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Abstract - Football is one of the most widely followed sports in
Italy, and football clubs have now become fully-fledged
businesses. In this context, it is of utmost importance to be able
to predict match attendance.

In this work, we propose a two-phase framework. In the first
phase, through a survey containing a conjoint analysis, we will
be able to identify fan preferences related to certain match
attributes, such as weather, start time, and the day of the week
on which the game is played. From the responses we gather, we
will create a variable called “utility”, which is then included in
the second phase, represented by the development of ML models
with the aim of predicting stadium attendance.

We have evaluated this approach in collaboration with an
important Italian football Team playing in the first division,
using historical data for the training and testing phase.
Moreover, we have also applied the proposed methodology to a
match of the current season (2023-24).

Generally, we can say that the proposed framework performs
quite well, allowing us to predict stadium attendance in
advance.
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1. Introduction

Over the years, the economic impact of sporting
events has become increasingly significant [1]. One of the
most popular sports in Italy is football, with a national
GDP impact estimated at around 11.1 billion [2].

As in all industries, planning is a fundamental
activity in football: indeed, for instance, reliable stadium
attendance estimates are crucial for clubs.

The reasons behind seeking an accurate prediction
of this parameter are manifold: firstly, having a
reasonably precise estimate of how many tickets will be
sold means having a reliable estimate of the overall
match revenue. Moreover, if a particular match is
predicted to have low attendance, different promotional
activities can be considered in order to boost it, if that is
an objective.

Furthermore, there are also purely organizational
reasons; clubs can plan various pre-match activities
based on the estimated attendance, and they can also
calculate the precise number of staff and security
personnel needed for the game.

Some  contributions  concerning stadium
attendance prediction can be found dating back to the
1970s [3, 4]. In recent years, with the advent of Machine
Learning (ML), it has become possible to utilize these
methodologies to achieve more accurate predictions.
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Furthermore, as in all industries, having a strong
knowledge of the customers is of utmost importance in
predicting their behaviour. Therefore, to enhance our
understanding of the customers and their preferences
regarding attending matches at the stadium, we have
developed a survey to be administered to fans. It
includes a section of choice-based conjoint analysis,
which enables us to gain a precise insight into the
customer, allowing to indirectly extract their
preferences regarding specific match attributes.

So, the paper’s objective is to predict stadium
attendance for an Italian club competing in the top-tier
football league. To achieve this, we have developed a
framework consisting of two distinct phases. In the first
phase, we conducted a survey among fans, which
includes a conjoint analysis component, that will allow
us to calculate a utility value that we will use in the
predictive phase of our work.

Subsequently, we will construct various ML
models using R, and starting from these, we will obtain
the stadium attendance forecast.

The paper is structured as follows: in Section 2, we
will provide a literature review related to football match
attendance prediction. Then, in Section 3, we will delve
deeper into the methodology. In Section 4, we will
present the case study, while in Section 5 we will present
a real case application of our proposed framework to a
match of the 2023/24 season. Finally, section 6 will
contain the conclusions and future work.

2. Related Work

As we have already seen in the previous section,
there are several reasons why accurately predicting
stadium attendance is of paramount importance in the
actual football context.

The objective of our study is to create a ML model
capable of predicting stadium attendance with great
precision. In this specific example, achieving this goal
will provide the opportunity for an Italian team,
competing in the top national series, Serie A, and
participating in European competitions, to plan certain
activities in advance, as discussed in the previous
section. Additionally, it helps in understanding how to
increase profits, aided by the information derived from
the conjoint analysis included in the survey conducted
with fans.

In the literature, there are various examples of
models designed to comprehend the impact of specific
variables on stadium occupancy or simply to forecast
stadium attendance based on certain factors. The
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innovative aspect of our work lies in the integration of
conjoint analysis and ML models, enabling us to
incorporate into these some insights gained directly
from the fans in the survey.

