mode can be switched for every prompt
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5.5.3 Prompt Prediction

Prompt prediction is implemented via reactive data binding in the chat input component. As the user
types, the frontend triggers a call to the backend functionPredictPromptUsage , which estimates
the energy consumption (in Wh) based on the input token length across all available chat modes. The
resulting prediction is visualized in real time within the UI, as shown in Figure 5.10.

Figure 5.10: Real-time energy prediction for current prompt

The underlying estimation logic resides in theCalculationService class, which applies the energy
estimation model introduced in Section 4.5. This service computes predicted usage by applying a linear
function to the input and predicted output token counts, using coef�cients provided by a corresponding
ChatModeConfiguration . The con�guration �les are read from an environment variable and can
be modi�ed without redeploying the backend [82].

When a user enters a prompt, the process begins with a call to thePredictOutputTokensmethod (Fig-
ure 5.12), which estimates the number of output tokens. These values are then passed to theCalcula-
teUsageInWhfunction (Figure 5.13), as depicted in the overall �ow shown in Figure 5.11.

Figure 5.11: Work�ow: Predicting output tokens and applying energy calculation

Figure 5.12: Prediction of output token count based on input tokens
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Figure 5.13: Energy usage calculation based on token counts

5.5.4 Energy Note

After the chatbot's response is received, the actual energy usage is calculated using the functionCal
culateUsageInWh and displayed beneath the response message. In addition to the numeric value,
the UI also presents a relatable real-world analogy based on the user's selected energy unit (e.g., minutes
of LED light usage), as illustrated in Figure 5.14.

Figure 5.14: Post-response energy note with real-world analogy

5.5.5 Metrics Dashboard

The dashboard visualizes aggregated usage metrics using Chart.js. The statistics are retrieved viaGet
UsageStatistics and rendered into graphs showing energy usage, token counts, prompt counts, and
usage distribution.



5.5 Feature Implementation 33

The frontend uses aStatisticsService to manage API interaction and local state. Charts include
bar, line, and pie diagrams with dynamic annotations. More details on the speci�c metrics can be found
in 4.4.2.

Figure 5.15: User metrics dashboard with energy, token, and mode usage breakdown

5.5.6 Energy Analogies and Onboarding

During account setup, users are shown a guessing game where they estimate the energy of real-world
devices. Their responses are scored based on the deviation and used to recommend an energy anchor
(e.g., LED lamp, iPhone charge). Screenshots shown in Figure 5.16 and 5.17.

Figure 5.16: Guessing energy analogies
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Figure 5.17: Users can choose their preferred energy analogy

This selected analogy unit is stored viaUpdateUser and used throughout the app in predictions, notes,
and the dashboard.

5.5.7 Settings Page

The settings page allows users to change their energy unit or disable features. Toggles trigger backend
updates viaUpdateUser and are also logged via log typeSustainabilityModeChange .

Figure 5.18 shows the �nal implementation.

Figure 5.18: User settings
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5.6 Data Storage: Cosmos DB

Azure Cosmos DB was chosen as the primary data storage solution due to its �exible, schema-less design,
low-latency access, and scalability. This makes it particularly well-suited for storing chat-related data
such as user prompts, responses, and metadata, especially in scenarios where the structure may evolve
over time, such as future integration of Retrieval Augmented Generation (RAG) features.

As a NoSQL document database, Cosmos DB allows for heterogeneous document structures within the
same container. This �exibility enables ef�cient storage of evolving prompt data, user metadata, and
interaction histories. For example, arrays such as previous messages or model-speci�c metadata can be
stored directly asstring[] without requiring complex schema changes.

The application organizes its data into multiple containers. Each container is logically associated with an
entity type, and partitioning is primarily based on the user ID to isolate user data and support horizontal
scalability. The database schema is visualized in the following diagram. Note that foreign key rela-
tionships shown in the diagram are for conceptual clarity only, Cosmos DB does not support referential
integrity across containers [83].

Figure 5.19: Logical database schema (conceptual relationships)

All containers, except the one for energy units, are partitioned by user ID. This design allows for scalable
performance, simpli�ed query �ltering by user and logical data isolation. Although this does not enforce
access control at the database level, it enables ef�cient per-user access �ltering at the application level.
The energy units container, by contrast, is globally shared across users and uses a constant partition key
to avoid redundant de�nitions.

5.6.1 User

Each document in this container represents a user entity. Theid �eld corresponds to the authenticated
user ID from Microsoft login. Thisid is also used as the partition key, meaning each user has their own
partition. Additionally, this user ID is referenced as the partition key in other containers.

5.6.2 Conversation

Represents a user conversation. Each conversation belongs to one user. Deletion is handled using a
soft-delete strategy by marking records as deleted, rather than removing them from the database.
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5.6.3 Prompt

Stores individual prompt–response pairs. A draft prompt document is created immediately when the user
starts typing. If a prediction is generated, the record is persisted in the database, even if the user later
cancels or changes their input. Once a prompt is sent, it is associated with a conversation, marked as
”sent”, and enriched with additional metadata such as the model response, estimated energy usage, chat
mode, model name, and the included history size. This allows accurate reconstruction of the context for
analysis or replay, even if con�guration settings change over time.

5.6.4 Log

Used primarily for tracking user behavior during experiments. Each log entry is written manually and
assigned a type. Current log types include:Unknown, PageVisit , andSustainabilityMode
Change.

5.6.5 EnergyUnit

Represents an energy unit or analogy such as an ”iPhone 14 charge”. Since Cosmos DB requires a par-
tition key on all containers, this container uses a �xed partition key calledtenantId with the constant
value"0" . This pseudo-partitioning avoids data duplication while remaining compliant with platform
requirements.
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5.7 Non functional requirements

Beyond implementing the core features of the web application, various non-functional aspects have been
considered to ensure the prototype is maintainable, scalable and secure. This chapter discusses the
system's architecture and operational qualities, focusing on deployment processes, authentication, per-
formance capabilities and technical limitations.

While the application is not yet in a production environment, many architectural decisions were made
with future extensibility in mind. The use of Azure-native services such as Static Web Apps, Functions,
and Cosmos DB allows for scalable and secure operation with minimal con�guration. Furthermore,
modern development work�ows such as continuous integration and automated deployment contribute to
a high level of maintainability.

