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Abstract

Machine learning (ML) is becoming an essential tool in economics, offering power-
ful methods for prediction, classification, and decision-making. This paper provides
an intuitive introduction to two widely used families of ML models: tree-based meth-
ods (decision trees, Random Forests, boosting techniques) and neural networks. The
goal is to equip practitioners with a clear understanding of how these models work,
their strengths and limitations, and their applications in economics. Additionally, we
briefly discuss some other methods, as support vector machines (SVMs) and Shap-
ley values, highlighting their relevance in economic research. Rather than providing
an exhaustive survey, this paper focuses on practical insights to help economists
effectively apply ML in their work.

1 Introduction

The central question in empirical economic analysis is how to use data to uncover re-
lational structures between variables. The primary goal may be to understand the
structure itself, as in causal inference, or to use it for prediction, policy implications, or
theory testing.

Over the past decades, the standard econometric framework for data analysis in
economics has been challenged by two major developments. First, we have witnessed
an explosion in the availability of new datasets, often accessible with just a few clicks.
Notably, the rise of microdata (covering individuals or households), high-frequency data
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(for time series analysis), and unstructured data (such as text) has introduced a wealth
of information with substantial economic relevance, while also demanding more flexible
analytical tools. Second, there has been an unprecedented increase in computational
power, whether from standalone machines or distributed networks, with cloud services
like AWS making large-scale computation widely accessible at relatively low cost.

Machine learning (ML) has emerged as a natural response to this evolving landscape,
offering a broad set of classification and prediction methods. While closely related to
both traditional econometrics and other Al techniques, ML is often distinguished by its
focus on predictive accuracy rather than causal inference. See [7], [6], [37], [57] and [70].

In this paper, we introduce some of the most widely used ML methods in economics.
Rather than aiming for an exhaustive survey, we prioritize an intuitive explanation of
their essential components, working under the premise that practitioners benefit most
when they understand the fundamental logic behind each method. We focus on two
major families of models, tree based methods and neural networks, and provide ba-
sic Python examples to illustrate their implementation. Once these foundations are in
place, practitioners can more easily navigate the vast array of available ML techniques
and applications.

It is fair to mention at least two areas of ML or related literature that this paper
does not cover, even though their relevance to economics is rapidly growing. First, in
this paper, we focus on prediction and classification problems, both of which constitute
an ex-post analysis. Even when the aim is to predict the future, our approach relies
on analyzing past data. In contrast, a branch of ML known as Reinforcement Learning
explicitly addresses problems where decision-making and learning interact dynamically
over time,! [53]. Second, we do not deal with extracting information from unstructured
data, such as text mining. A seminal work on Latent Semantic Analysis is [32], which
laid the groundwork for Natural Language Processing (NLP)—a field that, in our view,
belongs to a distinct domain of research. In addition, the work by [22] surveys the
anomaly detection, which this paper does not cover and, obviously, can distort any data
analysis.

While we provide some additional model-specific references along the text, again
without being exhaustive, some ideas on the overall applicability of ML are in order
here. The relative advantage of ML often depends on both the nature of the data and
the goal of the analysis. While some specific issues are addressed in further sections on re-
gard to specific methods, some general comments on the applicability of ML are in order.

First, ML tends to perform well when working with large datasets, particularly in

'Reinforcement Learning has strong connections to classical branches of Optimal Control theory such
as Active Learning. It also overlaps with some problems in Operations Research such as Multi-armed
Bandit or the Exploration vs Exploitation trade-off.



cases where economic relationships exhibit significant nonlinearity or high-dimensional
interactions. Traditional econometric models often impose strong parametric assump-
tions for tractability, whereas ML methods, particularly tree-based models and neural
networks, can flexibly capture intricate patterns in the data without requiring explicit
functional form assumptions [103]. This makes ML particularly useful for analyzing con-
sumer behavior, labor market dynamics, and financial risk assessment, where complex
interactions between variables are likely to exist.

Second, the strengths of ML are particularly evident in predictive tasks. Many eco-
nomic applications involve forecasting rather than structural estimation, and ML has
shown strong performance in domains such as inflation forecasting [67], credit scoring
[61], demand prediction [38], measuring productivity [21] or agriculture [90]

Finally, ML methods often excel in rare-event prediction, where conventional econo-
metric models may struggle due to class imbalance. Examples include predicting bankruptcy
[111], fraud detection [105], and default risk [19]. Tree-based methods such as Random
Forests and boosting techniques are particularly useful in these settings, as they can
handle highly skewed datasets through resampling techniques and loss function adjust-
ments [18].

There is a relatively large number of textbooks on ML as discipline. To the best of
our knowledge, but also reflecting our preferences, [45] remains the classical reference,
complemented by [72], which offers a very detailed and rigorous treatment of the statis-
tical learning theory. This theory lays the foundations for all ML methods, which we do
not cover in the paper.

The rest of the paper is organized as follows. The Section 2 introduces some basic
concepts. Section 3 presents single tree models. Section 4 starts with multi-tree models,
in particular Random Forest. Section 5 continues with multi-tree models, using boosting
methods to combine trees. Section 6 deals with Artificial Neural Networks. Section 7
presents an XGBoost-based case study. Finally, Section 8 concludes.

2 Overall concepts

This section introduces some standard ideas that will ease the later presentation at fur-
ther sections and will position ML with respect to classical Econometrics.

