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1 Abstract

The rapid growth of artificial intelligence (AI) generates significant greenhouse gas emissions.

Prior research has primarily reported associated emissions retrospectively, with recent work in-

troducing predictive methods to anticipate the environmental impact of machine learning (ML)

models before training. This thesis extends these approaches by applying them to real-world clas-

sification datasets and comparing emissions across fundamentally different model architectures,

while integrating model performance into the analysis. Emissions generated during the training

and evaluation of logistic regression and distilBERT (a transformer-based model) were measured

across varying hardware configurations, geographic regions, and hyperparameter settings using

three text classification datasets. Linear mixed-effects models were employed to predict CO2eq

emissions from these factors, and Pearson’s correlation coefficient was used to evaluate the re-

lationship between emissions and model performance. Findings reveal that geographic region

exerts the strongest influence on emissions, across both model architectures. Hardware effects

are less pronounced and vary between model architectures, while hyperparameter impacts are

least influential and inconsistent across models. No correlation was observed between emissions

and model performance, suggesting that reducing model emissions does not necessarily compro-

mise the performance. These findings demonstrate that ML emissions can be reliably predicted

based on various experimental factors, providing the insights necessary for practitioners to make

informed decisions during model selection and design.
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2 Introduction

Artificial intelligence (AI) has experienced rapid growth in recent years, driven by significant

advances in computing power and data availability (Van Wynsberghe, 2021). However, this

proliferation raises growing concerns about the sustainability of AI systems across their entire

life-cycle, from hardware manufacturing, to model training, and eventual disposal (Joshua et al.,

2025). The training of state-of-the-art machine learning (ML) models alone is highly resource-

intensive and consumes vast amounts of energy, leading to the production of substantial green-

house gas emissions (Joshua et al., 2025). Even though AI has demonstrated to be a powerful

facilitator of sustainable practices, such as optimizing energy management or enhancing green

construction (Fan et al., 2023), these growing environmental risks present a double-edged sword.

A proposed step toward addressing these challenges is the systematic accounting of energy con-

sumption and emissions in ML research, which can improve transparency, raise awareness and

help drive mitigation efforts (Henderson et al., 2020; Joshua et al., 2025).

Addressing this motivation, various research initiatives have emerged in recent years that quantify

the environmental impact of ML algorithms, often using hardware energy consumption measure-

ments or open-source emission trackers. Through approaches like these, several influential factors

have been identified that affect the sustainability of model training. For instance, the choice of

algorithm influences sustainability substantially: Islam et al. (2023) demonstrated that different

classifier models consume vastly different amounts of energy, highlighting that conscious model

selection can reduce the carbon footprint by 10 times or more. In terms of model infrastruc-

ture, research has found that hardware configuration also plays a crucial role. Lacoste et al.

(2019) concluded that CPUs can can be up to 10 times less efficient than GPUs due to dif-

ferences in parallel processing capabilities. Building on this, Li et al. (2016) examined various

hardware configurations for training convolutional neural networks, demonstrating that strategic

hardware selection can substantially reduce energy requirements while also identifying batch size

and its interaction with hardware type as key factors in determining consumption. As such,

hyperparemeter optimization can further reduce emissions, with other research noting that en-

ergy savings can be maximized through optimal settings of batch size and learning rate (Geißler

et al., 2024). Moreover, geographic location significantly affects emissions profiles, as electricity

consumption translates to different carbon footprints depending on local energy sources. Lacoste

et al. (2019) reported that compute region can affect algorithm emissions by a factor of 40, with

dramatic differences between locations using renewable energy versus those relying on fossil fu-

els. This variability suggests that emissions can, at least in part, be managed through informed

choices regarding algorithm, hardware, hyperparameters, and infrastructure.

While these studies contribute to enriching AI sustainability reporting, some limitations constrain

their applicability to broader scenarios. For instance, Li et al. (2016) focused exclusively on con-

volutional neural networks (CNN’s) for computer vision, while Islam et al. (2023) evaluated only
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classical algorithms (e.g. decision trees, support vector machines), limiting the generalizability

of their findings to the more complex deep learning models that dominate today’s sustainability

discussion. Second, these studies typically examine factors in isolation rather than their com-

bined effects. While Li et al. (2016) demonstrated interactions between batch size and hardware

type, and Geißler et al. (2024) optimized batch size and learning rate jointly, comprehensive

assessment of how multiple factors (hardware, region, hyperparameters, architecture) determine

emissions remains limited. Finally, research generally provides retrospective measurements of

emissions after training, rather than making a pre-emptive evaluation of environmental impact.

While valuable for documentation and benchmarking, this approach requires that models be

fully trained before their environmental impact can be assessed. Hrib et al. (2024) note that

taking a predictive approach is important to facilitate informed choices during the model selec-

tion phase, which typically involves trial and error across numerous models and configurations,

requiring substantial computational resources. They propose that predictive models trained on

prior experimental data could enable estimation of emissions across different configurations with-

out requiring exhaustive empirical evaluation, supporting more sustainable choices during model

selection.

One approach to addressing these limitations involves shifting from post hoc analyses to a

predictive service. Hrib et al. (2024) introduced a methodology for predicting CO2 emissions

associated with ML processes before training, thereby enabling more sustainable choices during

model design and selection. In their study, the environmental impact of executing different ML

models was documented under various experimental conditions. These data were then used to

train a deep ML model that predicted emission metrics. While this approach offered a system-

atic method to forecast AI sustainability, it was limited in scope: the analysis focused on small

classical ML models, relied on synthetic datasets, and did not incorporate model accuracy into

the evaluation. These constraints limit the applicability to real-world circumstances and large-

scale ML applications often used today, as well as scenarios where predictive accuracy must be

weighed against environmental impact.

This final limitation points to a broader challenge in current AI sustainability research, namely,

understanding the trade-off between environmental impact and model performance. While pre-

dictive accuracy has traditionally been the primary metric of success, there is growing recognition

that sustainability must be considered alongside performance (Ariyanti et al., 2025). The nature

of this relationship, whether higher accuracy consistently requires greater emissions, and to what

extent, remains underexplored in the literature (Ben chaaben et al., 2025).

This thesis addresses these gaps by extending the predictive approach introduced by Hrib et

al. (2024) to real-world text classification tasks. Specifically, it compares emissions profiles and

predictive accuracy across two fundamentally different architectures: logistic regression (a clas-
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sical ML algorithm) and distilBERT (a transformer-based model). By examining these models

across three text classification datasets under varying hardware configurations, geographic re-

gions, and hyperparameter settings, this study provides insights into both the predictability of

AI emissions and the practical trade-offs between environmental sustainability and model per-

formance in applied contexts.

Accordingly, the following research questions are addressed:

• Research Question 1: To what extent can CO2 emissions be predicted from factors such

as hardware type, compute region, and hyperparameter settings?