In the literature, there are just a few examples of
the application of conjoint analysis techniques in the
football sector. For instance, the most relevant one for
our study, is the work of Woratschek et al. [5], where
conjoint analysis was employed to determine spectators’
willingness regarding price increases or reductions,
considering competitions with different sporting
significance and in different seating categories settings.
In their work, the authors examined the impacts of three
variables: match category (i.e., competition), ticket price,
and seating category. From their analysis, it appears that
the interviewees considered match category as the most
important factor, followed by price, and finally, seating
category. As just mentioned above this is one of the few
studies that apply conjoint analysis in the domain of
ticket in football events.

Regarding the prediction of match attendance, the
literature provides various contributions. One such
contribution is represented by the work of Fotache et al.
[6], who used two R ecosystems, tidyverse and
tidymodel, to develop a framework able to forecast the
ticket sales of a club in the top Romanian league. They
incorporated variables such as match weather
conditions, kick-off time, day of the week on which the
match occurred, phase of the season, opposing team, and
the recent performances of the teams facing each other.
They attempted to utilize both the Random Forest and
Extreme Gradient Boosting (XGB) algorithms and
achieved an R-squared of approximately 81%, with both
algorithms.

Another noteworthy study is that of Sahin and Erol
[7], who compared various ML models, including
artificial neural networks (ANN), adaptive neurofuzzy
inference system (ANFIS), and fuzzy rule based systems,
to determine which of these methods would yield the
most precise predictions in predicting match attendance.
Their input variables included the match day, the
distance in miles between the home and away team'’s
stadia, match uncertainty, and the recent performance of
the teams involved in the match. They employed a
dataset consisting of 236 matches of three top European
clubs and used metrics such as Mean Absolute
Percentage Error (MAPE) and Mean Absolute Deviation
(MAD) for comparison. They found that, although all
models performed well, the best was the ANN.



Another relevant study is that of Strnad et al. [8],
in which the primary objective was to assess the impact
of various variables, such as the home team, the away
team, the rivalry between these teams, and the result
uncertainty, on attendance. They evaluated the
predictive quality of four different neural networks,
using MAPE and mean absolute error (MAE) as metrics.
Ultimately, it was revealed that neural networks are
reliable in predicting stadium occupancy.

One more intriguing work is that of King and Rice
[9], in which they compared the predictive performances
of various machine learning models, specifically random
forest, M5 prime, and extreme gradient boosting, with
the accuracy obtained from traditional models like linear
regression, using data from the 2014 and 2015 seasons
of Major League Soccer, the top American national soccer
league. In this case, the evaluation metric used was Mean
Squared Error (MSE).

From their analysis, it emerged that extreme
gradient boosting was the most accurate methodology.

In this section, we have thus demonstrated several
examples of employing ML techniques for predicting
attendance at football matches in stadiums.

3. Methodology

The methodology we intend to present consists of
two distinct steps. Initially, the idea is to administer a
survey to customers, which includes a conjoint analysis
dedicated section, aiming to deepen our understanding
of the customer. Conjoint analysis is a decompositional
method introduced in the 1970s, that allows to assess
trade-offs among various product characteristics [10, 11,
12]. To use this technique, it is necessary to define in
advance the attributes that need to be evaluated and the
levels of these attributes, which refer to the values these
attributes can assume.

It is the task of the analyst to include the product
characteristics they consider most relevant, also called
attributes, and to include all possible levels of these
characteristics. Once this is done, the so-called “cards”
are created, which are particular combination of the
attributes’ levels. Then, these profiles must be evaluated
by the respondent and then statistically analysed to
determine the customer preferred levels for the various
characteristics.

