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Abstract This survey examines interpretability methods used or proposed for Gradient Boosting Decision Trees,
which are advanced machine learning algorithms based on decision trees. The studies analyzed were gathered
using synonyms for ”explainability” combined with synonyms for ”method,” as well as synonyms for ”Gradient
Boosting Decision Trees.” The proposed or applied approaches are classified by their techniques and described in
detail. Among these methods, we recommend using SHAP values to rank features based on their relevance, as this
approach aligns well with the structure of Gradient Boosting Decision Trees. Additionally, we suggest considering
inTrees, RULECOSI+, and Tree Space Prototypes when applicable.
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1 Introduction

As machine learning (ML) techniques have evolved into
complex algorithms, such as ensemble models that combine
multiple simple machine learning models, understanding
how thesemodels work has become increasingly challenging.
The ability to comprehend the decision-making process of
an ML model is referred to as interpretability or explainabil-
ity. This brings us to the performance-interpretability trade-
off [Alex Goldstein and Pitkin, 2015] [Adadi and Berrada,
2018] [Das et al., 2020] [Barredo Arrieta et al., 2020] [Minh
et al., 2022] [Nadeem et al., 2023] [Nagahisarchoghaei et al.,
2023], which suggests that, generally, the more complex the
model, the better the expected performance and the higher
difficulty of understanding its process.
To overcome this challenge, a range of methods that aim to

delve into the decision-making process of ML models have
been developed, reducing the performance-interpretability
trade-off [Adadi and Berrada, 2018] [Barredo Arrieta et al.,
2020] [Minh et al., 2022]. Despite the agreement on the need
to understand the reasons for an algorithm’s decision and the
model’s mechanism, there is not a consensus on the appro-
priate term or definition to describe this. Several studies use
the terms “interpretability” and “explainability” interchange-
ably. Besides, the methods and processes used to compre-
hend ML models can be called Explainable Artificial Intelli-
gence (XAI) or Interpretable Artificial Intelligence (IAI).
It is worth noting that the increasing attention to the Ma-

chine Learning Operations (MLOps) approach, which aims
to automate ML processes, including training, monitoring,
and deploying in production ML models, requires the use
of interpretability methods to maintain the processes in a re-
sponsible line. Therefore, features related to interpretability
may improve a company’s competitiveness in many fields
that use AI.
Additionally, regarding formal institutions, the European

Parliament has adopted the General Data Protection Regula-

tion (GDPR), which includes clauses on automated decision-
making. This regulation introduces the right to receive
“meaningful explanations of the logic involved” in such de-
cisions [Guidotti et al., 2018]. Moreover, the International
Financial Reporting Standards (IFRS) require the use of in-
terpretable models, ensuring that credit decisions can be ad-
equately explained and justified to both customers and regu-
lators [De Bock et al., 2023].
According to Barredo Arrieta et al. [2020], decision tree

ensembles are arguably among the most accurate ML mod-
els in use nowadays. In addition, Yasodhara et al. [2021]
note that tree ensemble models are widely employed in re-
search and industry due to their good performance. Specif-
ically, Gradient Boosting Decision Trees (GBDTs), which
are sequential ensembles of decision trees, generally have a
high prediction accuracy [Ma et al., 2023b]. However, these
models are not inherently understandable since their mech-
anisms of decision-making are complex [Minh et al., 2022]
[Nagahisarchoghaei et al., 2023] [Rawal et al., 2022]. Inter-
estingly, Minh et al. [2022] note the prevalence of studies on
the interpretability of bagging techniques until 2018, when a
shift occurred to other ensemble methods, such as stacking
and boosting algorithms.
This review examines the available interpretability meth-

ods for Gradient Boosted Decision Trees (GBDTs) and or-
ganizes them into categories. The aim is to streamline
the search for suitable techniques and summarize the cur-
rent landscape of interpretability methods, while also recom-
mending the adoption of certain approaches. To achieve this,
we categorize the methods, analyze their underlying mecha-
nisms, and investigate how they relate to the structure of GB-
DTs. A total of 70 studies were reviewed, including 23 arti-
cles focusing on the explainability of machine learning mod-
els, 39 studies that utilized interpretability methods with GB-
DTs, and 8 studies that introduced new explainability meth-
ods.
In Section 2, we examine the relevant concepts related to
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Gradient Boosting Decision Trees and their interpretability.
Section 3 analyzes surveys that focus on the interpretability
of machine learning models. In Section 4, we outline the
methodology used, which includes the selection of studies
and the categorization of methods. Section 5 reviews the
methods proposed or applied within the studies analyzed. Fi-
nally, in Section 6, we present our remarks, and in Section 7,
we share our overall impressions.

2 Background

2.1 Gradient Boosting Decision Trees
A decision tree is a supervised machine learning model that
maps input features to one or more outcome variables of
interest. Its goal is to minimize a loss function, which de-
scribes how the model measures the difference between the
predicted values and the actual values.
Decision trees consist of a series of “yes or no” questions

based on specific cutoff thresholds. Each split in the tree
aims to minimize a defined criterion for the algorithm. If the
inequality condition is satisfied, the observation proceeds to
the next step on the left; otherwise, it moves to the right.
When a step in the tree is the final one, it is referred to as

a leaf; if there is a subsequent split, it is called a node. Each
leaf is associated with a value, which is the output for the
observations that fall into that leaf. Therefore, the decisions
made in the root node, which is the starting point, all the way
to a leaf describe how a particular decision was reached. This
sequence of decisions is known as a path. Additionally, the
length of the longest path from the root node to a leaf node
is known as the depth of the decision tree.
Mathematically, each node Qi is achieved from a set of

decisions sj :

Qi(θ) =
i∩

j=0
sj(θ) (1)

where θ is a set of parameters that describes a decision tree.
Consequently, the tree is a predictor function h(x) from

a family of functions h(x; θ), with the goal of minimizing a
criterion at each node.
Decision trees are simple models that can be combined to

form a unique model using bagging or boosting techniques,
creating ensemble algorithms. In bagging algorithms, mul-
tiple models are trained simultaneously, while boosting in-
volves a sequential training process.
Bagging algorithms [Breiman, 1996] operate by using vot-

ing or averaging to combine results from different models.
Each model is trained on a sample of the training data, and
the outcomes of these models are then aggregated, as illus-
trated in Figure 1.
In contrast, boosting algorithms [Schapire, 1990] focus on

improving the performance of the preceding model in the se-
quence. Each subsequent model is designed to reduce the
errors made by the previous one by using pseudo-residuals
in the response variable (i.e., actual values to be predicted).
Pseudo-residuals are calculated as the differences between
the actual values to be predicted and the values predicted by

Figure 1. Bagging Decision Tree

the prior decision tree. Finally, the predicted values are ag-
gregated, as illustrated in Figure 2.

