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Abstract

Purpose The combination of machine learning (ML) and life cycle-based methodologies is a promising strategy to overcome
some of the most relevant issues regarding carbon footprint (CF) calculation/prediction. This research presents an approach
and a software tool to apply ML techniques with the aim of solving issues related to data availability in the life cycle inven-
tory (LCI) and improving the accuracy of carbon footprint predictions. The final purpose is to streamline the CF calculation
process in the dairy cattle farming sector.

Methods The methodology used in this study consists of three steps: dataset creation, data optimization, and enhanced pre-
diction. Initially, a dataset was compiled from primary sources and literature on LCA studies related to dairy cattle farming.
This dataset contained missing data that could affect prediction accuracy. ML techniques were then applied to improve the
quality of the data. A ML tool implementing 11 different regression algorithms was developed. This user-friendly tool, eas-
ily accessible also to non-ML experts, automatically optimizes data quality by determining the most appropriate algorithm
for predicting missing values on a case-by-case basis. In the final step, the same tool was used on the optimized dataset to
identify and use the best model for accurate CO,-eq emissions prediction.

Results and discussion An initial assessment was conducted to evaluate the accuracy of a ML model. The results of the test
demonstrated that the Gaussian kernel regression model exhibited the highest performance among the available models,
with a root mean square error (RMSE) of 18.87%. This value will be used as a threshold for the assessment of the efficacy
of the described approach. The tool was then employed to optimize the dataset by predicting missing values. Lastly, the
tool was utilized to predict CO,-eq emissions once more, but this time using the optimized dataset for training. As with the
previous test, the Gaussian model exhibited the highest performance, but this time with a RMSE of 14.65%. The RMSE was
4% lower, thereby reflecting an increased accuracy in the prediction.

Conclusions The results demonstrate that the presented ML-based approach and tool are effective in predicting lacking
inventory data, as well as in improving the accuracy and reliability of CO,-eq emissions prediction in life cycle-based stud-
ies. The developed tool makes ML more accessible to non-expert users and facilitates usability. This integration of ML and
life cycle-based methodologies shows promising avenues for more accurate and efficient environmental impact assessments
in agriculture.

Keywords Life cycle inventory - Data optimization - Data gaps - GHG emissions - Dairy cattle

1 Introduction

The global animal production contributes to the generation
of greenhouse gas emissions (GHG), estimated at approxi-
mately 6.2 Gt CO, equivalents (CO,-eq), which accounts
for about 12 percent of the total anthropogenic emissions,
Communicated by Benedetta Esposito. which were around 52 Gt CO,-eq in 2015. Within the live-
stock sector, cattle are identified as the primary source of
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GHG, accounting for roughly 3.8 Gt CO,-eq annually, which
represents approximately 62% of all emissions from live-
stock (FAO 2023). The primary GHG emitted from agri-
food systems include methane (CH,), nitrous oxide (N,0),
and carbon dioxide (CO,). In global dairy cattle systems,
CH, emissions primarily derive from enteric fermentation
(58.5%) and manure management (4.8%). N,O emissions
originate from several sources including manure manage-
ment, applications of fertilizers, the deposition of manure at
pasture, and the decomposition of crop residues. CO, emis-
sions result from a range of activities, including the produc-
tion, processing, and transportation of feed (8.9%) as well as
direct and indirect energy usage (2.3%) and land expansion
for feed production (1%) (FAO and GDP 2018).

The life cycle assessment (LCA) approach, defined in ISO
standards (ISO 14040, 2006/2020; ISO 14044, 2006/2020),
is widely recognized for assessing the environmental impact
of products throughout their entire life cycle, identifying
resource and emission-intensive processes (Hellweg et al.
2014). It provides a comprehensive framework for evaluat-
ing production processes, considering a range of parameters
to identify effective mitigation strategies. The ISO standards
established a standardized LCA procedure applicable across
various sectors, promoting harmonization in the field. One
of the principal standards pertaining to GHG emissions is
represented by ISO 14067 (2018), which delineates the fun-
damental principles, requirements, and guidelines for quan-
tifying and reporting a product’s carbon footprint (CFP).
The carbon footprint is defined as the total amount of GHG
emissions throughout the product’s life cycle. Consequently,
the calculation incorporates emissions resulting from the
extraction and processing of raw materials, as well as those
associated with the production, distribution, utilization, and
end-of-life phases of the product.

Despite its strengths, LCA faces challenges in agriculture
due to its data-intensive nature and limitations in assessing
complex food chains, which often require simplifications
that may affect accuracy (Notarnicola et al. 2017). In 2010,
the International Dairy Federation (IDF) took the first steps
toward assessing the environmental impacts of the livestock
sector, particularly dairy products, with the publication of
“A common carbon footprint approach for dairy—The IDF
guide to standard life cycle assessment methodology for the
dairy sector”. This guide aimed to provide clear instructions
for conducting LCA analyses in the dairy industry to ensure
consistent and comparable evaluations of environmental
impacts across different dairy production systems. Subse-
quent revisions were made in 2015 (IDF 2015), and the most
recent in 2022 (IDF 2022).

