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Abstract

This thesis is part of a broader research effort extending the outcomes of the year-long
Project-Based Learning initiative with NOS, a prominent telecommunications company in
Portugal, focusing on optimizing the number of clients that should be flagged for special-
ized call center teams, to increase clients’ satisfaction. While the larger thesis addresses
both model performance and explainability, this specific work focuses on improving model
performance through outlier detection. By refining the handling of outliers, this study con-
tributes to more accurate predictions, ultimately enhancing the effectiveness of client selec-

tion.
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1 Group Part

1.1 Introduction

In today’s competitive telecommunications industry, customer satisfaction is essential for re-
taining a loyal client base. To maintain strong connections with customers, organizations in-
creasingly rely on call centers (Purba and Hidayati 2020). A well-managed call center can
greatly enhance an organization’s overall performance by optimizing key metrics such as “ser-
vice level, cost per contact, customer satisfaction, average handle time, first call resolution,

abandon rate, average waiting time, and occupancy rate” (Ptaza and Pawlik 2021)).

NOS, a leading telecommunications operator in Portugal, was established in 2014 through the
merger of ZON and Optimus. Recognizing the strategic importance of call center operations,
NOS has made significant investments in data science and Al, among them projects to optimize
their call center operations. One such initiative was the Project-Based Learning (PBL) in col-
laboration with NOVA SBE, where a predictive modeling framework was developed to improve
key call center metrics. This project provided an opportunity to explore forecasting techniques
and operational improvements, focusing on balancing predictive accuracy and stability. The
PBL project served as the foundation for this thesis, providing a starting point for predictive

modeling and insights into effective call center management strategies.

This thesis is part of a larger group project and focuses only on section 2 While the broader
thesis is organized into four main parts, each addressing different aspects of time series fore-
casting and explainability, this work covers "Enhancing the Performance of Time Series Models
through Unsupervised Outlier Detection and Treatment Techniques”, which explores methods

for detecting and handling outliers in datasets.

1.2 Context

NOS’ call center is divided into two distinct lines: the general and the technical line. The
general line handles a wide range of customer inquiries, including billing questions, contract

changes and other non-technical issues. The technical line, on the other hand, specializes in
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resolving technical issues, such as network issues, service interruptions or other technical dif-
ficulties. One of the key challenges within their technical line lies in managing the volume
of clients who repeatedly contact the call center to address ongoing issues. These recurrent
callers, here referred to as “relapsing callers”, not only burden the call center’s operations but
also pose a significant risk of client dissatisfaction and potential churn. To address this press-
ing issue, NOS has established a specialized unit, the Detractor Squad, dedicated to handling
calls from clients with a history of unresolved issues on the technical line. This unit is specif-
ically designed to manage both relapsing clients and first-time callers who present particularly
complex problems. By providing tailored solutions, the Detractor Squad aims to resolve these

challenging cases and prevent further relapsing.

Managing the workload of the Detractor Squad effectively is critical. By resolving customer
issues and preventing future calls customer satisfaction and retention are enhanced, supporting
NOS’ broader goal of maintaining a competitive edge in the telecommunications sector. Beyond
that, there are also financial benefits, as the Detractor Squad contributes to significant cost

savings.

A significant challenge in this process is that relapsing clients do not all experience their issues
on the same day, making it difficult to forecast the daily workload for the Detractor Squad.
The optimal workload for the squad corresponds to a specific number of calls handled per day,
referred to as the operational target of daily calls. Achieving this target requires balancing the

risks of overestimating or underestimating the workload, which will be addressed later.

To address this difficulty of balancing workload and determining when clients should be redi-
rected to the Detractor Squad, NOS implemented a two-stage approach. The first stage involved
the use of a classification model to assign each client a daily score between O and 1, reflecting
the likelihood of them calling within the next 15 days. These scores were compiled into a list,
with clients being prioritized based on their score. Once the likelihood scores were calculated,
a time series model was used to forecast the optimal number of clients to flag each day from
the ordered list. A flagged client is one identified as having a high probability of making a call,

allowing their calls to be automatically prioritized and redirected to the Detractor Squad for ex-



pedited resolution. Since flagged clients might not place their calls on the exact day predicted,
the optimal number of clients to flag each day was not fixed and did not directly correspond
to the operational target for daily calls. Such variability had to be accounted for by the model.
Each forecast was conducted two days in advance to allow for potential operational adjustments

based on the prediction.

By combining the outputs of the classification and the time series forecasting model, NOS
seeked to direct the appropriate number of calls to the Detractor Squad, ensuring more effective
intervention, resource allocation, and ultimately, increased operational efficiency. Accurately
estimating the volume of clients to redirect was crucial to ensure the optimal utilization of
the Detractor Squad. Both overestimation and underestimation could lead to inefficiencies.
Overestimating the number of clients to flag can lead to redirecting calls that do not need the
Detractor Squad’s attention. These calls occupy slots that could otherwise be allocated to calls
that truly require intervention. An underestimation, on the other hand, results in the Detractor
Squad having insufficient calls to handle, leading to periods of inactivity. These idle moments
are a financial burden, as the team incurs costs without adding value. Since the cost of idle time
in the Detractor Squad is higher than the potential cost of clients needing to call again because

they were not properly advised initially, overestimation is preferred.

1.3 Dataset

The work presented in this thesis, comprising the group section that describes the work done

within the Business Analytics Masters’ Project-Based Learning program, which will be further

introduced in section (1.5 (Project-Based Learning Project), and the four individual parts rely on

historical, pseudo-anonymized data from NOS’ call center, covering the period from May 31,
2023, to September 29, 2023. Throughout this timeframe, over 2 million calls were treated by

NOS’ call center with more than 1.5 million clients.

Almost 20% of all the clients were relapsing at least once during the period, highlighting the
business challenge at hand. From a model performance perspective, the existing predictive

model did not fully meet its objectives, directing fewer than the target established for the De-



tractor Squad. This discrepancy indicates that, on average, the Detractor Squad has the capacity

to handle a greater volume of calls, highlighting the need for model optimization.

One key variable in this dataset for this task is the aforementioned score for each client, reflect-
ing the likelihood of a client calling within the next 15 days and generated by NOS’ existing
classification model. Additionally, information on whether the client made a call on the pre-

ceding day is included, which is crucial for defining the target variable, as explained further in

section [1.5.1 (Target Variable and Data Preprocessing)l Furthermore, this data captures vari-

ous aspects of client interactions and service usage, along with past call center statistics, which

play an important role in the multivariate models used in this project as described in section

[1.5.3.2.4 (Multivariate Models)| and in feature engineering discussed in section [1.5.2 (Feature

In terms of client interactions, the dataset provides detailed records of calls answered by the
call center, including attributes such as the teams handling the calls, call duration, hold times,
and the number of transfers involved. Regarding service usage it contains information about
the outcomes of house visits by service professionals, including metrics such as wait times for
service and the occurrence of the visits. The past call center statistics are organized across
multiple time intervals, ranging from a few days to multiple years. These statistics encompass
a variety of metrics, such as the number of calls made during each time frame, the total time
spent on calls, total hold time, and a heuristic score that assigns greater weight to more recent

calls.

1.4 Literature Review

This section provides a comprehensive overview of the methods, models, and advancements in
time series forecasting relevant to this study. Starting with a general exploration of time se-
ries forecasting, it examines the foundational theories, statistical models, and machine learning
techniques that have shaped this field. Specific attention is then given to the application of time
series forecasting in call centers, highlighting the models used to predict call volumes and opti-

mize operations. Finally, the section discusses the challenges of forecasting with small datasets



and examines why neural networks may not be suitable in such contexts, setting the foundation

for the methodological choices made in this study.

1.4.1 Time Series Forecasting

To effectively manage the dynamic nature of relapsing callers and accurately predict daily call
volumes, time series forecasting becomes an essential tool. By analyzing historical data pat-
terns, these methods can assist in anticipating future call volumes (Bastianin, Galeotti, and

Manera 2019), thereby optimizing call center operations within the Detractor Squad.

A time series is a sequence of data points recorded at successive points in time (Chatfield 2000).
The observations are collected over intervals of time scales such as seconds, minutes, hours,
days, months, or years. Each observation y; represents a value measured at a specific time ¢ and

the series (y1,y2,. . . »Yr.) captures how these values evolve over time (Hamilton |1994).

The task of time series forecasting is then defined as the attempt to predict data points in this
series that are not yet observed, y,, with s > f,«, by leveraging statistical properties present
in the historical data up to time #,5x. These methods rely on historical values of the series,
also known as lagged values, and may incorporate external factors or explanatory variables to
improve accuracy (Chatfield 2000). The ultimate goal is to analyze the underlying structure of
the data, such as trends, seasonality, cyclicity, and irregular fluctuations, to generate meaningful

forecasts (Koopman and Lee 2009).

Trends represent long-term directional movements in the data, such as persistent increases or
decreases over time (Wu and Zhao 2007). Seasonality captures recurring patterns at fixed inter-
vals, such as daily, monthly, or yearly variations, while cyclicity reflects longer-term oscillations
possibly driven by factors like economic or environmental cycles (Davey and Flores [1993). Ir-
regular fluctuations, on the other hand, account for random, unpredictable variations that cannot
be explained by these systematic components (Zhang, Ng, and Na[2020). These principles make
time series forecasting applicable in fields like finance (e.g., stock prices), economics (e.g., GDP
growth rates), and meteorology (e.g., temperature records), where the primary goal is to uncover

and understand the underlying structure of the data (Yildiz and Kundakcioglu 2024).



Time series forecasting is a well-established field with a long history of development. Numerous
methods and algorithms have been developed to address the task of time series forecasting.
However, no single model can consistently provide the best forecasting results for all types of
time series data due to the inherent complexity of the data. Additionally, the diverse range of
use cases across different fields introduces unique characteristics and challenges that further

complicate the forecasting process (Allende and Valle 2016).