Econometrics typically starts with an ez-ante, relatively simple, and specific hypoth-
esis about the underlying distribution of the data. It often assumes a particular model
or functional form for how variables are related (e.g., linear relationships, specific er-
ror structures), and it aims to estimate parameters based on these assumptions. This
model-driven approach is focused on understanding the population through the lens of
a predefined statistical model.



In contrast, ML tends to be less specific ex-ante. Instead of assuming a particular
distribution or model structure, ML methods often operate with more flexibility. They
focus on finding patterns in the data without rigid assumptions about the underlying
distribution or the exact nature of the relationships between variables. The approach
is data-driven, emphasizing prediction and generalization based on the observed data
rather than presupposing a specific form for the model.

Both Econometrics and ML are rooted in strong statistical foundations, but they
emphasize different aspects. Econometrics is grounded in statistical inference, which
focuses on drawing conclusions about population parameters based on sample data. It
relies heavily on probability theory and statistical models to make inferences about causal
relationships and to estimate the properties of the underlying population from which the
sample is drawn. This involves testing hypotheses, estimating parameters, and making
predictions with well-defined assumptions about the data generation process. ML, on the
other hand, is built on statistical learning, which focuses on using data to learn patterns
and make predictions. Statistical learning theory provides the theoretical framework for
understanding how algorithms generalize from data and make predictions. While it also
involves estimation (e.g., estimating a function that maps inputs to outputs), it typically
does so with fewer ez-ante assumptions about the underlying data structure compared
to Econometrics. ML emphasizes the performance of algorithms, particularly in terms
of their ability to generalize from training data to unseen data.

Some comparison between standard notation in Econometrics and ML is useful. Let
x denote a vector of variables we use to explain, classify or predict a another variable y.
We will assume a dataset of paired observations (z;,y;) for ¢ € {1,..., N} is available.
The presentation of the different methods in this paper abstracts away from the nature
of the index. While there are specific algorithms for either cross-section or time series,
the core ideas -which are our target- apply equally to both dimensions. In Econometrics,
it is standard to denote x as the vector of regressors or explanatory variables, whereas y
is the dependent variable. In ML it is common to use the terms attributes and response
for  and y, respectively. Additionally, each observation in ML is usually referred to as
an instance. Finally, in ML is important to distinguish an attribute, which is an element
of @, say x1, from a feature, which is a value (or set of values) of an attribute. For
instance x1 = 5, 1 < 3 or 1 = {Red} are features. In the sequel we use indistinctly
the Econometrics or the ML notation.

Roughly, ML searches within a space of functions the best fit for the data. That
best fit minimizes some loss function. Methods differ from one another on the space of
function under consideration, on the search method or in the definition of loss. In that
search, some features are common to all of the ML methods considered in this paper.
First, recall we are assuming a paired sample. Using ML terminology, we observe the
response for each instance. This is called supervised learning and it is crucial as the loss



function usually contains some metrics of prediction errors.

Second, we must distinguish parameters from hyperparameters. The parameters are
optimized along the search process, while the hyperparameters are set by the practi-
tioner. In order to clarify this distinction, suppose that we restrict the space of functions
to be linear, say, for a sample with two attributes and for each observation i:

yi = Bo + Prx1; + Bz,

Like in classical Econometrics, let 3 := (5, 51, 2) be the vector of parameters of
the model. The search consists of finding an optimal 3, according to some loss function.
Consider, for instance, a loss function that penalizes two components: (i) the prediction
error and (ii) the norm of the estimated parameter vector, denoted as® ||3||. Let ;
denote the prediction for an observation in which the attributes are x;, and let y; be the
corresponding actual response. A loss function that will be used is:

L=> (yi—&)?+78ll (1)
(2

The first term is known as the mean squared error. The weight 7 measures the rel-
ative importance of the penalty on model complexity, measured by ||3||, compared to
the prediction error. We say that 7 is a hyperparameter: it is set by the practitioner
and remains fixed throughout the search process, whereas the elements of 3 are the pa-
rameters that the algorithm optimizes, or learns. As a matter of fact, the loss function
in (1) is at the core of some widely used models in ML and Econometrics, as we discuss

in a later section.

Third, ML methods typically partition the available sample into a training and a
test set: the former is used to train the model, while the latter evaluates its predictive
performance on unseen data. However, a given split may introduce selection bias, which
can result in an unbalanced representation of patterns between the training and test
sets, potentially leading to misleading performance estimates. To mitigate this, we can
use a cross-validation procedure.

In k-fold cross-validation, the sample is divided into k folds, typically with £ = 5 or
k = 10. Each iteration uses k — 1 folds for training and the remaining fold for testing,
yielding a model along with its performance on that test fold. This process is repeated
k times, each time selecting a different fold as the test set. As a result, we obtain k dif-
ferent performance evaluations. Instead of combining the k£ models, we aggregate their
performance metrics, e.g., averaging accuracy or RMSE, to be explained in a further
section, to estimate how well the model generalizes. This process helps in selecting opti-
mal hyperparameters and assessing model generalization before training a final version

2Here we refer to the concept of norm rather than to a specific norm function. Sometimes the choice
of the norm has important implications. If so, we will make explicit the norm under consideration.



on the full dataset, ensuring it benefits from all available data. The Section A, in the
Appendix, contains some further details. Additionally, [58] analyses extensively this
question.