Figure 2. Boosting Decision Tree

Specifically, in Gradient Boosted Decision Trees (GB-
DTs), each subsequent decision tree is intended to improve
upon the performance of the trained decision tree before it.
Thus, the first step in the GBDT process can be described as
follows:

F0 = arg min
ŷ

n∑
i=1

L(yi, ŷ) (2)

whereL(yi, ŷ) is the loss function, ŷ is the predicted value
for the leaf and yi is the true value.
Since the subsequent node aims to improve this result, the

next step is to calculate the pseudo residuals rim, where m
denotes the order of the decision trees, being hm(x) the de-
cision tree created based on these residuals:

rim = −L(yi, Fm−1(xi)) (3)

Then, the output from the m decision tree is:

ŷ = arg min
ŷ

n∑
i=1

L(yi, ŷ + γhm(xi)) (4)

Where γ is the learning rate, which is a positive num-
ber that indicates how much the GBDT weighs the previous
residuals.
Based on the analyzed studies, we notice that certain vari-

ations of GBDTs are frequently utilized. This subsection de-
tails the specifics of these models.
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2.1.1 AdaBoost

The Adaptive Boosting Algorithm (Adaboost) [Freund and
Schapire, 1997] consists of a boosting algorithm that ad-
justs adaptively to the errors of the weak learning algorithm
trained. In these models, a parameter β is updated according
to the error of the previous output, ε, so that the larger the
pseudo-residual (ε), the larger the weight of the output for
the next decision tree (β).

2.1.2 XGBoost

EXtreme Gradient Boosting (XGBoost) [Chen and Guestrin,
2016] introduces a regularization to the minimization prob-
lem. Instead of simply weighting the previous errors, it pe-
nalizes the complexity of themodel (α) and smooths the final
learned weights to avoid over-fitting (λ):

L(ϕ) =
∑

i

l(ŷi, yi) +
∑

k

Ω(fk) (5)

whereΩ(f) = αT + 1
2 λ ∥ w ∥2, T is the number of leaves

and w the leaf weights.

2.1.3 LightGBM

LightGBM [Ke et al., 2017] introduces two techniques,
Gradient-based One Side Sampling (GOSS) and Exclusive
Feature Bundling (EFB), to deal with a large number of data
instances and a large number of features, respectively.
GOSS retains all instances with a significant absolute gra-

dient (i.e., residual) value, while performing random sam-
pling on those with smaller gradients, which are assigned a
constant weight. This approach prioritizes the instances that
are under-trained.
EFB involves combining exclusive features—features that

never take nonzero values simultaneously—into a single fea-
ture. This bundling can significantly reduce processing time
in a sparse feature space.

2.1.4 CatBoost

CatBoost, which stands for Categorical Boosting
[Prokhorenkova et al., 2019], implements ordered boosting
and is capable of handling categorical data through an
ordering principle. To illustrate how the ordered boosting
is implemented, assume that a random permutation σ of the
training examples is sampled and n supporting models are
maintained (M1, ..., Mn), such that the model Mi is learned
using the first i examples in the permutation. At each step,
in order to obtain the residual for the j-th sample, we use
the Mj−1 model. We then have n models.
To handle categorical data, the algorithm uses Target

Statistics (TS), which involves replacing a category xi
k,

which is the category k of the feature i by a numeric feature
equal to a TS x̂i

k, based on organizing the data sequentially in
time. If time is not available, a random permutation is used.

2.2 Interpretability
Understanding the decision-making process of complexmod-
els like GBDT is challenging, prompting the development of

various methods to gain insights into this area [Adadi and
Berrada, 2018] [Barredo Arrieta et al., 2020] [Minh et al.,
2022]. Despite the agreement on the need to understand the
reasons for an algorithm’s decision and the model’s mecha-
nism; there is not a consensus on the appropriate term or def-
inition to describe this. Several studies use the terms “inter-
pretability” and “explainability” interchangeably. Besides,
the methods and processes used to comprehend ML models
can be called Explainable Artificial Intelligence (XAI) or In-
terpretable Artificial Intelligence (IAI).
Das et al. [2020] define IML and interpretability, respec-

tively, as a way of exploring an ML model aiming to pro-
vide a more reasoned explanation of the predictions and the
degree to which a human can understand the reason behind
decisions made by an ML model.
Barredo Arrieta et al. [2020] criticize the interchangeable

use of interpretability and explainability. According to them,
interpretability expresses a passive characteristic of a model,
referring to the level at which a model makes sense for a
human, while explainability is an interface between humans
and a decision maker, being, ergo, an accurate proxy of the
decision maker and comprehensible to humans. Similarly,
Rawal et al. [2022] state that the explanation of the system
must go beyond the interpretation since interpretability is
the ability of the AI system to be explained in human terms,
while explainability is a set of processes or methods that en-
sures that the system allows humans to comprehend its over-
all decision and reasoning. Additionally, Burkart and Huber
[2021] states that interpretability usually refers to the com-
prehension of how the model works as a whole, whereas ex-
plainability often refers to explanations surrounding predic-
tion models that are incomprehensible themselves.
On the contrary, Nagahisarchoghaei et al. [2023] under-

stand explainability as more concerned with explaining the
inner mechanism of the model and interpretability as focused
on understanding the cause of a decision.
In the present study, interpretability and explainability are

used interchangeably, consisting of techniques that aim to en-
hance the comprehension surrounding the decision-making
process of an ML model. Consequently, as exposed by Na-
gahisarchoghaei et al. [2023], XAI’s aims to make a black-
box model more transparent or use a transparent model to
help end-users better understand model behaviors.
Moreover, Rawal et al. [2022] conclude that explainability

can aid in avoiding biases that cause unethical and harmful
consequences, and Das et al. [2020] remark that it has mul-
tiple benefits, helping users to extract interpretable patterns
from trained ML models, identify the reasons behind poor
predictions, increase trust in model predictions, detect bias in
ML models, and protect against overfitting. They also note
that legal requirements and ethics might compel the use of
interpretability.
It is worth noting that, as observed by Adadi and Berrada