The following sections provide a detailed overview of the system's non-functional characteristics.

5.7.1 Logging and monitoring

The prototype incorporates basic logging and monitoring functionality using Azure-native tools. Azure
Application Insights is connected to the Azure Functions application and provides real-time observability
into backend operations. It collects telemetry such as request rates, failure rates, response times, and
traces, which can be explored through dashboards, Kusto queries, or alerts.

On the database level, monitoring is available via the Azure Portal within the Cosmos DB account. Built-
in tools allow developers to inspect metrics such as throughput consumption (RU/s), latency, and storage
usage. In addition, logs and query performance data can be viewed to identify performance bottlenecks
or data inconsistencies.

These monitoring capabilities are crucial for debugging, performance tuning, and maintaining opera-
tional health, especially in scalable, distributed environments like those offered by Azure.

5.7.2 Security

Security within the developed prototype is centered around authentication and access control, leveraging
Azure Static Web Apps' built-in identity management. By default, Azure Static Web Apps supports
authentication providers such as Microsoft, GitHub, Google, and Twitter. This project uses Microsoft
Entra ID (formerly Azure Active Directory) as the sole identity provider [84].

When users access the application, they are redirected to a secure Microsoft login page. Upon successful
authentication, Azure injects identity information into the request via thex-ms-client-principal
header. This header is base64-encoded and contains user attributes such as ID, email, and assigned roles.

On the frontend, route-level protection is implemented using an AngularAuthGuard . For any navi-
gation to sensitive routes such as chat, settings, metrics, or account setup, the guard �rst checks if the
current user is authenticated. If the user is not authenticated, the guard redirects them to the login end-
point (/.auth/login/aad ). This ensures that only authenticated users can access protected areas of
the application.

In development mode, where authentication is not enforced by Azure, a proxy con�guration is used to
simulate authentication. The frontend serves mock identity data via the/.auth/me endpoint using a
local �le (mock-auth.json ). This approach enables developers to test authenticated behavior locally
without logging in via Microsoft Entra ID.

The backend, implemented using Azure Functions, independently veri�es the presence and validity of
the x-ms-client-principal header. A customAuthorizationService extracts and dese-
rializes this header, ensuring that only requests from authenticated users are processed. Unauthorized
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requests, either due to a missing header, invalid deserialization, or lack of the “authenticated” role are
rejected early with detailed error logging. This additional server-side validation ensures that even if a
route were miscon�gured on the frontend or Azure Static Web Apps, access to backend functions would
remain protected.

Access control is further enforced declaratively in thestaticwebapp.config.json con�guration
�le, which restricts the/api/ * route to authenticated users only. This creates a defense-in-depth model:
Con�guration-level protection via Azure, route guarding on the frontend, and validation on the backend.

Currently, the system adopts a �at authorization model: All authenticated users are granted identical
access privileges. No role-based or �ne-grained access control mechanisms have been implemented at
this stage. If the application evolves toward a multi-role system (e.g., users vs. admins), Azure Static
Web Apps supports assigning roles [85], and additional logic could be introduced on both frontend and
backend to differentiate access.

Overall, the prototype achieves a strong level of security appropriate for its scope by combining platform-
native authentication with layered access control and explicit validation. Improvements for future pro-
duction deployment may include token expiration handling, detailed audit logging, support for additional
identity providers, and �ne-grained role enforcement.

5.7.3 Testing

Automated tests have been implemented for both the backend and frontend to ensure functional correct-
ness and maintainability of the application over time.

Backend: The backend tests are located in a dedicated test project within the backend's repository and
cover both unit and integration levels. The primary focus is on the business logic of the application.
Unit tests isolate individual components and validate their behavior under different conditions. Integra-
tion tests verify that multiple components such as services and controllers work together as expected,
without relying on real database connections or external services. In both cases, data access and exter-
nal dependencies are mocked to ensure test speed, reliability, and independence from the deployment
environment [86], [87].

Frontend: The frontend project includes a comprehensive suite of automated tests for all components
containing extensive TypeScript logic and for all the services [88]. These tests are implemented using
Jasmine [89] and executed with Karma [90]. The test suite is integrated into the CI/CD pipeline, ensuring
that all frontend logic is veri�ed before deployment. This approach helps maintain high code quality as
the application evolves.

This test structure allows both backend and frontend logic to be veri�ed in isolation and supports a robust,
maintainable development process. Automated tests are also integrated into the continuous integration
pipeline, which ensures that code changes are veri�ed before deployment.

5.7.4 Scalability and Availability

Although scalability and availability were not primary goals of this prototype, the chosen architecture
inherently provides a foundation that could support these qualities in a production environment.

The frontend is hosted using Azure Static Web Apps, which is globally distributed by default. While
the deployment is con�gured with the locationWest Europefor backend integrations, the static content
itself is served via Azure's global edge network, ensuring low-latency access from most geographic
regions [91]. Currently, no advanced con�guration such as custom CDN integration or regional routing
has been applied. However, the platform supports enhancements such as Azure Front Door [92] and
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enterprise-grade edge caching that could signi�cantly improve performance and availability in high-
traf�c scenarios.

The backend logic and data storage are deployed in the Azure regionSwitzerland North. This includes
the Azure Functions used to handle API requests and the Azure Cosmos DB instance managing per-user
data. Azure Functions is currently running on the default consumption plan, allowing automatic scaling
based on traf�c demand [93]. This suits the low and intermittent workload of the prototype, although
cold-start latency may become an issue in production. Premium plans are available to mitigate this by
enabling pre-warmed instances and improved scaling limits [94].

Azure Cosmos DB is provisioned in single-region mode in Switzerland North. While this simpli�es the
setup, it also introduces a regional single point of failure. Cosmos DB supports multi-region replication
with automatic failover and global distribution, which could be enabled to increase resilience and reduce
read latency across geographies [95]. Additionally, Cosmos DB's autoscale and partitioning features
remain unused but offer a clear path to horizontal scalability as the dataset or user base grows [96].

The application relies on the OpenAI Completions API [97], which is hosted outside of Azure and
geographically decoupled from the application's infrastructure. This introduces some dependency on
public internet connectivity and may be affected by regional latency or rate limits. The prototype operates
well within the default OpenAI API quotas. However, for production scenarios, implementing retry logic,
monitoring API usage, and applying for higher quotas would be essential [98].