A final concept that applies to all ML methods is over-fitting, a long-standing issue
in Econometrics. Essentially, when a model has too many parameters, it can perfectly
fit the training data, but at the cost of losing its ability to provide relevant insights
into the target question. This idea directly parallels the problem in ML. In the space of
possible functions, the search process might end up selecting an overly complex function,
one that fits the training set perfectly but performs poorly on out-of-sample data. To
combat over-fitting, many loss functions incorporate a penalty on the model complexity,
as in the above presented loss function, helping to balance fit with generalisability. The
opposite to over-fitting is under-fitting, and the trade-off between them is commonly
referred to as varianze vs bias.

3 Single tree models

As mentioned, most of the paper is devoted to two families of models, namely, the tree-
based and neural network models. This section begins with the first of those families.
Our pace is deliberately slow. In this section we just deal with models consisting on a
single tree. Further sections will consider the combination of trees to form more complex
models.

3.1 Decision trees

A decision tree is a supervised learning model used for classification problems, popu-
larized by [16]. Tree-based models partition the feature space into a set of rectangles
and then fit a simple model in each one. The Figure 1 provides an example. Suppose
our sample has paired observations of & = (z1,22) and y, the latter being a categori-
cal variable, say it can either be green or red. Roughly, our sample will look like the
points plotted in the right panel of the figure. Now, how can we efficiently classify our
sample in order to predict the response on the basis of observed values of x1 and xo7
Graphically, we can partition our data set in rectangles as the figure shows. Notice that
within each rectangle, approximately all points have the same color. In addition, more
rectangles would add little (over-fitting), while less would make us incurr in too much
of mixing colors within a given rectangle (under-fitting). Now, other than graphically
watching, how can we write it down? We can use the decision tree shown in the left panel.

Generally speaking, decision trees are non-linear models made up of piecewise linear
components in each neighborhood. It is useful in classifying non-linearly separable data
in which the response variable is categorical, but not necessarily binary. When cate-
gorical, each possible value of the response variable is a class. As virtually all of the
the other ML methods, they abstract away from the existence of a specific underlying



statistical model generating the data. They are also able to handle different data types
in the attributes. Transformations of the variables are also not a requirement and it can
therefore be useful in identifying outliers, variable interactions and important variables.

In mathematical terms, trees are a particular kind of graphs, which is the essen-
tial concept in graph theory. A tree is a collection of nodes connected by edges such
that: there is a path between any two nodes, contains no cycles® and it is hierarchical,
which means there is a unique root node, at which the tree starts, and several child
-equivalently parent- and terminal nodes, at which the tree ends. If there is an edge
that connects node Vj to node V}, we say that V}, is a child of V{ or, equivalently, V} is
the parent of Vj. A node is terminal if it has no children. In addition, the number of
nodes is equal to the number of edges plus one, which requires that each node except
the root has just one parent. The root node has no parent. Sometimes terminal nodes
are also referred as leaves. As we see in Figure 1, nodes other than the terminal nodes
contain features that define a line in the scatterplot of the right panel. Each terminal
tree classifies or predicts a class for the instance that falls in it.

How trees are constructed? While this is mostly an internal question of the software
being used, some ideas on the essential trade-off under consideration might be helpful to
the practitioner. On the one hand, we want to minimize prediction errors, on the other
hand, we want to avoid over-fitting. Clearly, the purpose is to classify, so that within
each leaf, or terminal node, we would like to have as few different classes as possible. If
at a given node all of the observations were the same class, there is no need to further
split from it, that is, to generate more children from that node. A node in which all ob-
servations have the same class is referred to as a pure node. There are different measures
of impurity of a node, such as Gini impurity or entropy, that are used to decide both,
whether to continue splitting or not and, if continue, how to split.* But then comes the
other element to balance: over-fitting. If we end up with a tree having as many leaves
as observations, that is, each leaf has exactly one observation, all of the leaves are pure
and there are no prediction errors in the training sample. We say the tree remembers
perfectly that training sample, but very likely it will perform badly in the testing.

In order to avoid over-fitting, there is a number of hyperparameters can be set up,
such as the mazimum depth the tree can have, which can be measured as the maximum
distance -number of nodes- from the root to a terminal node. In line with that, it can be

3More formally, acyclicity means there is no path that goes from node Vj to itself such that: (i) it
visits at least a node different to Vp and (ii) no edge is walked more than once.

4Just as an example, let us assume only two categories are possible, say red and green, and let p;
and p2 denote the percentage of observations of each class in a given node. The Gini impurity (for a
given node) is defined as G := 1 — (p} + p3). Thus, the impurity is zero, that is, G = 0 if either p; = 1,
thus p2 = 0, or reversely. Contrarily, the maximum impurity occurs at p; = ps = % Roughly, the gain
from further splitting from one node is the difference between the impurity of that node, which would
be a parent node with respect to each of his children. The algorithms compute gains from all possible
splits. Alternatively, the measure of impurity can be based on the concept of entropy. For any given
node, assuming binary response, its entropy is H = — (p1lnp2 + p2inp1).



fixed the minimum number of observations each split and or each terminal node must
have.

In addition, it is possible to prune the tree: to cut branches, or splits, that add little
gain to the overall performance. The pruning can be done either during the construction
of the tree or once it has been built.