• Research Question 2: What is the relationship between model sustainability and model

accuracy?

To cover these questions, this thesis proceeds as follows. The methodology section details the

emission tracking procedures, as well as the three text classification tasks employed. Moreover,

the experimental design is presented, including the systematic variation of hardware configu-

rations, compute regions, and hyperparameters across both logistic regression and distilBERT

models. The results section first presents the predictive modeling analysis, examining which

factors most strongly determine CO2 emissions, and quantifying their relative contributions.

Subsequently, the performance-emissions trade-off is explored. Finally, the discussion interprets

these findings, addressing practical implications for sustainable AI development, acknowledging

methodological limitations, and proposing directions for future research in this field.
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3 Methodology

To better understand the impact of hardware type, geographic region, and hyperparameter set-

tings on the sustainability of machine learning models, a framework was used in which these

factors were systematically adjusted and the associated CO2 emissions were tracked. Data were

collected for two models of varying complexity, logistic regression and distilBERT, while perform-

ing text classification tasks across three datasets. Simultaneously, performance measurements

were recorded to assess the trade-off between environmental sustainability and model perfor-

mance. Apart from enabling a comprehensive understanding of emissions trends, these models

were chosen because they can be applied to the same tasks, making their performance directly

comparable. The following sections cover a more detailed description of the tracking software

used, the experimental procedure, and the statistical analyses that were applied.

3.1 Emissions Tracking and Measurement

Carbon emissions released during model execution were tracked using CodeCarbon (Schmidt

et al., 2021), a Python package that estimates the environmental impact associated with run-

ning computer programs. This impact is expressed as kilograms of CO2-equivalents (CO2eq), a

standardized measure that describes the global warming potential of greenhouse gases in terms

of the amount of CO2 that would produce an equivalent effect (CodeCarbon contributors, 2023).

In the context of computing, CO2 emissions result from the electricity consumed by the

underlying hardware. These emissions are measured in kilograms of CO2-equivalent per kilowatt-

hour. CodeCarbon estimates total emissions as the product of two main factors:

• Energy consumed: The total electricity used by the computational infrastructure, mea-

sured in kilowatt-hours (kWh). CodeCarbon tracks CPU and GPU power draw during

execution to estimate energy consumption (CodeCarbon contributors, 2023).

• Carbon intensity of the electricity consumed for computation: The amount of

CO2 emitted per unit of electricity (g CO2/kWh), computed from a weighted average

of the energy sources in the local energy grid (e.g., coal, gas, renewables) (CodeCarbon

contributors, 2023). Carbon intensity values vary significantly by region depending on grid

composition.

3.2 Models

3.2.1 Logistic Regression

Logistic regression was implemented as a single-layer neural network architecture using PyTorch

(PyTorch Contributors, 2023). This neural network structure is functionally equivalent to logistic
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regression: a linear transformation of input features followed by sigmoid activation to produce

binary classification probabilities (Jurafsky & Martin, 2025). Relative to distilBERT’s deep

neural network architecture, logistic regression demonstrates minimal computational complex-

ity, reflecting the functioning of lightweight machine learning methods in evaluating emissions.

PyTorch was selected for consistency with the distilBERT implementation, allowing the same hy-

perparameters (batch size and epochs) to be tracked across both models. Additionally, PyTorch

supports both CPU and GPU processing, enabling assessment of both hardware configurations.

3.2.2 DistilBERT

DistilBERT is a transformer-based neural network model created through knowledge distilla-

tion, a process in which a smaller ‘student’ model learns to reproduce the behavior of a larger

‘teacher’ model (Sanh et al., 2019). Specifically, distilBERT was distilled from BERT, retaining

approximately 97% of BERT’s language understanding capabilities while reducing model size

by 40% and inference time by 60% (Sanh et al., 2019). The pre-trained distilBERT model was

obtained from the Hugging Face Transformers library and fine-tuned on each dataset’s training

split (Hugging Face, 2024; Sanh et al., 2019). The goal of pre-training is for the model to learn

basic language from a large corpus of text. In the fine-tuning stage, the model’s parameters

are further adapted to solve a specific task, using a smaller body of supervised training data

(Prince, 2023). This approach enables the assessment of the environmental impact of modern

transformer architectures while avoiding the prohibitive cost of training such models from scratch.

DistilBERT’s architecture consists of 6 transformer layers with 12 attention heads and approxi-

mately 66 million parameters (Sanh et al., 2019), representing substantially greater complexity

than logistic regression’s single layer network. As such, these models facilitate the exploration

of potential scaling effects across model complexity regarding emissions trends.

3.3 Datasets

3.3.1 Dataset selection and descriptions

Experiments were conducted on three widely used text classification datasets: SMS Spam Col-

lection, IMDB Movie Reviews, and Yelp Polarity. These datasets were selected because of their

varying sizes, reducing the risk of findings being specific to a particular data scale, thereby of-

fering robustness. Additionally, their widespread use in machine learning research simplifies the

interpretation of results. Finally, each dataset facilitates the classification of text into binary

categories, enabling a fair comparison of the model performance between logistic regression and

distilBERT. The datasets are publicly available and specified as follows:
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• SMS Spam Collection: A small dataset consisting of 5,574 labeled SMS messages classi-

fied as spam or ham (not spam), commonly used in mobile phone spam research (Almeida

& Hidalgo, 2011). Spam messages constitute 13.4% of samples while ham messages rep-

resent 86.6%. The dataset was divided into a 80-20 train-test split, yielding 4459 training

samples and 1115 test samples.

• IMDB Movie Review: A medium-sized dataset containing 50,000 movie reviews labeled

by sentiment (positive/negative) with balanced class distribution. It has been pre-split into

a training set (25,000 labeled reviews) and a test set (25,000 examples) (Maas et al., 2011).

• Yelp Polarity: A large, pre-split, dataset of Yelp reviews containing 560,000 training

samples and 38,000 test samples, labeled by positive or negative polarity (sentiment) (Zhang

et al., 2015). A positive polarity corresponds to reviews with 3-4 stars, while negative

polarity indicates 1-2 stars.

The IMDB and Yelp datasets contain equal amounts of positive and negative reviews, however,

the SMS dataset exhibits a class imbalance (13.4% spam). This inconsistency could lead to

inflated performance measurements from text classification, by models being biased towards the

majority class (Albattah & Khan, 2025). This limitation is further explored in the Evaluation

Metrics section.

Additionally, there are differing split ratios across the datasets: 80-20 for SMS, 50-50 for IMDB,

and 93.6-6.4 for Yelp. The IMDB and Yelp datasets have already defined splits, which are main-

tained to ensure consistency with established benchmarks. For the SMS dataset, a practical

standard split was chosen. In the analysis, emissions are predicted from model-specific parame-

ters and the emissions-performance trade-off is explored within each dataset rather than across

datasets. Preserving the original splits for IMDB and Yelp datasets therefore reflects standard

research practice without compromising the research objectives.