Driven by advances in both statistical methods and computational power, the field of time se-
ries forecasting has evolved significantly over the past century. One of the first milestones was
achieved when Yule 1927 introduced the concept of stochasticity in time series. Building on
this foundation, researchers such as Slutsky, Walker, Yaglom, and Yule formulated the con-
cepts of autoregressive (AR) and moving average (MA) models, which enabled the modeling

of dependencies in sequential data (De Gooijer and R. J. Hyndman [2006).

In the 1950s and 1960s, exponential smoothing methods emerged as a popular approach for time
series forecasting. These methods, introduced by Brown |1959, Healy and Brown |1964, Holt
2004, and Winters |1960, gained popularity for their simplicity and effectiveness in handling
trends and seasonality. Exponential smoothing assigns exponentially decreasing weights to past
observations, emphasizing more recent data, and is often used to complement other forecasting

techniques (Brown 1959, Healy and Brown |1964, Holt 2004, Winters 1960).

In 1970, Box and Jenkins developed the Autoregressive Integrated Moving Average (ARIMA)
model, marking a significant breakthrough in time series forecasting. ARIMA provided a frame-
work for modeling non-stationary time series through differencing and the combination of AR
and MA components (Box et al. [2016). This model specifically addresses the issue of non-
stationarity by incorporating a differencing term, which represents the number of differencing
operations required to achieve stationarity, thereby simplifying the complexities within time se-
ries data (Shumway and Stoffer2017)). To specifically address seasonal variations, the Seasonal
Autoregressive Integrated Moving Average (SARIMA) model was subsequently developed, ex-
tending the ARIMA framework by incorporating seasonal differencing as well as seasonal au-

toregressive and seasonal moving average components (Box et al. 2016, Chapter 9).



Building on the foundational advancements of ARIMA and SARIMA, the integration of exter-
nal information further enhanced the flexibility of time series models. The development of the
Seasonal Autoregressive Integrated Moving Average with Exogenous Variables (SARIMAX)
model extended the SARIMA framework by allowing the inclusion of external factors that in-
fluence the time series (Korstanje 2021a). By accounting for these exogenous influences, SARI-
MAX provided a versatile tool for handling complex, real-world data. Vagropoulos et al.|[2016
demonstrated that SARIMAX can outperform SARIMA in day-ahead forecasting, showcasing

its competitiveness with other established methods.

The late 20th century saw the emergence of machine learning models for time series forecast-
ing, introducing a new paradigm. Ensemble methods gained prominence due to their ability to
model non-linear relationships (Connor, Martin, and Atlas|1994, Chakraborty et al.|1992). They
combine the predictions of multiple weak learners to create a more accurate model (Dietterich
2000). Extreme Gradient Boosting (XGBoost), introduced by Chen and Guestrin 2016|is one
example of this class of models, which iteratively refines predictions through weighted correc-
tions of prior errors. The incorporation of regularization mechanisms helps mitigate overfitting,

making it particularly effective in complex forecasting tasks (Biihlmann 2012).

In parallel, advancements in deep learning have further expanded the forecasting toolkit. Long
Short-Term Memory (LSTM) networks, introduced by Hochreiter and Schmidhuber (1997, ad-
dressed key limitations of traditional neural networks in handling sequential data. By capturing
long-term dependencies in time series, LSTM has become a cornerstone of modern deep learn-
ing applications in forecasting. These models have significantly advanced the field, enabling
robust handling of complex temporal patterns and non-linear relationships (LeCun, Bengio,

and Hinton 2015)).

In the early 2000s, the Theta model gained recognition for its simplicity and robustness (Vas-
silis Assimakopoulos and Nikolopoulos 2000). This model was particularly highlighted during
the M3-competition, a renowned forecasting competition aimed at evaluating the accuracy and
utility of various time series forecasting methods (De Gooijer and R. J. Hyndman 2006, Chapter

2.2). This model decomposes de-seasonalized data into two “Theta lines”: the first emphasizes
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the long-term trend by completely smoothing the curvature, while the second amplifies cur-
vature to capture short-term dynamics. These components are recombined to create a robust
forecast that balances long-term and short-term patterns effectively. The model is particularly
notable for its simplicity and adaptability across different time series characteristics (Vassilis

Assimakopoulos and Nikolopoulos [2000).

More recently, in 2017, Facebook’s Data Science Team introduced the Prophet model (S. J.
Taylor and Letham 2018)). Designed for practical use, Prophet employs a decomposable frame-
work incorporating trend, seasonality, and holidays, making it particularly effective for time
series with irregularities such as missing data or outliers (Vishwas and Patel 2020). With its
intuitive interface and flexibility, Prophet allows users to adjust parameters without requiring an
extensive understanding of the underlying model (S. J. Taylor and Letham 2018)). Its multivari-
ate capabilities also enable the simultaneous analysis of multiple variables (F. Wang and Aviles
2023)) and the incorporation of exogenous variables (Shumway and Stoffer[2000), enhancing its

predictive power in complex scenarios (R. Hyndman and Athanasopoulos 2012).

1.4.2 Time Series Forecasting at Call Centers

Given its versatility, time series forecasting has been extensively applied to predict call cen-
ter arrivals, where accurate predictions are vital for optimizing staffing levels and managing
resources efficiently. Early studies primarily employed classical statistical models, such as
SARIMA and exponential smoothing methods, which can capture basic trends and seasonality
in call arrival data (J. W. Taylor 2007, Petropoulos et al. 2022, Chapter 3.8.4.). However, the
evolution of forecasting mirrors broader trends in the field, shifting towards more advanced ma-
chine learning techniques. Particularly, deep learning models, such as LSTM and its variants
have shown promise in handling large-scale call center datasets and complex temporal depen-

dencies, providing more robust predictions (Torres et al.[2021, Lim and Zohren 2021)).

1.4.3 Time Series Forecasting in Limited Size Datasets

In both the general introduction of time series forecasting and the more specific discussion on

its application to predicting call center arrivals, a clear trend emerges: the increasing reliance
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on neural networks and deep learning models.

As highlighted by LeCun, Bengio, and Hinton 2015, neural networks, however, require large
datasets to train effectively because they need a substantial amount of data to properly adjust
their numerous parameters and avoid overfitting. “Overfitting occurs when the gap between the
training error and test error is too large” (Goodfellow, Bengio, and Courville 2016, Chapter
5, p. 110) implying that the model learns not only the underlying patterns in the data but
also the noise, which leads to poor generalization to new, unseen data. In the case of neural
networks, this issue is particularly pronounced because these models have a large number of
parameters that need to be adjusted. Moreover, pretrained neural networks, despite containing
a significant number of non-learning neurons, face similar challenges, as they can still struggle

with overfitting when insufficient data is provided.

1.5 Project-Based Learning Project

To address the challenge of predicting the optimal volume of customers to flag each day for
the Detractor Squad as introduced in the Project-Based Learning (PBL) program
was undertaken. PBL is a pedagogical approach in which students are actively engaged in
real-world projects, applying their knowledge and skills to solve concrete problems. It offers
a hands-on learning experience that bridges the gap between theory and practice. Through the
PBL program, the opportunity was provided to delve deeper into the second stage of NOS’
two-stage approach: the time series forecasting model used to determine the daily number of
customers to flag. Specifically, efforts were focused creating a model that outperforms the
ARIMA (1,0, 1) model currently implemented by NOS for this purpose, on the time series data

at hand. This section presents a detailed overview of the PBL project and its outcomes.

1.5.1 Target Variable and Data Preprocessing

As outlined in section 1.2 (Context)] the objective of the PBL project was to predict the optimal
volume of customers to flag each day for the Detractor Squad. However, the dataset, as detailed
in section (1.3 (Dataset)|, was structured at the client level rather than daily granularity, resulting

in the absence of a suitable target variable. Consequently, the initial step within the PBL pro-
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gram involved the transformation of the dataset into daily granularity to establish an appropriate
target variable. Considering that the Detractor Squad exclusively manages inbound calls, which
are calls initiated by clients, the dataset was filtered to eliminate any records of outbound calls,
1.e. calls initiated by NOS’ call center. Furthermore, since the Detractor Squad does not operate
on weekends, any records from weekends were also excluded from further analyses. The result-
ing target variable, representing the number of people to flag in order to meet the daily target of
actual calls for the Detractor Squad, is shown in figure[I]

Target Variable over Time

Number of clients to flag

Figure 1: The target variable [#clients to flag] plotted over time

The x-axis represents the time period from May 31st to September 29th, 2023, while the y-
axis shows the number of clients flagged. From the start of the dataset until late July, the figure
displays a spiky pattern. Notably, during this period, clear seasonality was observed since spikes
predominantly occurred on Mondays. Nevertheless, the final spike from that period deviated
from this pattern by occurring on a Tuesday. Through close collaboration with NOS, these

extreme spikes were identified as outliers in the target variable.

Following the initial spiky phase, a more stable pattern emerged from late July through the end
of September. This stability, punctuated by only a couple of smaller spikes, all occurring on a

Tuesday, was, according to NOS, more representative of the overall behavior of the data. A no-
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table feature of this dataset was the massive spike in the target variable at the end of the provided
time series. This abrupt increase could signify a seasonal shift, a change in client behavior, or an
external event impacting the number of clients needing attention. Similar to the extreme spikes
observed during the previously mentioned spiky period, this spike was considered an outlier,

confirmed by NOS.

1.5.2 Feature Engineering

Feature engineering was conducted following the same logic as the computation of the target
variable, with daily-grouped features being created from the original, more granular data. Since
the objective was to predict the number of clients to flag each day, variables that could im-
pact call volume and behavior were prioritized. The business expertise provided by NOS was

invaluable in guiding decisions regarding the selection of variables.

The features deemed most important included call duration, hold time, total number of calls
to the technical line, and client score. Call duration referred to the length of each interaction,
while hold time indicated the duration clients spend waiting for assistance. The client score,
as already outlined in section reflected the likelihood of a client calling within
the next 15 days. Additionally, information extracted from the date, such as the weekday and

month, were also considered significant.