Let us present a short review of literature connected to these ideas. [69] came up
with one of the earliest concepts of a regression tree, the Automatic Interaction Detection
(AID) which recursively splits data depending on impurity and stops splitting when a
certain level of impurity is reached. [68] extended this idea to classification problems and
developed THeta Automatic Interaction Detection (THAID) which recursively splits the
data in order to maximise the number of observations in each modal class. [55] devel-
oped the Chi-square Automatic Interaction Detection (CHAID) originally developed for
classification and then extended to incorporate regression problems. [16] improved on
AID and THAID and developed the Classification and Regression Tree (CART) which
improved accuracy through instead of using stopping rules, it grows the tree and then
prunes it to a size that has the lowest cross-validation estimate of error. The Iterative
Dichotomiser 3 (ID3) [76] was later developed. It uses information entropy in order to
quantify impurity and is used to compute the gain ratio for binomial decision classifiers.
[77] developed the successor to the ID3 algorithm which can handle multi-class prob-
lems and laid the groundwork for further developments.® [64] provides a comprehensive
literature review of the main developments in decision tree models over the past 50 years.

3.2 Confusion matrix

The previous subsection has presented the basic ideas on how decision trees are built
and interpreted. Still, there is a question that remains: how to evaluate the performance
of the model. This subsection presents the standard evaluation metrics for models with
a categorical response variable. This metrics is called confusion matriz, and it applies
-but is not necessarily restricted- to tree based models. For this reason, it is a natural
follow up to the previous subsection, but it must be a subsection in itself. For sake of
expositional simplicity, this subsection focuses on a binary response variable, that is,
the response has two possible classes, but the main concepts extend straightforwardly
to multi-class models. In order to use standard notation, the classes will be positive and
negative.

The confusion matrix is depicted in Table 1, see [74]. For a binary response, it is a

SWe reference the original 1993 edition, which remains the standard citation, although subsequent
editions have been published.

5This notation is particularly suitable for economic applications in which, roughly speaking, one of
the classes has some strong implication. For instance, the state of a firm might be either bankruptcy or
healthy, and we train a model that aims to effectively classify firms in order to predict bankruptcy. The
bankruptcy state has the strong implication, and that is the positive class.



Decision Tree Partition Space

Split 2
1001 N : +
+ Loa *
- R P
® 4T -H-qJ +
; +
75 +F o + .
+ + ++
- + Split 3 )
—————— e £ el 18
+ o+ +
o~ + ,
X 50 F— + E + ++
++
+ + *-++ + '
+ | +
r] + + 4+
4
25 ++ R
+ [REREEEEEEREE Split 4
+ 4+ + + + ! +
PR B ;* 6"
0 + f &
0 25 50 75 100
X1
(a) Decision Tree (b) Partition Space

Figure 1: Decision tree and corresponding scatter plot partition space

2 x 2 matrix, by rows it has the actual classes whereas by columns it has the predicted
ones. For instance, upper left entry is the number of observations for which the actual
class is positive and the predicted one is also positive. The diagonal elements contain
the number of observations correctly classified: true positives in the upper left and true
negatives in the lower right entries, denoted as T}, and T;,, respectively. The off-diagonal
elements contain the possible errors. If the model predicts as negative an observation
that is actually positive, that is a false negative, or F,,, in the upper right corner. Anal-
ogously, the false positives, or F,, are the lower left entry.

The confusion matrix in the table is enlarged with some standard statistics computed
from the entries of the table. The two key metrics are precision and recall. Precision mea-
sures out of all of the predicted positives, which are actually positive. Recall measures
out of all of the actual positives, which are correctly predicted positive. Continuing the
example in the previous footnote, suppose observations are attributes of firms, and the
response is that each firm can be either bankrupt (positive) or healthy (negative). Most
firms are healthy, so we assume healthiness unless the data provides enough evidence
against it. In other words, the null hypothesis is Hy : "the firm is healthy”. Then:

e Type I error or false positive: Wrongly predicting bankruptcy for a healthy firm
(rejecting Hy incorrectly). A high precision implies fewer Type I errors, that is,
fewer false positives. Conversely, a low precision means more false positives.

e Type II error or false negative: Failing to predict bankruptcy for an actually
bankrupt firm (not rejecting Hy when we should). A high recall implies fewer type



IT errors, that is, fewer false negatives. Conversely, a low recall means more false

negatives.
Predicted class
Positive Negative
True positive False negative Sensitivity /Recall
Positive T, F, T,
Correct Incorrect Tp+Fn
Actual ( . ) ( )
False positive True negative n
class ) Specificity rate
Negative F, T, n
(Incorrect) (Correct) TntFp
Precision Negative predictive value Accuracy
T, T, Typ+Tn
Tp+Fp Tn+F’n Tp+Tn+Fp+Fn

Table 1: Confusion Matrix

A number of other metrics can be computed from the confusion matrix. For in-
stance, when both types of errors are equally important, we may want a single number
that balances precision and recall. The usual way to achieve this is by computing their
harmonic mean, known as the FI score.” Another common metric is accuracy, defined
as the proportion of correctly classified observations over the total number of observa-
tions. However, accuracy is not always a reliable measure, specially when dealing with
imbalanced datasets. For instance, if the percentage of bankrupt firms is very small,
a trivial classifier that predicts all firms as healthy would achieve high accuracy while
completely failing to detect bankruptcies, resulting in a very low recall.