Within the domain of LCA, the inventory, impact assess-
ment, and interpretation stages demand substantial efforts.
The inventory phase often encounters challenges related to
data retrieval and completeness, with missing or unavailable
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data presenting significant obstacles (Zargar et al. 2022).
Despite the publication of guidelines tailored to the dairy
sector, the main challenge is represented by data scarcity
(Pradeleix et al. 2022). To overcome this problem, some
approaches could be chosen, such as the use of secondary
data coming from existing databases (Teixeira 2015), or in
other cases even tertiary data, which may require further
estimation or approximation (Zargar et al. 2022). In addi-
tion, the biological nature of the system requires the use
of complex models to calculate certain parameters, making
the process of creating an ideal inventory even more com-
plex and time-consuming. In the impact assessment phase,
selecting appropriate environmental impact methods adds
further complexity, as each method presents its own specif-
ics. The interpretation phase, which heavily depends on the
operator’s judgment and the context, introduces a level of
subjectivity (Scrucca et al. 2020). Effectively communicat-
ing and reporting results means dealing with these subjec-
tive aspects, highlighting the need for clear guidelines and
standardized practices.

According to Algren et al. (2021), the integration of
automated techniques, such as machine learning (ML), in
various phases of LCA studies has successfully alleviated
several of these issues. ML is a subset of artificial intel-
ligence and involves computer algorithms that automati-
cally improve through experience by analyzing data pat-
terns (Mitchell, 1997). ML is capable of discovering hidden
patterns and insights, using them to perform predictions
and classifications. ML methods are a key component of
data-driven decision-making processes across various
domains. These algorithms learn from historical data to
enhance accuracy without the need for explicit program-
ming instructions, making them highly adaptable to dif-
ferent tasks and datasets. ML algorithms are commonly
categorized into four types: supervised learning, unsuper-
vised learning, semi-supervised learning, and reinforcement
learning, each serving distinct purposes in data analysis and
problem-solving (Ayodele 2010).

However, the most recent review on the subject, con-
ducted by Romeiko et al. (2024), underscores several critical
challenges in applying digital technologies to LCA mod-
eling. Key issues include a lack of comprehensive and high-
quality data, insufficient descriptions of model selection and
evaluation processes, and significant model uncertainty. The
limited availability of large datasets restricts the accuracy
and representativeness of ML models, while the absence of
detailed criteria for algorithm selection and training hampers
reproducibility and transparency. Moreover, inadequate sen-
sitivity and uncertainty assessments undermine the robust-
ness of LCA results (Laurent et al. 2020).

This study aims to tackle these challenges by introduc-
ing an innovative approach based on the exploitation of ML
techniques to address significant barriers currently related
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to the life cycle inventory (LCI) phase. More specifically,
this work places particular emphasis on the carbon foot-
print (CF) calculation of cow milk production at farm gate
by addressing challenges related to data gaps and the com-
plexity of life cycle-based models for the calculation of the
impacts. The approach seeks to streamline the LCA process
in the dairy cattle farming sector, making it more accessible
and applicable by developing an automated ML-based tool,
which uses only few information to predict lacking data in
the inventory and estimate CO,-eq emissions. The applica-
tion of several different ML algorithms allows the selection
of the best solution, depending on the context of application
in order to reach the optimized situation in terms of accuracy
for the inventory data, as well as reduced uncertainty in the
estimated CF impacts.

The rest of the paper is organized as follows. Section 2
illustrates the structured methodology used in the study and
is based on three main steps: (i) dataset creation, by using
a mix of literature and primary data; (ii) data optimization,
to have a homogeneous database; and (iii) ML-based tool
development and validation. Section 3 presents the results
of the tool experimentation with a performance comparison
among the eleven predictive algorithms considered. Sec-
tion 4 discusses the main strengths and limitations of the
proposed study, by comparing also with other relevant lit-
erature studies. Finally, Sect. 5 reports a synthetic overview
of the main outcomes, together with some relevant proposals
for future work.

2 Material and methods

A comprehensive dataset was compiled using both litera-
ture and primary data from existing studies, focusing on the
key variables essential for milk production CF calculation,
which represents the typical inventory required for this type
of analysis. Machine learning (ML) was employed to achieve
several key outcomes.

Firstly, ML was used for LCI cleaning, ensuring the
quality and consistency of the collected data. This process
involved detecting and correcting inaccuracies, handling
and predicting missing values, and normalizing data to
create a robust foundation for analysis. Secondly, ML algo-
rithms were utilized to predict CO,-eq emissions associ-
ated with cow milk production. By training on the com-
piled dataset, these algorithms can generate accurate and
reliable predictions of GHG emissions, providing valuable
insights for environmental impact assessments. Lastly, this
research aims to simplify the CF calculation by integrat-
ing advanced ML techniques within a user-friendly tool.
The tool addresses two major barriers typically associated
with these applications. The first barrier is the challenge

of having a large comprehensive dataset. This problem
is resolved through predictive techniques, which ensure
a robust data foundation. The second barrier is the need
for an ML expert to oversee the application. By automat-
ing the process of selecting the appropriate algorithm, the
tool enables less experienced users to bypass the complex
step of algorithm selection, thereby making the technology
accessible to a broader range of users.

2.1 Dataset creation

Given the necessity of a substantial quantity of data for
the application and development of ML algorithms, a
collection of specific data was necessary. The scope of
this gathering was to reach the largest possible amount
of data, both from literature and unpublished case stud-
ies, where LCA or CF analysis on cow milk production
was already performed and inventory information was
available. When a full LCA was performed, only “climate
change” or “global warming” impact category results were
considered for data collection. A literature review was ful-
filled, and several studies were analyzed according to the
scope of the research. The following section outlines the
process for selecting included papers. The process was
based on four steps.

1. Planning and searching phase. In this phase, the scope
and databases were determined. Scopus and Google
Scholar were chosen for the search database. Main
terms were defined and connected using Boolean OR
and AND operators: “LCA”, “Life cycle assessment”,
“Life cycle analysis”, “dairy farm”, “dairy cattle farm”,
“dairy farming system”, carbon
footprint”.