Importantly, rather than relying on a single metric for these variables, their daily sum, mean,
and standard deviation were employed, providing a more comprehensive representation of daily

patterns in the dataset.

1.5.3 Methodology

1.5.3.1 Target Capping

As mentioned in section [1.5.1 (Target Variable and Data Preprocessing)| and evident in figure

[I} the target variable exhibits both numerous and extreme outliers. This resulted in a spiky
pattern from the start of the dataset until late July, along with a significant spike at the end of the

dataset. The high quantity of extreme outliers was observed to distort the model’s understanding
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of typical patterns, leading to inaccurate predictions and an inability to generalize effectively to
the underlying data distribution. Consequently, strategies such as capping the target variable,
were implemented to mitigate the adverse effects of outliers and enhance overall predictive

accuracy.

Capping started by identifying these extreme values using an Interquartile Range (IQR) tech-
nique (John W. Tukey 1977) with a multiplier of 1.5. The IQR represents the central 50% of the
data, i.e. the range between the first and third quantiles. Any point outside 1.5 times the IQR

above the third quantile or below the first quantile was considered as an outlier.

After identifying the outliers, these extreme values were adjusted to the maximum value in the
non-outlier data. However, the difference between the original outliers and the capped values
was not entirely discarded. Instead, the difference was scaled down by 20%, preserving some of
the relative size of these spikes to ensure that the pattern of variability in the data was maintained

while diminishing their impact.

The chosen hyperparameters for IQR multiplication and scaled difference resulted from simple
experimentation with various combinations to identify the optimal configuration. Figure [2]il-
lustrates the impact of capping on the operational target. The blue line represents the original
operational target, whereas the red line indicates the capped version. The capping effectively
reduced the magnitude of extreme spikes while preserving the overall structure and trends of

the data, ensuring a more stable and practical input for forecasting models.

1.5.3.2 Introduction of the Models Deployed

During the project, a structured three-step approach was employed, progressing from baseline
models to univariate models, and finally to multivariate models. This systematic progression

enabled an incremental increase in complexity.
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Target Variable Before and After Capping

1 — Target
—— Capped Target

Number of clients to flag

20230601 20230615 2023-07-01 202307-15  2023-08-01 20230815  2023-09-01 20230915  2023-10-01
Date

Figure 2: Impact of the capping on the target variable

1.5.3.2.1 Limitations due to Small Dataset

As discussed in section the time series available spanned from May 31, 2023, to

September 29, 2023, covering only 122 days. Once weekends were excluded, as mentioned in

section [1.5.1 (Target Variable and Data Preprocessing), the dataset was further reduced to 88

days. This posed a challenge for the analysis since time series are characterized by recurring
seasonal trends (R. J. Hyndman and Athanasopoulos2018a). With only four months of data and
given the daily granularity, complete seasonality was absent, and the diversity of observations
was limited, making it difficult to capture these trends and generate accurate future predictions.
Additionally, the small dataset increased the model’s sensitivity to outliers, complicating the
distinction between significant signals and noise. This further encouraged overfitting, which

compromised the model’s ability to generalize to new data (Shumway and Stoffer 2000).

Moreover, as highlighted in section |1.4.3 (Time Series Forecasting in Limited Size Datasets),

neural networks, while powerful, require large datasets to avoid issues such as overfitting, where
the model learns the noise rather than the underlying patterns. Given these constraints and

the risk of poor generalization with small datasets, the focus during the PBL program was
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not placed on complex neural networks but rather on simpler models with fewer, more easily
tunable parameters. This approach was adopted to mitigate the risks associated with limited

data and to develop models that were more stable and reliable for the analysis.

1.5.3.2.2 Baseline Models

The initial focus was placed on establishing baseline models that served as an essential point
of reference for the performance of subsequent, more sophisticated models. The first baseline
model predicted the next value by using the average of data from a fixed window of past time

points.

As discussed in section [1.5.1 (Target Variable and Data Preprocessing), consistent patterns in

the data corresponding to specific weekdays were identified. This observation led to the im-
plementation of the Weekday Average model, which was designed to capture these recurring
patterns. While effective at highlighting significant peaks, this model also revealed the chal-
lenges posed by abrupt changes in the data, such as the spiky pattern from late May to late July,
followed by a period of stability extending through September. The model’s sensitivity to such
fluctuations emphasized the need to evaluate the stability and consistency of predictions, in ad-

dition to traditional error-based metrics. This dual focus on correctness and consistency, which

is further explored in section|1.5.3.3 (Model Evaluation Criteria) became a critical aspect of the

modeling approach.

In addition to these models, ARIMA (1,0, 1) was incorporated, recognizing its significance as
the model currently employed by NOS. By comparing the results with this model, potential
advancements in the performance of the attempted approaches could be highlighted. Thus, this
model served as the most important benchmark throughout the project and was referred to as

the “NOS Benchmark” throughout the project.

Throughout the baseline phase, an embed size of 30 was consistently utilized, aligning with
the configuration currently used by NOS. This embed size defined the maximum training win-
dow for each iteration of the temporal cross-validation (TCV), where the training set iteratively

grew each day until it reached the predetermined embed size and then remained fixed. A more
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detailed explanation of the TCV approach is provided in section [1.5.3.3.4 (Temporal Cross|

1.5.3.2.3 Univariate Models

In the second phase, univariate time series analysis was conducted, and several prominent mod-

els were applied to capture different patterns and trends in the data.

The univariate analysis was initiated with the ARIMA model, as this model specifically ad-

dressed the issue of non-stationarity by incorporating a differencing term, as mentioned in sec-

tion [1.4.1 (Time Series Forecasting). Given the pronounced fluctuations and the absence of a

constant mean or variance in the dataset, the differencing component was pivotal in addressing

these irregularities.

The limitation of having only 88 days of data, constrained the ability to identify long-term
trends and seasonal effects. Despite this limitation, ARIMA models are generally still effective
in capturing short-term dependencies (Shmueli and Polak 2024, Box et al. 2016) aligning with

the objective of predicting two workdays ahead.

While ARIMA is generally effective for non-seasonal data, the SARIMA model was adopted

to enhance the analysis due to the periodic patterns observed in the dataset, outlined in sec-

tion [1.5.1 (Target Variable and Data Preprocessing)l By addressing these periodic patterns,

SARIMA proved valuable for datasets with recurring fluctuations (Box et al. [2016), such as

the ones at hand. The need to account for the cyclical behaviors, which motivated the intro-

duction of the Weekday Average model, as discussed in section [1.5.3.2.2 (Baseline Models)|

highlighted the importance of accurately modeling consistent patterns over time. This approach
allowed seasonality to be explicitly accounted for and the periodic patterns, critical for accu-

rately modeling consistent behaviors, to be captured.

To complement the SARIMA model, Exponential Smoothing was also applied, leveraging its
adaptability to respond effectively to shifts in data patterns. This approach ensured sensitivity

to short-term changes in the time series, enhancing forecast accuracy.
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The last univariate model that was implemented was the Theta model, due to its adaptability
across different time series characteristics (Vassilis Assimakopoulos and Nikolopoulos 2000).
Notably, this model was also employed at NOS prior to their adoption of the ARIMA (1,0,1)
model, thereby providing a compelling rationale for its implementation in this comparative

analysis.

1.5.3.2.4 Multivariate Models

Besides tackling univariate modeling, the project also involved exploring multivariate models to

capture potential relationships within the data that simpler univariate models could have missed.

The first multivariate model deployed was a multivariate extension of the SARIMA model,
SARIMAX, as it is a natural progression from the univariate econometric models ARIMA and
SARIMA, discussed in the previous section. Furthermore, this model offers greater flexibility
when dealing with complex time series data, which was particularly relevant given the nature

of the time series (Korstanje 2021a).

Following SARIMAX and continuing along the multivariate time series modeling trajectory,
Prophet was selected due to its capability to handle data with various components such as trend,
seasonality, and holiday effects (S. J. Taylor and Letham 2018). This feature is particularly
advantageous given the cyclical nature of the dataset. Additionally, the model is known for
efficiently handling outliers and offering fast model fitting (Vishwas and Patel 2020), making
it a suitable choice for addressing the spiky patterns present in the data and the need for daily

forecasts.

After exploring time series models such as SARIMAX and Prophet, a transition was made to
machine learning approaches to explore an alternative technique and potentially achieve im-
proved results. The final multivariate model considered was XGBoost, chosen for its ability
to capture the complexity of the data (Y. Wang and Guo 2020). Moreover, it effectively miti-
gates overfitting through regularization (Chen and Guestrin2016)), addressing the generalization

preferences highlighted by NOS.
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1.5.3.3 Model Evaluation Criteria

An inappropriate choice of evaluation metrics can adversely impact the entire model lifecycle,

from development to deployment. As mentioned in section [1.5.3.2.2 (Baseline Models)] the

importance of a dual approach that balanced both performance and consistency was demanded
by NOS. From a performance perspective, the model was required to accurately predict the daily
call volume for the Detractor Squad, ensuring that relapsing clients received adequate attention.
On the consistency side, the model needed to deliver stable predictions that minimized day-to-
day fluctuations in call volume, supporting a balanced workload for the Detractor Squad and
ensuring operational efficiency. This dual focus ensured that both the immediate demands of

relapsing clients and the long-term sustainability of team performance were addressed.

