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Abstract. The integration of contextual information, like time, weather,
or location, into machine learning (ML) models has been shown to im-
prove the performance and personalization of the model. However, these
additional features may unintentionally introduce biases, leading to dis-
parities across target classes or subgroups. This paper presents a novel
methodology to evaluate the bias introduced by contextual features in
ML models. We introduce a general metric, called Contextual Bias, which
quantifies the disparity in class-level performance when each contextual
feature is removed. To efficiently assess feature influence without retrain-
ing the model from scratch, we leverage DaRE (Data Removal-Enabled)
forests, a machine unlearning framework that allows post-hoc removal
of contextual features. This approach is applied to a real-world dataset
of tourist visits to Points of Interest (Pols) in Verona, Italy, where con-
textual factors play a crucial role in shaping user behavior. This work
provides a foundation for developing unbiased context-aware systems,
highlighting the need to consider not only accuracy but also bias metrics
when integrating contextual information into ML models.
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1 Introduction

In recent years, machine learning (ML) models have become essential tools in
many real-world applications, playing a crucial role in supporting the analysis
and understanding of heterogeneous data sources. Although traditional ML ap-
proaches rely on features derived directly from sensor data and user activity,
there is a growing interest in the integration of contextual information, such
as weather conditions, location, and time, in order to enrich the feature and
improve the model’s performance [3, 6].

The inclusion of contextual features has been shown to enhance the accu-
racy of the model and enable a more tailored personalization. However, their
integration may also influence the learning dynamics of the model without a
clear understanding of those modifications. In particular, contextual features
may indirectly introduce bias into the model, affecting its behavior across dif-
ferent subgroups or classes that are not explicitly declared as protected. This
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poses important concerns about unbalanced or skewed outcomes of the decision
model [17,24].

Understanding how contextual features influence model behavior, and under
which conditions they may lead to biased outcomes, remains a challenging task.
Traditional feature importance techniques, such as feature importance scores
in tree-based models (e.g., Random Forests or XGBoost), permutation feature
importance, and model-agnostic approaches like SHAP [16] and LIME [21] have
become widely adopted to gain insight into model behavior. Although these
methods are useful for general interpretability, they are not explicitly designed
to detect or quantify the bias introduced by contextual features. For this reason,
they often fail to reveal the impact that context can have on fairness-related
aspects of a model [10]. This work addresses this gap by proposing a methodology
to evaluate the potential bias introduced by contextual features in ML models.
The goal is to ensure that context-aware systems are not only accurate and
personalized but also fair and reliable when deployed in real-world scenarios.

To this end, we proposed a novel formalization to quantify the bias associated
with contextual features in a ML model. This general metric is used to guide an
evaluation algorithm that leverages machine unlearning techniques [9] to obtain
a model that discards the influence of the contextual feature under analysis.
Specifically, we employ the data removal-enabled (DaRE) forest [9] to simulate
the removal of individual contextual features after training, without requiring
full retraining of the model. By comparing the predictions of the original model
with the new one, we are able to investigate the role of the contextual features
and how the biases change.

Lastly, we present a real-world dataset of Points of Interest (Pols) in the
city of Verona, where contextual information plays a key role in shaping tourist
behaviors [6]. This dataset, which reflects temporal, spatial, and environmental
factors, will serve as the basis for our case study and will support future research
on context-aware and bias-aware machine learning in the tourism domain.

The remainder of the paper is organized as follows. In Section 2, the related
work is discussed. Section 3 introduces the formalization of the problem and
presents the new evaluation metric, while Section 4 outlines the proposed algo-
rithm. Section 5 discusses a preliminary analysis of the dataset. Finally, Section 6
summarizes the findings and outlines the future directions.

2 Related Work

In recent years, the discussion about ethical concerns in the development and
deployment of intelligent systems is gaining increasing attention [20, 8,22, 7, 5].
Despite this growing interest, there is still no clear consensus on universally
accepted ethical guidelines [23]. A key challenge is that ethical principles are
often context-dependent, meaning that their interpretation and application can
vary depending on the specific domain or use case. The authors in [13] discuss
bias from a different perspective: it is not always necessary to completely remove
it. The elimination of one form of bias may unintentionally give rise to another.
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Instead of enforcing strict, unbiased situations, a possible approach may involve
designing systems that allow users to transparently explore and adjust existing
biases.