2. Filtering phase. The papers have undergone a filtration
procedure, and the following criteria were applied.

G

milk production”,

— Location of the study: Italy. In case of European and
international studies, an additional evaluation regarding
the type of farming and breed was necessary. The main
criteria were to have studies with similar characteristics
of farming, so for the latter, only studies about inten-
sive type of farming and Holstein—Friesian breed were
selected.

— Time reference: papers published from 2009 onwards
were selected, as this period marks a significant
increase in the number and quality of LCA studies in
the livestock sector, following the publication of key
methodological frameworks and guidelines specific to
livestock systems (IDF 2010).
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3. Evaluation. In this phase, the papers were assessed for
the presence and quality of the inventory data. These
main points were considered for this phase:

1. Are the inventory data available?
2. Are results provided in full?
3. Is the methodology well declared?

4. Extraction. For each pertinent study, meticulous data
collection was conducted to ensure the gathering of rel-
evant data. The data presented in each study were sub-
jected to a rigorous examination, with pertinent infor-
mation extracted and duly documented. Both qualitative
and quantitative data were collected, in addition to key
LCA concepts such as the functional unit, system bound-
aries, allocation procedures, and calculation methods.

Complementing the literature collection, listed in Table 1,
primary data from case studies performed by internal work-
ing groups affiliated with various academic institutions
contributing to this publication have been considered. The
resulting dataset comprises rows representing individual
farms (case studies) or values derived from literature. Each
row underwent a meticulous data collection process to
ensure the acquisition of pertinent information. Additionally,
the dataset is characterized by more than 40 columns that
attempt to capture specific data related to various relevant
input categories for the CF analysis of cow milk production
(see Sect. 2.1.4). It is noteworthy that the dataset comprises
52% primary data obtained from conducted studies, with the
remaining portion derived from literature sources following
the outlined criteria. In total, the dataset comprises more
than 100 rows, reflecting a comprehensive compilation of
data essential for the study’s analytical framework.

Given the variation commonly observed in LCA stud-
ies due to different choices in terms of functional unit, sys-
tem boundaries, and allocation methods, a data conversion

Table 1 Literature studies considered for data collection

Assessed impacts ~ References

Rice et al. 2017, Vida & Tedesco 2017, Cortés
et al. 2021, Mathot et al. 2014, Styles et al.
2018, Jayasundara et al. 2019, Froldi et al.
2022, Rossi et al. 2024, LIFE + Climate
changE-R, 2016

LCA van der Werf et al. 2009, Zira et al. 2023,
Berton et al. 2021, Romano et al. 2021, Penati
et al. 2010, Castanheira et al. 2010, Baldini
et al. 2018, Battini et al. 2016, Bava et al.
2014, Famiglietti et al. 2019, Lovarelli et al.
2019, Romano et al. 2021

Carbon footprint
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process was necessary to standardize the available data from
various papers and studies, ensuring consistency across all
collected inventories. Despite these standardization efforts,
the dataset remains incomplete due to a substantial number
of missing values for various variables. While the stand-
ardization process aimed to harmonize data from multiple
sources into a uniform format, the presence of missing data
highlights a significant challenge. This incompleteness
underscores the need for further data collection or advanced
imputation techniques to enhance the dataset’s comprehen-
siveness and reliability.

2.1.1 Functional unit

Several functional units can be selected for this type of
assessment: kilograms of raw milk, liters of milk, and kilo-
grams of fat and protein corrected milk (FPCM). Among
these, FPCM (see Eq. 1) was the most commonly used,
likely due to the specific recommendation for this functional
unit in the IDF guide (IDF 2015). Therefore, for these rea-
sons, the functional unit chosen for this data collection was
1 kg of FPCM.

FPCM (kg) = milk production (kg) X [0.1226
X Fat (%) x 0.0776 x Protein (%) (1)
+ 0.2534]

2.1.2 System boundaries

Concerning this specific type of assessment, several system
boundary options may be considered depending on the scope
of the evaluation. In order to more effectively focus the study
on the milk production system, it was considered optimal
to select “cradle-to-farm gate” studies. In these cases, the
entire life cycle of milk production was considered, from the
production of feed to the point at which the product and co-
products leave the farm. For those studies encompassing the
complete life cycle, such as “cradle-to-consumer”, inventory
and CF data up to the farm gate phase were retrieved. Thus,
CO,-eq emissions were assessed for cow milk production
(1 kg of FPCM) as the final output.

2.1.3 Allocation

The main characteristic of a milk production system is rep-
resented by the presence of co-products, which must be
considered for an objective evaluation of the final impacts.
There are diverse ways to handle it, described by many allo-
cation methods: biophysical, energy, and economic. The
most used for dairy farm systems is the biophysical method,
which is moreover suggested by the IDF guidelines (IDF



The International Journal of Life Cycle Assessment

2015), and it refers to the feed energy required by the physi-
ological needs of dairy animals to generate milk and meat.
However, the collective findings of the studies revealed that
a diverse array of allocation methodologies were employed.
An analysis of the studies included in the dataset showed that
the majority of the studies (90.2%) utilized the biophysical
allocation method, while the economic and energy methods
were employed in respective proportions of 7.1% and 0.9%.

2.1.4 LClanalysis

During the collection phase, data was reported in an Excel
spreadsheet. Among the different variables, some main
qualitative variables were considered, such as geographical
location, farming system, and cattle breed.

