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ABSTRACT Global automotive markets have introduced new complexities, from the surge in powertrain
diversity to evolving consumer purchasing habits. In the luxury car segment, residual value (RV), the car’s
actual value at the end of ownership, is particularly significant. A high RV translates into lower overall
ownership costs, as the car retains more of its value over time, which can boost demand as well as leasing
margin. For this reason, the analysis of RV offers key insights for strategic decision-making. The present
study leverages a large-scale global dataset spanning a 10-year period, capturing both internal vehicle
features and three available external market conditions (CPI, unemployment rate, and 10-year bond yield).
Our approach employs machine learning techniques, particularly CatBoost, achieving a mean absolute
percentage error of around 5%, deemed highly acceptable within the industry. Moreover, a novel method
to enhance the reliability and interpretability of RV estimations is proposed by quantifying depreciation
thresholds and mitigating distortions related to sample composition via a “Standard Vehicle” concept. The
approach has been validated by Ferrari S.p.A., the provider of the data, serving as a robust tool for automotive
industry stakeholders.

INDEX TERMS Decision support systems, luxury automotive market, machine learning, residual value
estimation.

I. INTRODUCTION

The automotive market is becoming increasingly complex
due to several factors, including the proliferation of vehicle
propulsion systems (internal combustion, hybrid, electric)
and the multitude of available options, as well as rapid

value at the end of ownership, typically expressed as:

Sale Price Preowned
RV = - x 100. @))
Sale Price New

In the used-car context, RV estimation is complicated by

changes in the economic context and customer purchasing
habits. To remain competitive, manufacturers must develop
strategies that enable both reactive and proactive responses
to market shifts [1]. In this respect, analyzing the pre-owned
market dynamics, such as the distribution of pre-owned
vehicles, their price evolution, and consumer valuation of
used cars, can yield strategic insights for decision-makers [2].
When considering pre-owned vehicles, the most significant
indicator is the residual value (RV), defined as the car’s actual
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inherent market volatility and information asymmetries [3],
[4]. For lessees and lessors, accurate RV forecasts directly
influence lease rates: overestimating RV can result in lower
lease payments that fail to cover depreciation [5], [6], whereas
underestimating RV leads to inflated lease rates, potentially
deterring customers [7], [8]. Moreover, from a financial
standpoint, RV estimates are crucial for quantifying the risk
of deferred or defaulted leasing contracts [9], [10], and from
an operational perspective, they enable continuous monitor-
ing of negotiated buy-back prices versus expected market
values, facilitating preemptive measures (e.g., targeted early
buyout offers) to mitigate losses [11]. To address RV
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estimation, early studies relied linear, hedonic and system-
dynamics models Cowling and Cubbin; Ohta and Griliches
[12], [13] and more recently Crawford and Neary; Mandys;
Ather et al. [14], [15], [16], but these approaches struggled
to capture complex, nonlinear attribute interactions and often
required labor-intensive manual feature engineering [17].
Recent works have demonstrated the superior performance of
machine learning (ML) techniques, such as random forests
Lessmann and VoB [18] and neural networks Gleue et al.;
Liu et al. [19], [20]. For example, Lessmann and VoS
compared various regression models and found that ensemble
methods consistently outperformed linear approaches, while
Gleue et al. showed that artificial neural networks deliver
strong predictive power but degrade over longer forecasting
horizons. Liu et al. (2022) improved neural-network-based
RV forecasts by incorporating feature selection and particle
swarm optimization. Despite these advances, most ML-based
RV models overlook the granular model explainability.
Bergmann and Feuerriegel [21] address this gap by applying
SHAP explainability to identify which equipment options
(e.g., Android Auto/Apple CarPlay, keyless entry) most
positively impact RV. However, their analysis is limited
to Switzerland and focuses on Volkswagen Group brands.
This paper extends the literature by conducting the first
large-scale, multi-region RV analysis for luxury cars using
proprietary data from Ferrari S.p.A. covering Q1 2015 to Q2
2024. Under confidentiality, Ferrari provided 24,716 sales
records across four anonymized geoclusters (A-D). Luxury
cars are defined as high-prestige vehicles with MSRPs in
the top market decile, built in limited volumes, featuring
advanced materials, performance-oriented powertrains, and
premium comfort or technology options. Our comprehensive
approach has three objectives:

« Residual value estimation: Combining internal vehicle
attributes (age, mileage, optional equipment cost, etc.)
with three macroeconomic indicators (CPI, unemploy-
ment rate, 10-year bond yield) to build a robust model.
By employing sliding-window validation over a ten-year
span, including the pandemic period (2020-2021).