3.3.2 Data Preprocessing

For both models, labels were encoded as binary values before training. Furthermore, only essen-

tial preprocessing steps were performed to assess baseline model-performance (without extensive

optimization), ensuring a fair comparison between models. Preprocessing is necessary in text

classification tasks because it allows the data to be transformed from unstructured text into

structured numerical representations that can be processed by ML algorithms.

Logistic Regression: For all datasets, the input text was converted to lowercase. Dataset-

specific procedures included the removal of URLs in the SMS dataset, and HTML tags in the

IMDB and Yelp datasets. These features were removed because they do not contribute meaning-

ful information and would introduce noise into the text representations. Subsequently, the input
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texts were transformed into numerical representations using Term Frequency-Inverse Document

Frequency (TF-IDF) vectorization, and then turned into PyTorch tensors for model compatibil-

ity.

DistilBERT: To maintain comparability with logistic regression, the same dataset-specific

cleaning was applied: URLs were removed from the SMS dataset, and HTML tags were removed

IMDB and Yelp datasets. Text inputs were then tokenized using the distilBERT tokenizer

(distilbert-base-uncased), converting them into numerical representations. Additional lowercas-

ing was not performed because distilBERT’s tokenizer applies lowercasing prior to processing.

A maximum sequence length of 128 was selected to reduce the duration and computational load

of the tokenization process. Padding and truncation were applied as necessary.

3.4 Experimental Design

3.4.1 Experimental factors

The experimental factors examined in this study were selected based on the approach described

by Hrib et al. (2024). Table 1 lists all factors and evaluated values.

Table 1

Experimental Factors and Evaluated Values

Experimental Factor Evaluated Values

Epochs 2, 4, 6
Batch size 16, 32, 64
Hardware type CPU, GPU
Compute region Canada (Quebec), Germany, India (Mumbai)

Note. The table summarizes the experimental factors and corresponding
values evaluated across all model training runs in this study.

Hyperparameters: Two hyperparameters were varied for both models:

• Batch size: Defines the number of training samples used to compute each gradient update

during optimization. Batch optimization uses the entire dataset to compute exact gradi-

ents of the loss function, stochastic optimization uses single observations, and mini-batch

optimization, employed in this study, uses subsets of the data determined by the batch size

parameter (Prince, 2023). Smaller batches result in noisier gradient estimates but enable

more frequent parameter updates, thereby consuming less memory. On the other hand,

larger batches provide more stable gradient approximations at the cost of increased mem-

ory requirements, but are generally associated with faster training through better hardware
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utilization (Ariyanti et al., 2025).

Previous research on neural networks has shown that there is a complex relationship be-

tween batch size and energy consumption (Li et al., 2016). Increasing the batch size

reduces energy consumption through better hardware utilization and reduced training du-

ration. However, once the hardware utilization saturates, increasing the batch size does not

lead to further reductions in energy consumption. Moreover, beyond this saturation point,

excessively large batch sizes may exceed available memory capacity, preventing training

altogether. The values (16, 32, 64) were selected to capture a range that reflects low to

high hardware utilization while remaining computationally feasible.

• Number of epochs: Controls how many complete passes the optimization algorithm

makes through the entire training dataset. Each additional epoch increases the amount of

computational work, with research highlighting that energy consumption increases linearly

with the number of epochs (Ariyanti et al., 2025). The values (2, 4, 6) were chosen to

provide a sufficient range to capture this relationship while remaining computationally

feasible.

Hardware: Models were executed on both CPU- and GPU-based setups to allow emissions

across computational infrastructures to be assessed. CPUs are optimized for sequential processing

and general computing tasks, handling instructions one after another across a limited number of

cores. In contrast, GPUs are designed for parallel computation with thousands of cores, making

them well-suited to process the vast number of calculations necessary to train complex models

(Gyawali, 2023). This architectural difference means that tasks involving large-scale matrix

multiplications, like transformers, can be distributed across many GPU cores at the same time,

whereas CPUs process these operations sequentially (Gyawali, 2023; Vaswani et al., 2017). The

following hardware specifications were considered:

• CPU: Logistic regression experiments were conducted on a machine with an Apple M1 Pro

processor. DistilBERT experiments used a machine with an Intel Xeon processor. While

this hardware difference limits direct CPU comparison between models, all comparisons

made within models (across regions, batch sizes, and epochs) remain valid, as they use

consistent hardware.

• GPU: All GPU-based experiments were executed using Google Colab’s online integrated

development environment with an NVIDIA Tesla T4 GPU.

Geographic Region: To capture regional variation in electricity generation, experiments were

conducted across three geographic regions representing low, medium, and high carbon intensity

electricity grids (Ember, 2025; Our World in Data, 2025):
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• Canada (CAN): Low carbon intensity due to primarily hydroelectric power generation.

Experiments used Quebec region specifications (northamerica-northeast1).

• Germany (DEU): Moderate carbon intensity reflecting a balanced mix of renewable and

fossil fuel sources. Country-level estimates were used (europe-west10).

• India (IND): High carbon intensity due to coal-dominated electricity generation. Experi-

ments used Mumbai region specifications (asia-south1).

For Canada and India, CodeCarbon includes data for multiple regions. Quebec and Mumbai

were selected to reflect low and high carbon intensities, respectively. CodeCarbon provides only

country-level estimates for Germany, which is why no specific region was specified.

To compute emissions, CodeCarbon uses the regional carbon intensity values published by Google

Cloud Platform (GCP). While all experiments were executed locally (CPU experiments) or on

Google Colab (GPU experiments), GCP region codes (e.g. northamerica-northeast1, europe-

west10, asia-south1) were applied with their corresponding carbon intensity values to calculate

what the emissions would have been if the work had been performed in each region.

3.4.2 Model configuration

Logistic Regression Configuration: Models were trained using Stochastic Gradient Descent

(SGD) with a fixed learning rate of 0.01. The loss function was Binary Cross-Entropy (BCE) with

logits (BCEWithLogitsLoss). Binary cross-entropy is mathematically equivalent to the negative

log-likelihood used in classical logistic regression (Raschka, 2022). BCEWithLogitsLoss combines

the sigmoid activation and BCE loss calculation in a single operation, which is numerically more

stable than applying them separately (PyTorch Documentation, 2025). For a binary outcome

yn and predicted probability p̂n, the BCE loss for observation n can be described as (PyTorch

Developers, 2025):

ℓn = −wn [yn · log p̂n + (1 − yn) · log(1 − p̂n)] , (1)

Where wn is an optional sample weight (used for class balancing), and p̂n is obtained by

applying the sigmoid function to the linear combination of input features (Jurafsky & Martin,

2025). This corresponds to the negative log-likelihood loss for the Bernoulli distribution, typi-

cally used in logistic regression.