In summary, while the current deployment operates under default con�gurations suitable for prototyping,
the system is cloud-native and inherently scalable. All critical services such as Azure Functions, Cosmos
DB and Static Web Apps support scaling mechanisms, multi-region deployment, and high-availability
con�gurations that could be activated with minimal architectural changes. These capabilities would
become crucial if the prototype evolves into a production-grade system [99]. Enhancing scalability
and availability would primarily involve enabling geo-replication, autoscaling con�gurations, and CDN
integration, all of which are natively supported within the Azure ecosystem [99].

5.7.5 Continuous Integration and Deployment (CI/CD)

The project incorporates two separate CI/CD pipelines. One for the frontend and one for the backend
using GitHub Actions in combination with Azure services. These pipelines enable continuous integration
and deployment with minimal manual intervention, ensuring that the latest versions of both the user
interface and backend logic are reliably deployed to Azure upon each commit to the main branch.

The frontend pipeline is de�ned in the �le azure-static-web-apps-green-mud-04afae
203.yml . It is automatically triggered when changes are pushed to the frontend directory. The pipeline
installs dependencies, builds the Angular application, runs the tests and deploys it to Azure Static Web
Apps. This deployment process is fully integrated into GitHub via the Azure Static Web Apps GitHub
Action [100], which abstracts away much of the manual con�guration typically required.

The backend pipeline, de�ned in main sustainable-ai-api.yml , is responsible for building
the .NET project, running all automated tests, and deploying the application to Azure Functions. This
pipeline ensures that only tested code reaches the production environment. It uses standard GitHub
Actions for .NET development, such as building, testing, and publishing the application, along with the
Azure Functions GitHub Action for deployment [101].

While the CI/CD setup ensures automated deployments, the project currently does not include any form
of Infrastructure as Code (IaC). All Azure resources have been provisioned manually via the Azure
Portal.

This decision re�ects the prototypical nature of the project. Since the goal was rapid iteration and exper-
imentation, setting up full IaC automation would have added complexity and overhead without immedi-
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ate bene�t. Manual provisioning allowed for �exible con�guration and faster development during early
stages which was bene�cial in a rapidly evolving prototype setting. However, for production scenarios,
IaC is considered a best practice to enable reproducible, version-controlled, and automated infrastructure
management [102], [103].

Overall, the CI/CD approach implemented in this project provides a pragmatic balance between automa-
tion and �exibility. It ensures reliable deployments while keeping the setup lightweight and maintainable
for a prototype.

5.8 Limitations and constraints

The current prototype of the web application is subject to several limitations and constraints, which result
both from deliberate design decisions and from the technical scope of the implementation.

At this stage, the web application is optimized for desktop use and has not been adapted for mobile
or tablet devices. Furthermore, the user interface and chatbot interactions are available exclusively in
English, which may limit accessibility for non-English-speaking users.

Interaction with the chatbot is currently limited to text input and output. Features such as voice input,
�le upload, or multimodal interfaces are not supported. This constraint aligns with the prototype's goal
of keeping the interaction model simple while focusing on core functionality.

User authentication is restricted to login via Entry ID, with no support for alternative identity providers
or anonymous access. While suf�cient for testing and evaluation, this would need to be extended in a
production environment to support broader identity management options.

The web application does not implement pagination or lazy loading for chat history. As a result, only
the most recent 100 conversations and the last 100 messages (prompts and responses) are displayed to
the user. This simpli�cation was chosen to reduce implementation complexity but may limit usability for
users with extensive chat histories.

The chatbot's responses are streamed in real-time to the frontend using server-sent events. This approach
improves user experience by reducing perceived latency but limits compatibility to a subset of models that
support streaming. While it would be possible to support non-streaming models by implementing a cus-
tom version of theIChatBotService interface that yields responses as anIAsyncEnumerable ,
such an adaptation is not yet implemented.

On the data persistence layer, the use of Azure Cosmos DB introduces another important constraint: As
a NoSQL database with a �exible schema, Cosmos DB does not enforce structural consistency across
documents. To mitigate this, the application ensures schema validity at the serialization level by marking
key properties as required. This ensures that documents with missing or malformed data trigger excep-
tions during deserialization, preventing faulty runtime behavior. However, this approach only identi�es
the problems but it does not resolve them. A more robust solution would be to implement lazy migra-
tions adjusting documents on-the-�y as they are loaded to conform to the latest schema version. Such
an approach would improve resilience and forward compatibility and could be considered in the future
if the prototype evolves into a production-grade application.
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6 Validation and Results

This chapter evaluates to what extent the UI-only interventions proposed in Section 4.3 achieve their in-
tended goals of (1) raising user awareness regarding the energy footprint of LLM queries and (2) nudging
users towards lower-impact behavior. We triangulate three independent data sources:

(a) Fivedaily awareness check-ins(n = 11, 52 responses,95 %completion),
(b) A post-study questionnaire(n = 11, 100 %completion), and
(c) Detaileduser data and behavioral logscaptured by the prototype backend.

6.1 Results from Daily Check-in and Final Questionnaire (a & b)

In this section we report the survey-based outcomes from the �ve-day experiment.3

We focus on two self-report surveys:

• Thedaily awareness check-in(�ve small surveys,n = 11; 52 responses;95 %completion rate)
• The�nal comprehensive questionnaire(n = 11; 100 %completion rate).

All questions used a 5-point Likert scale [15] with 1 meaningstrongly disagreeand 5strongly agree.

6.1.1 Daily Awareness Trajectory

Table 6.1 shows the mean self-reported awareness4 for each study day. The small mid-week dip (Days
3–4) matches qualitative feedback that participants “stopped paying attention once the novelty wore off,”
suggesting repetition alone is insuf�cient, more salient reminders were needed until the dashboard visit
on Day 5 (see below). This upward trend from Day 1 (M = 3 :27) to Day 5 (M = 4 :44) supports
Hypothesis H1, which states that visibility of energy information increases user awareness over time.

