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Abstract—The increasing energy consumption and carbon
footprint of machine learning (ML) with medical imaging due
to high compute requirements has become a cause of concern.
ML competitions have been shown to have diminishing returns,
where gains are ever smaller alongside the training of thousands
of models. Research is being done to evaluate the carbon footprint
of individual models on both computationally expensive image
and text datasets. In this work, we focus on the carbon footprint
of not just a single model, but an entire ML. competition where
thousands of models are being trained. We present the results in
order to highlight the carbon footprint of ML competitions. We
use the tool CarbonTracker to find the estimated CO, emissions.
We estimate the cost of the competition by evaluating the training
cost of eleven different models on medical image datasets and
extrapolating the results. With our work we hope to inform on the
high energy cost of using the ML competition framework to solve
medical image problems, and how this compares to performance
improvements of the competition’s winner. We further provide
problems found in reproducing the results of the competition
itself, reducing the practical applicability of such solutions.

I. INTRODUCTION

ACHINE learning (ML) models, especially larger

deep learning models that are trained on image or
text datasets, can be computationally expensive to train.
In addition, during development models are usually trained
multiple times, for example to optimize hyperparameters. This
combination can result in an increased energy consumption
and therefore a large carbon footprinlﬂ For example, Strubell
et al. show that the carbon footprint of a commonly used
model in NLP can be over 284,000,000g CO, [2]. For
comparison, this is more than the CO, equivalent to sending
three humans on a joy ride in space [3]].

Kaggle is an online community and platform for ML
and data science competitions [4] where many thousands of
models are being trained. As of 17 April, 2023, Kaggle was
hosting 108 image ML competitions. A recent study looked
into eight Kaggle medical imaging challenges [S[]. In these
competitions there were over 58,000 total entries listed on

Carbon footprint is a common term to express the direct and indirect
greenhouse gas emissions, particularly of carbon dioxide, during some activity
[1]]. It is usually presented as a weight of CO, or CO, equivalent.

their private leaderboard. This would indicate the training of
more than 58,000 models on medical images for just eight of
the 108 image competitions hosted on the platform.

The winners of Kaggle challenges do not seem to make
significant results. In that same study by Varoquaux et al. they
found that in only two of those eight competitions did the
winning method make significant improvements compared to
the evaluation noise [5].

With the competition framework encouraging such a
high volume of models being trained, while exhibiting ever
smaller performance gains, we wanted to quantify the carbon
footprint of an entire Kaggle competition. There are some
recent efforts to quantify the carbon footprint for training
models on medical image data [6] as well as text data [2].
However, we were not able to find studies evaluating Kaggle
competitions.

In this study we investigate the carbon footprint of a Kaggle
competition by calculating a lower and upper bound cost.
The lower bound is based on the cost of training a simple
model and the upper bound is based on a complex ensemble
requiring multiple models. To make this quantification we
evaluate publicly available code from one of the submitting
teams to get the carbon footprint of a large model being
trained. We get further data by evaluating an external ML
project that uses transfer learning to train smaller models
on medical image datasets. We use these results to compute
the “per-submission” carbon cost estimation, and extrapolate
these results to get the total cost of the competition.

We found the range of the estimated cost of the SIIM-
FISABIO-RSNA COVID-19 Detection competition to be be-
tween 50,000 - 180,000,000g CO;. For comparison, the upper
bound is equivalent to 40 gasoline-powered passenger vehicles
driven for one year [7].

II. RELATED WORK

Computer vision has been shown to have advanced
hardware requirements. Computer vision is a form of ML



that trains models on image, video, and other visual forms
of input, and requires a lot of data. One such technology
used to accomplish computer vision is a form of ML
called deep learning (DL) [8]. DL methods are highly
effective due to advances in high-tech central processing
units (CPUs) and graphics processing units (GPUs) as well
as the availability of a huge amount of data during training [9]].

Compute requirements of DL have a high carbon footprint.
The use of CPUs and GPUs in DL has a high energy
requirement, which increases the demand for energy
production [6]. In 2010 energy production was shown to be
responsible for approximately 35% of total human-caused
green house gas emissions [10].

Medical imaging applications of DL are also computa-
tionally expensive. A high success rate of such applications
similarly depends on a large number of datasets [11]]. Medical
image datasets can be comprised of very large data, for exam-
ple, 3-D images. Creating realistic 3-D computational models
of complex biological structures can be a computationally
expensive process, requiring the use of GPUs and multi-core
CPUs [12].

A. Research Analysing ML Carbon Footprint

Measuring the carbon footprint of training a model requires
understanding of the emissions of energy grids. Work has
been done to compare regional energy grid differences, and
has found there to be large variation in CO, emissions of
training a model depending on the location [13].