2.1 Bias in Machine Learning

In the machine learning domain, bias is typically understood as a deviation in
model behavior that leads to unfair outcomes, especially for underrepresented
groups in the dataset [17]. In classification tasks, for example, a biased model
may achieve high overall accuracy while underperforming on specific classes or
demographic groups. [10, 24| The state of the art on ethical issues related to ma-
chine learning is explored in [11], where various approaches aimed at enhancing
fairness in machine learning are outlined. The authors conclude by presenting
five open dilemmas for the research. This highlights that despite years of explo-
ration of existing methodologies designed to mitigate potential ethical biases and
inequities, it remains challenging to define the concept of fairness in a consistent
manner [15,19]. Recent studies have also investigated the relationship between
human cognitive biases and machine learning models, highlighting how biases
present in training data, originating from human behaviors and societal patterns,
can be learned and amplified by machine learning systems. For instance, the
study in [4] introduces a method to detect bias by swapping sensitive attributes,
measuring the impact on predictions. Their results reveal biases, including lower
wage predictions for females and Asians, underscoring the importance of bias
detection for developing fairer machine learning models.

2.2 Context in Machine Learning

The integration of contextual information, such as time, location, weather, or
user situation, has become increasingly common in machine learning, particu-
larly in domains like recommendation systems, smart mobility, and personalized
services. Contextual features enrich the input space and allow models to adapt
their predictions to external conditions, often beneficial for increasing prediction
accuracy, improving personalization, and enabling better interpretability [3]. For
instance, in context-aware recommender systems, contextual factors allow the
model to learn the user preferences that depend on the situation they are act-
ing in [2]. Similarly, in spatiotemporal forecasting or mobile health, context is
essential to model the variability of human behavior or system responses across
time and space[l,12]|. In [26], the authors provide a systematic literature re-
view describing how context is incorporated at various stages of recommender
system development, identifying the most commonly used contextual features
across different application domains, and discussing evaluation mechanisms in
terms of datasets, metrics, and validation protocols. More recent work has in-
vestigated the synergies between context and temporal aspects, such as data
aging, to enhance recommendations in dynamic environments like wearable de-
vices and smart TVs [12]. These approaches emphasize the need for models to
adapt not only to static contextual variables but also to evolving user behavior
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and environmental conditions. In a similar direction, the authors in [18] study
how contextual models can be leveraged to forecast Point of Interest occupation
and users’ preferences in the tourism domain, proposing an architecture that
leverages both historical and contextual data.

To the best of our knowledge, the work most closely related to ours is pre-
sented in [25], where the authors present a system that explains fairness viola-
tions in machine learning models. This system identifies training data subsets
that most contribute to fairness violations by estimating how model fairness
changes when those subsets are removed. However, it primarily focuses on a
single protected feature, whereas our approach considers the effects of multiple
contextual factors on model behavior. Building upon these foundations, our work
explores how contextual factors may influence the behavior of machine learning
models, with a particular focus on their potential impact on model bias. This
broader perspective allows us to better understand the complex role of context
in model behavior and its potential implications in real-world applications.

3 Bias in Contextual Machine Learning

Concerns about fairness and bias have emerged as critical aspects since ma-
chine learning systems increasingly incorporate contextual information to en-
hance performance and personalization [3,27]. Typically, the bias concept in
machine learning refers to systematic deviations in model behavior that disad-
vantage certain groups or data subsets. This section first presents the traditional
contextual machine learning models, and then the potential biases emerging from
those models when contextual data is introduced.

3.1 Context Definition in Machine Learning

Nowadays, we are flooded by data generated from different sources, like sensors,
wearable devices, or other types of platforms. As a result, tools that help users
understand data values and trends are becoming an invaluable assistant both
for users and service providers. In many real-world applications, supplementary
information, such as the geographical location, weather conditions and holidays,
plays a crucial role in improving the performance and the interpretability of such
tools. In this work, we refer to this kind of additional information as contextual
features, which encompass any external or auxiliary data that can describe the
circumstances under which user interactions or events occur.

To formally capture the role of contextual features in a machine learning set-
ting, we define the model input as a combination of both intrinsic and contextual
data. Let M be a general machine learning model, X € R™ the original input
feature vector, and Y € R the target variable. Each element x € X represents an
intrinsic attribute of the instance. Let C' € R™ be the set of contextual features,
where each ¢ € C encodes external information related to the instance, such as
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temporal or environmental context, i.e. contextual features. The complete input
to the model is then defined as the augmented feature vector:

X =[X | CleRrR™™

where || denotes the concatenation of the original features and the contextual
features. The model is trained to learn a function:

M R SR

mapping the enriched input X to the predicted output Y.