The advantage of this technique is that being an
indirect method for eliciting preferences, the results are
not influenced by socially desirable responses.
Moreover, it is important to emphasize that there are
various types of conjoint analysis. In traditional conjoint
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analysis, respondents are asked to evaluate different
profiles by assigning a rating to each profile or by
ranking the various profiles. In 1983, Louviere and
Woodworth [13] combined conjoint analysis and choice
evaluation, creating choice-based conjoint analysis,
where the respondent no longer needs to rate or rank
each profile but is asked to choose between sets of
profiles. This approach has two main advantages, as
presented in the work of Raghavarao et Al [14]: firstly,
the choice is conceptually similar to making a purchase,
and secondly, the respondent must consider the other
alternatives in the choice set when making a selection,
thus having a more comprehensive view of the
alternatives at the time of choice.

Through traditional conjoint analysis techniques,
such as the logit model, it is possible to estimate utility
values for each level of each characteristic evaluated by
the customer.

The second phase consists in modelling the data
with ML algorithms in order to obtain a classification
model capable of predicting, starting in particular from
match and match day characteristics, if a stadium seat
will be sold or not.

What is essential to emphasize, in our framework,
is that the utility values of the levels of the various
product characteristics obtained through conjoint
analysis are condensed into a single indicator.

Our idea is to include this indicator among the
predictive variables of the ML model we intend to
develop, serving as the link between the two phases.

This choice is motivated by the idea that by
implementing this variable into the ML model, we can
include customer preferences in the ML model,
considering not only historical data but also customer
preferences, resulting in a model that can more
accurately predict population behaviour.

4. Case study

As already mentioned, we have tested the
approach we proposed in section 3 on a real case study
developed in collaboration with an important football
team competing in the Italian top division.

So, in the subsequent paragraphs we will present
the settings of the case study and we will explain deeper
how we implemented each phase of the proposed
framework.



4. 1. Aim and data collection

In this case study, we collaborated with an Italian
Serie A football team with the aim of creating predictive
models for stadium attendance.

As previously mentioned, the work was structured
following the methodology presented in Section 3.
Firstly, we created a survey to be administered to the
fans, which included a conjoint analysis section.
Subsequently, we analysed the results and, based on
these findings, we created a variable that was later
incorporated into the ML models.

It's important to highlight that we partnered with
this team as they provided us with historical data
concerning the team stadium attendance over the 2018-
19, 2021-22, and 2022-23 seasons. Such choice has been
derived by the fact that, due to COVID-19 pandemic,
season 2020-2021 was not regularly disputed, especially
in terms of fans’ attendance. The selected seasons
represented the three last season for which the stadium
ran at full capacity for all the season matches.

Furthermore, in the models, we also included
variables, which will be presented in the following
sections, obtained through web scraping, such as
weather data related to the match or the performance of
the home and away teams.

4.2 Conjoint analysis

In this initial phase, we created two surveys, very
similar to each other, and, in particular, identical in the
conjoint analysis section, to be administered to two
distinct groups of fans.

The first group to whom we administered the
survey consists of loyal fans, those who hold the team
membership card, and have presumably attended the
stadium at least once in their lifetime, and, most
importantly, are devoted fans of the team. Regarding this
group, for which we had email contact, we sent an email
with an access code for the survey.

Regarding the second group, we decided to
conduct the survey among those who follow the team on
social media. In collaboration with the football club’s
social media team, we created posts and stories
dedicated to the survey. In this case, there was no need
for a code to respond to the survey.

To streamline this section, we will not present the
whole survey; instead, we will focus only on the conjoint
analysis part, which is the aspect of primary interest in
this work.

Regarding the attributes of the conjoint analysis,
we have included six: stadium sector, opposing team
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category, game day, time slot, football season period, and
weather.