« Identification of impacts and depreciation thresh-
olds: Leveraging SHapley Additive exPlanation (SHAP)
[22] to quantify how feature values, such as vehicle age
and mileage, impact RV estimations, thereby identifying
critical depreciation thresholds.

o Trend Price Estimation: Introducing the ‘“Standard
Vehicle” concept, defining a consistent approach (via
linear regression on mileage and age, with fixed
car characteristics) to isolate true market-driven RV
trends from variations introduced by quarterly sample
compositions.

After testing linear, machine learning (ML), and Deep
Learning models (DL), CatBoost (ML), the best approach,
achieved a mean absolute percentage error (MAPE) below
5%, comfortably under the industry acceptable threshold
of around 10%. In addition, our SHAP analysis reveals
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that each continuous predictor exhibits a clear inflection
threshold, but the precise point has not been revealed due to
confidentiality reasons. For example, model age, months after
the launch, has a positive effect on predicted RV during the
early lifecycle, but each additional month sharply accelerates
value loss, reaching a plateau after the threshold. Mileage
and vehicle age behave similarly: low—use vehicles show a
positive impact on RV until following a linear depreciation
curve before and after the threshold is reached. Regarding
macroeconomic variables, the Consumer Price Index (CPI)
has a positive impact on RV for high values of inflation,
whereas low values have neutral or slightly negative effects.
While unemployment rate has an inverse impact with respect
to CPI, for low values, it is beneficial for RV; for high
values, the opposite. Finally, applying the Standard Vehicle
methodology reduced spurious quarterly RV fluctuations by
approximately 50%, resulting in a significantly smoother
and more interpretable trend line. Nonetheless, isolating
and then neutralizing the effect of sample composition
variability (mileage, age, option rate) via the Standard Vehicle
approach ensures that observed trend deviations genuinely
reflect macro—driven market shifts (IR, CPI, Unemployment)
rather than quarterly sampling noise. Ferrari S.p.A., the
provider of the data, finds our tool accurate and useful and
is now integrating the insights from our analysis of RV and
preowned markets into the decision-making processes for
product development, pricing, and car configurations. The
paper is organized as follows. Section Il reviews the literature,
identifies research gaps, and poses our research questions.
Section III details our methodology: the dataset, model setup,
and sliding-window validation, SHAP explainability, and the
Standard Vehicle concept. Section IV presents exploratory
data analysis. Section V reports results, model comparisons,
feature importance, SHAP-based threshold analysis, and
Standard Vehicle trend estimation. Section VI concludes, lists
limitations, and suggests avenues for future work, including
incorporating broader PESTEL factors, model architectures,
and external public data validation.

II. LITERATURE REVIEW AND RESEARCH GAPS

Residual value (RV) estimation methods have evolved
from classical econometric approaches to machine learn-
ing (ML) techniques. Early hedonic and system-dynamics
models provided foundational insights but often fell short
when modeling complex, nonlinear depreciation patterns.
For instance, Ohta & Griliches (1976) extended hedonic
pricing for automobile prices, and Cowling & Cubbin
(1972) developed hedonic indexes for UK cars. However,
these methods require manual functional-form choices (e.g.,
logarithmic transformations for mileage) [17], and lack
flexibility for modern, diverse datasets. Du et al. (2009) intro-
duced a genetic-algorithm-based approach for reallocating
vehicles to auctions, relying on a linear pricing model with
manufacturer-suggested retail prices and segment-specific
depreciation curves. They found that linear coefficients
are difficult to estimate reliably for certain models and
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equipment segments, highlighting limitations of additive
linear frameworks [23]. Wu et al. (2009) implemented an
adaptive neuro-fuzzy inference system on a small dataset
(192 used-car sales), showing improved performance when
consolidating three equipment options into one predictor,
but the model did not employ hold-out validation and used
only four predictors [24]. More recent ML-based approaches
consistently outperform linear models. Lessmann & Vof3
(2017) evaluated 19 regression methods on 454,618 German
used-car transactions, finding that random forests achieved
the lowest forecasting error when data are split randomly;
however, they did not use chronological splits, differing from
our sliding-window approach. Gleue et al. (2019) applied
artificial neural networks to 250,000 transactions for a Ger-
man OEM, demonstrating strong predictive power but noting
that external factors (e.g., gasoline prices) did not improve
forecasts. Liu et al. (2022) leveraged feature selection and
particle swarm optimization on a 10,260-record Chinese
used-car dataset, improving neural-network performance.
Sharma and Mitra employed Multivariate Adaptive Regres-
sion Splines (MARS) on a 31,560-record Indian dataset,
capturing nonlinear depreciation and demonstrating gains
over linear models [25]. In the luxury segment, Ranjith et al.
trained neural networks on the Indian pre-owned luxury
market, outperforming econometric baselines [26]. However,
most ML studies focus on general or region-specific mar-
kets, neglecting fine-grained model explanability and the
integration of macroeconomic market variables. Huayi et al.
addressed some of these gaps by using entity embeddings
for categorical attributes and integrating macroeconomic
variables (GDP, interest rate, exchange rate, CPI) on a
New Zealand dataset, illustrating improved RV estimation
in a single market context [27], [28]. In a similar way,
Kim et al. assembled a proprietary dataset of 1.8 million
used-car transactions across 600 models in Korea (2010—
2022), considering vehicle characteristics and condition
as well as market indicators [29]. Finally, Bergmann &
Feuerriegel (2025) pioneered an automated, end-to-end
preprocessing pipeline that maps nearly 50,000 German-
language equipment identifiers into 18 high-level categories
(e.g., navigation system, alloy rims). Their SHAP analysis
revealed that features such as Android Auto/Apple CarPlay
and keyless entry have the largest positive impact, whereas
ubiquitous features (e.g., air conditioning, cruise control)
have limited marginal value. Their work also highlighted
the importance of chronological data splits (sliding-window
cross-validation) to reflect real-world forecasting [30].