We can take an slightly different approach in analyzing the trade-off among errors.
What is the prediction of a decision tree? It might be, for each terminal node, the
modal class, but perhaps it is more neutral to take the percentage of positives. More
generally, the outcome from a model can be, and typically is, the -percentage- probability
of positive for each terminal node. Let us denote that probability as §*) for the terminal
node k, this predicted probability is usually called score. Now, actual values are either
positive or negative. We code the classes as 1 or 0, respectively. How do we then compare
scores to actual values? We define a threshold, say y* € (0,1), such that the prediction
from terminal node k, the score, is assigned to 1 if §®) > y*, while it is assigned to
0 otherwise. This threshold is chosen at random and, varying it, all else equal, the
confusion matrix also varies. Since the threshold is arbitrary, it makes sense to plot, for

"The harmonic mean is particularly sensitive to very low values: if either precision or recall is close
to zero, the F1 score is also very low, which discourages extreme imbalances between the two.

10



each value, the true positive rate (TPR), which is another name for recall, vs the false
positive rate (FPR), defined as:

o Fy
FPR =1 — Specificity = ot T

As the threshold increases, the number of predicted positives decreases, so we re-
duce both T}, and F), or, equivalently, we reduce both TPR and FPR, respectively. This
creates the ROC curve,® an example of which is shown in Figure 2. In that curve, the
diagonal corresponds to the outcome of a random classifier, that is, a classifier that pre-
dicts purely at random between positive and negative.” In order to measure the distance
from the ROC curve to the diagonal, or alternatively, how close the ROC is to the perfect
prediction, which is the upper left corner, where FPR=0 and TPR=1, we have the area
under the curve (AUC), also shown in the legend of the figure.

Complementarily to the ROC, the precision-recall (PR) curve helps to evaluate the
performance of a binary classification model. As for the ROC curve, the PR compares
predicted scores to true labels by varying the threshold that transforms scores into bi-
nary predictions. Especially in imbalanced datasets, the PR curve provides a helpful
evaluation of the model’s performance. [39] provides an introduction to ROC, whereas
[31] is a classical reference for the comparison between ROC and PR curves.

The Figures 2, 3 and 4 show, as an example, the ROC, PR and confusion matrix for
the data in Table 2. The first row in the table contains observed values of the response,
while each column in the second row shows the corresponding score, that is, predicted
probability of a response y = 1. One of the points with this example is to illustrate that
the computation of these metrics abstracts away from how the scores, predictions, have
been computed. The Listing 1, in Section B of the Appendix, contains the Python code
for generating these figures.

Observed 0 0 1 1 0 1 0 0 1 1
Score 0.1 04 035 0.8 02 09 005 05 0.7 0.6

Table 2: Input data for the ROC, PR and confusion matrix

3.3 Regression Trees

In essence, a decision tree is used whenever the response variable is categorical. Re-
gression trees extend the main ideas outlined for decision trees to a continuous response

8ROC stands for Receiver Operating Characteristic. The name comes from the World War II, where
a radar operator had to decide whether a signal came from, say, an enemy aircraft (positive), or it was
just background noise (negative).

9Looking at the confusion matrix, a classifier that chooses randomly between predicting positive and
negative would select T}, = F;, and F}, = T}, which trivially lead to TPR = % and FPR = %, respectively.

11
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variable.

As for the decision tree, the criterion to further split from a given node is based on a
measure of heterogeneity of the observations lying on that node. As said, for a categor-
ical response, the impurity accounts for the heterogeneity. In contrast, for a continuous
response the standard measure is the mean squared error (MSE), defined for a node

which has the set of observations {y1,...,yy} as:'"
| X
MSE = — i —7) 2
VD )

where 7 is the average of the observations in the node. The gain from creating children
from a parent node is measured as the difference between the MSE of the parent minus
the weighted MSE of the children. Though there are some exceptions, both decision
and regression trees either create exactly two children from any node, or the node is a
terminal node. We must notice that any morphology with more than two children per
parent has a classification-wise equivalent counterpart with exactly two children from
each non-terminal node. Usually this restriction on the number of children makes the
tree building process computationally efficient and helps to avoid over-fitting.

4 Random Forest

The previous section has been restricted to decision trees as standalone models. Yet, one
of the most powerful aspects of ML is its ability to combine multiple models to improve
accuracy and robustness. This approach, known as ensemble learning, leverages the
strengths of individual models while mitigating their weaknesses. This section focuses
on Random Forests.

Random Forest is a widely used ensemble learning method that builds on the princi-
ples of Bagging (Bootstrap Aggregating) to improve predictive performance and stability.

10 Alternatively, we can use the mean absolute error (MAE), in which the absolute value replaces the
square function, or the usual coefficient of determination.

12



By combining multiple decision trees, Random Forest reduces variance, enhances robust-
ness and mitigates over-fitting.