We must clarify something that regards the
stadium sectors: indeed, in this study, we aimed to
predict fan attendance for home games played in a
stadium, which is composed of 14 sectors. Clearly, we
could not include an attribute with 14 levels in the
conjoint analysis. Furthermore, it would not have made
much sense as if we had included all the sectors in the
same analysis; people would likely have chosen the best
sector consistently, as we don’t consider the price in the
attributes of our analysis. Therefore, we aggregated the
sectors into six macro-sectors (comprising similar
sectors) and, in a section prior to the conjoint analysis in
the survey, we posed a question asking: “Considering the
average price of the indicated macro-sector, please
indicate in which macro-sector you have attended, or you
could attend a league match.” This allowed us to create
six different conjoint analysis, one for each macro-sector,
with the same attributes mentioned earlier, but with
different levels of the attribute stadium sector: indeed,
for example macro-sector A included sector 1, sector 2
and sector 3, while macro-sector B included sector 4,
sector 5 and sector 6, and so on.

In Table 1, we present the various levels that the
six attributes listed earlier can assume, with the values
of the stadium sectors reported here generally as sector
1, sector 2 and sector 3.

Table 1. List of attributes and levels for the conjoint analysis.

Attribute Level 1 Level 2 Level 3
Sector Sector 1 Sector 2 Sector 3
Opposing team | Top rank Medium rank Bottom rank
category
Game day Weekday Weekend
Time slot Afternoon Evening Night (after 8

(before 6 pm) (from 6 to 8 | pm)

pm)

Football season | Start of the | Mid-season End of the
period season season
Weather Good weather Bad weather

We adopted a choice-based conjoint analysis
approach, so our respondents were asked to choose one
out of three attributes’ combinations for eight different
times: their choice represented the settings of the match
they would prefer to attend.

The eight situations to be evaluated were
randomly generated using the JMP software, which allow
to perform both the design phase and the analysis of the
results of the conjoint analysis.



In the survey of loyal fans, we obtained 3,577
responses, while in the open survey, we received 3,950
responses, totalling 7,527 responses.

Both surveys were available for eight days, in the
middle of august 2023.

Before summarizing the results obtained from this
analysis, it's important to emphasize that the two
respondent groups differ in age.

Indeed, in the survey for loyal fans, the majority of
fans fall within the age range of 45 to 64 years, while in
the social media-administered survey, the majority of
fans are aged between 18 and 24 years. This was an
expected outcome, especially given the extensive use of
social media by younger individuals.

Concerning the conjoint analysis section, despite
the age difference mentioned earlier, we found that the
results of the conjoint analysis were identical between
the two groups. Consequently, we decided to combine
the responses from both questionnaires and conduct a
unified analysis for each macro-sector.

In total, we conducted 6 macro-sector related
conjoint analyses.

In table 2, the values of relative utility obtained
from the analysis conducted through JMP are reported
for a specific macro-sector: for example, from these
values it emerges that, considering the fans that chose
this specific macro-sector, they tend to prefer sector 10
instead of 11: indeed sector 11 has a positive utility,
while sector 10 has a negative utility. Moreover, also the
opposing team category result very important, as
respondents express a strong preference in attending a
match against a top rank team (highest utility value),
while they are not so enthusiastic in attending a match
when the visiting team belong to the bottom rank
category. These values serve as the starting point for
calculating the utility of each match combination. To
compute this index, itis just necessary to sum the various
utility values. For example, if we had the combination:
sector 10, top rank, weekend, afternoon, mid-season,
good weather, we would find that the utility of this
combination equals 0.14637. In this way, as various
match parameters change, we can determine the utility
value for the combination of the attribute of that specific
match for the analysed macro-sector.

Table 2. Relative utility values obtained for a macro-sector

Attributes Levels Relative utility
Sector Sector 10 -0.64035

Sector 11 0.64035
Opposing team category | Bottom rank -0.56060
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Medium rank 0.00347
Top rank 0.55714
Game day Weekday -0.19276
Weekend 0.19276
Time slot Afternoon -0.16068
Evening 0.08086
Night 0.07981
Football season period End of the season 0.00389
Mid season -0.04191
Start of the season 0.03801
Weather Bad weather -0.23940
Good weather 0.23940

A complication that arose in this phase was that
the utilities found from the analysis were related to the
macro-sector, as they came from macro-sector based
conjoint analysis. This could make it seem like a
combination had a very high utility even if, that macro-
sector had been chosen by only a few people and
represented only a portion of the respondents. To
address this issue, we decided to weight the values
obtained from the conjoint analyses of the macro-sectors
by the percentage of fans who had chosen that specific
macro-sector. This way, the most chosen macro-sector
would be weighted more heavily than the others.