Day Mean Std. Dev. � vs. Day 1

1 3.27 0.90 —
2 3.64 0.81 +0.37
3 3.09 1.14 � 0:18
4 3.10 0.99 � 0:17
5 4.44 0.73 +1.17

Table 6.1: Mean awareness per day“At this moment I'm aware of the energy cost of the prompts I sent
today“, (1 = Strongly Disagree, 5 = Strongly Agree)

6.1.2 Feature Salience

Across all 52 check-ins, participants rated theEnergy-Noteand theMode-Toggleas the most visible
interventions (M =3 :19for both), whereas active dashboard use occurred on59:6 %of participant-days.
The spike in awareness on Day 5 coincides with the highest dashboard traf�c (Table 6.5), indicating that
summary feedback still plays a crucial consolidation role even after inline cues are present. This further
corroboratesHypothesis H1, since increased visibility of features correlates with the highest awareness
score.

3Behavioral log data are analyzed separately in Section 6.3.
4“At this moment I'm aware of the energy cost of the prompts I sent today”; 5-point Likert.
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6.2 Final Questionnaire

6.2.1 Self-Reported Behavioral Change

Table 6.2 summarizes the behavioral section. Nine of eleven participants (81:8 %) reportedregularly
switching to Energy-Ef�cient-Mode when answer accuracy was “not mission-critical” (M = 4 :18).
Prompt shortening received a neutral rating (M = 3 :00), and the detailed examination of the log data
in Section 6.3 con�rms there was no substantial reduction in input length on average (see Figure 6.2).
Distraction by sustainability cues was low (M =1 :45), suggesting the interventions did not impair chat-
bot usability.

Item Mean Std. Dev.

Energy-Ef�cient-mode when accuracy uncritical 4.18 0.75
Shortened / reduced prompts 3.00 1.34
Dashboard visited� 2� 0.77 (Yes) n.a.
Energy info distracted me 1.45 0.82
Want similar features elsewhere 3.91 1.14

Table 6.2: Behavioral items, (1 = Strongly Disagree, 5 = Strongly Agree)

Preliminary day-level correlations show that higher awareness is associated with a greater Energy-
Ef�cient-mode share and shorter prompts, which supportsHypothesis H2, stating that awareness is
positively correlated with pro-sustainability behavior.

6.2.2 Per-Feature Usability

All four implemented features scored above 4 (“easy to understand and effect was clear”), with theinline
three-mode toggleleading (M = 4 :64). Qualitative answers (Section 6.2.3) emphasized participants'
desire for more ephemeral reminders and aggregate �gures in familiar units.

Feature Mean

3-mode toggle 4.46
Placement of toggle 4.64
Energy note (per response) 4.09
Metrics dashboard 4.00

Table 6.3: Usability ratings:“Easy to understand and effect clear”, (1 = Strongly Disagree, 5 = Strongly
Agree)

6.2.3 Qualitative Feedback – Text Answers

Four of the eleven participants wrote substantive comments, each referring to different ideas or improve-
ments. Three themes emerged:

T1 Proactive reminders: Two participants requested “occasional push noti�cations” to surface energy
consumption without requiring a dashboard visit.

T2 Real-time aggregate �gures in familiar units: Three comments called for a constantly visible
“current usage” badge expressed in the chosen energy unit (e.g.,Laptop-minutes) instead of raw
Wh values, which is currently only visible on the dashboard.
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T3 Contextual framing of impact: Respondents stated that numbers alone “don't really help me that
much” and proposed a concise “wake-up call” every 100 prompts, optionally linking to a deeper
explanation or video.

One participant (original German comment) also suggested:“Bei sehr kurzen Prompts das Verwenden
einer klassischen Google Suche anstelle von LLM vorschlagen”(“For very short prompts, recommend
a classic Google search rather than an LLM”), which was also a potential feature considered but not
implemented.

6.2.4 Summary of Awareness Trajectory

• Awareness increased over the week, reachingM = 4 :44on Day 5
• Self-reported Energy-Ef�cient-mode adoption was high and distraction minimal.
• All usability means exceeded4=5, with the mode toggle scoring highest.
• Preliminary day-level correlations show that higher awareness is associated with a greater Energy-

Ef�cient-mode share and shorter prompts, supportingHypothesis H2.

These �ndings motivate a deeper behavioral analysis based on the collected server log data presented
next.

6.3 Behavioral Results from Application Data

6.3.1 Data Set Results Total

A total of 278 prompt–response pairs were recorded over the study's duration, totaling 683,580 processed
tokens (231;779input,451;801output) and168:0 Wh estimated energy. In the established energy analo-
gies this would correspond to:

• 13.2 full charges of an iPhone 14
• 13.3 hours of refrigerator usage
• 3.7 hours of laptop use
• 28 hours of a 500-lumen LED lamp
• 48 minutes of PlayStation 5 gaming

6.3.2 Energy-Unit Selection

Eight of eleven participants selected theiPhone 14 chargeanalogy, two preferredminute powering a
fridge, and only one choseminute PlayStation 5 gaming, no one selected the laptop or LED-lamp options
(Table 6.4). Participants thus gravitate toward anchors that (i) represent acomplete, familiar action
(charging a phone) and (ii) occur in their everyday routine. Time-based slices of low-power devices
were perceived as too abstract. Future designs should therefore favor whole-device cycles e.g. “electric-
toothbrush charge” over “x-minutes of use” to maximize intuitiveness.

Mode Used by
iPhone 14 charging 8 Users
Minute working on a laptop 0 Users
Minute powering a fridge 2 Users
LED spot approx. 500lm (1h) 0 Users
Minute PlayStation 5 gaming 1 User

Table 6.4: Energy unit preferences
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6.3.3 Dashboard Engagement

Across the �ve-day study, the dashboard was opened41 times (�x = 3 :7 per participant, median = 3),
see Table 6.5 for the overview. Two participants never visited it, while the top user (ID 8) alone generated
29% of all visits; the three most active users (IDs 8, 2, 10) accounted for59% (24 / 41). Day-level
activity peaked on Day 1 (14 visits, 34 %), dropped by half on Day 2, brie�y rebounded on Day 3, and
tapered off to four visits on Day 5:

Day totals= h14; 7; 10; 6; 4i

This pattern suggests initial curiosity followed by habituation; sustained re�ection therefore requires ad-
ditional prompts (e.g., weekly summaries or push reminders) rather than a purely on-demand dashboard.
The usage pattern supportsH1 by illustrating that dashboard-based summary feedback temporarily raised
awareness levels.