1.5.3.3.1 Measurement Variable

The target variable, which represented the number of clients to flag each day, did not align well
with the operational reality of the Detractor Squad. Since their workload was determined by
the number of calls they handled daily, using flagged clients also as a measurement variable,
i.e., the variable on which the evaluation metrics are based, became impractical. Given that not
all flagged clients would initiate calls, relying on flagged client predictions led to significant
discrepancies in the resultant call volume. A model might indicate a need to flag many clients,
but this does not necessarily correlate to a similar increase in the actual number of calls received.
This inconsistency complicated the evaluation of the model’s true effect on the Detractor Squad.
To address this, a new measurement variable was introduced, representing the number of daily
calls resulting from flagging a specific number of clients. To determine the number of clients
that should have been flagged to align with operational requirements, the daily ordered list of
client scores was used, along with the column indicating whether each client made a call on
that specific day. The list of clients who made a call was then progressed through until the
desired call volume was reached, thereby meeting the operational needs. The same approach
was applied to calculate how many calls would have resulted from the model’s predictions. This

adjustment provided a more relevant and practical assessment of the model’s performance, as it
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allowed for direct comparison with the operational call volume requirements.

It is important to clarify that the target variable remained the number of clients to flag each
day. The daily call volume requirement for the Detractor Squad solely served as a measurement
variable for evaluating the model’s performance. Therefore, while the models were required to
predict the number of clients to flag, the error and smoothness metrics were calculated based on
the actual number of calls received, reflecting a more meaningful assessment of model perfor-

mance. These metrics will be explored in the subsequent section.

1.5.3.3.2 Evaluation Metrics

To evaluate the models, two distinct metrics were employed in line with the dual approach

outlined in section [1.5.3.3 (Model Evaluation Criteria)l To assess performance, the Mean Ab-

solute Percentage Error (MAPE) (Korstanje 2021b) was selected. This metric was chosen due
to its ability to present errors in relative terms rather than absolute values, enabling consistency
across varying data scales and ensuring reliable comparative evaluations. Moreover, MAPE was

already in use by NOS for this particular problem, aligning the approach with existing practices.

The Smoothness Index (SI) was selected as the metric to assess stability. Defined as the Mean
Squared Differences divided by the Variance of the observations, the SI measures the variability
between predictions. This metric, developed by the PBL team and validated in collaboration
with NOS, was used to track the model’s stability and consistency throughout the forecasting
process. Monitoring the SI ensured that the Detractor Squad’s workload remained relatively

consistent, minimizing significant fluctuations in day-to-day operations.

1.5.3.3.3 Best Case Scenario

As discussed in section overestimating call volumes was prioritized by NOS
rather than underestimating them, given the higher cost associated with idle time in the Detractor
Squad. To reflect this preference, a tolerance of 50 calls above the daily operational target was

established in collaboration with NOS, creating a target-tolerance band, as shown in figure [3]
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Any forecast that fell within this specified range was deemed to be ideal, representing what

was referred to as the “best-case scenario”. If forecasts fell just below the target by one call
or exceeded the upper tolerance threshold by one call, both instances were considered equally
distant from the best-case scenario, underscoring the emphasis on overestimation.

Target Variable and Tolerance over Time
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Figure 3: Target-Tolerance Band

This approach not only aligned with the operational preferences of NOS but also provided a
structured framework for evaluating the performance of the forecasting models. By establishing
a clear definition of what constituted an optimal outcome, the degree to which each developed
model approached the best case scenario could be assessed. Consequently, the results presented

in this study consistently indicate the degree to which each model deviated from the “best-case

scenario”.

1.5.3.3.4 Temporal Cross Validation

To evaluate the effectiveness of a predictive model, it was crucial to ensure that the model
performed well not only on the data used for training but also on new, unseen data. To achieve

this, a common approach involved splitting the available data into separate subsets, allowing
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the model to be trained on one part while being tested on another. This idea formed the basis
of what is known as cross-validation (Berrar et al. 2019), a technique where the data is divided
into multiple subsets, or folds, and the model is trained and tested across different combinations

of these subsets.

In time series data, cross-validation is not appropriate because the data has a natural time order
(Cerqueira, Torgo, and Mozeti¢ 2020, Bergmeir and Benitez 2012, Falessi et al. 2020). Ran-
domly splitting the data for cross-validation could produce misleading results, as training on
future data and testing on past data could lead to data leakage and compromise the evaluation’s
validity. Instead, techniques like forward validation, introduced by Hjorth |1994, were used to

respect the time order by only using past data to predict future outcomes.

The core concept of these techniques revolve around the rolling window approach. This method
begins by selecting an initial subset of data and then progressively shifts the window forward
with each prediction iteration. It is crucial to note that a predetermined embed size, established
as a hyperparameter, must be defined before implementing this method (Bergmeir and Benitez

2012).

By training on successive subsets of data rather than the entire dataset, the model was able to
adapt to evolving temporal patterns, hence mitigating the risk of overfitting (Berrar et al. 2019),

a significant concern given the size of the dataset.

Therefore, to validate the models, temporal cross-validation (TCV) was developed, drawing
inspiration from forward validation. In TCYV, an initial split was made where the training set
comprised data from one day, and the test set consisted of data from two days ahead, aligning

with NOS’ request for predictions to be made two days in advance, as explained in section [I.2]

As the process progressed, each new split incorporated the previous test set into the training set,
which then expanded sequentially by one day. Once the training set reached the predetermined
embed size, the process continued by rolling the window forward. A visualization of the TVC,

given an embed size of 15 is shown in figure ] below.
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Figure 4: Visualization of the Temporal Cross Validation given an embed size of 15

1.5.3.3.5 Evaluation Window

The implementation of temporal cross validation introduced a new challenge. While optimal
performance was achieved by various models with different embed sizes, this variation in win-
dow size led to an unequal number of predicted data points across models.While various mod-
els may achieve optimal performance with different embed sizes, this variation in embed size
could lead to an unequal number of predicted data points across models. Consequently, when
comparing model performance, this discrepancy could introduce bias, potentially skewing the

evaluation results.

To address this issue, model performance was tracked for the last 40 days based on two key
factors. First, all models were developed using an embedding size of 30 days or less due to the
dataset’s limited size, which prevented capturing meaningful seasonality patterns with larger

embedding sizes. Second, the initial period from May to July exhibited a spiky pattern, as

noted in section|1.5.1 (Target Variable and Data Preprocessing)l while the last 40 days provided

a more representative view of typical operational patterns, a characteristic confirmed by NOS.

Furthermore, the final day was excluded from the metrics analysis, as it was considered an

outlier that could have disproportionately affected the metrics and led to misleading results,

as discussed in section [1.5.3.1 (Target Capping)l This approach ensured that all models were

evaluated on 39 predictions, allowing for fair and unbiased comparisons while mitigating the

impact of outliers.



1.5.3.3.6 Tailored hyperparameter tuning

To optimize the performance of the models, grid search was employed, a hyperparameter tuning
method widely used in data science. This approach exhaustively explored a pre-defined subset
of hyperparameter combinations for the model it was applied to. By evaluating every possible
configuration, grid search determined the optimal parameters that delivered the best results

according to a specific metric.

In this case project, a customized version of grid search was required that could first accommo-
date variable parameters and embed sizes, and secondly, allow comparisons of different metrics,
aligning with the aforementioned dual approach. As mentioned in the previous section, outliers
were consistently excluded from the metric calculations to ensure the integrity of the MAPE

results.

In conjunction with grid search, the multi-objective optimization problem was tackled by em-
ploying the concept of Pareto Efficiency, named after the Italian economist Vilfredo Pareto
(Ehrgott 2012, Pindyck et al. 2018, Chapter 16.2). A model’s outcome is Pareto efficient if any
possible reconfiguration of the hyperparameters would lead to a deterioration in at least one
metric (Yao et al. 2023)). In this context, reducing MAPE required adjustments of the hyperpa-
rameter configuration, which, in turn, would have led to a less favorable SI, and vice versa. All
these Pareto efficient configurations collectively formed the so-called Pareto Frontier. By focus-
ing on this frontier, non-Pareto efficient points that did not contribute to the goal of achieving

an optimal balance between MAPE and SI were disregarded.

This approach enabled the identification of the most promising hyperparameter configurations
while also providing a deeper understanding of the trade-offs inherent in the model’s perfor-

mance.

1.5.4 Results from PBL

In this analysis, the performance of the forecasting models was evaluated by comparing them
to the established benchmark, providing a clear assessment of their effectiveness and potential

impact on NOS’ operations. To guide model selection, Pareto frontiers were created for each
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model, highlighting configurations that achieved the optimal balance between MAPE and SI.
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Figure 5: Pareto frontier PBL

Figure [5] provides a visual comparison of all algorithms and their respective tested configura-

tions through the application of the Pareto-frontier concept, as introduced in section

[(Tailored hyperparameter tuning)] Figure[Sa)illustrates the Pareto-efficient configurations within

each algorithm, while figure[Sb|presents the overall Pareto-frontier (OPF), indicated by the black
dashed line, encompassing all configurations tested. In both panels, each algorithm was distin-

guished by a unique color. To indicate whether configurations incorporated the target capping

concept, introduced in section|1.5.3.1 (Target Capping)} different marker shapes were employed

where circles denoted configurations based on non-capped data, whereas triangles represented

configurations based on capped data.

In general, figure [5|demonstrated that increased stability often came at the expense of predictive
power. Along the OPF, starting from the top, econometric univariate models such as ARIMA
and SARIMA dominated, indicating that these models performed well in terms of forecast
precision, achieving lower MAPE values, but exhibited high instability. Further down the OPF,
the SARIMA model continued to appear, reflecting its ability to achieve strong results with low

MAPE values while outperforming the majority of other algorithms in terms of stability with
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lower SI values. Toward the lower end of the OPF, Prophet models were followed by ARIMA
models, which demonstrated the best performance in terms of stability but tended to sacrifice

precision, as reflected in higher MAPE values.

Notably, the NOS Benchmark model, represented by the black x and positioned in the low SI
and high MAPE region, did not appear on the OPF. This absence suggested that, compared to
the other models, it failed to achieve the optimal balance between MAPE and SI. Consequently,
selecting any model from the OPF offered a more effective solution for the forecasting task

related to call center arrival predictions than the benchmark currently utilized by NOS.