A. KEY NOVELTIES AND RESEARCH QUESTIONS
A review of the literature reveals three primary gaps:

1) Luxury-Segment Focus: Most ML-driven RV stud-
ies target general passenger vehicles. Few address
high-end luxury models whose depreciation dynamics
differ. In addition, our work extends this to four markets
over a 10-year period using proprietary Ferrari data.
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2) Multi-Region and Macroeconomic Integration:
Prior studies often focus on one region or omit direct
macroeconomic integration in non-linear modeling.
Our study integrates three macro variables (CPI,
unemployment, 10-year bond yield) across four
markets.

3) Interpretability and Trend Isolation: While SHAP
has been used to interpret ML models, no previous
works simultaneously identify quantitative deprecia-
tion thresholds and utilize a ““Standard Vehicle” to
remove sample composition bias.

Research Questions (RQ):

« RQI1: Can non-linear ML models (e.g., CatBoost,
TabNet) achieve superior RV estimation accuracy over
a 10-year, multi-region luxury dataset compared to
linear baselines? Can our model consistently maintain
an MAPE below the industry—accepted 10% threshold?

« RQ2: Which features, internal (age, mileage, options)
versus macroeconomic (CPI, unemployment, 10-year
bond yield), most influence RV, and in which manner
do they significantly alter depreciation?

o RQ3: Does the “Standard Vehicle” approach signif-
icantly reduce noise in quarterly RV trends caused
by sample variability, yielding smoother, more inter-
pretable market shifts?

lll. METHODS

In this Section, the methodologies applied throughout our
study are discussed. All the methodologies proposed are
coded using Python (using Pandas, Scikit-Learn, CatBoost,
XGBoost Python API, and TabNet’s PyTorch implementa-
tion), and “‘no-code tools” are not used. For confidentiality
reasons, hyperparameters, code, and data will not be publicly
released. In the first subsection, a description of the data
extraction process, highlighting how the proprietary data is
structured and enriched with external economic indicators
(Subsec. I1I-A). Then the focus is on the modeling techniques
employed, outlining the selection process of various ML
and DL models and explaining the sliding-window valida-
tion (Subsec. III-B). Subsection III-C explores the model
explainability approach, focusing on implementing SHAP to
interpret feature impacts at both aggregate and individual
levels. Lastly, in Subsection III-D, a discussion of trend
price estimation, detailing the ‘““Standard Vehicle” method to
isolate market effects from sample biases.

A. DATA EXTRACTION AND FEATURE SELECTION

The proprietary data encompasses a total of 24,716 sales,
recorded from Q1 2015 through Q2 2024, spanning 16 dis-
tinct luxury car models. The data refers to four source regions,
markets, covered in four anonymized geoclusters (A-D),
as the data is granted under a confidentiality agreement.
The selected features: vehicle_age, distance, model_age,
model, geocluster, val_car, val_opt, opt_ratio, cylinders,
and segment are chosen based on their known relevance
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TABLE 1. Feature description.

Feature Name  Description Type
Date Day, month, and year of the sale Date
vehicle_age Age of the vehicle in number of months Int
distance Value in KM from odometer Float
model_age Age of the model in number of months Int
model Name of the model Cat
geocluster Market where the cars sold Cat
val_car The cost of the car without opt. cost in EUR Float
val_opt The cost of opt. features of the vehicle in EUR  Float
opt_ratio val opt / val car Float
cylinders Number of cylinders: 12, 8 or 6 Int
segment SportCars or Pilot Cat
RV Residual Value of the car in percentage Float
CPI CPI harmonized value, index 2015 Float
IR10 Interest rate 10 year bond Float
Unemployment  Unemployment Rate in percentage Float

to residual value behavior, availability in the proprietary
dataset, and validation through discussions with Ferrari
S.p.A. industry experts. External macroeconomic variables:
CPI, IR10Y (10-year bond yield), and Unemployment are
collected from Federal Reserve Economic Data (FRED) [31],
aggregated to quarterly values. Table 1 lists all features and
their types.