[2018], the need for explainability depends on the degree of
functional opacity caused by the complexity of theMLmodel
and the degree of resistance of the domain to errors. There-
fore, when the functional opacity is high and/or the cost of
wrong decisions is high, the need for interpretability is high.
We could compare the need to understand the logic behind
a decision-making process in medical diagnosis and a social
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media recommendation; clearly, the cost of wrong decisions
in the medical field (e.g., a false negative for the prediction
of a disease) is higher than in social media (e.g., showing a
post that does not fit the user’s preferences). Nonetheless,
explainability tools are desired in both cases to increase trust
in the decisions.
To better understand machine learning (ML) models, vari-

ous methods can be applied to analyze their decision-making
process. These methods typically rank the features based on
specific metrics. Explanations forMLmodels can be broadly
categorized into two types: global explanations and local
explanations. Global explanations provide insights into the
model as a whole, while local explanations focus on specific
predictions made by the model.
Furthermore, explanation tools can be classified as either

model-agnostic or model-specific. Model-agnostic methods
are versatile and can be used to explain a wide range of mod-
els, whereas model-specific methods are designed for par-
ticular types of models [Alex Goldstein and Pitkin, 2015]
[Rawal et al., 2022] [Islam et al., 2021] [Das et al., 2020]
[Carvalho et al., 2019] [Nagahisarchoghaei et al., 2023]. As
a result, model-specific methods are intrinsically linked to
the underlying mechanisms of the model itself.
As the field of interpretability in machine learning has

evolved, several reviews have been conducted to explore its
concepts and available methods. These surveys typically
focus on specific concepts, fields, or methods. Since the
present study concentrates on interpretability for GBDT, the
related surveys help us understand the existing concepts and
the methods that have already been explored.

3 Surveys available in the literature
Various surveys focus on machine learning explainability,
highlighting its importance and examining various fields and
methods. Most surveys emphasize concepts by analyzing
terms such as interpretability and explainability and catego-
rizing interpretability methods.
Interestingly, Rawal et al. [2022] mentioned that deci-

sion trees and ensemble methods are not transparent mod-
els. Therefore, it is necessary to use interpretability meth-
ods when developing them. However, some techniques suc-
cessfully explain certain models and perform poorly when
explaining other models, which is referred to as the chal-
lenge of transferability. Minh et al. [2022] also states that
tree ensembles require model simplification or feature rele-
vance techniques and mentions the prevalence of studies on
bagging techniques until 2018, when a shift occurred to other
ensemble methods such as stacking and boosting algorithms.
In the study by Guidotti et al. [2018], an approach is con-

sidered generalizable when a purely reverse engineering pro-
cedure is followed; thus, the black box is only queried with
different input records, while a method is called random if a
random perturbation or permutation of the original dataset
is used. Moreover, Islam et al. [2021] classifies whether
the method approximates the model’s behavior or not and
whether the method alone is inherently interpretable or not.

In the study by Stepin et al. [2021], the focus is on coun-
terfactual and contrastive methods. It is stated that con-

trastive explanations highlight the difference between the
actual and a hypothetical decision, while counterfactual ex-
planations specify the minimal changes needed in the input
to obtain a contrastive output. Moreover, they note that
there are explanations with both characteristics, known as
contrastive-counterfactual explanations, that it is common to
use the terms “contrastive” and “counterfactual” interchange-
ably. de Oliveira and Martens [2021] also examine counter-
factual explanations, with a focus on tabular data, and discuss
how these methods concentrate on determining how features
can be modified to change the output classification.
Covert et al. [2022] analyze methods that simulate feature

removal to quantify the influence of each feature. These
methods, known as removal-based explanations, could be
categorized as feature relevance based on the major cate-
gories used by general reviews.
Burkart and Huber [2021] focus on explainability for su-

pervised machine learning models. The definition from
Doshi-Velez and Kim [2017] is adopted, which states that
explainability is required when incompleteness exists, mean-
ing that there is something about the problem that cannot be
sufficiently encoded into the model.
Yasodhara et al. [2021], global feature importance meth-

ods (Gain and SHAP) are analyzed, with a focus on explana-
tions for tree ensemble models, as these methods are widely
used in industry. Perturbations in both the model and dataset
are created to evaluate how the methods perform in terms of
accuracy and stability using Random Forest (RF), Gradient
Boosting Machines, and XGBoost.
Li et al. [2023b], the concept of eXplainable Anomaly De-

tection (XAD) is explored in the context of anomaly detec-
tion. XAD is defined as the extraction of relevant knowledge
from an anomaly detection model regarding the relationships
within the data or learned by the model. The study highlights
the usefulness of XGBoost as a surrogate model for anomaly
detection, emphasizing the need for an explainability method
as well.
Başağaoğlu et al. [2022] focus on IAI and XAI models

for tree-based ensemble hydroclimatic factor predictors. The
models considered consisted of XGBoost, LightGBM, Cat-
Boot, Extremely Randomized Trees, and RFs.
Bharati et al. [2023] concentrate on explainability in

healthcare, emphasizing its criticality due to the significance
of diagnostics in saving human lives. On the other hand,
Rjoub et al. [2023] andNadeem et al. [2023] analyze XAI for
cybersecurity. While the former focuses on use cases and cat-
egorization in the cybersecurity field, the latter examines dif-
ferent stakeholders and their objectives. Similarly, Moustafa
et al. [2023] analyzes explainability in the context of intru-
sion detection, noting it is limited to analyzing feature rele-
vance and the correlation of security events.