1.5.4.1 Deployable Solution

In the pursuit of identifying the most practical model for deployment, it was essential to se-
lect a configuration that achieved the optimal balance between MAPE and SI. The SARIMA

[(2,0,1),(0,0,1,20)] configuration with a 20-day embed size, combined with the target cap-

ping method introduced in section [1.5.3.1 (Target Capping)} is illustrated by the red-outlined

point in figure[5| From here on referred to as the deployable solution, this configuration deliv-
ered a MAPE of 6.89 with an SI of 1.44. Compared to the NOS Benchmark, with a MAPE of
13.68 and SI of 0.83, this represented a 49.6% reduction and a 73.5% increase, respectively.
Although the increase in SI appeared considerable, the substantial reduction in error reflects a
more favorable trade-off for the application at hand, prioritizing predictive accuracy over sta-

bility.
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Figure 6: Performance of the Deployable Solution - PBL
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Figure [6] visualizes the performance of the deployable solution. As established in section [I.5.1]

|(Target Variable and Data Preprocessing)| the primary challenge for this forecasting task, given

the dataset, was the abrupt transition in patterns from spiky to non-spiky.

Figure [64] illustrates the performance of the NOS Baseline model and the deployable solution

on the target variable, defined in section [1.5.1 (Target Variable and Data Preprocessing)| as the

number of people to flag. During the transitional period of the time series, the deployable solu-
tion demonstrated a faster adaptation to the non-spiky pattern compared to the NOS Benchmark

model. Further, @], which illustrates the performance on the measurement variable, defined in

section [1.5.3.3.1 (Measurement Variable)| as the number of calls, shows that the deployable

solution’s predictions were closer to the target-tolerance of the measurement variable in most

cases, which was quantified in the reduction in MAPE.

In conclusion, this SARIMA configuration provided a well-balanced trade-off between mini-

mizing error and ensuring a manageable level of forecast variability.

1.5.4.2 Build-Onto Solution

As established, the deployable solution offered the best trade-off between MAPE and SI on
the given dataset. However, the limitation regarding dataset size made a full optimization of
the multivariate models infeasible. Therefore, due to the significance of this issue for call
center operations, as discussed in section [1.2 (Context), a multivariate “build-onto” solution
was provided alongside delivering the deployable solution, intended to serve as a foundation

for further refinement and optimization if additional data becomes available.

Among the multivariate models evaluated, the XGBoost model demonstrated the lowest MAPE
values observed throughout the project. The chosen configuration of the XGBoost algorithm
is represented by the blue-outlined point in figure [5] This model employed 35 estimators, an
absolute error regression objective, a maximum depth of 25, an L1 regularization term of 0.1,
and a 10-day embed size. It achieved a MAPE value of 7.5, representing a reduction in error of
more than 45% compared to the NOS Benchmark, highlighting its strong predictive accuracy.

However, the XGBoost configuration recorded an SI value of 1.76, one of the worst perfor-
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mances regarding smoothness, indicating its inability to achieve a balance between accuracy

and stability. This limitation also explained why it did not appear on the OPF.

Nevertheless, this model, being multivariate, can capture complex interactions in variables, as

mentioned in section [1.5.3.2.4 (Multivariate Models)l As such, it has much latent potential for

further optimization and further exploration of performance with more datapoints, as well as

with more aggregate variables from other sources.

2 Enhancing the performance of time series models through

Unsupervised Outlier Detection and Treatment Techniques

The presence of outliers has long been recognized as a challenge in data analysis, as they can
distort results and reduce the reliability of statistical models (D. Montgomery and Runger 2010).
These outliers are often defined as observations that significantly differ from the majority of data
points, arising from measurement errors, data entry mistakes, or rare but valid events within the
data-generating process (Aggarwal 2016). Due to their deviation from expected patterns, out-
liers can influence model outcomes, potentially leading to erroneous conclusions (Rousseeuw
and Leroy |1987). Over time, a variety of methods have been developed to identify and han-
dle outliers, with the objective of either mitigating their influence or uncovering the unique

conditions they represent (Barnett and Lewis 1984).

Effectively addressing outliers is essential for building robust predictive models. When un-
treated, outliers can introduce bias, overemphasize rare events, or mask meaningful trends
within the data, all of which can reduce the predictive power and robustness of the models
(Hodge and Austin [2004). Outlier treatment helps stabilize models by ensuring that extreme
values do not disproportionately influence predictions, resulting in outputs that better reflect
general patterns (Aggarwal 2016). However, since outliers are not always erroneous, sometimes
representing legitimate but unusual data points that reveal important insights (Zimek, Schubert,
and Hans-Peter Kriegel 2012), a careful evaluation is required to determine whether these data

points should be excluded or leveraged to enhance understanding of the underlying phenomena
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(Rousseeuw and Hubert 2017).

In the initial PBL phase, the challenges posed by outliers in the dataset were overcome by
deploying a capping strategy applied to the target variable. This approach involved applying the
Interquartile Range (IQR) technique to identify extreme values and adjusting them by capping
and scaling the difference to preserve variability. While this method effectively reduced the
influence of extreme outliers and ensured a more stable input for modeling, it was limited in
scope, as it addressed only the target variable and did not account for potential distortions in

other features. A detailed explanation of the capping procedure implemented during this phase

is provided in section[1.5.3.1 (Target Capping)l

Building on the insights gained during the PBL phase, this individual work addresses these
limitations by introducing more advanced and comprehensive outlier detection and treatment
methodologies. By expanding the scope to include additional features and employing tech-
niques such as Local Outlier Factor (LOF), Isolation Forest, and density-based methods like
DBSCAN, this thesis seeks to create a robust framework for outlier management. The proposed
approach is designed to improve predictive accuracy and model stability while maintaining the

integrity of significant patterns in the data.

2.1 Literature review

This chapter provides an overview of the concepts and methodologies used in this thesis. It
begins with a discussion on the definition of outliers, followed by an exploration of unsupervised
outlier detection techniques and the role of normalization in improving their effectiveness. The
chapter then examines approaches for addressing identified outliers, focusing on removal and
modification strategies. In addition, robust estimation techniques, which reduce the impact of
outliers without explicitly identifying or altering them, are analyzed. The chapter concludes
with a discussion of the implications of outlier treatment in both the target variable and the

features.
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2.1.1 Definitions of outliers

The presence of outliers has been the subject of extensive research across various fields resulting
in evolving definitions and interpretations. Grubbs 1969 described an outlier as “an observation
that appeared to deviate markedly from other members of the sample in which it occurred”.
Hawkins 1980 expanded on this concept, raising the “suspicion that an outlier was generated
by a different mechanism”. Barnett and Lewis |1984 defined outliers as “observations which
appeared to be inconsistent with the remainder of that set of data”. Mufioz-Garcia, Moreno-
Rebollo, and Pascual-Acosta [1990 attempted to avoid the subjective side of these definitions
and added the condition that the observation should deviate decidedly from the general behavior
“in relation to the criterion on which the analysis was carried out”. Finally, Papadimitriou et al.

2003/ highlighted the distinct characteristics of outliers compared to their neighbors.

In summary, while the definitions of outliers vary, a common thread persists: outliers are data
points that deviate substantially from the rest of the dataset, prompting further investigation into

their origins and implications.

2.1.2 Unsupervised outliers’ detection techniques

Outlier detection involves identifying irregular data points that deviate significantly from the
general pattern (Duan et al. [2008). In cases where labeled data, indicating which points are
outliers, is unavailable, unsupervised outlier detection techniques are particularly valuable, as
they rely solely on the inherent structure and distribution of the data to identify outliers (Hin-
ton and Sejnowski [1999). This approach is particularly relevant for NOS, as the organization
does not have alarmist systems or predefined labels that indicate which data points are outliers.
Consequently, the lack of labeled data necessitates the use of unsupervised methods. These
techniques are commonly grouped into statistical methods, clustering-based methods, nearest-

neighbors methods, and machine learning-based methods.

Statistical methods for outlier detection assume that “normal data instances occur in high-
probability regions of a stochastic model, while outliers occur in the low-probability regions of

the stochastic model” (Hodge and Austin 2004). A frequent assumption in these methods is that
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the data follows a normal distribution, as this allows for straightforward identification of devia-
tions (Barnett and Lewis |1984)). When this assumption is not met, transforming non-normally
distributed variables can improve the effectiveness of outlier detection by reducing skewness
and approximating normality (Wackerly, Mendenhall, and Scheaffer 2014). Techniques such
as log (Wackerly, Mendenhall, and Scheaffer 2014]), square root (D. C. Montgomery, Jennings,
and Kulahci |2015), and Box-Cox transformations (R. J. Hyndman and Athanasopoulos 2018b)
are commonly employed to stabilize variance and improve normality. Additionally, scaling
techniques such as min-max scaling (Han, Kamber, and Pei|2012) and z-score standardization
(Aggarwal 2016)) are frequently used to make data features easier to compare with each other.
Min-max scaling adjusts features to a fixed range, while z-score standardization centers them
around zero with a standard deviation of one (Hastie, Tibshirani, and Friedman 2009). The
effectiveness of normality transformations can be evaluated using statistical tests such as the
Shapiro-Wilk test, which measures how closely the data approximates a normal distribution
(Shapiro and Wilk 1965). A test statistic closer to 1 and a p-value greater than 0.05 indicate
that the data does not significantly deviate from normality (D. C. Montgomery, Jennings, and

Kulahci 2015)).

Building on this foundation, statistical methods are further divided into parametric and non-
parametric approaches, depending on the data’s distribution. Parametric methods, such as Z-
Score and Gaussian Mixture Models (GMM), assume a known data distribution, typically a
normal distribution, and rely on that assumption to identify outliers (Shumway and Stoffer
2000). Non-parametric methods, by contrast, make no assumptions about the data distribution

(Wasserman [20006)).