B. MODEL SELECTION AND EVALUATION METHODOLOGY
We approach RV estimation as a regression problem.
Building on prior findings that non-linear models capture
threshold effects and feature interactions more effectively
than linear models [18], we evaluate several techniques:
Linear Regression (LR), Random Forest (RF), XGBoost
(XGB), CatBoost (CB), and TabNet (TN), as detailed in
Table 2. Mean Absolute Percentage Error (MAPE) served as
our primary metric, consistent with industry standards and
previous studies [18], [21]:

n

1
MAPE = - z

i=1

RV: — RV;

RV; ' @

Sliding-window validation is employed to ensure temporal
consistency and prevent information leakage: each quarter
from Q1 2019 through Q2 2024 served as a test set, with all
preceding quarters as training data (e.g., Q1 2019 trained on
Q1 2015-Q4 2018; Q2 2019 trained on Q1 2015-Q1 2019,
etc.). This approach simulates real-world forecasting under
evolving market regimes (e.g., pandemic shocks) and yields
a robust performance distribution.

C. MODEL EXPLAINABILITY VIA SHAP

Once the ML/DL model demonstrating the best performance
based on evaluation metrics is selected, SHAP is integrated
to quantify the impact of each feature on the model’s predic-
tions. SHAP is a unified framework grounded in cooperative
game theory that assigns each feature an importance value for
a particular prediction. This approach facilitates both global
and local interpretability of complex models by decomposing
predictions into the individual contributions of each feature.
The appropriate SHAP explainer is chosen according to
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TABLE 2. List of techniques.

Model Type| Description

Linear Regres- |— Linear model with constant marginal
sion (LR) effects.

Random Forest | ML | Ensemble of decision trees via boot-
(RF) strap aggregation.

XGBoost ML | Scalable tree boosting with regular-
(XGB) ization.

CatBoost (CB) | ML | Gradient boosting optimized for cate-
gorical features.

Attentive interpretable tabular net-
works.

TabNet (IN) | DL

the model type: for tree-based algorithms, TreeExplainer is
employed; for neural networks, DeepExplainer is utilized.
The SHAP library in Python is used to compute SHAP values
for each feature across all instances in the test set. The
entire dataset is input into the SHAP explainer to obtain the
contribution of each feature to every individual prediction,
thereby breaking down the model’s output into additive
components attributable to each feature. After computing
SHAP values, a relationship between each feature’s values
and their corresponding percentage impact on RV is estab-
lished. This is achieved by aggregating the SHAP values to
determine the mean absolute SHAP value for each feature,
providing a global perspective on feature importance across
the entire dataset. To visualize these relationships, SHAP
dependence plots are generated. Dependence plots illustrate
how a feature’s SHAP value changes with the feature’s
actual value, effectively highlighting both the magnitude
and direction of the feature’s impact on the prediction. For
example, a dependence plot for mileage might reveal that,
up to a certain threshold, mileage has a minimal negative
impact on RV, but beyond that point, its negative influence
becomes more pronounced. These plots are instrumental in
identifying critical thresholds where a feature’s influence
shifts significantly. Variation in these threshold values
across different models and markets provided a deeper
understanding of which factors are most impactful in specific
contexts. This analysis enabled the identification of potential
risks or strengths within certain vehicle models or regions,
thereby informing strategic decision-making. Additionally,
an instance-level analysis is conducted by examining SHAP
values for specific sales, allowing the precise influence of
each feature on individual predictions to be understood.
In Section V, the concept of thresholds is illustrated
with concrete examples, demonstrating how specific feature
values influence RV outcomes in practical scenarios.