3.1 Surveys Analysis
A total of 9 surveys analyzed cover the broader concept of ex-
plainability in machine learning ([Das et al., 2020] [Rawal
et al., 2022] [Barredo Arrieta et al., 2020] [Minh et al.,
2022] [Adadi and Berrada, 2018] [Islam et al., 2021] [Car-
valho et al., 2019] [Guidotti et al., 2018] [Nagahisarchoghaei
et al., 2023]). Additionally, 8 surveys focus on interpretabil-
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ity within specific fields ([Li et al., 2023b], [Başağaoğlu
et al., 2022], [Bharati et al., 2023], [Kök et al., 2023],
[De Bock et al., 2023], [Rjoub et al., 2023], [Nadeem et al.,
2023],[Moustafa et al., 2023]). Furthermore, 6 surveys ex-
amine interpretability concerning specific machine learning
methods or explainability techniques ([Stepin et al., 2021]
[de Oliveira and Martens, 2021] [Covert et al., 2022] [Sa-
hakyan et al., 2021] [Burkart and Huber, 2021] [Yasodhara
et al., 2021]) examine interpretability in the context of spe-
cific ML methods or specific explainability methods. The
surveys that focus on specific fields can be found in Ta-
ble 1, while those that concentrate on specific methods are
presented in Table 2.

Table 1. Specific Fields Reviews

Ref. Field
Li et al. [2023b] Anomaly Detection

Başağaoğlu et al. [2022] Ecology
Bharati et al. [2023] Healthcare
Kök et al. [2023] IOT

De Bock et al. [2023] Operational Research
Rjoub et al. [2023] Cybersecurity
Nadeem et al. [2023] Cybersecurity
Moustafa et al. [2023] Cybersecurity

It is noteworthy that while there is a prevalence of surveys
focused on cybersecurity, the specific methods analyzed are
quite diverse, despite the limited number of specific reviews.
This survey concentrates on the interpretability of Gradi-

ent Boosted Decision Trees (GBDT), examining explainabil-
ity techniques applied or proposed in studies and how these
methods relate to the mechanisms of GBDT. We have not
identified a review with this specific objective. Therefore,
our aim is to address the challenge of transferability men-
tioned by Rawal et al. [2022] by conceptually connecting the
ML model and the concept of explainability in the method.
Likewise, we have not found a survey on explainability for
GBDT; it is worth citing Yasodhara et al. [2021], which ana-
lyzes Gain and SHAP methods for Tree Ensembles.

4 Systematical Analysis
The goal of this analysis is to examine studies that either pro-
pose or apply methods of explainability for GBDTs, relating
the techniques to the GBDT’s structure. To identify relevant
techniques from the articles and reviews, we conducted a
search using the terms “interpretability” or “explainability”
in conjunction with the terms “method”, “tool”, “algorithm”,
“technique” or “approach” as well as at least one of the terms
“gradient boosting trees”, “gradient boosted trees”, “gradi-
ent boosting decision trees” and “gradient boosted decision
trees”. This search was conducted in IEEE Xplore, ACM,
and Scopus, taking into account the available studies as of
May 2024.
Table 3 presents the total amount of research gathered for

each tool, including any duplicates that may exist between
them.
The string used for each research tool is indicated below.

IEEE Xplore

((“Full Text & Metadata”:“interpretability method”)
OR (“Full Text & Metadata”:“explainability method”)
OR (“Full Text & Metadata”:“interpretability tool”)
OR (“Full Text & Metadata”:“explainability tool”)
OR (“Full Text & Metadata”:“interpretability algo-
rithm”) OR (“Full Text & Metadata”:“explainability
algorithm”) OR (“Full Text & Meta-
data”:“interpretability technique”) OR (“Full Text &
Metadata”:“explainability technique”) OR (“Full Text
& Metadata”:“interpretability approach”) OR (“Full
Text & Metadata”:“explainability approach”)) AND
((“Full Text & Metadata”:“gradient boosting trees”)
OR (“Full Text &Metadata”:“gradient boosted trees”)
OR (“Full Text & Metadata”:“gradient boosting deci-
sion trees”) OR (“Full Text & Metadata”:“gradient
boosted decision trees”))

ACM

[[All: “interpretability method”] OR [All: “explain-
ability method”] OR [All: “interpretability tool”] OR
[All: “explainability tool”] OR [All: “interpretabil-
ity algorithm”] OR [All: “explainability algorithm”]
OR [All: “interpretability technique”] OR [All: “ex-
plainability technique”] OR [All: “interpretability ap-
proach”] OR [All: “explainability approach”]] AND
[[All: “gradient boosting trees”] OR [All: “gradient
boosted trees”] OR [All: “gradient boosting decision
trees”] OR [All: “gradient boosted decision trees”]]

Scopus

( ALL ( “ interpretability method” ) OR ALL ( “explain-
ability method” ) OR ALL ( “interpretability tool” ) OR
ALL ( “explainability tool” ) OR ALL ( “interpretabil-
ity algorithm” ) OR ALL ( “explainability algorithm” )
OR ALL ( “interpretability technique” ) OR ALL ( “ex-
plainability technique” ) OR ALL ( “interpretability ap-
proach” ) OR ALL ( “explainability approach” ) ) AND
( ALL ( “gradient boosting trees” ) OR ALL ( “gradient
boosted trees” ) OR ALL ( “gradient boosting decision
trees” ) OR ALL ( “gradient boosted decision trees” ) )

Synonyms of “method” and “gradient boosting decision
trees” were used. The words “interpretability” and “explain-
ability” were not used in isolation because they would refer
to studies surrounding the difficulties and definitions rather
than the methods available.
After performing a search, we sifted through reviews that

discuss interpretability techniques and articles that mention
the use of an explainability method and GBDT or propose a
method applicable to GBDTs by reading their abstracts. We
specifically excluded studies that use GBDT in a more com-
plex architecture without focusing on GBDT explainability.
Additionally, we assessed studies referenced in the reviews
and applied the filter based on abstract reading to them as
well. In total, we analyzed 70 accessible studies from this
approach. The process is described in Figure 3, according to
systematic reviews and meta-analyses (PRISMA) standards.
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Table 2. Specific Methods Reviews