There are some recent efforts to quantify the carbon
footprint for training ML models. For example Strubell et al.
quantify the approximate financial and environmental costs of
training a variety of current models used in NLP [2]]. In their
study they “evaluate the full computational resources required
for development and tuning of a recent state-of-the-art NLP
pipeline”. They evaluate different base models such as a
Transformer model and ELMo, and track details such as
GPU used, run-time, and training steps. In their research they
report findings of, for example CO, emissions and energy
usage (kWh). They show that training a model in NLP can
range from around 11,000g to over 284,000,000g CO..

Further work has shown that models trained on image
datasets are also computationally expensive. Selvan et al.
provide a benchmark carbon footprint of ML methods for
medical image analysis (MIA), and compare the features
of four tools used to quantify the carbon footprint of ML
models trained for MIA [6]. In their research they train a
base model on three diverse MIA datasets for segmentation.
They note hardware used such as GPU and CPU, and track
CO, emissions (kg), equivalent distance travelled by car
(km), and energy usage (kWh). In addition, they compare the
results across three geographic locations. Their results show
that CO, emissions range from 26,000 to 58,000g per model.

Various studies have given recommendations to minimize
or track carbon footprint for ML researchers. Strubell et
al. suggest reporting training time, computational resources
required, and model sensitivity to hyperparameters [2]]. They
further suggest that research done in both industry and
academia prioritize computationally efficient hardware and
algorithms.

Several works have been done to address efficient model
training. Dettmers et al. developed an algorithm that
accelerates training of deep neural networks that maintain
sparse weights throughout training while achieving dense
performance levels [[14f]. Lan et al. developed a version of
BERT with lower memory consumption and an increased
training speed [15]. A recent literature review compares DL
techniques for MIA while reporting training and execution
time [[16].

B. Tools For Analysing Carbon Footprint

There are a few tools available for measuring the energy
consumption or carbon footprint of training ML models. The
Machine Learning Emissions Calculator is one such tool that
offers an easy-to-use online calculator [17]. With this tool
a user can input the hardware, runtime, cloud provider and
global region used when training a model, and it will output
approximate emissions. However, this tool does not factor in
CPU use, and is unable to track energy usage in real time
during training.

Another tool, and the one we use in our research, is
CarbonTracker [[18]]. This tool is able to be used for tracking
and predicting the energy consumption and carbon footprint
of training deep learning models. The user is able to track
a single epoch of training, and the prediction capability will
estimate the energy consumption for the number of epochs
specified. Therefore this tool can be used track the full cost
of training a model, without needing to re-run the full length
of training. Both CPU and GPU, as well as location are taken
into consideration for the calculation.

C. Research Evaluating Kaggle

In the research by Varoquaux et al., they evaluate
algorithmic improvements of Kaggle competitions, and show
that a strong focus on benchmark performance can lead
to diminishing returns [S|. Diminishing returns is where
increasingly large efforts achieve ever smaller performance
gains. To measure this, they quantified the evaluation noise
- the spread of performance differences between the public
and private test sets. They find that the performance of
submissions is often a byproduct of where the data were split
for the public and private test sets, and not a true evaluation of
the submitted models. This distribution was compared against
the winner gap - the difference in performance between the
winner and the top 10% team.



D. The Gap That Our Research Fills

While much research addresses different aspects needed
to calculate the CO, emissions of training ML models,
there is not work that specifically addresses the carbon
footprint of Kaggle competitions. With a high volume of
models trained per competition, and a track record of having
diminishing returns, our work looks into the carbon footprint
of Kaggle competitions in order to address this gap and inform
the scientific community of a pitfall in the competition format.

III. MODEL/DATASETS
We measured the carbon cost of training two models, NFNet
and ResNet50, on seven different medical image datasets.
e« NFNet Datasets:

- SIIM 2021
— NIH Chest X-ray
e ResNet50 Datasets:
- ISIC
Breast
Chest

— Knee
Thyroid

A. NFNet Model and Datasets

NFNet, short for Normalizer-Free ResNets, is a family
of classifiers based on the ImageNet dataset that achieves
comparable accuracy to other state-of-the-art (SOA) models
while reducing training time [[19]. Previous SOA works
in DL use batch normalization, which is shown to have
certain benefits, including a regularizing effect due to
noise in batch statistics [20]. NFNet does not use batch-
normalization and instead uses a few techniques including
adaptive gradient clipping. Typically gradient clipping is
used to prevent exploding gradients during back-propagation;
this is when the gradients get too large during training.
Adaptive Gradient Clipping will modify, or clip the gradient
if the gradient-to-weights ratio exceeds a given threshold [21].

We chose to evaluate the NFNet model and corresponding
datasets because they were in the solution submitted by the
2" place team [22] in the private leaderboard of the SIIM-
FISABIO-RSNA COVID-19 Detection Kaggle competition
[23] that we evaluated. Their training procedure includes
three parts: two pipelines and a final detection stage. They
train a total of twenty-five models.