Day 1 Day 2 Day 3 Day 4 Day 5 Total
User 1 1 0 2 0 1 4
User 2 1 2 0 3 0 6
User 3 1 0 1 0 0 2
User 4 0 1 2 0 0 3
User 5 0 1 2 0 0 3
User 6 1 0 1 0 2 4
User 7 0 0 0 0 0 0
User 8 7 2 1 2 0 12
User 9 0 0 0 1 0 1
User 10 3 1 1 0 1 6
User 11 0 0 0 0 0 0

Table 6.5: Metrics visits per user and day

6.3.4 Mode Comparison

The three-mode toggle distributed user traf�c across models with varying energy demands. Table 6.6
compares the share of prompts, token counts, and energy consumption across modes.

Mode Prompts Tokens in Tokens out Energy
Energy-Ef�cient 155 (55.8%) 60473 (26.1%) 213350 (47.2%) 6.98Wh (4.1%)
Balanced 54 (19.4%) 83213 (35.9%) 82272 (18.2%) 11.51Wh (6.8%)
Performance 69 (24.8%) 88093 (38.0%) 156179 (34.6%) 149.55Wh (89.0%)
Total 278 (100%) 231779 (100%) 451801 (100%) 168.04Wh (100%)

Table 6.6: Share of prompts, tokens, and energy consumption per mode

Performance mode accounted for 24.8% of prompts but 89.0% of total energy usage. Energy-Ef�cient
mode processed the majority of prompts (55.8%) but consumed only 4.1% of the total.

To control for prompt length, Table 6.7 compares each mode's energy consumption normalized by input
token count only. This isolates energy per 1,000 input tokens and excludes any weighting of output.
Additionally, the constant overhead of(0.020 Wh) has been excluded from the usage.

Performance mode consumed approximately 13.4 times more energy per input token than balanced
mode. Balanced mode consumed about 1.95 times more than Energy-Ef�cient mode.
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Mode Tokens in Total Overhead Token based per 1k Tokens in
Energy-Ef�cient 60,473 6.98Wh 3.1Wh 3.88Wh 0.064Wh
Balanced 83,213 11.51Wh 1.08Wh 10.43Wh 0.125Wh
Performance 88,093 149.55Wh 1.38Wh 148.17Wh 1.682Wh

Table 6.7: Energy consumption per 1,000 input tokens by mode

Figure 6.1 illustrates the daily distribution of prompts per mode. Performance mode dominated on Day
1, then decreased during the week with a small spike on Day 5, while Energy-Ef�cient mode increased
steadily, peaking on Day 4, with a small decrease on Day 5. This indicates that users adapted their
behavior over the week. Balanced mode remained relatively stable until Day 3, then dropped to a lower
level on Days 4 and 5.

Figure 6.1: Total prompts sent per mode per day

6.3.5 User-Level Patterns

Three heavy users (IDs 8, 5, 3) generated77% of the study's total energy footprint as shown in Table 6.8;
ID 8 alone accounted for nearly half of it, owing to a 64% reliance on Performance mode. Conversely,
eight participants sent a majority of prompts in Energy-Ef�cient-mode, thus reaching a much lower total
energy consumption. This supportsH2, indicating that higher individual awareness is associated with
energy-saving behavior, as seen in both mode choices and per-user footprints.
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User Mode Prompts % In Out Usage (Wh)
1 Energy ef�cient 9 47.368 1513 7588 0.31383

Balanced 8 42.105 1313 3694 0.56544
Performance 2 10.526 272 2748 2.378
Total 19 100 3098 14030 3.2572

2 Energy ef�cient 26 74.286 7297 37641 1.183
Balanced 7 20 4407 8760 1.1341
Performance 2 5.7143 2239 4150 3.9547
Total 35 100 13943 50551 6.2718

3 Energy ef�cient 15 53.571 5298 27434 0.78314
Balanced 0 0 0 0 0
Performance 13 46.429 27227 27878 29.116
Total 28 100 32525 55312 29.9

4 Energy ef�cient 4 57.143 166 5905 0.1799
Balanced 3 42.857 264 1299 0.19759
Performance 0 0 0 0 0
Total 7 100 430 7204 0.37749

5 Energy ef�cient 9 31.034 12321 10920 0.4152
Balanced 13 44.828 68652 36767 5.6961
Performance 7 24.138 4850 15288 13.848
Total 29 100 85823 62975 19.959

6 Energy ef�cient 17 60.714 3137 23811 0.7532
Balanced 6 21.429 3941 6732 0.8979
Performance 5 17.857 3800 11202 10.196
Total 28 100 10878 41745 11.847

7 Energy ef�cient 0 0 0 0 0
Balanced 4 100 671 4900 0.59083
Performance 0 0 0 0 0
Total 4 100 671 4900 0.59083

8 Energy ef�cient 10 18.868 7853 15612 0.49526
Balanced 9 16.981 2753 14733 1.7345
Performance 34 64.151 48302 79649 76.932
Total 53 100 58908 109990 79.162

9 Energy ef�cient 65 98.485 22888 84439 2.8147
Balanced 1 1.5152 5 48 0.024964
Performance 0 0 0 0 0
Total 66 100 22893 84487 2.8397

10 Energy ef�cient 0 0 0 0 0
Balanced 0 0 0 0 0
Performance 6 100 1403 15264 13.084
Total 6 100 1403 15264 13.084

11 Energy ef�cient 0 0 0 0 0
Balanced 3 100 1207 5339 0.62859
Performance 0 0 0 0 0
Total 3 100 1207 5339 0.62859

Table 6.8: Aggregated prompts per user and per mode
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6.3.6 Token Length Observations

The average input length remained stable throughout the week, suggesting that participants did not adjust
their prompts to reduce length over time. Participant comments indicated that “rewriting takes too much
time,” implying that selecting a different model was perceived as a more ef�cient strategy. Figure 6.2
shows that users rarely edited their input during typing, particularly with regard to shortening prompts in
response to model predictions.