Based on the total dataset collected, geographical loca-
tion was classified as Italian-based (90.2%), European-based
(8%), and international (0.9%). Farming systems were clas-
sified as either organic or conventional. Within the latter
category, unless otherwise stated, extensive farms (11.6%)
were distinguished from intensive ones (87.5%) when graz-
ing land was declared as total farmland or as a portion of the
total land cultivated for feed production. Organic farming
represented 0.9% of the total.

The breed of dairy cattle was considered when the data
was analyzed, even if most of the farms raise Holstein—Frie-
sian cattle (93.8%). In other cases (6.2%), where a specific
breed was not indicated, the animal breed was classified as
“not declared”.

The quantitative variables were divided into specific cat-
egories: (i) herd size and composition, (ii) milk yield, (iii)
feeding management, (iv) manure management, (v) cropping
system, (vi) fertilizers and chemicals, (vii) energy consump-
tion, and (viii) climate change impact results.

The herd size and composition were considered as the
total number of animals composed of lactating cows, dry
cows, and heifers (6—24 months). The annual milk yield
expressed as FPCM was always considered (kg FPCM/year);
in addition, milk fat and protein (as %) and the daily quantity
of FPCM per animal (kg of FPCM/head/day) were consid-
ered when the annual amount was not declared.

For feeding management, the total amount of dry matter
(DM) used annually (kg DM/year) or per functional unit
(kg of DM/FU) was considered. Where present, the daily
amount of DM per animal (DM/head/day) was reported for
the different categories of cattle (lactating, dry, and heif-
ers). Concentrated feeds were reported as kg DM/year, and,
where possible, the amount of soya purchased for FU was
accounted for. The information on manure management con-
sidered the total volume (m?) of manure produced as well as
the solid and liquid fractions.

Total farmland was expressed in hectares, categorized
as grazing and cultivated, and this latter one was further

distinguished for single crop type, when possible. Nitro-
gen (N), phosphorus (P), and potassium (K) as kg/FU were
accounted for in fertilizer practices (organic and inorganic).
Digestate (m*/year) was considered when declared. Pesticides
and herbicides were considered as kg/FU when reported.

Energy was considered as consumption for a functional
unit of diesel fuel (kg/FU) and/or electricity (kWh/FU).

In total, 8 categories, including the output, and 48 vari-
ables were counted. The dataset consists of 112 rows, each
representing a case study or selected study from the bibliog-
raphy, and 48 columns corresponding to the variables con-
sidered in the analysis. However, missing data were encoun-
tered in various instances, as it was not possible to collect or
derive all the necessary information for every study. Conse-
quently, the final dataset contains gaps, with missing values
across several variables. The complete dataset is available in
the supplementary materials for further reference.

2.1.5 Impact assessment methods

A variety of impact assessment methods were employed to
evaluate the environmental outcomes of the studies. This
was due to the fact that, while the majority of the studies
conducted a CF analysis, several studies performed a com-
prehensive LCA. In order to facilitate the integration of the
collected inventories, further analysis was necessary regard-
ing the impact assessment methodologies employed in the
studies. As detailed in Table 2, a variety of methods were
employed across the studies. These included the CML-IA
method, ReCiPe midpoint (H), ILCD method, and IPCC
GWP 100a. Each of these methods utilized CH, and N,0O
characterization factors pertaining to different years: 2007,
2014, and 2019. The principal factors considered were those
pertaining to the years 2007 and 2019, with respective per-
centages of 43.8% and 49.1%.

2.2 Machine learning integration
2.2.1 Machine learning regression

Regression analysis is a predictive modeling technique that
analyzes the relation between a dataset’s target or dependent
variable and the independent variable (Tyagi et al. 2022).
These prediction techniques belong to the category of super-
vised learning, in which the algorithm is trained with both
input and output (target) variables. The objective is to deter-
mine the most suitable function that characterizes the con-
nection between these variables. This function determines
the best-fit line, which is a line that passes through all the
data points in such a way that the distance of the line from
each data point is minimized.

In machine learning, there are many types of regression
algorithms, and their use varies according to the use case,

@ Springer
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Table2 LCA approach characteristics over the 112 considered stud-
ies, representing case studies or selected studies from bibliography

Characteristics No. of studies %
Type of assessment
Carbon footprint 28 25
Full LCA 84 75
Functional unit
kg of FPCM 110 98.2
kg of milk 2 1,8
Allocation
Biophysical 101 90.2
Economic 8 7.1
Energy 1 0.9
Undeclared 2 1.8
System boundaries
Cradle-to-farm gate 106 94.6
Cradle-to-dairy gate 4 3.6
Cradle-to-milk center 1 0.9
Cradle-to-consumer 1 0.9
Climate change methods
IPCC GWP 100a 48 429
CML-IA 1 0.9
ReCiPe midpoint (H) 3 2.7
ILCD method 12 10.7
EF 48 429
IPCC GWP characterization factors
2007 49 43.8
2014 8 7.1
2019 55 49.1

and thus the nature of the data involved. Some examples of
regression algorithms are represented by linear regression,
support vector regression, decision tree regression, artificial
neural network regression, and adaptive neuro-fuzzy infer-
ence systems regression (Kinaneva et al. 2021). Once the
optimal algorithm has been selected for a given use case, the
subsequent step is data collection and preprocessing. It can
be reasonably assumed that the greater the quantity and qual-
ity of the dataset, the more accurate the predictions made by
the algorithm will be.