To address class imbalance in the SMS Spam dataset, where spam messages represent only

13.4% of the samples (747 spam vs. 4827 ham), a positive class weight of 6.46 was applied,

corresponding to the ratio of negative to positive samples (PyTorch Documentation, 2025). This

weighting penalizes the model more heavily for incorrectly classifying the minority class. Without
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class weighting, the logistic regression model achieved an F1-score of zero, indicating complete

failure to detect spam. This would affect the comparability of the performance between logistic

regression and distilBERT. As such, weighting ensured that performance metrics more accurately

reflected the model’s true classification capability rather than bias toward the majority class. No

class weighting was applied to the experiments that involved IMDB and Yelp datasets, as both

have a balanced class distribution.

A single-epoch warm-up run with batch size 16 was performed prior to logistic regression experi-

ments on the SMS dataset to stabilize hardware performance measurements. This procedure was

necessary because initial GPU and CPU executions produced inflated measurements, resulting in

considerable outliers that skewed the data. Due to the fast execution of logistic regression on the

SMS dataset (compared to distilBERT and larger datasets), the impact of hardware stabilization

was disproportionately large, taking up a greater proportion of the total execution time.

DistilBERT Configuration: Fine-tuning was conducted using the AdamW optimizer with

a fixed learning rate of 2 × 10−5, following recommended practices for fine-tuning transformer

models (DataCamp, 2024; Devlin et al., 2019). Cross-entropy loss was used as the loss function.

For distilBERT, class weighting was not applied to the SMS dataset. Experiments applying

the same 6.46 class weight to distilBERT showed negligible differences in performance metrics

compared to unweighted training, suggesting distilBERT handles class imbalance effectively and

does not require explicit weighting. As with logistic regression, no class weighting was applied

to experiments with IMDB or Yelp datasets, due to balanced class distributions.

3.4.3 Experimental procedure

Each experimental run involved training the model on the training split and evaluating it on

the held-out test split, with emissions tracked throughout the entire process. CodeCarbon was

integrated into both training and testing pipelines using the OfflineEmissionsTracker class. For

every run, a separate CodeCarbon tracker instance was initialized with the appropriate country

ISO code, regional specifications, and cloud provider (Google Cloud Platform) before training

commenced.

The complete experimental design was as follows:

• Logistic regression: 3 batch sizes × 3 epochs × 3 regions × 2 hardware types × 3 datasets

= 162 runs

• DistilBERT: 3 batch sizes × 3 epochs × 3 regions × 2 hardware types × 2 datasets = 108

runs

A loop structure was implemented to iterate through all possible configurations. After each run,

the emissions (kgCO2eq) and model performance metrics were automatically recorded to .csv
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files. The resulting data were aggregated into a single dataset per model for subsequent statis-

tical analysis.

DistilBERT was evaluated only on SMS and IMDB datasets due to the substantial computational

requirements of training on the Yelp dataset. Moreover, each experimental configuration (com-

bination of batch size, epochs, region, and hardware) was executed once due to computational

constraints, particularly for experiments involving the larger datasets. This limits the ability to

assess variability across measurements but was necessary to remain computationally feasible.

3.5 Evaluation Metrics

Both accuracy (proportion of correctly classified samples out of all samples) and F1-score (har-

monic mean of precision and recall) were recorded for all experiments (Google Developers, 2025).

F1-score was emphasized for the SMS dataset due to its imbalanced class distribution. Accuracy

was emphasized for the balanced datasets (IMDB and Yelp). Accuracy and F1-score were se-

lected because they are commonly used as evaluation metrics in the literature for these respective

tasks (Lorenzoni et al., 2024). Moreover, both metrics allow for a comprehensive assessment of

predictive performance and facilitates analysis of the emissions-performance relationship.

3.6 Statistical Methods

3.6.1 Emissions Prediction Analysis (Research Question 1)

To evaluate the extent to which experimental factors predict emissions, separate linear mixed-

effects models were fitted for logistic regression and distilBERT using the statsmodels module in

Python (Seabold & Perktold, 2010). Separate models were necessary as a combined model vio-

lated normality assumptions due to the vastly different emissions profiles of the two architectures,

creating bimodal residual distributions.

Model Structure: The model predicted log-transformed emissions from the four experimental

factors (fixed effects), while accounting for baseline differences across the classification datasets

through a random intercept. log10-transformation was applied to address the right-skewed distri-

bution of emissions data. Dataset was modeled as a random intercept because the vastly different

dataset sizes introduced non-independence. Additionally, interactions between each experimen-

tal factor were evaluated alongside individual effects. Statistical significance was assessed at

α = 0.05.

Model Diagnostics: Residual normality was assessed via histograms, and homoscedasticity

was evaluated by plotting residuals against fitted values.
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3.6.2 Emissions-Performance Trade-off Analysis (Research Question 2)

To examine the relationship between emissions and model performance, Pearson correlation co-

efficients were computed between log-transformed emissions and each performance metric (accu-

racy and F1-score) using scipy.stats.pearsonr (SciPy Documentation, 2025). Pearson correlation

was selected after visual inspection of scatterplots confirmed approximately linear relationships

between log-transformed emissions and performance metrics. Correlations were calculated sepa-

rately for each model-dataset combination to account for dataset-specific baseline characteristics,

ensuring independence of measurements. Correlation strength was based on the guide proposed

by Evans (1996), defining the following effect sizes for the absolute value of r :

• .00 − .19 = ”very weak”

• .20 − .39 = ”weak”

• .40 − .59 = ”moderate”

• .60 − .79= ”strong”

• .80 − 1.0= ”very strong”

Statistical significance was assessed at α = 0.05.
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4 Results

4.1 Descriptive Overview: Emissions and Performance Metrics

A descriptive overview of the emissions, accuracy, and F1-score recorded for the logistic regression

classifier is presented in Table 2. The same information is described in Table 3 for the distilBERT

classifier.

4.1.1 Logistic Regression

For experiments involving logistic regression, emissions measured in kg CO2eq span several orders

of magnitude, ranging from very small values (minimum = 5.69 × 10−10 kg) to a maximum of

5.22×10−2 kg. The median emission (1.23×10−5 kg) is much lower than the mean (2.52×10−3

kg), indicating a strongly right-skewed distribution. This skewness is further reflected by the

fact that 75% of the runs produce emissions below 4.04 × 10−4 kg (75th percentile), while the

maximum observed value is approximately 130 times larger than this upper quartile. These

results suggest that a small number of high-emission configurations contribute disproportionately

to total emissions.