Among these, a widely used technique is the Interquartile Range (IQR) method, which identifies
outliers by calculating the range between the first (Q1) and third quartiles (Q3) of the dataset,
called the IQR. Outliers are defined as data points falling below Q1 — 1.5 x IQR or above Q3 +
1.5 x IQR. However, the multiplier (1.5) can be adjusted based on the specific use case, with
larger values used for lenient outlier detection to account for greater variability and smaller
values for stricter thresholds to identify more outliers (Dallah and Sulieman 2024). The IQR

method is particularly effective for small, skewed datasets due to its straightforward approach
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and robustness to non-normality (John W. Tukey 1977).

Clustering-based methods detect outliers by identifying points that do not fit into any cluster or
belong to small, sparse clusters (Han, Kamber, and Pei 2012). For instance, density-based clus-
tering methods, like Density-Based Spatial Clustering of Applications with Noise (DBSCAN),
classify points in dense regions as clusters and points in sparse regions as outliers (Deng|2020).
These methods evaluate the density of points within a region without relying on assumptions
about a specific distribution, making them effective in noisy or non-normally distributed datasets

(Ester et al. [1996).

In contrast to clustering methods, which group points into well-defined clusters based on prox-
imity or density, nearest-neighbors methods focus on analyzing the relationship between indi-
vidual points and their immediate neighbors. These methods assume that “normal data instances
occur in dense neighborhoods, while outliers are isolated from their nearest neighbors” (Hodge
and Austin 2004). For instance, the Local Outlier Factor (LOF) is a widely used approach
based on the assumption that the density surrounding normal data points is similar to that of
their neighbors. In contrast, the density surrounding outliers is significantly lower, which dis-
tinguishes them from the denser clusters of normal data points (Tan, Steinbach, and Kumar
2006). By focusing on local density rather than global distance, LOF is robust to non-normal

distributions (Hans-Peter Kriegel et al. 2009).

Machine learning-based methods for outlier detection have gained popularity since the mid-
2000s, with approaches ranging from traditional algorithms to more complex deep learning
techniques (Aggarwal [2016). Traditional machine learning techniques, such as Isolation Forest,
identify outliers by recursively partitioning the data. At each iteration, the algorithm selects a
feature at random and determines a split value within the feature’s range. This process continues
until individual data points are isolated. Outliers are detected as they tend to reside in sparse re-
gions of the feature space, requiring fewer splits to isolate, whereas normal data points in denser
regions necessitate more splits (Liu, Ting, and Zhou 2008)). Isolation Forest is particularly well-
suited for small, skewed datasets as it does not assume any underlying data distribution and

efficiently detect outliers even when the data is unevenly distributed (Cheng, Zou, and Dong
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2019).

2.1.3 Treatment of outliers

Once outliers have been identified in a dataset, it is crucial to manage them effectively to ensure
accurate data analysis and modelling. The literature categorizes outlier treatment into three

main strategies: removal, modification, and robust estimation.

The first approach, removal of outliers, is commonly used in situations where outliers are clearly
erroneous or unrelated to the phenomena being studied. This method, often referred to as trim-
ming, has been extensively discussed in the literature (Lix and Keselman 1998, Dixon and Yuen
1974). While trimming can improve the robustness of certain analyses, it carries the risk of dis-
carding valuable data points, as noted by J. W. Tukey and Statistics 1959, who argued that

indiscriminate removal of outliers may lead to the loss of significant information.

Winsorization offers an alternative by adjusting outlier values instead of removing them (Ghosh
and Vogt|2012)). In this method, outliers are replaced by more plausible values, such as the next
highest or lowest value within a non-outlier range, or by a central tendency measure such as
the mean, median, or mode (Liao, Li, and Brooks 2016). Winsorization reduces the influence
of outliers while preserving the overall data structure. However, the choice of replacement
values is critical for maintaining analytical integrity (Leys et al. 2019). For small and right-
skewed datasets, median winsorization or quantile-based winsorization is particularly robust, as
it limits the influence of extreme values while preserving the original skew in the data (Wilcox

2017).

The third approach involves robust estimation methods, which minimize the influence of out-
liers during the modeling process itself without explicitly identifying or modifying them. Unlike
removal or modification techniques, robust estimation incorporates outliers into the analysis but
down-weights their influence, allowing models to focus on the central structure of the data
(Rousseeuw and Leroy |1987). Among the various robust estimation techniques, M-estimation
is widely used for its ability to reduce the influence of extreme values by employing robust loss

functions that assign smaller weights to observations with larger residuals (Hubert, Rousseeuw,
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and Van Aelst 2008)). For example, the Huber loss function applies squared loss to small resid-
uals and switches to absolute loss for larger residuals, balancing sensitivity to central patterns

and robustness to outliers (Huber |1964).

M-estimation, when combined with models such as SARIMA and XGBoost, introduces ro-
bustness directly into the modeling process by replacing traditional optimization methods with
robust loss functions. In SARIMA, this adjustment occurs during parameter estimation, where
smaller residuals contribute fully to the model, allowing it to capture temporal dependencies
and seasonal patterns without distortion from outliers (Maronna et al. 2019). For XGBoost, the
Huber loss function modifies the gradient boosting process by dynamically adjusting gradients
to prioritize data points with smaller residuals while reducing the impact of outliers (Chen and
Guestrin 2016). This approach preserves all data points, ensuring that both the target variable
and features are handled robustly (Friedman |2001)). By integrating M-estimation directly into
the modeling process, SARIMA and XGBoost maintain their focus on the core data structure,
enhancing model stability and predictive accuracy without requiring explicit outlier removal or

replacement (Hampel et al. [2005)).

2.1.4 Implications of treating outliers in the target variable and features

Outliers can occur in both the target variable and the modeling features, each with distinct im-
plications due to their roles in the modeling process. Outliers in the target variable have a direct
impact on the optimization process, as they influence error metrics used to evaluate model per-
formance (Hampel et al. 2005). Extreme values can disproportionately affect metrics such as
the mean squared error or mean absolute percentage error, leading to predictions skewed toward
these observations (Chicco, Warrens, and Jurman [2021). Treatment of target outliers aims to
stabilize model outputs and reduce sensitivity to these extreme values. However, this approach
may inadvertently mask meaningful rare events, especially when those outliers represent sig-

nificant phenomena rather than noise (John W. Tukey 1977).

In contrast, outliers in the modelling features primarily affect the relationships between pre-
dictors and the target variable, introducing distortions that can degrade model accuracy (Ag-

garwal 2016). Such distortions arise from the disproportionate influence of feature outliers on

35



the model’s ability to accurately capture the relationship between input variables and the target.
Distance- or density-based methods, such as clustering or nearest-neighbors algorithms, are par-
ticularly sensitive to such distortions due to their reliance on data point proximity (Ester et al.
1996). To mitigate the impact of feature outliers, preprocessing techniques are commonly em-
ployed. These methods aim to reduce the disproportionate influence of outliers on the modeling
process while preserving the variability essential for accurate predictions (Hastie, Tibshirani,
and Friedman 2009, Chen and Guestrin 2016). While addressing target outliers contributes to
stable model outputs, managing feature outliers ensures the preservation of accurate predictor-

target relationships.

The simultaneous presence of outliers in both the target variable and the features introduces
significant complexities for model performance. Treating these outliers independently can result
in inconsistencies due to the interdependence between these components (Maronna et al. 2019).
On the other hand, excessive treatment of both target and feature outliers risks eliminating
critical patterns that are essential for accurate predictions, particularly in small or complex

datasets where variability is valuable (Rousseeuw and Leroy [1987).

2.2 Methodology

This chapter outlines the methodological approach used to analyze, detect, and treat outliers,
as well as to optimize model performance. It begins with an analysis of the distribution of
key variables and the application of normalization techniques to approximate normality where
necessary. Next, the chapter details the procedures for outlier detection and treatment, using a
combination of statistical, clustering and machine learning-based methods. Finally, it describes
the process of hyperparameter tuning and model evaluation, where optimized models are com-

pared with previously developed models.

2.2.1 Distribution analysis and normalization of variables

The initial step involved analyzing the distribution of the variables of interest to understand
their behavior and determine whether transformation was necessary to achieve normality. This

analysis was conducted to address the requirements of certain outlier detection techniques, as
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discussed in section [2.1.2 (Unsupervised outliers’ detection techniques), where data normality

is emphasized as a condition. When the data did not follow a normal distribution, normalization
techniques were applied to adjust the variables. Five methods were considered: log transforma-
tion, square root transformation, Box-Cox transformation, min-max scaling, and z-score stan-
dardization. These transformations were intended to align the variables more closely with the
assumptions required by outlier detection techniques. The effectiveness of the transformations

was evaluated using the Shapiro-Wilk test.

The target variable, i.e., the number of clients to flag, was the only variable used for prediction
in the univariate models. Its distribution was examined to assess the impact of outliers and to

understand its underlying characteristics. For multivariate modeling, as outlined in section|1.5.2

|(Feature Engineering)), the most critical features included call duration, hold time, total calls to

the technical line, and client score. These variables, identified for their importance in capturing

patterns in call behavior, were also subjected to distribution analysis.

2.2.2 Detection and treatment of outliers

The subsequent step involved identifying and addressing outliers in the variables. For this pur-
pose, four detection techniques were applied: IQR, LOF, Isolation Forest, and DBSCAN, each
representing a distinct approach to outlier detection. Outliers identified using these techniques
were treated using two distinct approaches: removal and median winsorization. Additionally,
M-estimation, incorporating the Huber loss function, was utilized as a robust alternative, incor-

porating outlier handling directly into the modeling process without the need for prior detection.

In the univariate analysis, nine distinct approaches were evaluated. These included the combi-
nation of the four outlier detection techniques with two treatment methods, removal and win-
sorization, applied directly to the target variable. M-estimation was evaluated as a separate
approach as it incorporate outlier handling directly within the modeling process. For the multi-

variate modeling, a distinction was made between the target variable and the additional features

due to their differing roles in the modeling process, as outlined in section [2.1.4 (Implications of]

treating outliers 1n the target variable and features)| This distinction was addressed through two

specific scenarios: one where the target variable was treated using the same outlier detection
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and treatment methods as the features, and another where the target variable was left untreated,
and only the features were addressed. This design enabled a detailed analysis of the impact of

outlier treatment on both components and their respective contributions to model performance.