3.2 Bias Definition in Contextual Machine Learning

In recent years, the concept of bias and fairness has emerged as a topic to pay
attention to in different areas of computer science. Also, machine learning is be-
coming a domain in which the implications of these concepts have to be explored
[17]. In general, bias in machine learning can be seen as a deviation during the
learning process in which some aspects of the datasets are considered more im-
portant, resulting in unfair, skewed, or wrong outcomes of the model [14,17].
These problems, in most cases, originate from an unbalanced dataset. For in-
stance, if a dataset is biased towards a particular class, the resulting model will
excel for that class, while it may underperform for the less represented group.
However, analyzing a well-processed dataset can reveal how each feature influ-
ences the outcome and whether it is still biased. Specifically, when contextual
features are introduced, they can reveal an unexpected bias due to the provided
additional information.

In this work, we investigate the possible presence of bias by studying how
contextual features influence the learning process and whether they introduce
disparities in model performance across different target classes. Rather than
treating context as a neutral input, we propose a novel perspective in which
context is analyzed as a potential source of bias that may affect some prediction
outcomes. More in detail, we investigate the precision of the model in a classifi-
cation task, analyzing when there is a significant difference between the model
trained with and without each contextual feature. We define contextual bias in
a classification model as the disparity in predictive performance across classes
of different models. This bias can be quantified by measuring the variation in
precision

Let M be a classification model trained to predict class labelsY € {1,..., K}
from input instances X = [X || C], where X € R™ represents the original
feature and C € R™ the contextual features. Let M_. be the model trained
without the feature ¢ € C. We define the Contextual Bias introduced by the
feature ¢, denoted as C'B(c), as the disparity in class-level predictive performance
between M and M _.. Using the precision evaluation metric, the contextual bias
is measured as the standard deviation of the change in per-class precision:

1 2
CB(c) = e Z (APrect(c) - AP’)"GC(C))

t=1
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where:

— APreci(c) = Precy(M) — Prec;(M_.)
— APrec(c) = & Zfil APrec(c)
— Preci(+) denotes the precision on class ¢ under the given model.

A high value of C'B(c) indicates that the contextual feature ¢ has a dispro-
portionate effect on the model’s performance across different classes, suggesting
it may be a source of contextual bias. This formulation is based on the per-class
precision in a multi-class setting, as:

TP,

Preci(+) = 7TP,5 PP,

where TP, and F' P, denote the number of true positive and false positive pre-
dictions for class ¢t. However, the contextual bias measure C'B(c) is orthogonal
and can be generalized to any class-level evaluation function ¢, such as recall,
F1-score, or calibration error, depending on the desired fairness criteria.

4 Contextual Bias Evaluation

Evaluating the influence of individual features in a trained model typically in-
volves retraining the model multiple times, each time excluding a single feature.
Let X = [X || C] be the full set of input features, composed of input features
x € R™ and contextual information C' € R™. The traditional approach trains m
separate models M _., where ¢ € C and each model is trained on X \ {—c} While
this method is straightforward and widely used, it becomes computationally ex-
pensive when applied to a model, especially when the number of contextual
features is large.

To address this limitation, in this study, we adopt a more efficient alternative
based on machine unlearning introduced in [9], which enables efficient removal of
training data from Random Forest models through a specialized structure called
DaRE (Data Removal-Enabled) forests. DaRE forests support exact and efficient
unlearning by modifying only the necessary subtrees when data is removed,
avoiding the need for full retraining. This is achieved by strategically introducing
random nodes in the upper levels of the trees and caching sufficient statistics at
decision and leaf nodes. In other words, retraining the model M is not required
each time feature ¢ needs to be excluded. We refer to the resulting model, in
which ¢ has been removed, as MPEE,

Specifically, we apply a feature-level unlearning procedure that allows us to
estimate the effect of removing a specific feature from the trained model, without
requiring full retraining. This enables a more scalable analysis of feature influ-
ence, particularly in scenarios involving high-dimensional or context-rich data,
where the traditional approaches based on retraining would be computationally
expensive.

To analyze the potential bias introduced by each feature, we adopt an it-
erative approach based on DaRE presented in Algorithm 1. Particularly, the
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Algorithm 1
Input: Dataset D, contextual features C'
Output: DaRE Model set M, contextual bias score set S
1: Mau+{}

20 S« {}

3: M « trained(D)

4: for each c € C do

5: Mo — May U ME’ZRE
6.