In terms of predictive performance, logistic regression achieves a mean accuracy of 84.9% and

a mean F1-score of 80.1%, with noticeable variability across runs (standard deviation is 7.2%

and 9.1%, respectively). Performance measured using the F1-score is consistently lower than

accuracy, which is expected given the greater sensitivity of the F1-score to class imbalance in

text classification tasks.

Table 2

Descriptive Statistics for Logistic Regression Model: Emissions, Accuracy, and F1 Score

Statistic Emissions (kg) Log-Emissions Accuracy F1-Score

Count 162 162 162 162
Mean 2.515 × 10−3 −4.889 0.849 0.801
SD 7.723 × 10−3 1.918 0.072 0.091
Min 5.685 × 10−10 −9.245 0.599 0.399
25th percentile 5.603 × 10−7 −6.252 0.800 0.783
Median 1.232 × 10−5 −4.911 0.854 0.814
75th percentile 4.040 × 10−4 −3.395 0.879 0.860
Max 5.218 × 10−2 −1.283 0.969 0.886

Note. N = 162 observations. Emissions measured in kilograms of CO2-equivalent. Percentiles
represent quartile values.
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4.1.2 DistilBERT

The descriptive statistics presented in Table 3 highlight that the distilBERT emissions are sub-

stantially higher than those observed for logistic regression, with a minimum of 6.00 × 10−6 kg

and a maximum of 8.91 kg. As with logistic regression, the emissions distribution is strongly

right-skewed: while most runs produce relatively low emissions (75th quartile is below 3.63×10−2

kg), a small number of configurations result in extremely high values, with the maximum ex-

ceeding the median by more than three orders of magnitude. Notably, the median emissions for

distilBERT (7.97×10−3 kg) are approximately 650 times higher than those of logistic regression,

highlighting the substantial computational and environmental cost associated with transformer-

based models compared to classical ML algorithms.

Regarding predictive performance, distilBERT achieves greater accuracy and F1-scores than

logistic regression, with a shared mean value of 93.2%. In contrast to logistic regression, accu-

racy and F1-scores for distilBERT are closely aligned. This indicates that distilBERT handles

the imbalanced dataset more effectively.

Table 3

Descriptive Statistics for DistilBERT Model: Emissions, Accuracy, and F1 Score

Statistic Emissions (kg) Log-Emissions Accuracy F1 Score

Count 108 108 108 108
Mean 3.880 × 10−1 −2.226 0.932 0.932
SD 1.372 1.508 0.060 0.060
Min 6.000 × 10−6 −5.234 0.850 0.849
25th percentile 8.910 × 10−4 −3.064 0.872 0.872
Median 7.965 × 10−3 −2.099 0.931 0.931
75th percentile 3.631 × 10−2 −1.440 0.992 0.992
Max 8.910 0.950 0.996 0.996

Note. N = 108 observations. Emissions measured in kilograms of CO2-equivalent. Percentiles
represent quartile values.

Given the strongly right-skewed emissions distributions observed above, all subsequent analyses

used the log10-transformed emissions as the outcome variable. Figure 1 highlights the changes

in the emission distributions of each model after applying the log-transformation. These fig-

ures show that the effects of extreme outliers have been reduced, resulting in more normally

distributed data.
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Figure 1

Comparison of Emissions Distributions Across Models

Note. Logistic regression distributions are presented in the first row (blue) and distilBERT
distributions are presented in the second row (orange). Left column (A) shows the actual emissions
distributions. Right column (B) shows the log10-transformed emissions. Emissions were measured in

kilograms of CO2-equivalent.

4.2 Research Question 1: Predicting Emissions from Experimental

Factors

Two linear mixed effects models were fitted to predict the log-transformed emissions for logistic

regression and distilBERT classifiers. In both models, geographic region, hardware type, batch

size and number of epochs were included as fixed effects, while dataset was modeled as a random

intercept. Subsequently, model diagnostics were measured and their outputs were interpreted.

4.2.1 Logistic Regression Classifier

Mixed-Effects Model Results: Table 4 reports the fixed-effects estimates from the linear

mixed-effects model for logistic regression. None of the interactions tested were statistically sig-

nificant, which is why they were omitted. As far as the individual predictor effects, increasing

the number of training epochs is associated with higher emissions. Relative to the baseline of

two epochs, training for four and six epochs increases log-emissions by 0.260 and 0.424, respec-

tively. On the original scale, these correspond to emissions that are 1.82 times and 2.65 times
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the baseline level, representing increases of approximately 82% and 165%.

In contrast, larger batch sizes are associated with lower emissions, with batch sizes of 32 and

64 reducing log-emissions by 0.072 and 0.103, relative to the baseline batch size of 16. On the

original scale, these correspond to emissions that are 0.85 times and 0.79 times the baseline level,

representing reductions of approximately 15% and 21%.

Hardware choice exhibits a stronger effect. Executing the logistic regression classifier on a GPU

increases log-emissions by 1.292 compared to CPU execution, corresponding to emissions that

are nearly 20 times higher than the baseline CPU level.

Regional differences are the most substantial: relative to Canada (baseline), experiments con-

ducted in Germany and India are associated with log-emission increases of 2.266 and 2.539,

respectively. On the original scale, these correspond to emissions that are approximately 184

times and 346 times higher than Canada.

The model included dataset as a random intercept to account for baseline differences across

the SMS, IMDB, and Yelp datasets. The estimated random-effect variance (σ2 = 2.787) indi-

cated substantial variation in baseline emissions across datasets, suggesting that, when setting

all experimental factors to zero, the dataset characteristics contribute to emissions. However, the

variance estimate should be interpreted cautiously, as it is based on only three levels (datasets).

Model Diagnostics: Model diagnostics did not indicate major violations of linear mixed-

effects model assumptions. The histogram of residuals (Figure 2, left) shows an approximately

normal distribution, while the plot of residuals against fitted values (Figure 2, right) does not

reveal systematic patterns, suggesting homoscedasticity and appropriate model specification.
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Table 4

Fixed Effects Estimates From Mixed-Effects Model for Logistic Regression Classifier

Predictor Coef. SE p 95% CI

LL UL

Intercept −7.297 0.964 <.001 −9.186 −5.407

Epochs (ref: 2 epochs)
4 epochs 0.260 0.017 <.001 0.227 0.293
6 epochs 0.424 0.017 <.001 0.391 0.457

Batch Size (ref: 16)
32 −0.072 0.017 <.001 −0.105 −0.039
64 −0.103 0.017 <.001 −0.137 −0.070

Hardware (ref: CPU)
GPU 1.292 0.014 <.001 1.265 1.319

Country (ref: Canada)
Germany 2.266 0.017 <.001 2.233 2.299
India 2.539 0.017 <.001 2.506 2.573

Note. The model included a random intercept for dataset (variance = 2.787). The dependent variable
was log10-transformed emissions (kg CO2eq). All predictors were categorical.