D. TREND PRICE ESTIMATION: THE “STANDARD
VEHICLE” CONCEPT

A quarterly comparison is conducted between the mean
residual values (RVs) derived from actual transaction prices
and those estimated by the ML model for the same sample
of vehicles. The primary objective of this comparison is to
monitor short-term fluctuations and detect potential shifts in
the market. By analyzing these discrepancies on a quarterly
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basis, the model’s ability to accurately capture real market
behavior and identify abrupt changes that might signify
evolving trends or economic influences is assessed. This
temporal analysis enabled evaluation of the model’s respon-
siveness to market dynamics and its effectiveness in reflecting
the underlying economic conditions affecting vehicle residual
values. However, the model’s estimations are inherently
influenced by the characteristics of the specific sample of
cars in each quarter, such as variations in mileage, vehicle
age, and option rate (the proportion of optional features
selected). These factors can exhibit significant variability
across different samples, potentially skewing the observed
trends in residual values. For instance, if a particular quarter’s
sample comprises a higher proportion of older vehicles or
cars with elevated mileage, the mean residual values may
appear lower, even in the absence of actual changes in
market conditions. Consequently, the trends observed might
not solely reflect true market shifts but could also be affected
by the composition of the vehicle samples. To ensure that the
observed trends genuinely reflect market shifts rather than
fluctuations in sample composition, the model is assessed
by analyzing the number of directional changes in the
market. An excessive number of directional shifts can obscure
meaningful patterns and hinder the readability of the results.
Therefore, a smaller number of consistent directional changes
is preferable, as it enhances the clarity of trend detection and
provides a more accurate representation of the true market
direction. This approach allows differentiation between
genuine market movements and anomalies caused by sample
variability. To mitigate the potential bias introduced by
varying sample characteristics, an additional estimation is
introduced, the *“Standard Vehicle” concept. This concept
is defined by a linear variation in key features, enabling
trends in ML-estimated residual values to be tracked while
isolating the impact of sample-specific attributes. For each
vehicle model and geographical cluster, the standard vehicle’s
attributes, such as mileage and vehicle age, are determined
through linear regression analysis. Additionally, average
values are applied for price and option rate to maintain
consistency across different samples. This standardized
approach ensures that residual value trends are reflective
of true market conditions rather than being confounded
by variations in the vehicle samples. By controlling for
these key variables, the Standard Vehicle model provides a
reliable baseline for assessing market trends and enhances
the robustness of the analysis. Variation in threshold values
across different models and markets provided deeper insights
into which factors are the most impactful in specific contexts,
enabling identification of potential risks or strengths within
certain vehicle models or regions and informing strategic
decision-making.

IV. EXPLORATORY DATA ANALYSIS
To explore the relationships between the variables in our
dataset, a correlation matrix, shown in Figure 1, reveals
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FIGURE 1. Correlation matrix of variables in the dataset.

three distinct clusters of highly correlated variables, each
representing different aspects of the data.

The first cluster, located in the top-left quadrant of the
matrix, includes vehicle_age, distance, and model_age,
which collectively represent the condition of the vehicle.
The second cluster, situated in the center of the matrix,
comprises val_car, val_opt, opt_ratio, and cylinders. These
variables describe the intrinsic characteristics of the vehicle
models, such as the proportion of optional features and engine
specifications.

The third cluster, found in the bottom-right quadrant, consists
of macroeconomic indicators: CPI (Consumer Price Index),
IR10Y (10-Year Interest Rate), and unemployment. These
variables capture the broader economic environment.
Additionally, the last row of the correlation matrix indicates
the correlation of each feature with RV in percentage
terms. The analysis reveals that vehicle condition variables
(vehicle_age and distance) as well as model_age have the
highest correlation with RV, underscoring their critical role
in determining vehicle valuations. However, during the study
period, the distribution of RV has evolved, influenced by
shifts in the macroeconomic scenario and changes in model
characteristics, as highlighted in the following analysis.

1) MARKET-SPECIFIC RESIDUAL VALUE DISTRIBUTION
CHANGES
Figures 2 and 3 illustrate the changes in RV distributions over

time within two distinct market areas, designated as Market
“A” and Market “B”".! These figures highlight how RVs are

Market names are hidden due to confidentiality agreement.
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FIGURE 2. Change in residual value distribution due to COVID-19 in
market “A”.
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FIGURE 3. Change in residual value distribution due to COVID-19 in
market “B".

impacted differently across markets, particularly during the
COVID-19 pandemic period, from 2020 to 2022.

In both markets, there is a noticeable decline in RV
distributions during the COVID-19 period compared to
the pre-pandemic period (Before COVID). However, the
recovery patterns differed between the two markets:

o Market “A”: The RV distribution did not fully recover
post-pandemic, remaining significantly lower than pre-
COVID levels. This persistent decline suggests that
Market “A” may have been more severely affected by
the pandemic, possibly due to region-specific economic
challenges or shifts in consumer behavior that have not
yet stabilized.

o Market “B”: In contrast, the RV distribution
post-pandemic in Market “B”” shows a trend similar to
the pre-COVID period, indicating a partial or complete
recovery of residual values. This suggests that Market
“B” is either less affected by the pandemic or is able
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TABLE 3. MAPE distribution.

Model Mean Min Max Std

LR 7.57 551 11.70  +1.96
RF 6.51 478 1136 +1.65
XGB 6.13 5.04 10.14 +1.31
CB 5.58 4.28 8.14  £0.99
TN 5.75 4.80  8.15 +0.96

TABLE 4. Percentage of predictions with MAPE above 10%.