Regression models are evaluated based on their ability to
minimize the error between the predicted and actual values
of the target variable. This evaluation can be performed by
using different error metrics. Common regression evalu-
ation metrics for regression include mean absolute error
(MAE), mean squared error (MSE), root mean squared
error (RMSE), R-squared (coefficient of determination),
and mean absolute percentage error (MAPE) (Botchkarev
2019). In this work, the RMSE metric is employed. The
RMSE represents the average distance between target values
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and those predicted by the model, measured in units of the
output variables. As the RMSE is calculated by taking the
square root of the mean of the squares of the errors, it has
the same units as the response variable, which facilitates
interpretation. This decision was also influenced by the
intention to impose a greater penalty on more severe pre-
diction errors. The RMSE assigns a greater penalization to
large errors due to the squared residuals—the differences
between the target and predicted values—being averaged.
This implies that a substantial discrepancy has a consider-
ably more pronounced effect on the RMSE than numerous
minor discrepancies. A machine learning model cannot be
100 percent efficient; otherwise, it is considered a biased
model which encompasses the concepts of overfitting and
underfitting (Tyagi et al. 2022). It is essential to ensure the
accuracy of the training data, but it is also crucial to obtain
a reliable and approximate result for the unseen or testing
data; otherwise, the model would lack its utility. Overfitting
occurs when an algorithm demonstrates high performance
on the training dataset but low performance on the testing
dataset. Conversely, underfitting indicates low performance
on both datasets.

In general, in order to obtain an accurate evaluation of the
model and to prevent the aforementioned issues, a variety of
validation techniques are employed. The idea behind each of
these techniques is basically to divide the dataset into several
parts. The typical approach to data validation involves the
partitioning of the dataset into two or three subsets. One
of these subsets is designated for model training, another
for validation, and a third for testing. In order to reduce the
variance between each subset and to ensure a more robust
model evaluation, a technique known as k-fold validation
is employed in this study. The dataset is partitioned into K
subsets (folds) of approximately equal size. The model is
trained on K-1 folds and validated on the remaining fold.
This process is repeated K times, rotating the validation
fold. In this manner, the RMSE is calculated k times for
each model on the validation data and subsequently averaged
across all results.

2.2.2 Altool

As previously stated, the selection of an appropriate ML
algorithm is not a straightforward process. A preliminary
study and experimentation are required for each use case in
order to select and identify the optimal approach. This issue
is further compounded when there is a lack of background
or experience in the field of ML. To address this challenge,
this study presents the development of a ML prediction tool
written in Matlab, which facilitates the identification and
application of an appropriate algorithm in any given use case.
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The tool was applied to a subset of variables selected
from the main dataset (see supplementary material): 17 from
48 qualitative and quantitative variables were considered
(see Table 3). The subset was made by following 3 criteria:

1. The criterion of selecting only the aggregate variable
(e.g., “TotalManure”) over its partial components (e.g.,
“Slurry” and “Manure”) was adopted to reduce redun-
dancy and potential multicollinearity in the model. By
using the aggregate variable, relevant information is
combined into a single indicator, simplifying interpre-
tation and providing greater predictive robustness.

2. A variable was not selected if it was intrinsically included
in other variable (e.g., in the case of Milk yield category,
the variables “PercProtMilk” and “PercFatMilk” were not
selected since “FPCM_kg_year” values were calculated
leveraging on them). Their inclusion would be redundant
and could introduce problems of linear dependence, com-
promising the reliability of model estimates.

3. A variable was not selected if it contains more than 50%
of missing data. The choice to exclude these variables
was guided by both technical and practical reasons.
From the technical point of view, high levels of missing
data may compromise the model’s ability to make reli-
able predictions, even after any imputation processes.
From an application perspective, the scarcity of data
for these variables reflects their limited operational rel-
evance in the context of life cycle assessment (LCA)
analyses, suggesting that such information is not com-
monly collected or considered by practitioners.

Table 3 Sub-dataset variables

. Variable % of
and missing values percentages missing
values
Farming_type 0.0
Cultivated area 6.3
GrazingArea 0.0
HerdSize 18.8

HerdLactatingCows 0.0
FPCM_kg_year 0.0
FPCM_kg_cow_day 0.0

Diesel 24.1
Electricity 20.5
TotalManure 38.4
TotalFeed 28.6
Concentrate 21.4
SoyMeal 28.6
FertilizerN 313
FertilizerP 37.5
CO,-eq 0.0

IPCC_yr 0.0

Note that the selection of a restricted set of variables is
not only a methodological choice but also meets practical
needs. A model with a small number of variables requires
less input from the end user, thus increasing its usability and
adoption in real-world contexts

The resulting sub-dataset consists of 17 columns and
112 rows, with missing values present in only 9 of the vari-
ables. The overall percentage of missing data in this matrix
amounts to 15%.

This tool implements 11 distinct predictive algorithms:
(i) linear regression, (ii) stepwise regression, (iii) linear
regression model to high-dimensional data, (iv) ensemble,
(v) Gaussian process regression (GPR), (vi) Gaussian ker-
nel regression, (vii) neural network regression, (viii) sup-
port vector machine regression, (ix) binary decision tree
for regression, (x) adaptive neuro-fuzzy inference system
(ANFIS), and (xi) tree of fuzzy inference systems.

The tool takes as input the dataset and trains each model
with it applying the k-fold approach. After the training, it
is possible to graphically visualize the resulting RMSE of
each model and then easily choose the best-performing
one for that dataset. It is important to note that, while each
model may be suitable for a specific dataset, the technique
used to train the model is also crucial. This problem is also
addressed by the tool. Once the tool is used, the user is
presented, for each of the algorithms, with a list of models
based on that algorithm that differ in the variables or tech-
niques used for training. The user can define a parameter x
that represents how many variants for each model will be
displayed in the plot of RMSE. By default, x is set as three,
meaning the RMSE plot for each algorithm will display the
top three performing versions of the model.