Figure 6.2: Average normalized prompt growth curve

Furthermore, Figure 6.3 offers an additional perspective by presenting a scatter plot of input versus output
tokens (95th percentile), including both the output prediction functionf (x) = x de�ned in section 4.4.3
and a LOWESS [104] trend of the actual prediction.

Figure 6.3: Scatter plot of input vs. output tokens with LOWESS trend and prediction function

The plot shows that the prediction function did not accurately estimate output tokens in most cases. On
average, the number of output tokens was higher than the number of input tokens. The distribution of
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prompts per conversation shows a mean of 4.03, a median of 3, and a mode of 1, indicating that while
some users sent multiple prompts, many conversations consisted of only one.

6.4 Summary

6.4.1 Self-Reported Awareness and Behavior

Self-report ratings reveal the following patterns in participants awareness and energy-saving behavior:

• Awareness increased over the �ve days, peaking on Day 5 (M = 4 :44), aligned with highest
dashboard activity.[Supports H1]

• 81.8% of participants regularly used Energy-Ef�cient-mode when accuracy was not critical (M =
4:18). [Supports H2]

• Prompt shortening was rated neutrally (M = 3 :00); log data con�rmed no substantial input length
reduction.

• All features scored above4=5 in usability, with the inlinemode togglerated highest (M = 4 :64).
• Qualitative feedback highlighted needs for:

– T1: Proactive push reminders,
– T2: Real-time usage feedback in relatable units (e.g.,Laptop-minutes),
– T3: Periodic contextual framing or “wake-up calls”.

6.4.2 Behavioral Log Findings

System logs show how each mode's use affected energy consumption and how participants choices
shifted over time:

• Despite handling only 24.8% of prompts,Performance modecaused 89% of energy usage.
• Energy-Ef�cient-mode handled 55.8% of prompts with just 4.1% of the energy footprint.
• Energy consumption per 1,000 input tokens:

– Energy-Ef�cient-mode:0.064 Wh
– Balanced:0.125 Wh(1.95� more than Energy-Ef�cient)
– Performance:1.682 Wh(13� more than Balanced)

• Energy-Ef�cient-mode usage increased over the week, indicating behavioral adaptation.[Supports
H2]

• Dashboard usage was front-loaded (Day 1: 14 visits), then tapered off, suggesting that sustained
re�ection requires push-based reminders.[Supports H1]

• Three heavy users (IDs 8, 5, 3) caused 77% of total energy usage, with ID 8 alone responsible for
47%.

• Input lengths remained stable; participants favored mode selection over prompt rewriting due to
time ef�ciency.

6.5 Hypothesis Validation Summary

H1. Showing per-prompt consumption and predicted consumption increases aware-
ness.

Supported.

• Mean awareness increased from3:27 (Day 1) to4:44 (Day 5).
• Awareness peaks coincided with dashboard usage and high feature visibility.
• Inline and summary cues (Energy-Note, Mode-Toggle, Dashboard) visibly contributed to raising

awareness.
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H2. Awareness scores are positively correlated with pro-sustainability behavior.

Supported.

• Higher awareness levels (Days 2 and 5) aligned with increased Energy-Ef�cient-mode usage.
• Participants with higher self-reported awareness also demonstrated lower per-user energy foot-

prints.
• Prompt length remained stable; mode-switching was the primary behavioral adjustment.
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7 Discussion

This chapter re�ects on the implications of the �ndings, evaluates the hypotheses in light of user behavior,
addresses limitations of the study, and outlines directions for future work.

7.1 Interpretation and Evaluation

The experiment showed that even lightweight, non-intrusive UI changes can nudge users toward more
energy-conscious decisions in LLM-based interactions. Awareness increased measurably, and most par-
ticipants adopted energy-saving behaviors without being forced to. However, the extent of behavioral
change varied widely between users. The results suggest that the success of such interventions depends
not only on their design but also on user intent, attention, and usage style.

While mode switching was a low-effort action with high uptake, reducing prompt length appeared cogni-
tively costly and was largely avoided. This asymmetry reveals an important insight: Users are more likely
to adopt energy-ef�cient behavior when the intervention aligns with their work�ow and requires minimal
effort. In contrast, behaviors that demand extra cognitive investment like rewriting queries which may
need stronger incentives or automation.

Moreover, usage concentration among a few participants highlights the “heavy-user bias”: A small group
can dominate total energy use regardless of system nudges. For these users, awareness alone may not be
enough, additional strategies such as adaptive defaults or tailored recommendations may be needed.

7.2 Evaluation of Energy consumption

The total number of prompts and the overall energy consumption observed during the experiment were
lower than initially expected. Although the underlying formula used for estimating consumption is
largely based on empirical observations rather than disclosed usage data, it raises the valid question
of whether the absolute energy consumption per user is truly signi�cant.

When compared to familiar energy analogies such as gaming on a PlayStation 5 (168 Wh� 48 minutes of
playtime) or using a laptop (3.7 hours) the consumption appears relatively low and arguably negligible.
However, this perspective shifts when considering the energy saved through users actively selecting
the energy-ef�cient mode. This behavioral change highlights the potential of UI-based interventions to
reduce energy usage.

If all interactions had occurred exclusively in Performance Mode, total energy consumption would have
increased from approximately 168 Wh to an estimated 429 Wh, calculated as follows:

231;779� 0:00021 + 451;801� 0:00083 + 278� 0:020� 429Wh

This reinforces the relevance of optimizing user interfaces for energy awareness. Moreover, as this
experiment was limited to a single prototype, the actual energy footprint across other conversational
AI tools exceeds the measured values, further underscoring the importance of sustainable design in AI
applications.

7.3 Answering the Research Questions

RQ1: To what extent are users currently aware of the energy implications associated with their chatbot
interactions?

Initial awareness was moderate and grew over time, con�rming that awareness is improvable via simple
interventions. Participants responded well to inline cues and dashboard summaries. Still, awareness
�uctuated depending on salience and novelty, suggesting that reminders need to be periodically refreshed.
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RQ2: How can UI-based features most effectively increase user awareness regarding the energy
consumption of conversational AI?

Features were most effective when integrated seamlessly into the work�ow. The inline toggle and energy
note stood out due to constant visibility and clarity. In contrast, less frequently accessed features like the
dashboard had high value but required user initiative. Real-time, ambient cues appear more sustainable
than static overviews.