Model Percentage of Errors (%)
Linear Regression (LR) 27.34%
Random Forest (RF) 20.03%
XGBoost (XGB) 21.10%
CatBoost (CB) 15.04%
TabNet (TN) 15.24%

to adapt more effectively to the changing conditions,
allowing residual values to rebound.

These observations lead to two key insights:

1) Changing RV Distribution Over Time: The RV
distribution has evolved over the years. This indicates
that external factors are influencing the RV metric.

2) Differential Impact Across Markets: The pandemic’s
impact on RV varied between markets, likely due to
region-specific conditions or differences in customer
behavior.

V. RESULTS

A. MODELS COMPARISON

Table 3 presents the Mean Absolute Percentage Error
(MAPE) results for each of the DL/ML techniques evaluated
in our study and presented in Section IIl. Among the
models considered, the CatBoost (CB) model emerged as
the top performer, achieving the lowest mean MAPE of
5.58%. The TabNet (TN) model also demonstrated strong
performance, with a mean MAPE of 5.75%, closely trailing
behind CB. This highlights the effectiveness and potential of
transformer-like architectures when applied to tabular data.
While Linear Regression (LR) showed a respectable mean
MAPE of 7.57%, maintaining an overall error below 10%,
further analysis revealed that over 27% of its predictions had
a MAPE exceeding this threshold (Table 4). This indicates
that although LR performs reliably on average, it encounters
significant errors in specific segments of the data. These
findings imply that more sophisticated models like CB and
TN are better suited for capturing the complexities inherent in
the dataset, providing more consistent results across different
vehicle samples. The Random Forest (RF) and XGBoost
(XGB) models exhibited moderate performance, with mean
MAPEs of 6.51% and 6.13% respectively. Their results
positioned them between the high-performing CB and TN
models and the more basic LR model. Notably, RF and XGB
outperformed LR in terms of both mean MAPE and the
percentage of errors exceeding 10%, indicating a balanced
trade-off between model complexity and predictive accuracy.
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TABLE 5. Feature importance in CatBoost (CB) model.

Feature Importance (%) Cumulative Importance (%)
Model 23.18 23.18
Geo_cluster 18.85 42.03
Vehicle_age 12.49 54.52
CPI 10.20 64.72
Unemployment 6.43 71.15
Model_age 6.34 77.49
Distance 5.05 82.54
Val_car 4.60 87.14
Opt_ratio 4.56 91.70
IR10 3.72 95.42
Segment 2.29 97.71
Val_opt 1.92 99.63
Cylinders 0.37 100.00

TABLE 6. Performance metrics for key features in standard vehicle
estimation.

Feature R? RMSE MAE
Distance 0.23  9433.65 5800.12
Vehicle Age  0.79 10.12 8.30

TABLE 7. Number of directional trend changes in RV estimations for each
geocluster-market and vehicle model pairing, reporting aggregated
statistics.

Method Mean Median Min Max Std Dev
Sample 7 6 2 23 5
Standard Vehicle 4 3 0 16 3

The superior performance of CB and TN techniques can
be attributed to their ability to capture complex, non-linear
relationships within the data, as well as their robustness in
handling various feature interactions. In contrast, LR, while
simple and interpretable, lacks the capacity to model such
intricate patterns, leading to higher error rates in specific
segments. Furthermore, the percentage of predictions with
MAPE exceeding 10% provides additional insight into each
model’s reliability. CB and TN techniques not only achieved
lower mean errors but also maintained a more consistent
performance across the dataset, with only approximately 15%
of their predictions surpassing the 10% MAPE threshold.
This consistency underscores their suitability for applications
requiring high accuracy and reliability.

B. EXTRACTION OF VARIABLE CONTRIBUTIONS

To understand the influence of individual variables on the
model’s predictions, a detailed analysis is conducted using
the CB model, since the previous analysis demonstrated its
superiority over the other tested techniques. Table 5 presents
the feature importance scores, revealing that over 60% of the
total importance is attributed to just four variables: model,
geocluster, vehicle_age, and CPI.

The ranking in Table 5 highlights that, aside from
vehicle_age, the most influential factors are predominantly
categorical (such as model and geocluster) or external
economic indicators (CPI). The model variable captures
differences associated with each car model’s unique char-
acteristics, including design and consumer appeal, which
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FIGURE 6. SHAP Values for Mileage: Identifying depreciation thresholds.

are not directly measured by other features. The geocluster
variable accounts for region-specific behaviors and practices,
such as local taxation policies or market rotation speeds,
which significantly influence residual value (RV) outcomes.

External economic factors, namely CPI (Consumer Price
Index) and unemployment, also play crucial roles, reflecting
the broader economic environment’s impact on residual
values. The significant influence of these indicators under-
scores how economic conditions, such as those experienced
during the pandemic, have shaped market behavior and car
valuations during the study period.