Ref. Field
Stepin et al. [2021] Contractual and Contrastive Methods

de Oliveira and Martens [2021] Counterfactual Methods for Tabular Data
Covert et al. [2022] Removal-based explanations

Sahakyan et al. [2021] Tabular Data
Burkart and Huber [2021] Supervised Models
Yasodhara et al. [2021] Global Explanations for Tree Ensembles

Figure 3. PRISMA

Table 3. Quantity of studies per tool

IEE Xplorer ACM Scopus
24 23 150

Out of the total studies, 23 are surveys, as described in Sec-
tion 3. Additionally, 39 studies use various methods, while
8 studies propose new methods. In Section 5, we analyze the
methods presented or applied.
The interpretability methods analyzed are classified based

on their techniques and can be categorized as either model-
agnostic or model-specific and as global or local, as shown
in Table 4. Furthermore, we indicate whether each method
has been adopted in studies other than the one in which it was
originally proposed. Below, we provide a brief description
of each category of technique.

Feature Importance It defines the importance of the fea-
ture as the use of a mathematical concept to rank the features
in the model, defining the relevance of the feature. This can
be achieved by either directly extracting or computing inter-
nal metrics.
These metrics can be aggregated or calculated for different

values of the features. On the one hand, aggregated feature
importance metrics express the general relevance of the fea-
ture. On the other hand, the metrics that can be analyzed for
different values of the feature or other features allow relation-
ship analysis.

Simplification These techniques involve simplifying the
original model by either approximating the original model
with an explainable surrogate model or extracting the nodes
decisions.

Contrastive Explanations As explained by Stepin et al.
[2021], contrastive explanations highlight the difference be-
tween the actual and a hypothetical decision, while counter-
factual explanations specify the minimal changes needed in
the input to obtain a contrastive output. However, the terms
are often used interchangeably; therefore, this category in-
cludes both.

Prototypes Using the definition of prototypes as represen-
tative points of data, we can explain a prediction by present-
ing similar, representative points.

5 Studies
The methods of explainability applied in the studies ana-
lyzed are briefly described in this section and classified in
Table 4. The studies employing a method and their respec-
tive domains and techniques used are detailed in Table 5.

5.1 Feature Importance
Gain Proposed by [Quinlan, 1993], this method refers to
the difference in a specific metric resulting from a particular
split, usually calculated based on accuracy. It is typically av-
eraged across all splits where the feature is utilized, but it can
also be considered as the total gain from all splits involving
that feature.
For instance, Ho et al. [2022] analyze feature importance

in two XGBoost models by using two interpretations of gain,
one based on the reduction in the loss function and the other
derived from the Gini coefficient. Nevertheless, the authors
use the terms gain and ELI5 when referencing gain accord-
ing to the loss function and the Gini coefficient, respectively.
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Table 4. Methods of Explainability

Method Global or Local Agnostic or Specific Classification Applied
Gain Global Specific Feature Importance Yes
Split Global Specific Feature Importance Yes

Coverage Global Specific Feature Importance Yes
Prediction Value Change Global Specific Feature Importance Yes

SHAP Both Both Feature Importance Yes
PDP Global Agnostic Feature Importance Yes
ICE Both Agnostic Feature Importance Yes
ALE Global Agnostic Feature Importance Yes

Permutation Feature Importance Global Agnostic Feature Importance Yes
Surrogate Model Both Agnostic Simplification Yes

LIME Local Agnostic Simplification Yes
Contrastive Explanations Local Agnostic Contrastive Explanations Yes
Decision Contribution Global Agnostic Simplification No
Tree Space Prototype Local Specific Prototypes No

inTrees Global Specific Simplification No
RULECOSI+ Global Specific Simplification No

Bayesian Model Selection Global Specific Simplification No

Using Python functions’ names instead of concepts suggests
a focus on tools rather than definitions, leading to confusing
conclusions.

Split It quantifies how frequently a feature is used to split
(i.e., the number of nodes involving the variable) the data
in the model, making it a measure of its involvement in the
decision-making process of the ML model. However, this
metric does not account for the magnitude of a feature’s con-
tribution; for instance, a feature may appear in numerous
nodes that contribute only marginally to the differentiation
of outcomes. Conversely, a feature used in fewer nodes may
exert a more substantial influence if those splits lead to sig-
nificant changes in output.
In their study, Calderón-Díaz et al. [2024] conducted

a split-based feature importance analysis on an XGBoost
model aimed at predicting muscle injuries in professional
soccer players. While the authors cite the use of a Python
library for this purpose, they do not describe the methodolog-
ical details, effectively defaulting to the library’s standard be-
havior, which relies on split count.

Coverage It represents the average percentage of instances
that meet the condition across all splits where the feature is
utilized. Therefore, such as for Split, these nodes might con-
tribute only marginally to the differentiation of outcomes.

Prediction Values Change It expresses how much, on av-
erage, the prediction changes if the feature value changes.
Tran et al. [2021] apply Prediction Values Change for both

feature importance per se and feature selection. As a result,
only themost relevant features are retained in the final model,
helping to reduce the risk of overfitting. This approach illus-
trates the versatility of interpretability methods.