In pipeline one they train an ensemble of NFNet models
using the resized SIIM 2021 [24] dataset as well as the NIH
chest X-ray dataset [25]]. The resized SIIM 2021 dataset is
a version of the original SIIM 2021 dataset [26] used in the
competition, and consists of 6,334 chest X-rays. The NIH
dataset consists of over 112,000 chest X-ray images from
more than 30,000 unique patients.

We evaluated only pipeline one, which includes pre-training
and training an ensemble of fourteen NFNet models. This
gave us the training cost of one large ensemble to estimate
the upper bound cost of the competition. Pipeline two and
the detection phase had broken branches on GitHub, and
incomplete explanation on how to run the code. Therefore
these stages were unable to be ran and evaluated.

B. ResNet50 Model and Datasets

The ResNet50 architecture is commonly used in medical
imaging and has been shown to perform well in image
classification [27]]. The ResNet50 model we evaluated and
respective datasets came from source code in research
by Juodelyte et al. [28]. In this research the ResNet50
models were initialized using ImageNet weights, and models
were trained with both the base weights frozen and not frozen.

We evaluated the training of ResNet50 models based on
ImageNet weights using five of the eight datasets available
in the research by Juodelyte et al. These include the ISIC
dataset of lesion images [29 [30]], as well as Breast ultrasound
[31], Chest X-ray [32], Knee MRI scan [33[], and Thyroid
ultrasound [34] datasets.

This research provided ten additional models. We evaluated
the cost of training on each of the five datasets twice; once
when only the classification layer is trained (base weights
frozen), and again when training both the classification layer
and the model weights (base weights not frozen).

We needed to supplement our data by evaluating the cost
of training additional models using medical image datasets
that were external to the competition. Within the competition
only nineteen submitting teams have publicly available code,
and of those many were unable to be ran or would take
substantial work to get running. In addition, we needed the
cost of training simpler models to calculate the lower bound
estimation for the cost of the competition.

C. Kaggle Metadata

The Kaggle Metadata [35] are comprised of over thirty
tables containing information on Kaggle competitions,
including details about the competitions, participants, teams,
submissions, forum posts, and other relevant data. The four
tables we used in the analysis are shown in Table

Table Rows  Columns
CompetitionTags 793 3
Competitions 5,576 42
Teams 6,180,319 14
Submissions 12,130,309 11

TABLE I: Kaggle metadata tables that we used during analysis.
Includes number of rows and columns within each table. [35]

These four tables were combined to perform exploratory
analysis. We isolated the “image” competitions first, and



considered different types of competitions. We also separated
and analyzed the submissions for the SIIM-FISABIO-RSNA
COVID-19 Detection competition.

IV. METHOD
A. Stage One: Initial Choices

Fig. [I] shows the steps we follow for stage one, our
approach to the initial setup. We select the competition
category to look though, select a specific competition, find a
team who participated, then finally select a tool to evaluate
the carbon footprint.

|
V

Select a Competition Category

v

Select a Competition

v

Select a Team to Evaluate

v

Select a Tool for Evaluation

v

FIG. 1: Stage one, showing our approach to the initial setup. We select

the competition category to look though, choose a competition, find

a team who participated, then select a tool to evaluate the carbon
footprint.

Select a Competition Category: We looked for competitions
within the category code competition that use medical image
data. On Kaggle, a code competition requires that competitors
submit their solutions inside a Kaggle Notebook to participate.
This would provide us the code needed for us to evaluate.

This category is intended to balance out the competitions
with all users having the same hardware allowances. This
should make it easier to evaluate the carbon footprint of just
a few teams while making a claim about the carbon footprint
of the entire competition.

Select a Competition: We then searched for a relatively
recent competition and found the SIIM-FISABIO-RSNA
COVID-19 Detection competition [23]]. A recent competition
provides a number of benefits. The code provided by the
participants would not have deprecated dependencies. Both
their code and the data would have a higher chance of being
available publicly. Furthermore, this specific competition was
one of the eight analyzed by Varoquaux et al. [5]]. This was
ideal, as we were interested in comparing the carbon footprint
of our chosen competition against the presence of diminishing
returns.

Select a Team to Evaluate: Within this competition we
looked at the top teams in the private leaderboard who have
publicly available code. The private leaderboard is based on
a team placement after evaluation on a private test set of the
data, and the placement here determines the winner of the
competition. We went through the leaderboard until we found
a team with code that we could reproduce, in this case the
2" place team [22].

Select a Tool for Evaluation: The next step was to select a
tool to use in our analysis to evaluate the carbon footprint, and
we chose CarbonTracker [18]]. Listing [I] shows an example
output of CarbonTracker, with the actual consumption
measured for one epoch of training as well as the predicted
consumption for five epochs.