7
8

S <+ S Ueval(M, MPEE D)
: end for
: return My, S

unlearning procedure is applied iteratively, removing one feature at a time un-
til all features have been exhausted. For each resulting model, we evaluate its
performance on the test set, saving the previously defined contextual bias mea-
sure (C'B) computed by the eval function. By observing the results collected in
S, it is possible to identify which contextual feature introduces the most bias
by analyzing its corresponding C'B value. A value close to zero indicates that
the feature has a uniform impact across all classes. Conversely, a value signifi-
cantly greater than zero suggests that the feature affects the model differently
across classes, thus introducing contextual bias. The study focuses not only on
the overall accuracy of the model, but also on the outcomes obtained for each
target class, in order to capture possible shifts in predictive performance across
different classes. Thus, we aim to identify whether the feature affects the predic-
tion quality for specific subsets of the data, which may indicate the presence of
feature-specific or context-induced bias.

4.1 Complexity Analysis

As demonstrated by the authors in [9], the complexity of training a DaRE model
is equivalent to that of training a standard Random Forest, i.e.,

OT n-p- k- dmax)

where T is the number of trees in the forest, n is the number of training instances,
p is the number of attributes randomly selected at each node, k is the number
of candidate thresholds per attribute, and dyax is the maximum tree depth.
The time complexity of deleting a single instance from a DaRE tree, when no
structural modification is required and all attribute thresholds remain valid, is:

O(ﬁ k- dmax)

However, if a node’s attribute thresholds become invalid, an additional cost of
O(|D|log |DJ) is incurred to select a new valid threshold, where | D| is the number
of data points reaching that node. Furthermore, if the node at depth d with |D|
instances requires retraining, the cost of rebuilding the affected subtree is:

O(ﬁ : |D| ’ (dmax - d))
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The overall time complexity of Algorithm 1 can be decomposed into three
components. The first corresponds to the initial training of the DaRE model in
line 3, which takes O(T -n-p- k- dmax). Next, for each contextual feature ¢ € C,
the algorithm performs machine unlearning to obtain the model MPRE at line
5, whose complexity depends on the specific operations required as described
above. Finally, the evaluation step of line 6 adds an additional cost of O(n) per
feature. Consequently, the total complexity is the sum of these costs over all
contextual features.

5 Early Findings on Pols Case Study

In this work, we apply the proposed methodology to a case study focused on
Points of Interest (Pols) in the tourism domain. Understanding and incorporat-
ing contextual information is crucial in this setting, as tourists’ behaviors and
visit patterns are strongly influenced by external factors such as time, weather,
or events. To validate the importance of context in this domain, we build upon
previous work presented in [6], where the authors investigate how contextual
factors influence the occupancy of Pols, focusing on the city of Verona, Italy.

More in detail, the study introduces the notion of a Touristic Visit repre-
senting the set of input feature vectors X with the corresponding Visit Context,
which defines the tuple of contextual features C' defined in this work. The objec-
tive of the study was to forecast the occupation of each Pol at different timeslots
of the day, then support the development of a crowd-aware recommendation sys-
tem capable of suggesting to tourists the less crowded attractions.

The problem was modeled using both traditional machine learning (Random
Forest) and deep learning approaches. These models were evaluated in two set-
tings: using raw historical data only, and using data enriched with contextual fea-
tures. The results obtained shows that including context significantly improves
accuracy. Furthermore, models trained with contextual data demonstrated better
generalization capabilities when applied to Pols with limited historical informa-
tion. That study demonstrates how integrating contextual features improves the
forecast of the Pol crowding, benefiting both tourists, who can better plan their
visits, and city tourist service providers, who can manage urban crowding more
efficiently.

The role of context in the tourism domain is further investigated in this
work from a different perspective. While previous studies, including [3, 6], have
demonstrated the benefits of incorporating contextual information to improve
recommendations, the current investigation focuses on understanding when such
contextual features may act as sources of bias in the model. The aim is to ensure
that context-aware models are not only more accurate but also fair and reliable
when applied to real-world tourism scenarios.