SHAP SHapley Additive exPlanations (SHAP)[Lundberg
and Lee, 2017] method is based on cooperative game theory,

where each feature acts as an agent that collaborates with oth-
ers to achieve a better outcome. This approach examines the
interactions between features and their combined impact on
the final result, considering all possible feature combinations.
In game theory, participants consider the potential actions
of others when deciding how to act, allowing us to analyze
hypothetical yet plausible scenarios. The outcome for each
participant depends on the actions of everyone involved.
This concept aligns well with Gradient Boosting Decision

Trees (GBDT), as well as other models based on decision
trees, as sequential games can be represented through deci-
sion trees. Each tree aims to improve upon the performance
of its predecessor. Additionally, features located in earlier
nodes generally have higher SHAP values, reinforcing the
idea that decisions made earlier significantly influence the
final decision.
Since SHAP is an additive feature attributionmethod, each

observation can be represented as a linear combination of fea-
ture importance. A feature’s importance value is calculated
as the weighted average of the differences between the out-
comes from a trained model that includes it and the outcomes
from a trainedmodel that excludes it, considering all possible
subsets of features.
SHAP value has several variations that are designed to bet-

ter fit different machine learning models and optimize the
SHAP algorithm for easier computation. For example, Tree-
SHAP was specifically developed for tree-based machine
learning models [Lundberg et al., 2020]. As a result, we can
view SHAP as both model-agnostic and model-specific. Ad-
ditionally, the Shapley–Lorenz method combines the SHAP
value with the Lorenz curve to generate a SHAP value based
on the differential contribution to global predictive accuracy,
rather than the differential contribution to each individual
predicted value [Giudici and Raffinetti, 2021].
Finally, by using SHAP values, we can analyze multiple

outputs. In local analysis, we can visualize the output as a re-
sult of the importance of each feature for the instance. From
this local analysis, we can create global analyses by aggregat-
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ing the SHAP values for each observation, typically calculat-
ing the average or the absolute values of the averages. Ad-
ditionally, we can examine the interactions between features
by plotting one feature’s value alongside its SHAP value and
the value of another feature Lundberg et al. [2019].
For example, Herrera et al. [2023] analyzed SHAP values

at the level of individual observations and features, while
also exploring the relationships among features, including
their connections to the target variable. Their study explored
outputs from an XGBoost model, a neural network, and two
linear regression models. Notably, the SHAP value distribu-
tions differed substantially between the neural network and
XGBoost models, highlighting how model architecture can
significantly influence the interpretation of feature impor-
tance.
Similarly, Stojić et al. [2019] examine the importance of

features of an XGBoost based on the mean absolute SHAP
Values, Gain, Coverage, and Split. As expected, the outputs
from these techniques are significantly different as a result
of the concept’s differences.
It is worth noting that most studies (32 out of 39) utilize

SHAP, which aligns effectively with the mechanisms of Gra-
dient Boosting Decision Trees (GBDTs). It is important to
note that none of the studies explicitly mention that SHAP’s
rationale aligns with the structure of GBDTs.

Permutation Feature Importance In Permutation Fea-
ture Importance Fisher et al. [2019], the feature j is randomly
shuffled for each repetition k in 1, ..., K to generate a cor-
rupted version of the data. The importance of the feature is
determined by calculating the difference between the origi-
nal score s (usually the accuracy) and the averaged score for
the corrupted data:

ij = s − 1
K

K∑
k=1

sk,j (6)

PDP Partial dependence plots (PDP) [Friedman, 2001] il-
lustrate the relationship between predicted values and se-
lected features of interest while averaging over the values of
all other features. Mathematically, consider a set of features
XS from the vector of featuresXT and letXC be the comple-
ment. When f(xs, xC) is not differentiable, as for GBDTs,
it is calculated as:

pdXS
(xS) = 1

N

N∑
i=1

f(xS , x
(i)
C ) (7)

Therefore, it describes how one feature influences the out-
put while considering the impact of other features. It over-
looks the possibility that some hypothetical values of those
other features might not be feasible for a specific instance.
Rhee et al. [2020] examine four types of models: Ad-

aBoost, Decision Trees, RFs, Extremely Randomized Trees,
and multiple linear regression. These models are designed
to detect hydrological droughts in ungauged areas across dif-
ferent time scales. The Permutation Feature Importances are
normalized so that the total importance scores of all variables
sum to one hundred, and PDP is applied.

ICE Individual Conditional Expectation (ICE) [AlexGold-
stein and Pitkin, 2015] involves plotting the relationship be-
tween the predicted response and a specific feature for in-
dividual observations. This approach helps identify interac-
tions and extrapolations in predictor space. Visually, ICE
plots disaggregate the output of Partial Dependence Plots
(PDPs). For each of the N observed and fixed values of xC ,
a curve is plotted against the observed values of xS . Each
curve defines the conditional relationship between xS and
the predicted value at fixed values of xC .
Using the centered version of ICE is recommended when

we want to observe heterogeneity in the model, especially
when the curves exhibit a wide range of intercepts. In this
case, the predictions are centered around a selected location
x∗ within the range of xS .

ALE Accumulated Local Effects (ALE) [Apley and Zhu,
2020] also illustrates the relationship between the predicted
value and the features of interest. However, instead of aver-
aging the predictions over the marginal distribution, ALE av-
erages the predictions over the conditional distribution. This
approach is taken due to the limitations of PDP for a feature
that is strongly correlated with other features since, when
f(x) is not differentiable, the partial dependence plot con-
sists of averaging predictions of artificial data instances.
The uncentered ALE for the feature j:

˜ALEj(x)=
∑kj (x)

k=1
1

nj (k)

∑
i:x(i)

j
∈Nj (k)

[f(xk,j ,x
(i)
C

)−f(xk−1,jx
(i)
C

)]

(8)
where Nj(k) is a partition of the sample range of {xi,j : i =
1, 2, ..., n} into K intervals. We get the centered ALE by cen-
tering this value using its mean value.
Thus, it averages the changes in the predictions and accu-

mulates them over a small interval. As for PDP, we can use
heatmaps to analyze two features simultaneously.
Interestingly, Wu et al. [2023] apply PDP, ICE, and ALE

to analyze feature importance plots for a GBDT that aims
to predict the severity of COVID-19. Firstly, the most im-
portant features are recognized from the Permutation Fea-
ture Importance, and then PDP, ICE, and ALE are plotted for
some features. It is worth noting that ALE is more suitable in
healthcare since the features are generally highly correlated,
whereas ICE allows the analysis of heterogeneity.

5.2 Simplification
Surrogate Model This process involves approximating
the original model with an explainable surrogate model. In
this approach, the outputs from the original model serve as
the dependent variable for the explainable model, which uses
the original model’s features as inputs.