This tools was ideal for our research. The values tracked,
and subsequently predicted are typical for the field [2, 36] and
would give us a good comparison. These values are training
time (HH:MM:SS), energy usage (kWh), CO, equivalent
(g), and distance traveled by car (km). Also, CarbonTracker
would facilitate us minimizing our own carbon footprint
because it is able to run on a single training iteration and
predict the cost of the full training without it having to be ran.

CarbonTracker:

Actual consumption for 1 epoch(s):
Time: 0:52:31
Energy: 0.170745 kWh
CO2eq: 6.787123 g

This is equivalent to:
0.063136 km travelled by car

CarbonTracker:

Predicted consumption for 5 epoch(s):
Time: 4:22:35
Energy: 0.853726 kWh
CO2eq: 33.062484 g

This is equivalent to:

0.307558 km travelled by car
CarbonTracker: Finished monitoring.
LISTING 1: Example output of CarbonTracker. It measures the actual
consumption of training one epoch. It predicts the cost for the full
training, which in this case is five epochs. The values tracked are
time (HH:MM:SS), energy (kWh), CO, emissions equivalent (g), and

distance traveleld by car (km).

B. Stage Two: Calculate Carbon Footprint

Fig. 2| shows the steps of our second stage, where we
calculate the carbon footprint of the competition. We evaluate



the cost of training a single model, calculate the whole
competition cost, and then calculate the carbon footprint of
our research.

—1 Set Up Environment

v

I | | Checkthat Code
v Runs

i

Re-run Code with
Print Statements for
Comprehension

v

Add CarbonTracker

i

| | SetUp Training to
v Run a Single Epoch

v

Reproduce Model’s
~— Training with
CarbonTracker

Evaluate the Carbon
Footprint of Training
a Single Model

Calculate the Whole
Competition Cost

v B

Calculate our Carbon
Footprint

F1G. 2: Stage two, the steps we took to calculate the carbon footprint.

Evaluate the Carbon Footprint of Training a Single Model:
The following are the steps we took for setting up and
evaluating the training cost of a model using CarbonTracker:

1) Establish necessary environment for running the code.

2) Check that training runs without CarbonTracker added
and that no issues occur. Debug as needed.

3) Comment out training and add print statements to further
understand epochs, etc needed for training. This is
essential for setting the maximum number of epochs for
CarbonTracker to estimate the total cost.

4) Add CarbonTracker to the code and run a short test with
a forty-five minute time limit. Any issues should appear
within this time to verify if CarbonTracker was set up
correctly.

5) Set up training to run with a single epoch.

6) Reproduce a single epoch of the model’s training
procedure with CarbonTracker added and use that to
estimate the full training cost.

We ran the previous steps to evaluate the cost of training
eleven models, one being the NFNet ensemble of pipeline one

from the 2" place team. The remaining ten were ResNet50
models trained on different datasets in the transfer learning
research by Juodelyte et al. [28].

Care was taken to try to minimise the carbon footprint
of our research. For example, we submitted jobs with time
limits using SLURM, an open-source job scheduling system
[37]. This would allow us run any debugging without having
to run the full training. Also, by setting up training to run
with a single iteration, we were able to predict the full cost
of training without having to run the full training.

The estimated carbon footprint of training a model for
a single submission is calculated based on a range. The
lower bound is based on the lowest cost of training a single
model once. The upper bound is based on the highest cost of
training a single model out of the eleven models we evaluated.

Calculate the Cost of the Whole Competition: This
figure is also given in a range, with a lower and upper
bound. To calculate this we first look at the total number of
submissions, which is 32,307 for all 1,305 teams. Inspired by
Varoquaux and Cheplygina’s paper [5] in order to take into
consideration those who did not participate fully, we only
count teams who submitted at least three times. This brings
the number of submissions down to 31,751. We use this
figure to calculate the lower and upper bounds by multiplying
by the lowest and highest single submission costs respectively.

Calculate Our Carbon Footprint: We kept track of the
number of times we trained each model, and how much of
the training had completed. For example, we ran the training
of the ResNet50 model on the Thyroid dataset five times
but only once on the Knee dataset during development and
testing. Therefore we multiply the cost of the first model by
five, and the cost of the latter by one when calculating our
total cost.

C. Explore Metadata

To help us select a competition category, we analyzed the
distribution of submissions in each competition within Kaggle
metadata [35]].

First we isolated “image”-tagged competitions from
the data. To do this we joined the Competitions and
CompetitionTags tables on the “Id” and “Competitionld”
fields. This eliminated around 86% of the competitions.
Some reasons for this might be that competitions are not
tagged, or use non-standard tags that are not included in the
CompetitionsTags table.

When filtering the data to only contain competitions with
the “image” tag, this gave us 108 competitions to work with.
We chose to filter by this tag due to our interest in evaluating
medical image competitions. This tag was also the most
relevant one used for the SIIM-FISABIO-RSNA COVID-19



Detection competition that we evaluated, along with other
similar competitions such as the 2017 Data Science Bowl [38].