Another important feature of the tool is the data preproc-
essing part. In fact, before performing the training phase just
described, the dataset data are automatically normalized between
0 and 1. Applying this approach to each individual input and out-
put normally provides several advantages. In particular:

¢ Improved convergence of optimization algorithms. Opti-
mization algorithms, such as gradient descent, are the
basis of many ML models. These algorithms iterate to
find the optimal parameters that minimize a cost func-
tion. When data are not normalized, features with very
different scales can lead to very different gradients, caus-
ing oscillations and slowing the algorithm’s convergence.

e Prevention of feature dominance. In a dataset, some fea-
tures may have much higher values than others. Without
normalization, these features may dominate the learning
process of the model, excessively influencing the weights
assigned to them. Normalization ensures that each fea-
ture contributes more equally to the model, preventing a
single feature with high values from overpowering the
others.
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e Reducing the risk of overfitting. The risk of overfitting,
where the model fits the training data too closely, can be
reduced through normalization. A model that considers
all features on a similar scale tends to generalize better
because it will not be unduly affected by variations in
feature scales.

e Facilitating the training of neural networks. Neural net-
works, in particular, benefit greatly from normalization.
During training, the weights of neural networks are
updated by gradient descent. If the input data are not
normalized, the weights can take on very large or very
small values, leading to numerical stability problems and
slowing down the learning process. Normalizing the data
keeps the weights in a more stable range, improving the
effectiveness of training.

e Improved interpretability of coefficients. In linear mod-
els, such as linear regression, normalization makes coef-
ficients more interpretable. When features are on com-
parable scales, the coefficients can be interpreted as the
relative impact of each feature on the output. This is not
possible when the features have very different scales,
since the coefficients will be affected by the scales of the
features themselves.

Normalizing the output also brings a second effect. Since
the RMSE has the same unit of measurement, it will also be
normalized between 0 and 1 and thus can easily be inter-
preted as a percentage of error relative to the range of the
output.

3 Results
3.1 Workflow description

The tool was applied to the dataset with two primary objec-
tives. The first goal was to address the issue of incomplete
data, a common challenge in the LCI phase, ensuring a more
comprehensive and accurate dataset. The second goal was to
leverage this enhanced dataset to predict CO,-eq emissions
associated with milk production. By solving the problem of
missing data and enabling precise predictions, the tool aimed
to improve the overall quality and reliability of environmen-
tal impact assessments in this context.

In order to illustrate the feasibility of accurate prediction,
even in the presence of missing values in the dataset, several
steps were followed.

1. Performance baseline: Since the approach involves
entering the missing values and then training the pre-
diction tool, no one can assure that this result is better
than a prediction performed on the dataset with missing
values. For this reason, an initial prediction experiment
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was performed using the tool on the current dataset,
and the performance results will be used as a metric for
evaluating the quality of a prediction made on a dataset
fulfilled with predicted missing values.

2. Missing data: At this point, the tool is used to predict
missing values. The tool iterates through the dataset,
and in each cycle, it identifies the column that contains
missing values that can be predicted more accurately
than other columns. At the end of this step, the dataset
will no longer have missing values.

3. Enhanced prediction: In this final step the tool is
trained to predict the CO,-eq leveraging the new dataset,
and the accuracy of the predictive model is compared
with the prediction performance calculated in step 1.

3.2 Outcomes

Initially, in order to have a point of reference for the final
evaluation, the tool was launched on the overall dataset,
characterized by missing values.

Using the tool, it was possible to select the best regres-
sion algorithm to predict CO,-eq emissions from milk pro-
duction. The tool simplifies the comparison between the
performance of several algorithms, indicating which is the
most and least effective with respect to the RMSE. Figure 1
illustrates the graphical representation of the RMSE for each
algorithm. It can be observed that when using the current
database, which contains incomplete data, the best algorithm
for predicting CO,-eq is Gaussian Kernel Regression algo-
rithm variant number 1. In terms of performance, this model
obtained an RMSE of 18.87%. The superior performance of
the Gaussian Kernel Regression model may be explained
by its capacity to model non-linear relationships and man-
age noisy data, two conditions commonly encountered in
agricultural LCI datasets. This characteristic aligns with
the findings of Rasmussen & Williams (2006), who high-
light the flexibility of Gaussian Process models in handling
uncertainty and heterogeneity in relatively small datasets.
Note that in the figure, no variant of the ANFIS technique
is currently available, as the data within the dataset did not
allow for the proper training of such a model. Consequently,
the tool did not include any variant of it.

It can be seen in the figure that the performance of the
regression algorithms differs greatly in terms of accuracy.
This phenomenon can be attributed to the inherent specifici-
ties of each algorithm, which result in distinct strengths and
limitations. For example, some models prove particularly
effective at identifying linear relationships, while others
incorporate mechanisms for mitigating noise in the data, or
for capturing correlations arising from the type of data itself.
Applying an algorithm to a dataset whose statistical charac-
teristics are not in line with the model’s assumptions inevita-
bly results in a performance penalty. Therefore, preliminary
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Fig. 1 Normalized RMSE of CO,-eq emissions predictions with missing values

analysis of the properties of the dataset is crucial in choosing
the most appropriate machine learning algorithm, despite
the complexity of this process. The use of this tool makes
it possible to bypass the thorough preliminary analysis by
simultaneously training multiple models on the same dataset
and identifying the one that best captures the relationships
between input and output for each use case.