In total, eighteen approaches were examined. Sixteen of these resulted from pairing the four
detection techniques with the two treatment methods across the two scenarios. The remaining
two approaches involved the application of M-estimation, either to both the target variable and

the features or exclusively to the features.

2.2.3 Hyperparameter tuning and evaluation

After treating the outliers, the grid search function described in section [1.5.3.3.6 (Tailored hy-|

[perparameter tuning)| was applied to each combination. This process was used to identify the

optimal model parameters based on the updated datasets. The identified parameters were then
applied to execute the models, enabling a direct comparison of their performance with the uni-

variate and multivariate models developed during the PBL phase.

The evaluation of model performance followed the approach outlined in section[1.5.3.3 (Model

IEvaluation Criteria), which emphasized a dual focus on accuracy and stability using the Mean

Absolute Percentage Error (MAPE) and Stability Index (SI) as evaluation metrics. MAPE pro-
vided a relative measure of prediction error, aligning with NOS’ operational requirements, while
SI quantified day-to-day variability in predictions to ensure consistent workloads for the Detrac-
tor Squad. A weighting scheme was applied, assigning 60% importance to MAPE and 40% to
SI, reflecting a prioritization of forecast accuracy while accounting for NOS’ emphasis on sta-

bility in predictions.

To ensure meaningful comparisons, model predictions were evaluated against the operational
call volume target using temporal cross-validation. This approach tested predictions on unseen
data while preserving the chronological order of events, ensuring robust and realistic assess-

ments of model performance.

38



2.3 Results

This section presents the findings from the distribution analysis and examines the impact of
outlier handling strategies on the performance of univariate SARIMA models and multivariate
XGBoost models. The analysis focused on the influence of outlier detection and treatment on
predictive accuracy and stability, with comparisons to models developed during the PBL phase.
Specific outlier treatment methods were evaluated for their effectiveness in improving model

performance and achieving optimal trade-offs between accuracy and stability.

2.3.1 Distribution analysis

The distribution analysis revealed significant deviations from normality across the variables ex-
amined. Except for the score variable, none of the other variables achieved normality, even after
the application of transformation techniques. For the target variable, the Box-Cox transforma-
tion produced the highest Shapiro-Wilk test statistic of 0.9733, which was closest to the desired
value of 1. However, the corresponding p-value of 0.0166 remained below the 0.05 threshold,
confirming that normality was not achieved. Similar patterns were observed for call duration,
hold time and number of calls. Although the Box-Cox transformation yielded the highest test
statistics for these variables, the p-values remained close to zero, failing to meet normality cri-
teria. A detailed summary of the results for all transformations is provided in table in the

appendix.

The score variable, on the other hand, naturally exhibited a distribution closer to normal, with a
Shapiro-Wilk test statistic of 0.9575 and a p-value of 0.266, well above the 0.05 threshold. This
indicated that the score variable aligned closely with a normal distribution and did not require

transformation.

Given these findings, and the inability of transformation techniques to establish normality for
most variables, no transformations were applied to the data prior to conducting the outlier detec-
tion analysis. While it is possible that transformations could have improved model predictions

even without achieving strict normality, this hypothesis was not tested due to time constraints.
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2.3.2 Univariate analysis

This section evaluates the performance of the models by comparing them to the univariate model

chosen during the PBL phase, specifically the SARIMA PBL Capped [(2,0,1),(0,0,1,20)]

with a 20-day embed size presented in section [1.5.4.1 (Deployable Solution)l The evaluation

was guided by Pareto frontiers, constructed to identify configurations that achieved the opti-
mal trade-off between predictive accuracy, measured by MAPE, and stability, assessed by SI.
Individual Pareto frontiers were created for each model by plotting their performance across
various parameter configurations. The Overall Pareto Frontier (OPF) was then established by
comparing the best-performing configurations from each model’s frontier, iterating to identify
the points that achieved the most favorable balance between predictive accuracy and stability.

The detailed methodology for creating the Pareto frontiers was outlined in section
from PBL

As shown in figure [/, models developed during the PBL phase, SARIMA PBL and SARIMA
PBL Capped, clustered in the mid-range of the graph, reflecting moderate trade-offs between
accuracy and stability. The chosen SARIMA PBL Capped model, marked by a red star, served
as the reference point for assessing the performance of the new models. While some models

demonstrated improvements in both metrics, others failed to surpass the performance of the

chosen PBL model.

Several configurations achieved superior MAPE values while maintaining or improving stabil-
ity. For instance, the SARIMA LOF - Remove model delivered better performance on both
metrics, achieving a lower MAPE and enhanced stability compared to the PBL model. Simi-
larly, SARIMA Isolation Forest - Remove improved MAPE while maintaining stability at levels
comparable to the PBL models. Conversely, models such as SARIMA Isolation Forest - Win-
sorize achieved stability improvements without sacrificing accuracy, matching the PBL model’s
MAPE value while offering smoother predictions. By contrast, SARIMA M-Estimation re-

sulted in higher values for both MAPE and SI, failing to improve the PBL model’s performance.

A general trend emerged from the analysis: outlier removal techniques tended to improve
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MAPE, indicating enhanced predictive accuracy, but often at the expense of higher SI, reflecting
increased variability. Winsorization methods, particularly those paired with LOF or Isolation
Forest detection, provided a more balanced trade-off by improving stability while maintaining

acceptable MAPE values.

A closer examination of specific models revealed two configurations from the analysis as partic-
ularly noteworthy when compared to the chosen PBL model, which achieved a MAPE of 6.89
and an SI of 1.44. The SARIMA Isolation Forest - Remove configuration [(1,0,2),(0,0,1,20)],
with an embed size of 30, matched the PBL model’s stability while improving MAPE by 3.77%
(a reduction of 0.26 percentage points), bringing it down to 6.63. The SARIMA LOF - Re-
move configuration [(1,0,1),(2,0,1,5)], with an embed size of 30, achieved the best overall
performance. This configuration, represented by the red circle in figure [/, improved MAPE by
3.48% (0.24 percentage points) and SI by 6.25% (0.09 percentage points), achieving values of
6.65 and 1.35, respectively. These results reflected a favorable balance between accuracy and
stability, aligning with NOS’ preference for stable predictions while assigning slightly greater

importance to accuracy.

2.3.3 Multivariate analysis

This section assessed the performance of multivariate forecasting models by comparing them

to the reference model, PBL. XGB, which utilized 35 estimators, an absolute error regression
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objective, a maximum depth of 25, an L1 regularization term of 0.1, and a 10-day embed size, as

described in section|1.5.4.2 (Build-Onto Solution)| As in the univariate analysis, Pareto frontiers

were employed to evaluate and visualize the trade-offs between MAPE and SI for each model,

as illustrated in figure (8| A key distinction between combinations labeled as "No Target” and

those without this label is central to interpret the graph. As detailed in section [2.2.2 (Detection|

land treatment of outliers)| a distinction was made between treatment of the target variable and

features. In combinations labeled “No Target,” only the features were treated for outliers, while
the target variable remained unchanged. In contrast, combinations without this label applied the

same outlier detection and treatment method to both the target variable and the features.
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A notable trend emerged from figure in the appendix. Models labeled as "No Target”,
where only the features were treated for outliers, exhibited more extreme behaviors compared
to models where both the target variable and features were treated. Notably, the ”"No Target”
models achieved the best MAPE values, reflecting the highest predictive accuracy, but this was
accompanied by the worst SI values, indicating reduced stability. Conversely, some configura-
tions also achieved the best SI values, demonstrating the highest stability, but at the expense of
the worst MAPE values, reflecting diminished predictive accuracy. In contrast, configurations
where both the target variable and the features were treated displayed a more balanced pattern,
clustering near the center of the graph. These configurations offered a more favorable trade-off

between accuracy and stability, avoiding the extremes of either exceptionally low MAPE with
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high instability or high stability with poor accuracy.

The selected XGB PBL model, represented by the red star in figure |8} served as the baseline for
evaluating the other models. None of the tested configurations outperformed the PBL solution
in both MAPE and SI simultaneously. While models such as XGB LOF - Remove and XGB
DBSCAN - Remove improved accuracy, these gains came at the expense of reduced smooth-

ness, as indicated by higher SI values.

In contrast, most of the models demonstrated significant improvements in stability (SI) com-
pared to the PBL model. Configurations such as XGB M-estimation and XGB Isolation Forest
- Winsorization showed clear advantages in reducing instability, although they involved some
trade-offs in accuracy. Additionally, XGB IQR - Remove and XGB IQR - Winsorize proved
effective in enhancing model stability, achieving substantial gains in smoothness while main-
taining a reasonable balance with accuracy. These configurations were located along the Overall
Pareto Frontier, indicating that further improvements in SI could only be achieved by compro-

mising some level of accuracy.

2.4 Discussion of the results

The results of the univariate analysis aligned with the findings from the PBL phase, where
the SARIMA PBL Capped model outperformed the original SARIMA PBL model due to the
incorporation of outlier detection and treatment. Building on these insights, the hypothesis
that advanced outlier treatment improves both predictive accuracy (lower MAPE) and stability
(lower SI) was confirmed. Models utilizing proper outlier detection and treatment methods

demonstrated notable improvements in performance.