First, M subsamples are bootstrapped with replacement from the training sample.
Then a single learner, a tree, is trained on each of those subsamples, so that M trees learn
independently from one another, tough the individual training samples might partially
overlap. Let us denote the set of trees as H := {hi, ho,...,hpr}. Now consider an
observation (x,y), where « is the vector of attributes and y is the response. Let h,,(x)
be the predicted response by a generic tree h,, in H. The predicted response from H, say
H(x), is the aggregation of individual predictions. If y is categorical, h(x) is categorical
as well, and then H(x) might be constructed using a majority voting rule, that is, H(x)
is the mode in {hi(x),...,hpr(x)}. If y is continuous, then it aggregates by averaging,
that is:

H(w) = > ()

Notice that for the particular case in which the response is categorical and binary, there
is no loss of generality in labeling the possible responses as 0 or 1, so that h,,(x) € {0,1}
for all hy,, € H and =, and thus the above average is the percentage of 1’s. The Figure
5 depicts the basic prediction procedure.

Generally speaking, bagging is particularly useful for datasets with high variance and
potentially many noisy observations. More precisely, it is specially effective when the
dataset contains instances where two observations with similar attributes have different
responses. This kind of variability, often due to measurement error, inherent random-
ness in economic behavior, or unobserved confounding factors, can lead to over-fitting
in single models. Bagging helps by averaging multiple models trained on different boot-
strap samples, reducing sensitivity to such noisy fluctuations and leading to more stable
predictions.

A very simple example helps on understanding how -in what sense- a Random Forest
outperforms a single and eventually deep tree. Suppose, just to ease the exposition, the
response variable is categorical, either 1 or 0. Assume further that for an specific vector
of attributes, say @, both responses are equally likely, that is:

Pr(y =1|2) = Prly =0| @) = 3)

Notice that we are not claiming that equation (3) is the true model that has generated
our sample. It might be the case that, if we could observe attributes other than «, the
above conditional probabilities could be further structured. Thus, (3) simply reflects the
maximum information that be elicited from the available sample. Now, in line with (3),
assume we have in our sample a set of T observations 2 := {(x,y1), ..., (x,y)}, that is,
all observations in {2 have the same vector of attributes, but, in line with (3), different
responses.
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Consider first a single decision tree. Since all observations in ) have the same at-
tributes, any split based on those attributes will keep all of the observations in €2 together
in the same branch. Suppose that, in fact, the decision tree comes to isolate §2 in a single
node, say V. Then we apply some purity measure on V and conclude that we cannot
accept that level of intra-node heterogeneity. What is then left to do? The only possible
procedure is to further consider the observation index itself as an additional attribute -of
course, artificial- so that the model can keep discriminating from V' among observations
in . Clearly, if we allow enough further splits from V' the model will perfectly predict
and will have no intra-node heterogeneity. But, again from (3), all splits down from V
are absolutely useless outside the training sample. That is over-fitting.

What does Random Forest do instead? Very simple. If observations in {2 are evenly
distributed among the different bootstrap samples, roughly half of the trees will learn
x leads to y = 1 and the other half will learn the complementary outcome. Thus, ag-
gregating by average, that is, the percentage of ones, the Random Forest will learn (3),
which is, as said, the maximum amount of information that can be extracted from the
available sample.

Application of Random Forest to economics include: macroeconomics, see [12], fi-
nancial forecasting, [109], agriculture [51], urban economics, [2], causal inference, [106],
credit risk, [44] and [107], and consumer demand analysis, [75] and [63]. The list of
pioneering papers on the methods, Random Forest and bagging, includes: [4], [13], [15]
and [33]. The works by [8], [14], [33] and [36] focus on ensemble methods in which sub-

samples are, somehow, randomized.

While Random Forest is the most well-known application of bagging, bagging itself is
a general ensemble technique that can be applied to other models beyond decision trees.
Its ability to reduce variance makes it a valuable tool in economic and financial modeling.

5 Boosting methods

The term Boosting refers to a family of ensemble methods that, as Random Forests,
combine simple models in order to generate a larger -better- model. Within the boosting
methods, each simple model is usually termed as weak learner, whereas the aggregation
is the strong learner. While in Random Forest the weak learners are trained in parallel,
in boosting methods weak learners are added and trained sequentially, such that each
new weak learner is selected in a way that improves upon -boosts- the performance of
the set of the already existing ones. Additionally, while in Random Forest each weak
learner is trained on a bootstrapped subsample, in boosting methods each weak learner
is trained on the whole training sample, though, as said, the focus of each weak learner

14
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Figure 5: Random Forest model. Once the the model is trained, a given observation goes through
different branches along different trees, represented by the red edges in each tree. In fact, the figure
illustrates trees may have different morphology from one another. The prediction from each single tree
is determined by the terminal node in which the observation is placed (nodes having no children). The

prediction from the whole model is obtained by aggregating those individual predictions.

is on compensating the previous learners errors. [41] remains a classical reference for
boosting methods. The next three subsections present three methods, roughly, ordered
in increasing level of sophistication.

5.1 AdaBoost: Adaptive Boosting

This subsection presents the AdaBoost, which stands for Adaptive Boosting. In Ad-
aBoost, each weak learner is typically a stump, which is a tree consisting of a root node
with two children, both being terminal nodes. In other words, a stump has a unique split
or, equivalently, it partitions the sample on the basis of a single feature. The essence of
the method is simple. We start with all of the observations having the same weight, and



the first stump is trained on that sample. Then the weighted prediction errors from that
stump are computed, and the weight for each observation is recomputed in a way such
that observations with incorrectly predicted response receive a higher relative weight.
Once new weights are available, a new stump is trained on the basis of those new weights.
Again, weighted prediction errors are computed, new weights are computed on the basis
of the new errors, and so forth.'!