Figure 2

Model Diagnostics Plots for Linear-Mixed Effects Model (Logistic Regression Classifier)

Note. The left panel (A) shows a histogram of model residuals. The right panel (B) shows residuals

plotted against fitted values, illustrating model fit and variance distribution.

Interpretation Overall, the results indicate that emissions associated with logistic regression

are strongly influenced by both model hyperparameters, hardware choice, and compute region,
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with varying effect magnitudes. Increasing the number of epochs raises emissions, while larger

batch sizes demonstrate the opposite pattern. Moreover, the effect of epochs on emissions is

more pronounced compared to the batch size.

An even greater contribution to emissions arises from the type of hardware that is used, with

GPU computations substantially increasing the carbon footprint. The largest effect stems from

the compute region, highlighting a notable increase in emissions across levels.

4.2.2 DistilBERT Classifier

Mixed-Effects Model Results: Table 5 reports the fixed-effects estimates for distilBERT.

None of the interactions tested were statistically significant, which is why they were omitted.

Firstly, increasing the number of training epochs is associated with higher emissions, similar to

the effect in logistic regression. Relative to the baseline of two epochs, training for four and

six epochs increases log-emissions by 0.246 and 0.508, respectively. On the original scale, these

correspond to emissions that are approximately 1.76 times and 3.22 times the baseline level,

representing increases of approximately 76% and 222%.

Batch size effects for logistic regression were conclusive, but this was not the same for distil-

BERT. While the estimated coefficients for batch sizes of 32 and 64 are positive (0.022 and

0.029), neither effect is statistically significant (p > 0.05), suggesting that emissions resulting

from adjusting the batch size cannot be reliably predicted in this experimental setting.

Hardware choice has a substantial and directionally opposite effect compared to logistic re-

gression. Executing distilBERT on a GPU is associated with significantly lower emissions than

CPU execution, with a coefficient of -1.491. On the original scale, this corresponds to emissions

that are approximately 0.032 times the CPU baseline, representing a 97% reduction in emissions.

This inconsistency highlights the difference in how logistic regression and distilBERT interact

with underlying hardware. DistilBERT’s complex architecture involves extensive parallel matrix

operations, maximizing GPU utilization, while logistic regression underutilizes this hardware due

to its simple structure (Li et al., 2016).

Regional effects are consistent with those observed for logistic regression. Experiments con-

ducted in Germany and India produce significantly higher emissions (coefficients of 2.238 and

2.428, respectively) than those conducted in Canada. On the original scale, emissions in Ger-

many are approximately 173 times higher and emissions in India are about 268 times higher than

in Canada.

The model included dataset as a random intercept to account for baseline differences across

the two datasets used for distilBERT training (SMS and IMDB). The estimated random-effect
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variance (σ2 = 0.503) indicates moderate variation in emissions across these datasets, suggesting

dataset characteristics contribute to emissions released by distilBERT, though to a lesser extent

than observed for logistic regression. Importantly, the random-effect variance should be inter-

preted with caution because it is based on solely two datasets.

Table 5

Fixed Effects Estimates From Mixed-Effects Model for DistilBERT Classifier

Predictor Coef. SE p 95% CI

LL UL

Intercept −3.303 0.516 <.001 −4.315 −2.291

Epochs (ref: 2 epochs)
4 epochs 0.246 0.106 0.020 0.038 0.453
6 epochs 0.508 0.106 <.001 0.300 0.716

Batch Size (ref: 16)
32 0.022 0.106 0.835 −0.186 0.230
64 0.029 0.106 0.786 −0.179 0.236

Hardware (ref: CPU)
GPU −1.491 0.014 <.001 −1.661 −1.322

Country (ref: Canada)
Germany 2.238 0.106 <.001 2.030 2.445
India 2.428 0.106 <.001 2.220 2.636

Note. The model included a random intercept for dataset (variance = 0.503). The dependent variable
was log10-transformed emissions (kg CO2e). All predictors were categorical.

Model Diagnostics: Diagnostic plots suggest that the assumptions of the linear mixed-effects

model are reasonably satisfied. The histogram of residuals (Figure 3, left panel) indicates an ap-

proximately normal distribution, though with slight positive skew. The plot of residuals against

fitted values (Figure 3, right panel) does not reveal strong systematic trends or severe het-

eroskedasticity.

Notably, the residuals for the distilBERT model (Figure 3A) are substantially larger than those

for logistic regression (Figure 2A). This likely reflects the considerable difference in computa-

tional and architectural complexity between the two architectures. More specifically, distilBERT

might exhibit a more complex relationship between the experimental factors and emissions com-

pared to logistic regression, making its emissions harder to predict using the linear mixed effects

model. Even though distilBERT was better at solving the classification tasks (higher accuracy

and F1-scores), this could explain why it yielded greater residuals.
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Figure 3

Model Diagnostics Plots for Linear-Mixed Effects Model (DistilBERT Classifier)

Note. The left panel (A) shows a histogram of model residuals. The right panel (B) shows residuals

plotted against fitted values, illustrating model fit and variance distribution.

Interpretation: The results demonstrate that emissions from distilBERT are primarily driven

by the number of epochs, hardware choice, and compute region, while batch size does not ex-

hibit a significant effect. The smallest effect is given by the number of epochs, with emissions

increasing as more epochs are introduced to model training. Unlike logistic regression, distil-

BERT benefits from GPU execution, which significantly reduces emissions relative to CPU-based

training. The region remains the dominant predictor, consistent with the pattern observed for

logistic regression.

4.2.3 Comparison Across Model Architectures

Comparing the mixed-effects results across model architectures reveals several key differences.

The number of epochs generates similar proportional effects for both models, with emissions

increasing about 76-82% for four epochs and 165-222% for six epochs compared to two epochs.

Regional effects are also consistent in size and direction: emissions in Germany and India are

approximately 173-184 and 268-346 times higher than Canada for both models.

In contrast, batch size and hardware effects differ markedly between architectures. Larger

batch sizes reduce emissions by 15-21% for logistic regression but could not reliably predict emis-

sions for distilBERT. Hardware choice exhibits opposite effects, with GPU execution increasing

logistic regression emissions by roughly 20 times but reduces distilBERT emissions by 97%.

Finally, dataset-level variation is considerably larger for logistic regression (σ2 = 2.787) than

for distilBERT (σ2 = 0.503), suggesting that dataset characteristics may play a greater role

in determining emissions for logistic regression. However, as the random intercept for logistic
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regression is based on three datasets and distilBERT’s is based on only two, the reliability of

these variance estimates is limited.