5.1 Dataset

To validate our approach, this work focuses on the use case presented in [6]
regarding the touristic scenario. More in detail, the real-world dataset tracks
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touristic activity in the city of Verona in Italy. The dataset spans nine years
from 2014 to 2022 and includes approximately 4.4 million visit entries, involving
about 1 million unique tourists and seventeen Points of Interest (Pols). Each
entry consists of a timestamped visit linked to an anonymized user ID and a Pol
identifier. To enhance the dataset, we integrated contextual variables, including
meteorological conditions and calendar-based indicators such as public holidays.
Specifically, the augmented feature vector X is represented by the concatenation
of the input features
X ={u,p,t,lat,long}

where wu is the user identifier, p is the Pol identifier, ¢ is the timestamp of the
visit, and lat and long are the geographical coordinates of the Pol, and of the
contextual features

C = {ts, day, month, year, doy, dow, week, rain, temp, festive, hol}

where ts is the timeslot of the performed visit (e.g. morning, noon, afternoon),
day, month, year are the day of the month, the month, the year respectively,
doy is the day of the year, dow and week are the day of the week and the week
number in a year, rain is a string for the weather condition (e.g., rainy, sunny),
temp is the temperature, festive and hol are two boolean indicators for the day
is a weekend or a public holiday.

5.2 The Role of the Context

Firstly, it is important to highlight the relationship between the crowding levels
at Pols and the contextual factors added to the original dataset.

As expected, the weather conditions strongly influence the tourists’ affluence
in different Pol, and the tourist visit patterns. Fig. 1 illustrates that the number
of visits to certain Pols on the same calendar day in two different years with
different weather conditions can notably vary. Outdoor locations, such as POI 49,
show a clear drop in attendance on rainy days. Conversely, indoor venues such as
Pols 62 and 63 may even benefit from adverse weather, attracting more visitors
who will prefer indoor activities when outdoor conditions are unfavorable.

Fig. 2 presents another illustrative case, showing the number of visits to
Juliet’s House in February. This Pol, recognized as the symbol of love, attracts
more visitors around Valentine’s Day. Looking at the plot, the red bars repre-
sent the number of visits on February 14th across different years, while the blue
bars represent the average number of visits for the same weekday throughout
the month. There is a notable spike on Valentine’s Day compared to the base-
line, highlighting how special events can significantly influence tourist behavior,
leading to atypical crowding on typically less congested days.

5.3 The per-class evaluation

The Fig. 3 illustrates the class-wise evaluation of Precision, Recall, and F1-score
for the Random Forest classifier applied to our dataset enriched with contextual
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Visits on 30th May 2017 vs 2019

17.54 Visits 2019 - rainy
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Fig. 1. Number of visits on the 30th of May of two years with different weather con-
ditions.

factors. We trained a Random Forest classifier where occupancy is discretized
into three classes (i.e., Low, Medium, High) based on percentile thresholds com-
puted for each Pol. Each subplot represents one metric, with classes denoted
on the x-axis and the respective metric on the y-axis. It is clear that the class
Medium exhibits lower scores across all three metrics compared to the other
classes. This indicates that the model systematically penalizes instances from
class Medium, highlighting a potential bias or imbalance in model performance.

Consequently, a deeper analysis is required to discern whether the observed
underperformance of Medium is driven by contextual features that influence the
model’s predictions or whether it reflects input features. Such an investigation
is essential to properly interpret these results and to guide the training in order
to obtain an unbiased model.

6 Conlcusion and Future Work

This work presents a preliminary investigation into the role of contextual fea-
tures as potential sources of bias in machine learning models. While the use
of contextual information to enhance model performance is widely discussed in
the literature, its interactions with class labels and other input features remain
insufficiently explored. To address this challenge, we present a general metric to
quantify the bias introduced by contextual features and propose a novel method-
ology based on machine unlearning. Our approach evaluates new models with-
out the contextual feature being analyzed, eliminating the need for full model
retraining, thanks to the DaRE forest approach. Additionally, we presented a
real-world dataset of tourist visits in the city of Verona, where contextual in-
formation plays a crucial role in user behavior and recommendation dynamics.
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Fig. 3. Precision, Recall, and F1-score of the Random Forest Classifier.

This dataset will serve as a starting point for future studies on context-aware,
unbiased, and explainable machine learning models. Beyond its methodological
contribution, this study lays the foundation for an alternative explanation of
feature importance, based not only on model accuracy but also on its potential
to introduce biases across classes.

Future work will focus on conducting a more comprehensive empirical eval-
uation of the proposed methodology using the presented dataset. Additionally,
we plan to investigate its applicability across other domains to further assess
the generalizability and orthogonality of the contextual bias problem discussed.
Another direction involves integrating our approach with traditional feature im-
portance techniques, such as feature importance scores in tree-based models,
permutation-based feature importance, and other model-agnostic approaches.
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