LIME Consists of the local approximation using an inter-
pretable model Ribeiro et al. [2016]. Therefore, it does not
relate directly to the GBDT’s structure.
For each instance selected for analysis, LIME gener-

ates perturbed versions by uniformly sampling random data
points in the vicinity of the original instance. The number of
perturbed instances is also sampled uniformly. The predic-
tions from the machine learning model are obtained for these
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perturbed instances, capturing the model’s output within the
local neighborhood of the original instance.
Finally, LIME assigns weights to the perturbed instances

based on their proximity to the original instance and uses
these weights to develop an interpretable model. The impor-
tance of each feature is then derived from this interpretable
model.
Interestingly, Aljadani et al. [2023] propose using ML

models alongside LIME for credit scoring. They emphasize
the relevance of plotting the feature importance of each vari-
able and analyzing the most impactful features in decision-
making.

Decision Contribution In GBDTs, we calculate the abso-
lute value of the difference between the current node’s deci-
sion and the previous decision to determine the contribution
of that decision [Delgado-Panadero et al., 2022]. This output
can be aggregated for either a decision space or a specific fea-
ture.
For a decision space analysis, we compute the intersection

spaces defined by the splits from the nodes along the decision
path. This process removes redundancy and consolidates the
decision contributions within the defined interval.
For feature analysis, we assess how much the prediction

changes after each decision related to the feature of interest
and then sum all these decision contributions.

DecisionRules Since GBDTs’ outputs come from intersec-
tions of conditions, we can extract decision rules consisting
of conditions based on distinct features to better understand
the model’s mechanism.

inTrees A rule can be derived from the root node of a de-
cision tree to a leaf node, describing the decision made at
the leaf. This is denoted as C ⇒ T , where C is the condi-
tion (i.e., a conjunction of variable-value pairs defined by a
threshold) and T is the output of the rule (i.e., the value in the
leaf node). To extract the rules, we identify the conditions in
each node from the root node to the node of interest. This
leads to the following metrics:

• Frequency: The proportion of observations that satisfy
the rule, serving as a measure of the rule’s popularity.

• Error: The proportion of incorrectly classified instances
that satisfy the rule or the mean squared error in regres-
sion problems.

• Length: The number of variable-value pairs in the con-
dition, reflecting the complexity of the rule.

From these metrics, several analyses can be performed,
such as reducing rules based on the decrease in error asso-
ciated with each variable-value pair, selecting rules through
feature selection, extracting variable interactions using asso-
ciation rule analysis, and aggregating the extracted rules into
a rule-based learner known as a Simplified Tree Ensemble
Learner (STEL). This framework is referred to as inTrees
[Deng, 2014].

RULECOSI+ RULECOSI+, which stands for “Rule Com-
bination and Simplification” [Obregon and Jung, 2023], is a

method that extracts and selects decision rules based on the
concepts of coverage (the fraction of observations that satisfy
a rule) and accuracy. Initially, paths are defined in terms of
conditions specified by nodes in a decision tree, forming rule
sets. These pairs of rule sets are then combined and simpli-
fied, with overlapping intervals being streamlined.
Pairs that have an accuracy exceeding a specified thresh-

old, denoted as α, are retained. A logit score is then gen-
erated from the decision rules, similar to GBDTs. The rules
within each ruleset are organized in descending order accord-
ing to their accuracy and coverage. Rules with accuracy
greater than α are added to a pruned ruleset, and the data
covered by those rules is excluded from a copy of the origi-
nal dataset. This process is repeated with the remaining rules
and data until no additional rules or data are left to test.
Ultimately, only the rules in a final ruleset that meet the

following criteria are retained: coverage exceeding a speci-
fied threshold β, accuracy greater than α, and a significant
impact on the error rate. To evaluate the last condition, the
confidence interval of the error is considered, using a bino-
mial distribution typically at a confidence level of 25%.
It is important to note that RULECOSI [Obregon et al.,

2019] is not directly explained, despite being proposed in
an analyzed study, because it is the basis of RULECOSI+
[Obregon and Jung, 2023].

Bayesian Model Selection Approach We can also extract
rules from ensembles of decision trees by using the concept
of regions from geometrics and apply this to a Bayesian
Model Selection Approach [Hara and Hayashi, 2017] to find
an approximation of the model from the extracted rules. To
achieve this, we simplify a rule, which is essentially the path
from the root node to a specific node in a decision tree. We do
this by analyzing the intervals for each feature and describ-
ing this simplification as a region in the space defined by the
thresholds. In the case of tree ensembles, each observation
falls within the intersection of multiple regions. Therefore,
to enhance the interpretability of the tree ensemble, we can
use a smaller number of regions to approximate the original
model.
Since a condition imposed by a node corresponds to a bi-

nary outcome based on a defined region, we can model this
as a Bernoulli distribution that reflects the probability of the
features belonging to each interval. From this, we can derive
the posterior distribution of y given the binary feature using
Bayes’ rule and estimate the model parameters and, if not
pre-defined, the future number of regions.
Given that we may obtain multiple candidates, we can se-

lect the model that minimizes the error. For this selection
process, we employ a Bayesian model selection algorithm
known as factorized asymptotic Bayesian (FAB) inference.

5.3 Contrastive Explanations

It explicitly highlight the distinctions between an actual deci-
sion and a hypothetical one. This approach allows for a direct
comparison between the actual output derived from specific
inputs and an alternative scenario that uses different inputs,
leading to a distinct outcome.
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The only study analyzed that applies Contrastive Explana-
tions, as well as a Surrogate Model, is from Aguilar-Palacios
et al. [2020]. In this work, the authors generate contrastive
explanations based on the outputs of a linear regression sur-
rogate model, specifically in the context of sales forecasting.

5.4 Prototypes

Tree Space Prototype For Gradient Boosted Decision
Trees (GBDTs), the distance functions consider both the pre-
dictions made by the model and how the model uses features
to produce those outputs. Consequently, the prototypes de-
rived from this process are referred to as “tree space proto-
types” [Tan et al., 2020]. In GBDTs, the proximity between
a pair of points is calculated as a weighted average based on
the number of trees in the model where the points land in the
same leaf, with the learning rate serving as the weight for
each decision tree. To finalize this, a k-medoids problem is
solved to minimize the sum of distances from each object to
its nearest medoid (or prototype), with the distance defined
as 1 − proximity.