4.3 Research Question 2: Accuracy-Emissions Trade-off

To assess the relationship between emissions and model performance, Pearson correlation coeffi-

cients were calculated for each dataset and model combination (Table 6). Correlations between

emissions and both accuracy and F1-score were consistently very weak, with |r| < 0.19. Logistic

regression showed slight positive correlations (r = 0.03 to 0.12), while distilBERT showed slight

negative correlations (r = −0.05 to −0.08), though neither pattern was statistically significant

(p > 0.05). These findings indicate the lack of a measurable tradeoff between log-emissions and

model performance within the tested experimental configurations.

Table 6

Pearson Correlation Coefficients Between Log-Emissions and Performance Metrics by Dataset
and Model

Dataset Model Accuracy p F1-Score p
(r) (r)

SMS Logistic Regression 0.100 0.471 0.120 0.386
DistilBERT −0.084 0.547 −0.082 0.556

IMDB Logistic Regression 0.101 0.467 0.033 0.810
DistilBERT −0.049 0.724 −0.048 0.733

Yelp Logistic Regression 0.050 0.723 0.075 0.599
DistilBERT — —

Note. All correlations were non-significant at α = 0.05. Correlations were calculated separately for
each dataset to account for differing emissions profiles across datasets.
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5 Discussion

This study examined the extent to which hyperparameters, hardware type, and geographic re-

gion predict CO2 emissions from machine learning execution, and explored the trade-off between

model performance and emissions. Using logistic regression and distilBERT across three text

classification datasets, the results provide insights into both research questions posed in this the-

sis. Regarding Research Question 1, the results demonstrate that CO2 emissions can be reliably

predicted from infrastructure-level factors, particularly region and hardware type, which yielded

the highest impacts. Hyperparameter effects were considerably smaller and less consistent across

model architectures. Notably, batch size did not reliably predict emissions for distilBERT, while

the number of epochs showed consistent effects across both models.

Geographic region emerged as the dominant predictor of emissions across both model archi-

tectures. Experiments conducted in Germany and India produced emissions substantially higher

than those in Canada, reflecting differences in regional carbon intensity of electricity grids. These

findings align with Anthony et al. (2020), noting a considerable increase in emissions released

by model training in a location that relies primarily on fossil fuels compared to one that uses

renewable energy sources. This highlights the practical significance of considering geographic

region prior to model selection. For complex models like transformers, which can require weeks

of training, strategic region selection can avoid considerable quantities of CO2eq (Lacoste et al.,

2019).

Notably, even moderate differences in carbon intensity between regions translated into sub-

stantial emissions changes. For instance, comparing emissions between Germany and Canada

revealed that geographic location alone could account for emissions differences exceeding 170-

fold, further underscoring the substantial impact of region selection. The consistency of regional

effects across both logistic regression and distilBERT suggests that geographic region is the

dominant factor in emissions outcomes regardless of model complexity, making this experimen-

tal factor a particularly reliable and generalizable variable to consider for emissions reduction.

Hardware selection demonstrated model-dependent effects on emissions. For logistic regres-

sion, GPU execution increased emissions nearly 20-fold compared to CPU execution, while for

distilBERT, GPU execution reduced emissions by 97%. This reversal highlights fundamental

differences in how these architectures are capable of utilizing GPU parallel processing. More

specifically, GPUs are designed to excel at highly parallel tasks, such as intensive AI workloads,

by dividing processing tasks across thousands of specialized cores (Intel Corporation, 2025). This

makes them well-suited to handle transformer architectures like distilBERT, which involve ex-

tensive parallel matrix operations and multi-head attention mechanisms (Vaswani et al., 2017).

These operations can fully exploit GPU parallelization, resulting in substantial efficiency gains

and corresponding emissions reductions.

In contrast, logistic regression’s single-layer architecture does not take advantage of GPU par-
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allelization. Research on GPU utilization patterns indicates that non-deep learning tasks with

insufficient computational complexity tend to underutilize GPU resources, resulting in poor effi-

ciency (Gao et al., 2024). Considering logistic regression’s minimal computational requirements,

it likely failed to exploit the GPU’s processing capabilities. Additionally, GPUs maintain higher

idle power consumption compared to CPUs (Abe et al., 2012), meaning that baseline emissions

remain elevated even when the GPU is underutilized. The combination of underutilization and

higher baseline power draw could explain why GPU execution exhibited greater emissions for

this simple model architecture. These findings underscore the importance of aligning model ar-

chitectures with appropriate hardware in practical applications.

The number of epochs showed a consistent and predictable relationship with emissions across

both model architectures. Each additional epoch increases the amount of computational work-

load, thereby extending training duration and directly increasing emissions, supporting findings

of previous research (Ariyanti et al., 2025). This suggests that the number of epochs serves as a

straightforward measure for managing the environmental footprint during model training, with

emissions scaling proportionally to this experimental factor.

Batch size effects, however, differed between architectures. For logistic regression, larger

batch sizes reduced emissions by 15-21%, reflecting the computational benefit of processing more

samples before updating model parameters. In contrast, batch size did not reliably predict emis-

sions for distilBERT. For practitioners, this suggests that batch size optimization for emissions

reduction is architecture-dependent, with predictable effects for simple models but inconsistent

effects for more complex architectures.

Overall, these findings extend the predictive approach introduced by Hrib et al. (2024) in several

ways. While their analysis focused on classical ML models with synthetic datasets, this research

demonstrates that the predictive framework applies to both classical algorithms and modern

transformer architectures on real-world text classification tasks of varying sizes. This not only

improves confidence in the applicability of this approach across different computational scales,

but also allows for emissions trends to be compared across widely different architectures.

The results enable emissions to be estimated for untested factor levels within the experimental

ranges. However, the reliability of such predictions varies by experimental factor. Regional

and epoch effects showed consistent patterns across both architectures, suggesting that regions

with carbon intensities within the tested range would follow a similar trend, and epoch counts

within the range of 2 to 6 would follow the same proportional relationship. Moreover, the linear

relationship between epoch number and energy consumption reported in prior research (Bouza

et al., 2023) further suggests that emissions for higher epoch counts may be extrapolated.

In contrast, hardware and batch size effects were strongly architecture dependent. While

it became evident that smaller models benefit from CPU execution and complex models bene-

fit from GPU execution, the threshold of model complexity at which GPU execution becomes
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advantageous remains unclear, limiting the confidence in emissions predictions for moderately

sized architectures. As for the batch size, emissions effects within the tested range (16 to 64)

appear predictable for simple models but remain unclear for complex architectures, suggesting

architecture-specific optimization may be required.

Extension beyond the tested ranges should be approached with caution, as the point at which

even consistent trends may change cannot be determined from these data. Despite these limi-

tations, extending this approach to additional model architectures and broader hyperparameter

ranges would strengthen the predictive framework.