Focusing on continuous features directly related to the
vehicle, vehicle_age emerges as the most critical factor.
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FIGURE 7. SHAP values for vehicle age: Identifying depreciation
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FIGURE 8. SHAP values for model age: Identifying depreciation
thresholds.

Following this, model_age is also significant, indicating the
demand strength for newer versus older models. Distance
(vehicle mileage) and opt_ratio (the ratio of optional features
to the base price) further contribute, demonstrating how
usage intensity and customization levels affect RV. These
findings are in line with the expectations considering existing
literature and align with industry expert opinions. To gain
deeper insights into how each feature affects the model’s
predictions, SHAP is applied to the CB model. SHAP values
allow for the visualization and interpretation of the direction
and magnitude of each feature’s impact on the RV metric.
Figure 4 presents a SHAP summary plot for the CB
model, showing how each feature contributes to the predicted
residual value (RV) across all sales records. The features
are sorted by mean absolute SHAP value (vertical axis),
so “model” and ““geocluster” appear at the top, followed by
“vehicle_age™, “CPI”, “distance”, and so on. Each point
in the violin—shaped band represents a single vehicle sale,
with its horizontal position indicating the SHAP contribution
(negative values push the prediction lower; positive values
push it higher). For continuous features, the color gradient
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(blue = low, red = high) shows the raw feature value;
for categorical features, points are shown in grey (since no
numerical “high” or “low” applies). Key insights include:

o Vehicle Age: High values of vehicle_age (red) lie
almost entirely to the left of zero, meaning that older
cars consistently pull the RV prediction downward.
Conversely, low vehicle_age (blue) often appears to the
right of zero, indicating a positive contribution to RV for
younger vehicles.

o CPI: When CPlis high (red), SHAP values cluster on the
positive side, indicating that higher inflation increases
estimated RV. Lower CPI (blue) is nearer zero or slightly
negative, meaning mild inflation does not reduce RV as
much.

« Distance (Mileage): Higher mileage (red) similarly
produces negative SHAP values; as distance increases,
points shift left, confirming that more kilometers driven
lowers residual value. Lower mileage (blue) appears
closer to zero (neutral) or slightly positive.

« Unemployment Rate: Although less influential than
CPI, higher unemployment (red) nudges SHAP values
slightly to the left, a modest negative impact on RV,
while lower unemployment (blue) is more neutral or
mildly positive.

o Model and Geocluster (Categorical): Plotted in grey
because they are nominal categories with huge variation
in terms of SHAP values. The model treats “model” as
a proxy for intrinsic characteristics (brand reputation,
rarity, technical specifications, and standard options)
and “‘geocluster” as a proxy for extrinsic conditions
(local economy, regulations, cultural preferences).

These insights are also supported by the correlation rela-
tionship shown in the figure 1. In addition, it is possible to
illustrate the impact of features on individual predictions,
an example is presented in Figure 5. This SHAP force
plot breaks down the RV estimation for a single vehicle,
starting from the base value, the average RV expected for a
random vehicle in the dataset. Each feature either increases or
decreases this base value. In this specific example, distance
(mileage) and model_age contribute negatively, reducing the
RV, while opt_ratio and vehicle_age have a positive effect,
resulting in a final RV of 95%.

Additionally, Figure 6 illustrates the SHAP values for the
distance feature, focusing on mileage’s impact on RV. The
plot shows a generally linear, descending trend, indicating
that higher mileage typically reduces the RV. However, the
rate of depreciation decreases at higher mileage values, sug-
gesting a diminishing impact as mileage increases. Similarly,
in Figure 7, vehicle_age demonstrates a linear declining
influence on RV, with a premium effect observed for newer
models early in their lifecycle. This premium diminishes
as the vehicle ages, reflecting decreasing market demand
for older models. Figure 8 further refines this perspective
by examining the model_age feature. The SHAP values
reveal a strong positive influence on RV when the model is
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FIGURE 9. (a) Quarter-by-Quarter Residual Value Estimation: ML Model vs. Actual transaction prices for a specific market Area and Car Model.
(b) Quarter-by-Quarter Residual Value Estimation: Standard Vehicle Model vs. Actual Transaction Prices.

newly introduced to the market (period T-1), confirming the
presence of a novelty or exclusivity premium. This influence
sharply declines over time, stabilizing after approximately
period T+1 from launch.

In all three cases, the intersection of the dotted lines marks
a critical threshold where the depreciation starts. Observing
shifts in this threshold over time can reveal important trends
in market behavior, such as changes in consumer preferences
or broader economic factors that influence the speed at which
vehicles depreciate.