RQ3: How strongly does increased user awareness correlate with reductions in conversational AI
energy consumption?

Awareness was linked to energy-saving behavior, particularly through mode selection. However, this
correlation was dampened by individual differences: Some users consistently optimized their usage,
while others reverted to high-consumption modes for complex tasks. Prompt length remained largely
unaffected. The relationship is therefore present but not uniform.

7.4 Limitations

Although the research questions could be answered and the hypothesis were at least partially supported
this results should be seen in light of the constraints and limitations of this project:

• Sample size and bias:With only 11 participants, mostly with technical backgrounds, the sample
is too narrow for generalization.

• Energy approximation: Due to lack of public data from OpenAI, energy usage was estimated via
heuristic models. This introduces uncertainty in all consumption metrics.

• Output prediction: The output token length estimation heuristic proved to be an imprecise predic-
tor, especially for longer prompts. This affects the accuracy of energy feedback and weakens user
trust in numerical feedback. More sophisticated models like regression or transformer-speci�c pre-
dictors are needed for future iterations. This might also be a factor why participants did not change
their prompt length.

• Self-selection bias:Participants were self-motivated and likely more aware of sustainability issues,
which may not re�ect the general population.

• Limited feature set: The prototype focused on a few UI changes; other potential interventions
(e.g., features discussed in the conceptual solution in the decision matrix Table 4.4) were not tested.

• Short duration: Five days are suf�cient for observing short-term change but not long-term habits
or retention.

• Limited granularity: Some behaviors (e.g., mental effort, editing hesitations) are not captured in
the logs, leaving gaps in interpretation.

7.5 Future Work and Development

7.5.1 Research and Validation

This thesis has demonstrated both the potential and the necessity for more extensive research in this
emerging �eld. Several aspects remain insuf�ciently explored, and notable blind spots persist. To address
these gaps, future research should:

• Incorporate real energy data from API providers to validate energy estimations.
• Expand the participant pool with non-technical and more diverse user groups.
• Run longitudinal studies to investigate lasting behavioral change and intervention fatigue.
• Introduce richer behavior tracking to detect prompt re�nement, hesitation, or adaptation patterns.
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7.5.2 Prototype Improvements

While the current prototype successfully demonstrated the feasibility of UI-based energy awareness fea-
tures, several enhancements could further increase its effectiveness, usability, and adaptability. Future
iterations should aim to:

• Add user-con�gurable modes or AI-guided suggestions based on usage patterns.
• Improve energy and output predictions with data-driven models.
• Implement features proposed in Section 4, such as real-time “current usage” displays and periodic

“wake-up calls.”
• Add detection of trivial prompts and recommend simpler alternatives like a Translation Service or,

calculator etc.

7.5.3 User Guidance and Framing

The experiment revealed that participants responded positively to clear and relatable feedback, espe-
cially when energy consumption was contextualized through comparisons (e.g., charging a smartphone).
Building on this insight, future designs could enhance user engagement and awareness through:

• Emotional and contextual framing (“this equals powering a fridge for X hours”).
• Push reminders with usage summaries or tailored advice.
• More interactive dashboards showing impact over time.

7.6 Concluding Remarks

UI-only strategies show real potential for raising awareness and enabling more sustainable behavior in
conversational AI interfaces. However, their impact depends on user context, feature salience and the
perceived effort–bene�t ratio. Future work should aim to make these interventions adaptive, personalized
and grounded in real data.
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8 Conclusion

This thesis explored the potential of UI-only strategies to increase awareness and reduce energy con-
sumption in conversational AI usage. Motivated by the growing inference-related energy demand of
large language models, we investigated whether lightweight frontend interventions could measurably
in�uence user behavior without compromising usability.

The �ndings of our �ve-day �eld experiment with frequent LLM users indicate that lightweight frontend
interventions can have a measurable impact. Participants showed a signi�cant increase in awareness (M
= 4.44/5), and those with higher awareness scores consistently opted for more energy-ef�cient settings.
More than half of all prompts were routed through the energy-saving mode and the overall usage re-
sulted in an estimated 35% reduction in energy consumption compared to a performance-mode baseline.
In particular, these reductions were achieved without negatively affecting user experience or perceived
output quality, suggesting that sustainability and usability can coexist in the same interface.

Beyond the empirical results, this work contributes to a growing discourse within Sustainable Human-
Computer Interaction. While prior research has highlighted the perceptual, technical, and design gaps
that hinder energy-conscious digital behavior, our work demonstrates a concrete, scalable way to address
them through intentional interface design. The study also reinforces the idea that users are not indifferent
to energy concerns; instead, they often lack accessible, interpretable feedback to guide their decisions.
By bridging this awareness-action gap, UI interventions can act as effective nudges in everyday systems.

However, several limitations must be acknowledged. Our study involved a relatively small technically
literate user group, and energy estimates were derived using an approximation model based on token
counts and pricing-based coef�cients. While this approach is suf�cient for behavioral nudging, it may
not re�ect actual backend power consumption with high accuracy. Furthermore, long-term behavioral
retention and broader user demographics remain unexplored. These factors limit generalisability and
should be addressed in future work.

Looking ahead, this thesis opens the door for further research into sustainability-aware design strategies
for AI-powered applications. Opportunities include integrating live energy telemetry from commercial
providers, exploring adaptive interfaces that respond dynamically to carbon intensity, and embedding
these ideas in educational or workplace contexts.

Ultimately, as AI systems become embedded in the daily work�ows of millions, energy use will no
longer be just a backend concern, it will be a user-facing issue. By giving users the tools and information
to make responsible choices, interface designers have a critical role to play in shaping a more sustainable
digital future. This thesis has shown that even modest UI changes can lead to meaningful environmental
bene�ts, setting the stage for a new kind of interaction design: One that is not only human-centered, but
energy-aware.
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A.1 Survey Form and Results
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A.2 Experiment Forms and Results

A.2.1 Participant's Consent Document
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A.2.2 Daily check ins
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A.2.3 Final Questionnaire
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A.3 JSON Schema

1 {
2 "$schema": "http://json-schema.org/draft-07/schema#",
3 "title": "User",
4 "type": "object",
5 "description": "Represents an application user with sustainability

settings and preferences.",
6 "properties": {
7 "id": {
8 "type": "string",
9 "description": "Unique identifier of the user entity."