In order to obtain more accurate predictions decreasing
the RMSE value, the tool was then used to predict all miss-
ing values. As mentioned, in our dataset there was 15% of
missing data. The idea is to create a ML model for each col-
umn with a missing value and use it to complete the dataset.
All the incomplete columns were identified and, for each of
them, a set of input columns for the corresponding model
were selected. For instance, to estimate values for the col-
umn named “FertilizerN”, a preliminary correlation analysis
was performed, and the columns “FarmType”, “Cultivat-
edArea”, “Diesel”, and “TotalFeed” were selected.

Once the list containing all the input—output relations was
defined, the tool was configured to iterate and predict miss-
ing values as long as any were present within the dataset. To
complete the entire dataset, 16 iterations were conducted,
each of which comprised the following steps.

1. At the beginning of the iteration, the tool identified
all potential columns for which a prediction could be
generated. In order to perform a prediction for a given
column, it is necessary to define two datasets, one for
training and one for prediction. The training dataset

must contain all rows that do not have any missing data,
whether in the input or in the output. The prediction
dataset must contain all those rows that do not have any
missing data among the inputs, but that have missing
data in the column representing the output.

2. Once all potential outputs have been identified, each one
is trained using the list of different regression algorithms
available in the tool.

3. After training, to ensure accurate prediction, the output
with the lowest RMSE in this iteration is selected. The opti-
mal model is then employed to predict the missing values.

4. The dataset is updated and the process can then be repeated
for the next iteration. The iterative process is terminated
when the dataset has no remaining missing values.

Table 4 summarizes the procedure that led to the com-
pletion of all the missing data. The table presents the
iteration number with the optimal output to predict for
that iteration, the model to be employed, the RMSE of
the model, and the number of missing values predicted in
each iteration.

It is relevant to note that, if an entire column could not be
predicted with a single iteration, its completion occurred in
subsequent iterations and with a model that was increasingly
more accurate. For example, to predict all the missing values
in the “FertilizerP” column, three iterations were needed,
starting with a model whose RMSE was 0.13 (iteration num-
ber 5) and ending with the same model with an RMSE of
0.11 (iteration number 14).

@ Springer



The International Journal of Life Cycle Assessment

Table 4 Missing data iterations

No.of Bestoutput Best model RMSE No. of pre-
itera- dicted missing
tion values

1 HerdSize EfficientLinear;  0.02 21

2 TotalFeed Kernel, 0.05 12

3 Concentrate ~ ANFIS, 0.05 4

4 FertilizerN  TreeFis, 0.07 13

5 FertilizerP ~ LinearStepwise,; 0.13 20

6 Diesel TreeFis, 0.14 27

7 FertilizerN  TreeFis, 0.07

8 FertilizerP ~ EfficientLinear,  0.12 3

9 SoyMeal kernel; 0.14 12

10 Electricity TreeFis, 0.15 23

11 TotalFeed Kernel, 0.05 20

12 Concentrate  SVM, 0.05 20

13 FertilizerN  TreeFis, 0.06 19

14 FertilizerP ~ LinearStepWise,; 0.11 19

15 SoyMeal Ensemble, 0.13 20

16 TotalManure Kernels 0.15 43

At the end of the iterations, the entire dataset has been
completed by accurately predicting and filling in missing
values. Using the completed dataset, we re-execute the tool
for creating a model to predict CO,-eq emissions from milk
production and compare it with the previous one. Figure 2
shows the performance in terms of RMSE of the trained
models with the new dataset. At this point, the tool selected
the kernel model (version 1) as the best model to use. Com-
paring this model with the baseline, a significant improve-
ment in prediction accuracy is revealed. Since the RMSE was
decreased from 18.87% to 14.65%, the new model is found
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to be 4% more accurate. This substantial reduction in RMSE
underscores the efficacy of the methodology. It demonstrates
that the initial operation of predicting and addressing missing
values plays a crucial role in enhancing the overall predictive
performance of the models. The improvement highlights the
importance of data completeness and quality in the predictive
modeling process, providing a robust foundation for accurate
and reliable CO,-eq emission predictions.