This value will be included in the various ML models
we will develop.

4.3 ML models

As mentioned earlier, our objective was to create a
ML model that predicts fan attendance at the stadium for
a given match. In section 4.1, we discussed how we
incorporated historical data provided by the team under
study, along with other data such as weather conditions
and recent team performances obtained through web
scraping. Additionally, we used of the utility values
obtained from the conjoint analysis, as outlined in
section 4.2.

Regarding the ML models, we have chosen to
create models where the unit of analysis is the individual
seat within the stadium for each match of the seasons.

Consequently, the target variable is binary,
indicating whether that specific seat will be sold for that
match or not. This choice is motivated by the fact that we
experimented two different approaches: predicting the
percentage occupancy of the sector and predicting the
sold or unsold status of each individual seat, with the
latter approach demonstrating more convincing
performance.



Before proceeding, two further 1)
clarifications must be made: firstly, we opted
to develop a ML model for each sector to provide the
collaborating team with the best possible performance
for each sector. After testing various configurations, we
realized the need for further stratification based on the
opponent.

Therefore, we used the opponent categories
presented in the conjoint analysis, namely top-rank,
medium-rank, and low-rank. These categories are
defined as follows: the top 7 teams from the previous
season are considered top-rank, teams ranked between
8th and 13th in the previous season are considered
medium-rank, and those placing below 14th, including
newly promoted teams, are classified as bottom-rank.

Table 3 summarizes all the variables used in the
machine learning models.

Table 3. List of the variable used in the ML models.

Variable name Variable description

Sector Sector
Row Row
Seat Seat

Matchday mean temperature

Mean temperature on matchday

Matchday weather conditions

Weather conditions on matchday

Day of the week

Day of the week of the match

Time slot

Time slot of the match

Home team rank

Home team rank on matchday

Away team rank

Away team rank on matchday

Home team match undefeated

Home team match since last defeat

Away team match undefeated

Away team match since last defeat

Utility

Utility of the match, as obtained in the
conjoint analysis

Price Ticket price for the match (depends on
the sector)
Sold (Target variable) Variable indicating if the seat

considered was sold or not sold in the
match considered

Regarding the ML models, we chose to use the R
library H20, specifically the AutoML function [15].

This approach aims to find the most suitable model
by testing and evaluating various ML models, including

Random Forest,

Generalized Linear Models with

regularization, Extreme Gradient Boosting Machine, and
Neural Networks; moreover, it also allows for creating
ensembles of the aforementioned models.

The application of this library provides an output

in the form of a leaderboard of the tested models, ranked
according to a chosen metric. In our case, as we are
dealing with a binary classification problem, we selected
accuracy as our metric; this is a widely used metric, and
it is presented here in Eq. 1:
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A ~ TP + TN
CeUracy = TP X TN + FP + FN

where TP represents the number of true positive
(so positive observations that are correctly classified),
TN represents the number of true negative (negative
observations that are correctly classified), FP represents
the number of false positive (negative observations
which are wrongly classified as positive) and lastly FN
represents the number of false negative (positive
observations which are wrongly classified as negative).

It is important to emphasize that for each sector of
the stadium, we created three distinct models: one for
matches against top-rank opponents, one for matches
against mid-rank opponents, and one for matches
against low-rank opponents.

Since there are 14 stadium sectors, we ended up
obtained 42 different models.

To construct these models, we followed the typical
training-testing approach of ML models. The initial
phase, the training phase, was executed using 75% of the
available data and a 5-fold cross validation (CV), while
the remaining 25% of cases were reserved for the testing
phase.