Of the “image”-tagged competitions we then selected those
which had a deadline date from 2019 onwards. This is when
code competitions were introduced. This narrowed down the
competition list to sixty-six.

We then wanted to do exploratory analysis on these
remaining competitions. Out of the sixty-six, thirty-six
competitions were code competitions and the remaining thirty
were traditional competitions. We compared the submission
rates between these two categories to see if there were
differences. Fig. [3] shows that code competitions generally
have higher average submissions per team than traditional
competitions.

Average Submissions per Team per Competition

71 v+ Taditional
m Code

Number of Competitions

10 15 20 5
Average Number of Submissions

F1G. 3: Histogram showing the average number of submissions per

team in both code and traditional competitions. The x-axis shows the

average submissions per team for each competition, and the y-axis
shows the number of competitions.

We further looked into these two competition categories to
see if other differences exist. We looked at the minimum and
maximum number of submissions, and found that traditional
competitions had between 27 and 101,845 submissions, whilst
code competitions were between 767 and 81,524. Looking at
the box plot in Fig. 4] we can see there are generally a lot
less submissions for the traditional style competitions.

The differences in the activity levels of these two categories
confirmed our decision to further investigate one category
individually.

Submissions by Competition Type

100000 | —— SIIM COVID-19 competition o
80000 |
i
E 60000 ]
i [#]
A
£
2 40000 { 8
20000
D_
Code TFaditional

Competition Type

FIG. 4: Box plot comparing the total submissions on the y-axis in

both code and traditional. The number of submissions for the SIIM-

FISABIO-RSNA COVID-19 Detection competition is shown in red,
clearly within the interquartile range.

V. RESULTS

A. There Is Variation in the Carbon Footprint of Training
Individual Models

We show that the cost of training an individual model
once ranges from 1.58 to 5752.78g CO, equivalent, as shown
in Table In terms of distance driven by a car, this is
equivalent to 0.02 to 53.51 kilometers.

Model Dataset Freeze CO, (g) Distance (km)
NFNet NIH and SIIM  N/A 5752.78 53.51
ResNet50  ISIC True 7.60 0.07
ResNet50  Breast True 5.05 0.05
ResNet50  Chest True 13.12 0.12
ResNet50  Knee True 478 0.05
ResNet50  Thyroid True 1.58 0.02
ResNet50  ISIC False 120.22 1.12
ResNet50  Breast False 12.57 0.12
ResNet50  Chest False 36.43 0.34
ResNet50  Knee False 18.38 0.17
ResNet50  Thyroid False 1.75 0.02

TABLE II: Carbon footprint per model, shown in both CO, emis-

sions in grams and distance driven in kilometers. The model column

shows the base model used during training and dataset shows the

respective dataset. The freeze column indicates whether the base

model weights were frozen during training. The NFNet model did
not have this parameter.

B. The Carbon Footprint of a Kaggle Competition Is Esti-
mated To Be Greater Than the Emissions of Sending a Single
Human Into Space.

We show that the estimated carbon footprint of the
SIIM-FISABIO-RSNA COVID-19 competition as a whole
ranges from 50,262 to 182,656,518g CO, emissions. This
is shown in Table This emissions cost is equivalent to
476 to 1,698,996 kilometers driven by a car - approximately
forty-two times around the planeﬂ

2The Earth’s circumference is approximately 40,000km



Total CO; (g)
50,262
182,656,518

Total Distance (km)
476
1,698,996

Lower Bound
Upper Bound

TABLE III: This table shows the estimated carbon footprint of the

SIIM-FISABIO-RSNA COVID-19 competition. The results include

the upper and lower bound in both CO, emissions (g) and the
equivalent distance driven by car (km).

According to the 2022 World Inequality Report an eleven
minute space flight emits at least seventy-five tonnes of CO,
per passenger [3]]. Therefore, this particular Kaggle challenge
has an upper bound estimated carbon footprint that is more
than the minimum emissions of sending two people into space.

The results seem significant when compared to familiar
consumption. Fig. [5] compares the lower and upper bound
estimated CO, emissions of the competition to familiar use
[2]. The data for this table can be found in Appendix [A]
As shown, the lower bound estimation is less than the CO,
emissions of a single passenger travelling by plane between
New York and San Francisco. This carbon footprint is notable,
but not incredibly significant if it means helping to solve an
important medical issue. However, the upper bound is more
than three times the CO, emissions that a car emits over
its entire lifetime, or thirty-six years of the average human life.

CO2 Emissions Comparison

Lower Bound

Air Travel, NY<->5F
Human Life, 1 Yr.
Human Life (US), 1 Yr.
Car, 1 Lifetime

Space Flight, 11 Min.