Regarding Research Question 2, correlations between emissions and model performance across

both accuracy and F1-score metrics could not be established. This finding indicates that, within

the experimental configurations tested, emissions and performance varied independently. This

can be explained by two key factors. First, the experimental design adjusted infrastructure

factors (region and hardware type), which strongly influence emissions but have minimal direct

impact on model accuracy. Geographic region affects emissions through the local carbon inten-

sity without altering performance, and hardware type mainly determines execution efficiency,

but does not significantly affect model accuracy (Gyawali, 2023). Consequently, emissions varied

substantially across configurations while performance metrics remained relatively stable.

Second, the tested hyperparameter configurations (2-6 epochs, and batch sizes from 16-64)

were selected to maintain computational feasibility. However, this constrained parameter space

may have limited the detection of potential relationships due to the narrow performance range

observed (means exceeding 80% across all metrics). Ariyanti et al. (2025) note that models risk

underfitting with epoch numbers that are too low, and can overfit when this hyperparameter

is too large, both reducing performance. Similarly, very large batch sizes can limit general-

ization and reduce performance. These extreme settings, which might simultaneously affect

both emissions and performance, were not examined in this study. Investigation across wider

hyperparameter ranges would therefore yield more conclusive insights into potential emissions-

performance trade-offs.

Several limitations must be acknowledged. First, this study focused exclusively on text clas-

sification tasks. Generalizability to other domains such as computer vision or speech recognition

therefore remains uncertain. Previous research has shown that energy consumption patterns

can differ between computer vision and natural language processing tasks, potentially leading to

different emissions profiles (Rodriguez et al., 2024). This highlights the importance of extending

the scope of this research to additional tasks.

Secondly, the linear mixed-effects models included dataset as a random intercept based on

only three datasets for logistic regression and two for distilBERT, which provides insufficient

information to reliably estimate dataset-level variability. While the random intercept struc-

ture appropriately accounts for clustering within datasets, the estimated variance components
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(σ2 = 2.787 for logistic regression, σ2 = 0.503 for distilBERT) should be interpreted cautiously

given this small sample size. Additionally, the inclusion of only two datasets for distilBERT

experiments restricts the robustness of findings for this architecture. Future research should

validate these findings across a broader range of datasets to establish more reliable estimates.

Furthermore, each experimental configuration was executed only once due to computational

constraints. While this was necessary for feasibility, it prevented the assessment of variability

across repeated runs. As such, future research should consider repeated measurements in order

to strengthen confidence in the findings.

Although CodeCarbon is a widely used library for emissions tracking, its estimation accuracy has

known limitations. CodeCarbon allows carbon emissions to be dynamically estimated by mea-

suring the power draw of the hardware over time (Fischer, 2025). However, besides the processor

(CPU/GPU) power consumption, other components including peripheral devices, power supply,

and cooling, are typically not tracked. Prior research has shown that cooling can contribute to

over 10% of the total AI power consumption (Fischer, 2025). Notably, Fischer (2025)’s research

on a range of deep learning models also yielded that CodeCarbon’s estimation consistently un-

derestimated the actual power consumption by 20-30%. These findings suggest that the absolute

emissions values reported in this study likely represent lower bounds, though the relative compar-

isons between configurations remain informative. Future research employing CodeCarbon could

thus introduce hardware systems that have built-in capabilities for measuring the consumption

of other components. Alternatively, measurements should be taken externally in order to capture

the influence of all environmental components. Fischer (2025) further proposes the introduction

of constant factors when tracking emissions, which can account for these estimation errors.

Finally, emissions tracking was limited to model training and evaluation phases. A compre-

hensive lifecycle assessment would include phases such as data collection, preprocessing, model

deployment, and inference (Joshua et al. (2025)). Training and testing phases represent only

a component of the total environmental footprint, and for widely deployed models, inference

emissions may ultimately exceed these emissions (Ben chaaben et al., 2025). Beyond model

execution, research has shown that the embodied carbon footprint of AI models, which includes

emissions that arise from hardware manufacturing, contributes significantly to the overall car-

bon footprint of AI (Faiz et al., 2023). Moreover, training and testing phases each have distinct

emissions profiles, yet this study analyzed them together. Future research would thus benefit

from examining these phases independently in order to identify specific approaches for reducing

emissions when designing ML models. Ultimately, extending the scope to include the complete

ML pipeline would offer a more comprehensive understanding of the environmental impact of

machine learning architectures and enable more informed strategies for reducing emissions across

the AI lifecycle.
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6 Conclusion

This study demonstrates that CO2 emissions from machine learning training are predictable from

region, hardware, and hyperparameter choices, with geographic region exerting the strongest in-

fluence on emissions. The absence of a correlation between emissions and model performance

suggests that sustainability and performance are not necessarily competing objectives. These

findings indicate that practitioners can substantially reduce environmental impact without sac-

rificing performance by strategically selecting low-carbon regions, appropriate hardware and hy-

perparameters during model design. By extending predictive emissions modeling from classical

algorithms to modern transformer architectures and from synthetic to real-world text classifica-

tion tasks, this work addresses key limitations in prior research and demonstrates the practical

applicability of estimating emissions before model training. These findings contribute to the

growing body of work on sustainable AI development and provide actionable insights for reduc-

ing the carbon footprint of machine learning models.
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Appendix

All the code for this research can be found in the following GitHub repository: repository link.
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Appendix on Generative Artificial Intelligence use

ChatGPT was used to assist with specific parts of the research and report. ChatGPT was applied

in the following ways:

• The tool was used to brainstorm research ideas, using prompts such as: ”What are cur-

rently underexplored applications in AI sustainability research?”. Outputs were used as

inspiration for possible research directions.

• ChatGPT was also used for structuring and organization. In particular, it was useful

in suggesting appropriate structure formats for the Methodology and Discussion sections.

Prompts such as the following were used: ”What kind of structure is the most appropriate

to convey my methods clearly?”. Insights from these prompts were used as ideas for a basic

structure.

• ChatGPT was also used for language and clarity through prompts like: ”Where can I

improve/correct the clarity/grammar/spelling in this section?”. Outputs were used to

revise and refine specific sections.

• Finally, ChatGPT assisted in the coding section of this research by verifying correct us-

age of specific libraries (CodeCarbon, Transformers) and clarifying specific coding errors.

Prompts such as the following were used for this: ”Can you clarify what this Python error

means?”. Outputs were used to revise broken code or improve code.

All the core work, including the data collection and analysis, and interpretation of results was

conducted independently or in consultation with supervisors. ChatGPT served as a supplemen-

tary tool for improving clarity, structure and code. All outputs from ChatGPT were critically

evaluated and, when possible, compared to other available literature before considering them.

As such, the final thesis represents my own work and interpretations.
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