The mathematical description of the algorithm that adds new weak learners in Ad-
aBoost requires some notation. Let A := {(z1,v1),...,(zN,yn)} denote the training
sample, where, as before, x; and y; are the attributes and response of the i-th obser-
vation, respectively. While there are extensions that cover different types of response
variables, here we restrict to a binary response. The possible responses are'”> —1 and
1. Finally, let us denote by ¢ to a discrete boosting round, such that at every ¢ a new
weak learner is added, starting at ¢ = 1, then £ = 2, and so forth. Using this notation,
the basic upgrading procedure is as follows. At ¢t = 1, all observations in A are assigned
equal weights, that is, wgl) = % for all ¢ € {1,..., N}. Within each boosting round ¢,
the procedure is described in Box 5.1.

Box 1: AdaBoost boosting round.

Step 1. Train a weak classifier h; to minimize the weighted classification error,
defined as:

N
e = w I(ho(@:) # y),
i=1
where I is an indicator function that equals 1 if the prediction is
incorrect, that is, h (x;) # y:, and it equals 0 otherwise.

Step 2. h:’s contribution to the final model is given by:

«@ —lln -«
t72 €t ’

Step 3. Update weights such that misclassified samples get higher weights to
focus on harder-to-classify instances:

WD = @

i

etl(he (@) #y:) p(t+1)

where DD s a normalizing factor.

N J

H)\fore precisely, each weak learner tries to émprove on the errors made by his immediate predecessor,
rather than by all of the predecessors. The underlying logic is that each learner already contains enough
information on what his predecessors have failed.

12%While not essential, this is the usual coding when describing the AdaBoost algorithm. Other than
simplifying the maths, this notation emphasizes the core idea that errors predicting both classes are
equally important.
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After T iterations, the final prediction is made using a weighted majority vote:

T
H(zx) =Y ahy(x) (4)

Consider the example in Figure 3. In panel (A) all of the weights are the same (indi-
cated by the size of the + and —) and the model makes a first decision rule, given by the
vertical line at D1. A stump is just either a vertical or an horizontal line in the sample
region. Whatever the model correctly classifies is given less weighting in the next itera-
tion. The model incorrectly partitioned 3 of the + observations and correctly classified
all other points. Since the model incorrectly classified these 3 observations, their weights
are increased, which we represent by an increase in the size of those points in panel (B).
Consequently, the correctly classified points obtain less weight, represented by a size
reduction in panel (B). The model makes a new classification depicted at decision rule
D2. The model correctly classified the previous incorrectly classified + observations and
their weights are subsequently decreased (depicted in panel (C)). The two left-most +’s
and right-most —’s are again correctly classified and therefore their weights are further
reduced in panel (C), given by a smaller + and — signs. Finally, in panel (C) the final
classification is given by the horizontal line D3 and the weights are recomputed and
updated. The final classification model is given in panel (D) in which all points have
been partitioned correctly and this model is a stronger classifier than any individual
model previous to it. That is, the model used a combination of linear classifiers in order
to build a stronger non-linear classifier based on weighted voting.

+ + D2 -+
+ + :

D1 ++ . _i_—'_ o _|_+ _

Table 3: AdaBoost classification weights illustration

A few final remarks are important. First, the algorithm automatically shifts attention
to difficult-to-classify samples. Second, even if individual classifiers are slightly better
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than random guessing (which corresponds to ¢ = 0.5 in the previous box), AdaBoost
can build a strong classifier. Third, since misclassified points get higher weights, outliers
can have a large influence.

The list of references using Adaboost in economics is very extensive. It includes:
labor economics [1], market design [40], housing markets [46], energy markets [59], credit
scoring [62], health economics [78], digital economy [80], fraud detection [99] and demand
forecasting [112].

5.2 Gradient Boosting Machines (GBM)

This subsection adds a new element to the boosting methods family: gradient based
optimization. As said, in a boosting method the weak learners are added sequentially,
each one trying to improve the performance of the already existing ones. All gradient
boosting methods are primarily characterized by some loss function to be minimized.
Given some existing set of weak learners, not only the current loss, but the direction
of the steepest descent -maximal reduction- of loss is computed, and the new learner
is fitted to that direction. In other words, each new weak learner classifies as best as
possible the residuals of the previous learners. Typically, weak learners are trees, and
here comes another major difference between AdaBoost and gradient based boosting. In
AdaBoost the structure of the tree to be added is fixed, typically a stump. In contrast,
in gradient based boosting, while limited by metaparameters, like the maximum depth
of the tree or the minimum amount of samples each leaf must have, the structure of the
tree is a product of the optimization process.

Other than differences in the criterion to add new weak learners, there is also a dif-
ference between AdaBoost and gradient boosting methods on how to aggregate across
weak learners predictions. Let rounds be indexed by ¢, with ¢t € {0,1,...,T}, as previ-
ously. Let h; be the weak learner added at round ¢ and let hy(x) be its prediction for the
instance -observation- . Now, let F;_1 be the aggregate of all weak learners prior to
h: and, analogously, let F;_1(x) be the prediction of F;_; for . Then, for a continuous
response variable, it is:

Fi(x) = Fra(x) + nhi(z) (5)

where 1 € (0, 1) is a hyperparameter named the learning rate or shrinkage. Essentially,
n scales the contribution of each weak learner. If we substitute recursively F’s in (5)
we might conclude that learners added at early rounds have a larger weight than those
added at latter rounds. However, we must be cautious to not interpret weights as we did
in AdaBoost. Roughly speaking, in AdaBoost each weak learner faces the whole training
sample, and then learners receive weights depending on their relative performance. In
contrast, in gradient boosting each weak learner faces -is constructed to attack- just the
the errors that remain to be fixed when he is created.'?