Among the outlier detection techniques, LOF emerged as the most effective for univariate mod-
eling. It achieved the lowest MAPE value by accurately identifying and removing local outliers
without distorting the dataset’s overall structure. Its localized approach to detecting deviations
allowed it to adapt to datasets with varying densities, making it particularly effective for datasets
with non-linear or context-dependent variations. As a result, LOF preserved meaningful data

patterns while reducing distortions, leading to strong predictive accuracy and moderate stability.
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Isolation Forest also performed well but did not surpass LOF. Its aggressive approach to detect-
ing outliers identified a larger number of outliers but introduced higher instability (SI) due to
the model’s increased sensitivity to extreme values. In comparison, the IQR method prioritized
stability (lower SI) but lacked sensitivity to subtle outliers, resulting in higher MAPE. This con-
servative method primarily identified extreme values beyond the interquartile range, restricting
the model’s ability to capture nuanced variations. Similarly, DBSCAN exhibited lower sensitiv-
ity, detecting fewer outliers and focusing primarily on points distant from dense regions. While
this method achieved low SI, its inability to capture critical outliers led to diminished predictive

accuracy (higher MAPE).

The comparison of winsorization and removal techniques revealed a clear trade-off between
stability and accuracy. Winsorization reduced instability by capping extreme values, result-
ing in smoother and more consistent predictions (lower SI). However, it introduced bias by
forcing outliers closer to the majority, which reduced accuracy (higher MAPE). In contrast,
removal techniques improved accuracy by eliminating extreme values, indicating that these
outliers likely represented observations outside the population and did not provide valuable in-
formation for the model. Nevertheless, this increased sensitivity to the remaining data resulted

in greater instability (higher SI).

The multivariate analysis provided several key insights into the performance of outlier detec-
tion techniques and their impact on model accuracy and stability. In comparison to the baseline
model, PBL XGB, none of the tested configurations achieved simultaneous improvements in
both MAPE and SI. This outcome highlighted the inherent difficulty in achieving a perfect
balance between predictive accuracy and stability in multivariate forecasting. These findings
aligned with results from the PBL phase, where the model’s performance before and after cap-

ping remained consistent.

The ”No Target” configurations exhibited more extreme behaviors during the analysis, achiev-
ing either very low MAPE (high accuracy) or very low SI (high stability). This could be at-
tributed to the isolated treatment of features, leaving the target variable untreated. When only

the features were treated, the cleaned feature set often dominated predictions, leading to higher
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accuracy but increased sensitivity to noise in the uncleaned target variable. Conversely, when
the target’s influence diminished, models gained stability but sacrificed predictive accuracy. In
contrast, configurations treating both the target variable and features displayed a more balanced
trade-off between accuracy and stability. This uniform treatment likely reduced inconsistencies
between the input and output distributions, enabling the models to generalize more effectively

and avoid overfitting to noise in either the target or the features.

The consistent inability to improve both MAPE and SI simultaneously indicated the trade-off
between accuracy and stability. Models prioritizing accuracy, such as those employing outlier
removal, enhanced predictive performance by effectively eliminating true outliers. However,
this reduction in data points introduced greater instability, as fewer observations remained for
the model to generalize effectively. Conversely, models prioritizing stability employed more ex-
tensive data sanitization techniques, which smoothed the dataset and reduced variability. While
this approach improved stability, it often came at the expense of predictive accuracy by erasing

fine-grained patterns in the target variable.

Specific models, such as XGB LOF - Remove and XGB DBSCAN - Winsorize, demonstrated
improvements in accuracy by identifying and treating outliers in a more restrained manner com-
pared to other methods, detecting far fewer outliers than IQR or Isolation Forest. These methods
focused on the most significant outliers, preserving the overall data distribution and achieving
better MAPE results. However, this selective approach led to higher SI values, as fewer extreme

data points were addressed, leaving residual instability in the model’s predictions.

In contrast, methods such as XGB Isolation Forest - Winsorize and XGB IQR - Winsorize
reduced instability (lower SI) by employing more aggressive outlier detection and treatment
strategies. These configurations achieved smoother predictions but at the expense of accuracy,
as indicated by higher MAPE values. The replacement of extreme values reduced variability

but also eliminated data points that could have contributed to predictive accuracy.

Overall, most models outperformed the multivariate PBL baseline in terms of stability (SI). This
improvement was likely due to more effective outlier treatment across both the target variable

and features, which minimized the impact of extreme values and resulted in smoother, more
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stable predictions.

2.5 Limitations & Future Work

This study offered valuable insights into the impact of outlier detection and treatment on fore-
casting model optimization but was subject to several limitations. Due to time constraints, the
analysis focused on a limited set of outlier detection techniques, which, while effective for the
dataset used, may not generalize well to datasets with different characteristics. Furthermore,
the study did not explore the potential benefits of combining multiple outlier detection methods

or employing advanced hybrid techniques, which could improve model performance.

A significant constraint was the small size of the dataset. While based on real-world time series
data, the limited sample size restricted the generalizability of the findings to datasets with more
complex structures or higher-dimensional features. This limitation also constrained the testing
of more advanced models, such as neural networks, which typically require larger datasets to
fully realize their potential. As a result, the conclusions may not extend to larger, more complex

datasets.

Finally, the study concentrated on predictive accuracy and stability, evaluated through MAPE
and SI, without addressing other aspects of model performance, such as interpretability, scala-
bility, and computational efficiency. Future research could address these gaps by exploring auto-
mated pipelines, hybrid outlier detection methods, and advanced machine learning approaches

tailored for dynamic and large-scale datasets.

2.6 Conclusion

The results of this study highlight the critical role of outlier detection and treatment in improving
forecasting models, with a particular focus on balancing predictive accuracy and stability. Both
univariate and multivariate analyses demonstrated the trade-off between these metrics, where
enhancing one often led to a decline in the other. In the univariate analysis, SARIMA mod-
els incorporating techniques such as LOF and Isolation Forest showed notable improvements

in performance. The SARIMA LOF - Remove configuration, in particular, demonstrated the
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effectiveness of LOF’s local density approach, which preserved essential data patterns while ef-
fectively eliminating outliers. This configuration achieved improvements in predictive accuracy

and stability, underscoring the value of localized outlier detection methods.

In the multivariate analysis, none of the tested configurations surpassed the baseline PBL model
by simultaneously improving both MAPE and SI. While the XGB LOF - Remove configuration
improved accuracy, the XGB IQR - Remove configuration achieved greater stability while main-
taining reasonable accuracy. Models treating both the target variable and the features achieved
a more balanced trade-off, resulting in smoother and more consistent predictions. In contrast,
configurations focusing solely on feature treatment exhibited extreme behaviors, achieving ei-

ther high accuracy with reduced stability or the reverse.

In conclusion, this study demonstrated that outlier detection and treatment are crucial for op-
timizing forecasting models, particularly for datasets with significant variability. The LOF -
Remove configuration emerged as a robust approach in both univariate and multivariate con-

texts, offering valuable insights for model improvement.
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A Appendix - Enhancing the performance of time series mod-
els through Unsupervised Outlier Detection and Treatment

Techniques

A.1 Shapiro-Wilk Test Results

Table A1l: Shapiro-Wilk Test Results for Different Transformation Techniques on Selected

Variables
Variable Transformation Technique Shapiro-Wilk Test Statistic  p-value
Log Transformation 0.853 p <0.001
Square Root Transformation 0.761 p <0.001
Target Box-Cox Transformation 0.973 0.0166
Min-Max Scaling 0.644 p <0.001
Z-Score Standardization 0.644 p <0.001
Log Transformation 0.992 p <0.001
Square Root Transformation 0.878 p <0.001
Call Duration Box-Cox Transformation 0.998 p <0.001
Min-Max Scaling 0.480 p <0.001
Z-Score Standardization 0.480 p <0.001
Log Transformation 0.891 p <0.001
Square Root Transformation 0.636 p <0.001
Holdtime Box-Cox Transformation 0.928 p <0.001
Min-Max Scaling 0.255 p <0.001
Z-Score Standardization 0.255 p <0.001
Log Transformation 0.861 p <0.001
Square Root Transformation 0.917 p <0.001
Number of calls Box-Cox Transformation 0.970 p <0.001
Min-Max Scaling 0.949 p <0.001
Z-Score Standardization 0.949 p <0.001

Table |A 1| presents the results of the Shapiro-Wilk test conducted to assess the normality of the
selected variables (Target, Call Duration, Holdtime, and Number of Calls) after applying various
transformation techniques. The Shapiro-Wilk test statistic and associated p-values are reported
for each transformation method, including Log Transformation, Square Root Transformation,

Box-Cox Transformation, Min-Max Scaling, and Z-Score Standardization.
The results indicate that none of the transformations succeeded in fully normalizing the vari-
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ables, as evidenced by p-values below the 0.05 threshold.

Among the tested variables, the Call Duration and Number of Calls variables showed relatively
higher Shapiro-Wilk test statistics for the Box-Cox transformation, indicating it was the most
effective method across variables. In contrast, Min-Max Scaling and Z-Score Standardization
consistently returned lower test statistics, suggesting limited efficacy in reducing skewness and

approximating normality.
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A.2 XGBoost Pareto Frontier
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Figure Al: Pareto Frontiers for Multivariate Models: Comparison of Target-Treated and
Feature-Only Models
Figure[AT|presents the Pareto frontiers for multivariate XGBoost models, highlighting the trade-
offs between predictive accuracy (MAPE) and stability (SI). Panel (a) displays the Individual
Pareto Frontiers, where each configuration’s performance across various parameter settings is
shown. Models labeled as “No Target” (black markers) focus on treating outliers only in the
features, while others (red markers) applied outlier treatment to both the target variable and
features. A clear distinction emerges, with the "No Target” models achieving lower MAPE
values (higher accuracy) but exhibiting significantly higher SI values (lower stability). These

behaviors illustrate the extremes in performance when the target variable remains untreated.

In panel (b), the Overall Pareto Frontier consolidates the best-performing configurations across
all individual frontiers. Models treating both the target variable and features (red) appear to
cluster toward the center, representing a more balanced trade-off between accuracy and stability.
This suggests that uniform outlier treatment across the dataset helps avoid extremes, delivering

consistent and reliable predictive outcomes.
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