10 },
11 "userId": {
12 "type": "string",
13 "description": "Partition key: ID linking this entity to the user

account."
14 },
15 "createdAt": {
16 "type": "string",
17 "format": "date-time",
18 "description": "Timestamp when the user record was created."
19 },
20 "name": {
21 "type": "string",
22 "description": "Display name of the user."
23 },
24 "identity": {
25 "type": "string",
26 "minLength": 1,
27 "description": "External or internal identity identifier."
28 },
29 "enableSustainabilityFeatures": {
30 "type": "boolean",
31 "description": "Indicates whether sustainability features are enabled

."
32 },
33 "mode": {
34 "type": "number",
35 "enum": [ 0, 1, 2 ],
36 "description": "Chat mode preference for the user. 0=EnergyEfficient,

1=Balanced, 2=Performance"
37 },
38 "energyUnitId": {
39 "type": [ "string", "null" ],
40 "description": "Reference ID to the user's selected energy unit."
41 }
42 },
43 "required": [
44 "id",
45 "userId",
46 "createdAt",
47 "name",
48 "identity",
49 "enableSustainabilityFeatures",
50 "mode"
51 ],
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52 "additionalProperties": false
53 }

1 {
2 "$schema": "http://json-schema.org/draft-07/schema#",
3 "title": "Conversation",
4 "type": "object",
5 "description": "Represents a user's conversation with the chat bot.",
6 "properties": {
7 "id": {
8 "type": "string",
9 "description": "Unique identifier of the conversation."

10 },
11 "userId": {
12 "type": "string",
13 "description": "Partition key: User ID that owns the conversation."
14 },
15 "createdAt": {
16 "type": "string",
17 "format": "date-time",
18 "description": "Timestamp when the conversation was created."
19 },
20 "title": {
21 "type": "string",
22 "description": "Title for the conversation."
23 },
24 "lastMessageTimestamp": {
25 "type": [ "string", "null" ],
26 "format": "date-time",
27 "description": "Timestamp of the most recent message."
28 },
29 "isDeleted": {
30 "type": [ "boolean", "null" ],
31 "description": "Whether the conversation is marked as deleted."
32 }
33 },
34 "required": [ "id", "userId", "createdAt", "title" ],
35 "additionalProperties": false
36 }

1 {
2 "$schema": "http://json-schema.org/draft-07/schema#",
3 "title": "Prompt",
4 "type": "object",
5 "description": "Represents a user prompt and its associated metadata.",
6 "properties": {
7 "id": {
8 "type": "string",
9 "description": "Unique identifier of the prompt entity."

10 },
11 "userId": {
12 "type": "string",
13 "description": "Partition key: ID of the user who submitted the

prompt."
14 },
15 "createdAt": {
16 "type": "string",
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17 "format": "date-time",
18 "description": "Timestamp when the prompt was created."
19 },
20 "conversationId": {
21 "type": [ "string", "null" ],
22 "description": "ID of the conversation this prompt belongs to."
23 },
24 "promptTextHistory": {
25 "type": [ "array", "null" ],
26 "items": {
27 "type": "string"
28 },
29 "description": "List of previous (not sent) texts of this prompt."
30 },
31 "userText": {
32 "type": [ "string", "null" ],
33 "description": "Prompt text provided by the user."
34 },
35 "chatMode": {
36 "type": "number",
37 "enum": [ 0, 1, 2 ],
38 "description": "Operational mode used for this prompt. 0=

EnergyEfficient, 1=Balanced, 2=Performance"
39 },
40 "modelName": {
41 "type": "string",
42 "description": "Name of the model used to generate the response."
43 },
44 "historyLimit": {
45 "type": "integer",
46 "description": "Maximum number of previous prompts included in the

request."
47 },
48 "isSent": {
49 "type": [ "boolean", "null" ],
50 "description": "Indicates whether the prompt was successfully sent."
51 },
52 "sentAt": {
53 "type": [ "string", "null" ],
54 "format": "date-time",
55 "description": "Timestamp when the prompt was sent."
56 },
57 "responseText": {
58 "type": [ "string", "null" ],
59 "description": "Text response generated for the prompt."
60 },
61 "usage": {
62 "type": [ "object", "null" ],
63 "description": "Represents token usage and associated energy

consumption.",
64 "properties": {
65 "numberOfInputTokens": {
66 "type": "integer",
67 "description": "Number of input tokens provided by the user."
68 },
69 "numberOfOutputTokens": {
70 "type": "integer",
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71 "description": "Number of output tokens generated in response."
72 },
73 "usageInWh": {
74 "type": "number",
75 "description": "Estimated energy usage in watt-hours (Wh)."
76 }
77 },
78 "required": [ "numberOfInputTokens", "numberOfOutputTokens", "

usageInWh" ],
79 "additionalProperties": false
80 }
81 },
82 "required": [ "id", "userId", "createdAt", "chatMode", "modelName", "

historyLimit" ],
83 "additionalProperties": false
84 }

1 {
2 "$schema": "http://json-schema.org/draft-07/schema#",
3 "title": "Log",
4 "type": "object",
5 "description": "Represents a log entry.",
6 "properties": {
7 "id": {
8 "type": "string",
9 "description": "Unique identifier of the log entry."

10 },
11 "userId": {
12 "type": "string",
13 "description": "Partition key: User ID associated with the log."
14 },
15 "createdAt": {
16 "type": "string",
17 "format": "date-time",
18 "description": "Timestamp when the log was created."
19 },
20 "type": {
21 "type": "number",
22 "enum": [ 0, 1, 2 ],
23 "description": "Type/category of the log message. 0 = Unknown, 1 =

PageVisit, 2 = SustainabilityModeChange."
24 },
25 "message": {
26 "type": "string",
27 "description": "Descriptive log message content."
28 }
29 },
30 "required": [ "id", "userId", "createdAt", "type", "message" ],
31 "additionalProperties": false
32 }

1 {
2 "$schema": "http://json-schema.org/draft-07/schema#",
3 "title": "EnergyUnit",
4 "type": "object",
5 "description": "Defines a unit for measuring energy consumption.",
6 "properties": {
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