From the result obtained, we can say that there are
no models that perform imprecisely. Generally, the
classification error consistently remains below 7%. Of
course, the value of the error increases slightly if we
consider the false positive rate, meaning those cases in
which the ticket was not sold but the model predicts it
was sold, due to an inherent data imbalance. In general,
however, we can consider the model’s performance to be
quite acceptable.

Figure 1 represents the partial dependence plot of
the utility variable, constructed from the results of the
conjoint analysis, on the average probability that a seat
will be sold, considering a specific ML. model created for
a certain category of opponents in a particular sector of
the stadium.

For the sake of clarity, the partial dependence plot
is a graph that provides a graphical depiction of the
marginal effect of a variable on the response. As it may
be observed in the graph, when the utility increases, the
probability of selling the seat also increases. Moreover,
in the figure are reported also the confidence interval,
which are represented by the red bands, over and under
the line. This behaviour implies that the utility variable
provides valuable insight; in fact, if its value increases,



indicating more favourable conditions, it means that the
seat is more likely to be sold.

Partial dependency plot for UTILITY
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Figure 1. This figure shows the partial dependence plot of
utility, meaning the marginal effect of this variable on the
mean response.

5. Real case application: attendance prediction

In this section, we will briefly present the
application of the framework described to a match of the
2023-24 season, specifically the first home game of the
team we are collaborating with. We will provide a
comparison between the predictions obtained using the
hypothesized framework and the actual stadium
attendance data.

In this case, the opposing team belonged to the low
rank category, thus we used the models related to low
rank opponents.

So, as a first step, we created a dataset containing
all the seats in the stadium, and for each variable
described in Table 3, we assigned the values specific to
that match, such as weather, time, and day of the game.
Afterward, for each sector, we calculated the utility
value, starting from the relative utilities for each level of
each attribute obtained from the conjoint analysis.

Then, we ran the ML models and obtained the
occupancy predictions. Lastly, we computed the error
we obtained for each section of the stadium, calculated
as the difference between predicted sales and actual
sales, in percentage.

From our analysis, it emerges that generally the
error is lower than 7% (this happens in 10 out of 14
sectors), while there are some cases that have a higher
error rate: specifically, three of them have an error
ranging from 10% to 16%, while one sector has a higher
error, approximately 31%. Furthermore, from the
results it can be observed that the predicted attendance
is consistently higher than the actual attendance (in 13
out of 14 sectors).

Therefore, based on the results obtained from the
comparison between the proposed framework and
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current sales, we can generally conclude that the
developed models provide good performance, although
there are some critical cases.

One possible explanation, which is also related to
the fact that the predictions are consistently higher than
the actual sales, is that the match was played in August
2023, a period when many people are on vacation, so this
could be a factor that influenced stadium attendance.

6. Conclusion

In this work, we have presented a novel approach
for predicting football match attendance, which
integrates a component of conjoint analysis and ML
models.

The methodology we proposed consists of two
main parts: one in which we collect fan preferences
regarding the conditions they prefer for attending a
match through a survey, using conjoint analysis, and
then we create a utility index that represents how much
fans favour the conditions of a particular match. This
index is then incorporated into the various predictors of
the ML models to integrate fan preferences into the
model, aiming to enhance both the model’s
interpretability and performance.

We have demonstrated how this approach
performs well in the training and testing phases and still
performs reasonably well when tested on new data. The
developed models can be adopted, once identified the
match characteristics and predicted those to be
predicted (as weather conditions), by the Club for which
they are developed to predict attendance to each season
match. Another possible related work is to develop an
optimization procedure that using the developed
models, sector by sector, varies the ticket prices to
maximize profit and attendance.

We can conclude that this method requires further
investigation, and indeed, we intend to apply this
methodology to predict stadium attendance throughout
the football season to assess its long-term performance.
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