Upper Bound ~ (182.66

T T T T T T T T
o} 25 50 75 100 125 150 175 200
Estimated CO2 Emissions (tonnes)

F1G. 5: This shows the CO, emissions in different categories,
including familiar activities. The lower and upper bounds are our
estimated results of the Kaggle competition. Air travel cost is for
one passenger. Both human life categories are an average over one
year. The car category is an average over a car’s lifetime, including
fuel. The eleven minute space flight is the minimum cost for sending

one passenger into space. “0].

C. Our Carbon Footprint Is Low, but Not as Low as It Could
Be

Our carbon footprint is almost double what it could be.
In Table [V] we show our carbon footprint to be 3100g CO,
emissions or the equivalent to twenty-nine kilometers driven
by car. This is based on the not-perfect world of model
development, where we had to run some sections of training
more than once. If everything ran smoothly without needing

to fix any problems along the way, our CO, emissions would
be 1483g, the equivalent to fourteen kilometers driven by a car.

CO; (g) Distance (km)
3100 29

TABLE IV: This shows our total carbon footprint. It was calculated
by multiplying the cost of each stage of training by the number of
times we ran that stage during development of this project.

The result of our carbon footprint is insufficient. There
is more that goes into evaluating the carbon footprint of
ML than tracking the training of a model. In our study, we
used a high performance cluster (HPC) for data storage and
executing code, and used personal laptops for development
and testing. The costs of activities outside of training a model
were not tracked, and subsequently not added into our total
carbon footprint.

D. It Is Difficult to Estimate the Carbon Footprint of a Kaggle
Competition

We are not able to make a precise calculation due to
missing data. For example, only nineteen teams have publicly
accessible code. While we can see that these teams used
large ensembles, we do not know what sort of models the
other 1286 teams trained. Also, there is a lot of energy usage
from other aspects outside of training a model, such as data
storage, and the development and testing of a model [41]]. We
count each submission as a model being trained, but we do
not take into consideration the carbon footprint of the other
tasks involved.

Our Estimations Could Be Low: All of our code was run
in Denmark, which could lower our estimations. The carbon
footprint of training a model depends on the energy grid
it is run on. Henderson et al. show that emissions can be
reduced by up to thirty times just by running experiments in
locations powered by more renewable energy sources [13].
All our scores are calculated based on Copenhagen, which is
an energy efficient location. To compare, one study showed
that the carbon emissions in Estonia are easily three times
higher than in Denmark [J5]. Kaggle competitions are open to
a world-wide audience, and as such the potential variation in
the carbon footprints could be high. Given this, the predicted
carbon footprint may be underestimated.

Our estimation for the upper bound cost of the whole
competition may be low. We were only able to track the
energy cost of pipeline one during our calculation for the
cost of the 2" place team. This included fourteen out of the
twenty-five models they used during training, meaning we
tracked around half of their models. Since the upper bound
cost of the competition is based on the cost of training this
pipeline, this has lowered the calculation for the upper bound.

Our estimation for the cost of the lower bound may also
be conservatively low. The other ten models we evaluate



are only training a single model instead of an ensemble,
and use transfer learning with pre-trained weights on
a large dataset, which is shown to have a reduction in
training time as well as energy consumption [42]. The other
competitors in the top ten of the competition also trained an
ensemble of models in a similar way to the team we evaluated.

Our Estimations Could Be High: The upper bound
estimation for the whole competition may be high. We use
the number of submissions as a proxy for the number of
times a model was trained. For example, the 2" place team
submitted 170 times. It could be that they ran the notebook
170 times because it required some debugging that was less
computationally expensive than training a model the same
amount of times.

Our estimation could also be high due to the time of day
that we ran training. One study showed that “a model trained
during low carbon intensity hours of the day in Denmark
may emit as little as one-fourth the CO, emissions of one
trained during peak hours” [5]]. We were using a HPC to do
our evaluations and had to submit jobs to a queue. Therefore
we did not have control over the time of day that training
occurred, and were not able to select a more energy efficient
time.

E. There Are Problems Regarding Code Reproducibility

Medical imaging solutions submitted to Kaggle
competitions may not be able to be practically applied
due to problems with reproducibility. Previous studies have
looked into problems with code reproducibility [5) |43| 44].
Some such issues are insufficient documentation, differences
in operating systems and packages, missing implementation
details, and lacking publicly available frameworks.

Problems we ran into are:

o Lack of comprehensible instructions.

e Lack of proper requirements files.

o Variation in local environment setups.

o Typing errors and other mistakes present in code.

« File paths that need to be modified are not easy to find
for customization.

« Discrepancies in variable names throughout the source
code.

« Datasets no longer available.

o Necessary branches in a git repository being broken.

o Unexplained parameter options.

o Missing implementation details.