4 Discussion

The results obtained from the application of the tool provide
valuable insights into the effectiveness and implications of
the proposed methodology. The four main ML limitations
in LCA identified by Ghoroghi et al. (2022) are represented
by (i) the requirement of large amounts of handcrafted and
structured data, (ii) users may not be able to select, review,
and understand a ML model, (iii) lack of standards for
modeling LCA and ML use cases, (iv) missing values in
LCA studies. These limitations have been addressed by the
described approach by reducing the dimension of the data-
set, simplifying the selection of a ML model and its evalua-
tion, automating as much as possible all the procedures, and
fulfilling all the data gaps in life cycle-based approaches.
One of the main achievements is represented by the abil-
ity of the tool to automatically select the optimal model for
each prediction. This capability has the potential to lead to
significant time savings by streamlining the model selec-
tion process. Additionally, it moves beyond the traditional
assumption that professional expertise is always required
for the coding and model selection process, thereby making
advanced ML techniques more accessible to non-experts and
practitioners in fields outside of computer science.
Secondly, the tool’s capabilities align with potential
advancements in life cycle-based methodologies, notably in
addressing the challenge of missing data. By predicting miss-
ing values accurately, it offers a promising approach for enhanc-
ing the reliability and precision of life cycle-based approaches.
Although many studies faced the limit of missing values (Meng
etal. 2019; Nguyen et al. 2019; Tao et al. 2018), the tool’s abil-
ity to predict missing data accurately represents an important
advancement over these traditional approaches, thereby enhanc-
ing the reliability and precision of life cycle-based approaches.
Moreover, this approach can significantly expand the
use of life cycle-based methodologies, even in contexts
with limited expertise. Traditionally, Life cycle-based
methodologies have been considered a procedure suitable
only for specialists, but by simplifying key variable pre-
diction and the amount of required data (i.e., using ML
only 17 variables out of 48 were considered), these meth-
odologies become accessible to non-experts as well. This
broader accessibility can improve sustainability practices,
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particularly within the dairy supply chain and the live-
stock sector. Furthermore, the tool’s predictive models,
initially designed to estimate missing data, can also fore-
cast CO,-eq emissions when specific process data is una-
vailable, reducing the end-user effort and needed data for
a carbon footprint assessment in dairy cattle farming.
Most studies applying ML to life cycle-based
approaches have focused on other sectors—such as agri-
culture, building, chemical, energy, and mining (Kaab
et al. 2019; Ozbilen et al. 2013; Ptoszaj-Mazurek et al.
2020; Song et al. 2017; Asif et al. 2019). However, this
work represents the first ML tool specifically developed for
the livestock sector, particularly dairy cattle farming for
CF prediction of milk production. Previous studies have
explored the application of big data and artificial intelli-
gence to enhance emissions management in a dairy farm,
focusing on feed optimization (Neethirajan 2024) and
the application of only one model, linear regression, to
develop a predictive tool for energy use, its related emis-
sions, and costs in dairy farms (Todde et al. 2017), but
not addressing the issue of CO,-eq emissions prediction.
This work also appears innovative with respect to the
type of application of machine learning techniques in the
livestock sector. As evidenced by the review published by
Garcia et al.(2020), the most commonly used ML techniques
are classification techniques. Most of the work has focused
on obtaining, analyzing, and understanding animal variables
and their health. The review clearly highlights the lack of
and thus the need to also focus on sustainability aspects that
could be handled through machine learning. Analyzing also
the work presented by Sharma et al.(2022), it can be seen
that many ML techniques that target sustainability focus
heavily on using IoT devices to collect data and later apply
ML techniques. There is therefore a need to first collect new
data and then apply new techniques, whereas our approach
allows even old data collections, which were not focused on
collecting complete data, to be used and proceed to apply
techniques to improve the sustainability of the sector.
Despite the promising results achieved with the proposed
approach, the study presents several limitations that should
be acknowledged. A key challenge lies in the availability and
completeness of input data, which often limits the applica-
bility of life cycle-based methodologies, especially in agri-
cultural contexts where data collection can be fragmented,
heterogeneous, or resource-intensive. Since the effectiveness
of the ML-based tool strongly depends on the relevance and
quality of the input variables, future work should explore
automated or semi-automated input selection methods.
Addressing these limitations would significantly improve
the usability and robustness of the proposed methodology
across diverse case studies and datasets.
Nevertheless, the automation of input selection presents
a distinct set of challenges, particularly given the highly

subjective nature of decisions in this field. The options
for conducting a life cycle-based study are numerous and
vary considerably based on the subjective judgments of
the researcher, the specific objectives of the study, and the
contextual factors at play. The subjectivity of this process
makes the development of a universally applicable auto-
mated system for input selection a challenging endeavor.
Further research is required to address these complexities,
potentially through the integration of domain expertise and
advanced algorithms capable of adapting to the nuances of
different study contexts.

5 Conclusions

This study demonstrates the effectiveness of using ML
techniques to enhance the accuracy and reliability of life
cycle-based studies. By addressing the challenge of missing
data, this approach ensures a completer and more consist-
ent dataset, significantly improving the predictive perfor-
mance of CF calculation. This approach was realized by
the implementation of a Matlab-based ML tool, designed
to facilitate the integration of ML techniques into life cycle-
based studies, even for non-experts. The tool was tested on
an assembled dataset concerning cow milk production. The
approach shows a substantial reduction in terms of RMSE
by more than 4%, underscoring the practical benefits of this
method. Future studies could be developed to enhance this
approach. Further research could be conducted to improve
this strategy, particularly about choosing the best input vari-
ables. This is especially true as various biological processes
are involved in the estimation of emissions related to milk
production, and each process's evaluation necessitates the
use of calculation models that may vary in terms of accuracy
and data input.

Another very interesting aspect to investigate is whether
there is any correlation between the various life cycle-based
studies. In particular, it is interesting to understand, for
example, whether there is a particular ML algorithm that is
always the most accurate in each life cycle-based use case or
within a particular subcategory. This correlation study can
also be conducted on a single-variable basis. One can study
whether the same variable is always predicted optimally by
the same ML algorithm even if it is part of different life
cycle-based use cases.

Furthermore, expanding the tool to account for other criti-
cal environmental impact categories such as acidification,
eutrophication, and water footprint would provide a more
comprehensive evaluation of environmental impacts in the
dairy cattle sector beyond CO,-eq emissions. Incorporating
predictive models for these impacts would not only enhance
the tool’s utility, but also provide more targeted insights for
improving sustainability in the sector.
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To enhance the reliability and applicability of the pro-
posed approach, validating the tool through case studies
would be beneficial. These studies would assess its perfor-
mance across different regions, farm types, and environmen-
tal conditions. While this study does not include uncertainty
analysis, future work will integrate probabilistic models and

sensitivity analysis to better quantify the reliability of ML
predictions in LCI. Combined with case study validation,
this would strengthen confidence in the method and demon-
strate its robustness. Expanding the tool to other agricultural

systems would further support its adaptation and broader
usability in sustainable practices.
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