6 Discussion

The SHAP method is well-suited for analyzing feature im-
portance because it aligns with the GBDT framework by def-
inition. Despite its popularity (used in 32 out of 39 studies),
the theoretical compatibility between SHAP and GBDT is
not explicitly acknowledged in any of the studies.
Similarly, RuleCOSI+, the most recent interpretability

method, is designed for the GBDT mechanism and can sim-
plify models by utilizing concepts inherent to its structure,
considering both the coverage and accuracy. However, this
method was not employed in the studies analyzed.
Interestingly, the only methods specifically developed for

decision trees or ensembles of decision trees that were uti-
lized relied on calculations based directly on the existing
splits within the trees. Although decision rules can clearly
elucidate decisions by a model, inTrees allow multiple anal-
yses surrounding a GBDT structure, and Tree Space Proto-
type methods define representative points of data; these ap-
proaches were not applied in the studies reviewed. Instead,
the focus was largely on ranking features based on their im-
pact on predicted values for both the overall model and spe-
cific instances. With the exception of the study by Aguilar-
Palacios et al. [2020], the other research examined the im-
portance of features from a global perspective, even though
not all of them used a method specifically designed for this
purpose.
Furthermore, 19 studies employed multiple interpretabil-

ity approaches. This diversity is advantageous, as different
methods, even when addressing the same concept of feature
importance, utilize distinct metrics. As such, it is common
for different interpretabilitymethods assessing feature impor-
tance to produce varied rankings of the features. Understand-
ing the fundamental mechanisms of these methods is essen-
tial. Additionally, when applying the same interpretability
methods to different machine learningmodels using the same

dataset, the results can vary significantly due to the differing
decision-making processes involved.

7 Conclusion

We have analyzed 18 methods that can enhance the under-
standability of Gradient Boosting Decision Trees and cate-
gorized them by technique. Additionally, we reviewed 39
studies that implemented explainability methods in the con-
text of Gradient Boosting Decision Trees.
We noticed the prevalence of the adoption of SHAP Value,

which effectively matches the Gradient Boosting Decision
Trees mechanisms. However, the choice of SHAP values
does not appear to be a consequence of the structural match-
ing. Furthermore, most studies utilize more than one inter-
pretability method, which is advantageous. We also noted a
tendency to focus on ranking feature importance rather than
understanding specific decisions through the analysis of de-
cision rules or prototypes.
We recommend using SHAP values to assess the impor-

tance of different features. Additionally, we suggest employ-
ing Decision Rules to clarify specific decisions made by the
model. For overall model simplification, RULECOSI+ is a
good choice, while inTrees can be utilized for detailed anal-
ysis of the model’s structure. Furthermore, Tree Space Pro-
totypes can help visualize representative data points effec-
tively.
We recommend that future studies focus on evaluating the

methods used for explainability processing. This evaluation
should consider both the available tools and their associated
costs, including processing time. By taking these factors into
account, we can achieve a realistic assessment of the costs
and benefits while considering practical execution possibili-
ties.

Declarations

Authors’ Contributions

Victoria de Sousa Figueira Gonçalves is the main writer and also
responsible for the conceptualization, literature reviewing and edit-
ing. Vinicius Renan de Carvalho is responsible for the methodol-
ogy, conceptualization, supervision, reviewing and editing. All au-
thors read and approved the final manuscript.

Competing interests

The authors declare that they have no competing interests

Availability of data and materials

The datasets (and/or software) generated and/or analyzed during
the current study will be made upon request.



A Review of Interpretability Methods for Gradient Boosting Decision Trees Gonçalves and de Carvalho. 2025

Table 5. Studies that apply a method. PFI stands for Permutation Feature Importance, and PVC for Prediction Values Change

Ref. Field Methods
Herrera et al. [2023] ICTs SHAP

Christodoulou and Gregoriades [2023] Language SHAP
Shen et al. [2022] Engineering SHAP
Ma et al. [2023a] Engineering SHAP
Ma et al. [2023b] Engineering SHAP

Nguyen et al. [2023] Finance SHAP
Bedi et al. [2020] Ecology SHAP

Gramegna and Giudici [2020] Finance SHAP
Vaulet et al. [2022] Healthcare SHAP
Du et al. [2023] Healthcare SHAP
Lv et al. [2023] Transport SHAP
Tang et al. [2023] Airport SHAP

Boulitsakis Logothetis et al. [2023] Healthcare SHAP
He et al. [2023] Ecology SHAP
Feng et al. [2022] Engineering SHAP
Chu et al. [2024] Healthcare SHAP

Sokhansanj and Rosen [2022] Language SHAP, Gain
Li et al. [2023a] Engineering SHAP, Gain
Stojić et al. [2019] Ecology SHAP,Coverage, Split
Ho et al. [2022] Chemistry SHAP, Gain

GhoshRoy et al. [2023] Healthcare SHAP, LIME
Wang et al. [2023a] Engineering SHAP, ALE
Liang et al. [2022] Engineering SHAP, PDP

Lazaridis et al. [2023] Engineering SHAP, ALE, PDP
Wu et al. [2023] Medicine SHAP, PFI, PDP, ICE, ALE, LIME

Kookalani et al. [2022b] Engineering SHAP, ALE, PDP
Kookalani et al. [2022a] Engineering SHAP, ALE, PDP

Liu et al. [2024] Finance SHAP, PVC, Gain, Split
Settouti and Saidi [2024] Healthcare SHAP, PFI, LIME

Jas et al. [2024] Ecology SHAP, Split
Zhang et al. [2024] Chemistry SHAP, PDP
Wang et al. [2023b] Healthcare SHAP, PDP
Shimizu et al. [2022] Healthcare Gain
Tran et al. [2021] Ecology PVC

Calderón-Díaz et al. [2024] Healthcare Split
Aljadani et al. [2023] Finance LIME
Rhee et al. [2020] Ecology PFI

Aguilar-Palacios et al. [2020] Sales Surrogate Model, Contrastive Explanations
Shield and Houston [2022] Ecology PFI, ALE
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