These issues are hurdles in both carbon footprint
assessment as well as applying the solutions to practical
use. For evaluation, considerable time and effort was spent
trying to get just pipeline one of the 2™ place team to run.
We had also tried getting the 1% place team’s submission
to run, and were unable to do so. Our estimations would

have been more accurate if we were able to evaluate more
submissions. Furthermore, problems with code reproducibility
could hinder the process of creating practical applications
of these solutions; in this case being used as a tool to help
medical professionals to detect and diagnose the presence of
COVID-19.

F. Code Competitions Do Not Balance the Competition

We find that code competitions on Kaggle are not as fair
as they are intended. The SIIM-FISABIO-RSNA COVID-19
Detection competition has a specific run-time limit of less
than or equal to nine hours for either a CPU or GPU notebook.

The 2" place team that we evaluated far exceeded that
time limit by training externally and uploading weights. Their
training procedure had three stages. In the first stage, pipeline
one, there were two steps; pre-training and training. When
evaluating their pre-training step alone, it took more than
five days using sixteen CPU cores and an A100 40GB GPU.
The training then took over seventeen hours using sixteen
CPU cores and two A100 40GB GPUs. This was for a single
epoch (out of five) at each step. This does not take into
consideration the other two stages which we were unable
to evaluate, or the additional time used in the submitted
notebook itself.

The other teams in the top ten used a similar procedure;
training an ensemble of models externally and uploading their
weights. In doing so, participants are able to bypass the time
and hardware limits that are imposed by the requirements
that attempt to balance the competition.

VI. DISCUSSION

A. Something Can Be Done To Prioritize a Focus on the
Carbon Footprint of a Kaggle Competition

Without a focus on the carbon footprint it is challenging
to evaluate, causing variation in the results. The upper bound
estimated cost of the SIIM-FISABIO-RSNA COVID-19
challenge is more than the emissions equivalent of a wealthy
human taking a leisurely ride in space. If this value was
certain, it would be a cause for concern. The lower bound,
however, is almost half of the carbon footprint of a single
passenger flying from New York to San Francisco. In 2022
there were 204 weekly flights heading to New York from
San Francisco [45]. This does not take into consideration the
number of people on each flight, so human travel patterns are
far outranking Kaggle competitions if the lower bound value
is correct.

With the lack of certainty, more should be done to make
an evaluation feasible and prioritize a focus on carbon
footprint. There should be as much transparency as possible
regarding the competitions. For example, all teams should
submit publicly available code for evaluation. Each team
should also be required to submit certain statistics, such



as hardware used, total runtime, and the number of times
they trained. Furthermore, teams could be encouraged to
use tools such as CarbonTracker, and report both their CO,
emissions from training their final model as well as the
cumulative CO, emissions of all training sessions during
development. Furthermore, this cumulative carbon footprint
can be incorporated as a metric to choose the winner. This
would encourage participants to be more carbon conscious.

B. Competition Format Increases Carbon Footprint While
Causing Diminishing Returns

Research by Varoquaux et al. show that a focus on
outperforming other algorithms leads to diminishing returns
[5]. Outperforming other algorithms is the basis for a
competition, especially if there is a reward. In the study, they
investigated Kaggle challenges and found six out of eight
of the competitions to have diminishing returns, where the
gains made by the top 10% of methods are smaller than the
expected noise when evaluating a method. This means that
with a different split in the data in the public and private test
sets the winner will be different, and the winner does not
necessarily indicate a better model.

The competition format for ML causing diminishing
returns does not seem to change depending on the level of
reward. In other words, a high rewards does not necessarily
equate to algorithmic improvements of the winner. Out of the
eight studied, the two where the winner showed algorithmic
improvements did not have the highest reward. In the SIIM-
FISABIO-RSNA COVID-19 challenge, the winner gap was
larger than the evaluation noise, meaning that the winning
method made substantial improvements compared to the 10%
competitor [5]]. However the reward was 100,000 USD. The
highest reward out of those competitions was 1,000,000 USD
from the Lung Cancer Classification challenge, which was
shown to have diminishing returns.

While experiencing diminishing returns, the challenge
format seems to encourage high activity which implies a large
carbon footprint. The average total submissions for a code
competition is 24,894. There were 32,307 total submissions
for the SIIM-FISABIO-RSNA COVID-19, which falls within
the interquartile range within this category (see Fig. H).
While the cost of training a model can vary based on task,
dataset, and other factors, the high number of submissions
still indicates a high carbon footprint. The competition format
therefore causes individual teams to have a narrow focus on
outperforming other algorithms while leading to a higher
carbon footprint.

Future work could look into whether an increase in reward
leads to more submission activity, and therefore a higher
carbon footprint, and whether this correlates with diminishing
returns.

C. It Is Unclear if the Carbon Cost Is For Nothing

There is significant potential in using the solutions for
the medical imaging code competitions for practical use.
A literature review in 2020 by Malik et al. [46] found
that transfer learning based ML models performed on par
with medical experts. There are many studies that speak of
the potential for Al in healthcare [47-49], but there exist
significant barriers to it being implemented into clinical
practice.