C. MODEL PREDICTION VERSUS STANDARD VEHICLE
ESTIMATION

In Figure 9, a quarter-by-quarter comparison of RV esti-
mations derived from our CB model against the actual
transaction prices within a specific market area for a
particular car model is presented. This figure visually
contrasts the average RV predicted by the ML model (blue
line) with the mean actual RV observed in transactions each
quarter (orange line). The RV distribution within the sample,
depicted by the orange line, exhibits notable fluctuations and
inconsistencies, especially throughout 2023.

These fluctuations in the actual RV values are primarily
due to the varying conditions and characteristics of the
vehicles in each quarterly sample, such as differences in
mileage, vehicle age, and option rate (the proportion of
optional features chosen). While the ML model’s estimates
(blue line) effectively smooth out some of this inherent
noise, they remain partially influenced by sample variability.
This influence is particularly evident during periods of
economic instability, such as in 2020, when external factors
significantly affected the market. To address the bias
introduced by varying sample compositions, an alternative
estimation method using a ‘““Standard Vehicle” model is
employed, as defined in Subsection III-D. This approach
allows us to track trends in ML-estimated RVs while isolating
the impact of sample-specific characteristics. The results of
this estimation, focusing on key features such as distance
(mileage) and vehicle age, are summarized in Table 6.
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The ““Standard Vehicle” model estimates RVs by defining
a vehicle with linear variations in key features, such as
mileage and age, while maintaining average values for
price and option rate to ensure consistency across different
samples. Figure 9(b) illustrates the RV estimations using this
standardized approach. Comparing Figures 9(a) and 9(b),
it is evident that the ‘““Standard Vehicle” model provides
a smoother and more consistent RV trend compared to
the raw sample-based estimations. Furthermore, Table 7
summarizes the number of directional trend changes observed
in the RV estimations for each geocluster-market and
vehicle model pairing, reporting aggregated statistics (mean,
median, maximum, and minimum) computed across all
trials. The analysis reveals that the ‘““Standard Vehicle”
model significantly reduces the number of fluctuations and
directional shifts, thereby enhancing the readability of market
trends and decreasing the occurrence of misleading market
shifts by approximately 50%.

VI. CONCLUSION

This study examined the complexities of RV estimation
for luxury cars over multiple years and across various
markets. In response to RQ1, the results demonstrate that
CatBoost outperforms alternative models, achieving a mean
MAPE of 5.58%, a value in line with the current state-
of-the-art and below the 10% industry threshold. For what
concerns RQ2, analysis (see Tab. 5) reveals that RV is
predominantly influenced by the car model and market
geocluster, highlighting the need to consider diverse regions
and models. Internal discussion with experts in the field has
concluded that the model treats “model” as a proxy for
intrinsic characteristics (brand reputation, rarity, technical
specifications, and standard options) and “‘geocluster” as a
proxy for extrinsic conditions (local economy, regulations,
cultural preferences). Additionally, car condition, especially
vehicle age, and macroeconomic factors such as the Con-
sumer Price Index (CPI) and unemployment rate significantly
affect RV. While market region and car model are the
primary determinants, economic indicators are nearly as
influential as vehicle age. This supports the importance of
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considering both internal and external factors in estimating
RV. By focusing on key metrics like mileage and vehicle
age, our approach can determine not only when depreciation
begins (for example, in terms of months or mileage) but also
quantify the rate at which value declines. This enables rapid,
practical assessments; for example, Fig. 9 allows practitioners
to quickly correlate specific mileage or age thresholds with
corresponding depreciation losses, even without the full
ML model. Finally, in response to RQ3, the introduction
of the “standard vehicle”” concept enables the isolation of
genuine market depreciation trends by controlling for sample
variability through standardization. This approach offers a
more robust representation of RV changes over time and,
given the typically low transaction volumes in the luxury car
market, constitutes a significant advancement over existing
methodologies for experts in the field. However, this study
has several limitations. First, all findings are specific to
luxury vehicles; extending these results to non-luxury brands
would require representative datasets for those segments
and external validation to ensure generality. Second, only
three macroeconomic variables, CPI, unemployment rate,
and 10-year bond yield, are included; broader PESTEL
factors (for example, environmental regulations or social
trends) are not incorporated and remain avenues for future
work. Third, no external market validation (such as pub-
lic auction data comparison) is performed due to data
confidentiality constraints. Future research should integrate
additional macroeconomic indicators, such as GDP growth or
consumer confidence. It would also be valuable to test model
robustness on non-luxury segments and emerging markets
using newly acquired datasets. Exploring advanced time-
series architectures, such as LSTM, GRU, or transformer
models, for long-term RV forecasting represents another
promising direction. Additionally, investigating second-order
feature interactions (for instance, interactions between model
and optional feature rate) could further refine depreciation
insights.
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