It is unclear whether the solutions for this competition
have been deployed to clinical practice. SIIM and the other
co-hosts have stated their intention to deploy the winning
algorithms into clinical use [50]. However, we have been
unable to find evidence if they have done so. Further studies
can look into whether solutions to Kaggle challenges are
being applied to clinical practice, or if the main beneficiaries
are the winners of the competition.

D. Proposed Solution to Code Reproducibility

A number of papers have already explored the issues
around reproducibility of ML experiments. For example,
McDermott et al. [51] consider difficulties particular to
healthcare related ML, and different ways in which a study
can be considered reproducible. Heil et al. [52] also suggest
a range of standards that a paper can be held against, ranging
from a minimal bronze standard of paper, code, and models,
up to their highest standard where the entire study can be
replicated by automatic processes.

We propose a number of solutions to the problems of code
reproducibility. First, teams submitting to Kaggle challenges
can be encouraged to follow guidelines suggested by any
of the already established standards in current research. In
addition, when submitting code as “reproducible”, it should
come with clear step-by-step instructions. It should be tested
to ensure that code runs from scratch on a new system. This
would mean starting with a new environment, following the
package installation procedure given with the README,
and running everything. Ideally, this should be tested by an
external person to the project who has never ran the code
before. To solve the environment problems, docker containers
can be provided with all environment requirements already
installed.

E. Kaggle Needs to Find Other Ways To Balance the Compe-
tition

The code competition format does not, in practice,
limit compute. According to Kaggle documentation, a code
competition is more balanced due to all users having the same
hardware allowances [4]]. They further state that the winning
models tend to be far simpler than the winning models in
other competitions due to the compute constraints. However,
we have found this to not be true for the top ten solutions



in the SIIM-FISABIO-RSNA COVID-19 challenge. Not only
were the solutions not simple, but they also far surpassed the
time limit and hardware constraints. If intending to impose
compute constraints for the purpose of balancing the playing
field, then Kaggle needs to find other ways to do so.

VII. CONCLUSIONS

There is a rising carbon footprint of machine learning with
medical imaging due to high compute requirements. This
seems to be exacerbated by the competition format, which
encourages the training of many models without consideration
of carbon footprint. In this paper, we have investigated the
important issue of the carbon footprint associated with Kaggle
medical image competitions. These competitions attract a
high number of submissions and consequently, a high number
of ML models being trained, often with little performance
difference between them.

To evaluate the competition we recreated the training
of some medical image analysis models, and used the
CarbonTracker tool to measure their carbon cost. We
estimated a range using the models with the lowest and
highest carbon costs, and found the upper bound could
be extremely high, with a carbon footprint equivalent to
sending multiple people to space. This research highlights
the importance of considering these costs, and prioritizing
a focus on carbon footprint. We suggest to standardise the
reporting of certain statistics, such as hardware used, total
runtime, number of times training a model, and overall team
CO; emissions. Ideally, further steps can be done to reduce
carbon cost, such as using a submissions’ CO, metric as an
additional evaluation of performance in order to encourage
this as a priority.

We also discuss other challenges found. For example, the
difficulties in reproducing competition submissions, how that
affects deployability, and steps that can be taken to make code
reproducible. Another challenge is the misalignment between
the premise of a code competition and the actuality. Changes
need to happen to the competition format that allows for the
reproducibility of submissions to optimize deployability, and
also realign the format to level the playing field between
competitors.

There is a lot more work to be done in this area to fully
explore these issues and there are some important limitations
to this paper. Further work could expand on this study to cover
more competitions and evaluate more submissions within a
competition. This would refine the cost estimations, allowing
them to be more generalizable while emphasizing the true
carbon footprint of Kaggle machine learning competitions.

DATA AVAILABILITY

For reproducibility, all data used in our analyses are avail-
able on https://github.com/carbonCostKaggle

CODE AVAILABILITY

The GitHub organization contains all the code and docu-
mentation necessary to reproduce the results of this project:
https://github.com/carbonCostKaggle
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APPENDIX A
COMPARISON DATA FOR FIG.
SIIM-FISABIO-RSNA COVID-19 Competition CO; (g)
Lower Bound Cost for 31,751 entries 50,262
Upper Bound Cost for 31,751 entries 182,656,518
Familiar Consumption CO; (g)
Air Travel, 1 Passenger, NY <> SF 899,927
Human Life, avg, 1 Year 4,999,948
American Life, avg, 1 Year 16,400,086
Car, Avg Incl. Fuel, 1 Lifetime 57,152,638
Space Flight, 11 Minute, 1 person 75,000,000

TABLE V: Estimated total CO, emissions from the SIIM Kaggle
Competition, compared to familiar consumption [3} 39} |40].
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