13The extension of (5) to a binary response variable is done using the logit function, which is the
log-odds. Consider a response with two possible classes, either positive or negative, and let p denote the
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Boosting methods differ from one another in a number of elements. Let us just
list three relevant ones. First, methods differ on the loss function under consideration.
For instance, mean squared error is typically used for regression while log loss is used
for classification. Second, different methods might include different regularization tech-
niques, intended to reduce over-fitting. Third, methods might also differ on how trees
are grown, level-wise vs leaf-wise.

Because of its gradient-based upgrading procedure, boosting methods are exposed
to well-known problems that are common to all numerical gradient-based optimization
techniques: non-convexities created by either an strict local minimum, a saddle-point,
or a flat region, called a a plateau. How to get out of the trap mostly goes down to
how to recognize that you are in it. This is a very old question in the optimization
literature, and an exhaustive treatment lies beyond the scope of this paper. As ML
concerns, some standard tricks are in the regularization term, to be further explained
in the next subsection for XGBoost, or an appropriate choice of the learning rate, or
introducing some randomness along the optimization procedure. The learning rate, n
in equation (5), can be roughly understood as a step size. A large step size might keep
the algorithm jumping indefinitely around the minimum. In contrast, a too small step
size might make the algorithm goes too slow in regions in which the steepest descent
direction is wery clear. Introducing randomness in the optimization procedure consists
basically on trying some random guess, that is, not suggested by the gradient, as a sort
of robustness check. This is named stochastic gradient boosting.

The three most widely used gradient boosting methods are XGBoost, Light GBM
and CatBoost. We treat XGBoost in the next subsection. Roughly, while XGBoost is
very robust, Light XBM is designed to perform faster, which is particularly useful for
large datasets. CatBoost is designed for categorical responses.'® A pioneering work on
gradient boosting machines is [42]. A remarkably rich theory has evolved around boost-
ing, with connections to a wide range of topics including statistics, game theory, convex
optimization and information geometry. Some foundational works are [56], [83], [85],
[84] and [100]. [35] applies boosting methods to predict economic recessions.

probability of positive, the logit function is I(p) = lnlf;p. The prediction is taken to be on I(p), so we
are back to predict a continuous variable.

"Since gradient boosting methods rely on gradient computations, they generally do not natively
support categorical variables, whether as attributes or as the response. If categorical variables are
present in the dataset, we must either transform them into numerical form before applying gradient
boosting or use CatBoost, which handles them directly. Some further comments on categorical variables
will be done for Artificial Neural Networks, which suffer the same problem than boosting methods on
this regard.
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5.3 Extreme Gradient Boosting (XGBoost)

The subsection presents Eztreme Gradient Boosting (XGBoost), [25], which is likely
the most widely used gradient boosting method. There are several differences between
XGBoost and other gradient boosting methods. First, the loss function adds two regu-
larization terms, as we explain below. Second, the loss minimization algorithm considers
not only the gradient but also hessian. Third, it includes a sophisticated post-pruning
method. It all delivers a speed and accuracy that frequently outperforms other gradient
based methods.

A detailed breakdown of the loss function used by XGBoost will help in understanding
all of the effects taken into account. Prior to that, we need to introduce some notation.
First, it is standard to denote by 6 to the whole model, that is, the collection of trees,
the structure of each tree, and the order in which they have been added to the model.”
In addition, within each tree, each of the terminal nodes, or leaf, is given a weight, which
is the prediction for instances that fall down into that leaf. We denote those weights by
w. For example, say that a tree h for the instance x has a prediction h(x) = 5. That
is equivalent to say that in h the instance x falls in a leaf whose weight is 5. Finally,
let w denote the whole set of weights. If, say, the model consists of just two trees, with
weights [3,5,2] and [4, 2], respectively, then w = [3,5,2,4,2]. Since it has a vector-like
structure, the standard L; and Ly norms apply, denoted ||w]||; and ||w]|2, respectively.'®
The loss to be minimized is:

Obj(60) = > Llyi, §i) + 7T + allwli + Aljwl[3 (6)

)

The first term in the right hand side of (6) is the loss due to prediction errors. The
sum runs over instances of the training sample. For a continuous response variable, the
usual metrics for the prediction errors is the mean squared error: L(y;, 9:) = (vi — i),
where g; is the predicted response for the observation (x;,y;). For a binary response
variable, say with classes 0 and 1, the method normally takes a logistic, binary cross-
entropy, loss: L(y;, 9;) = yilnp; + (1 — y;)in(1 — p;), where y; € {0,1} whereas p; is the
predicted probability of the event y; = 1.

The last three terms in (6) conform a regularization term, usually jointly denoted
as 2(6), where the notation emphasizes its dependence on the tree structure but not on

5The order matters. Consider two different models, say Ha and Hp, represented by 64 and 03,
respectively. Suppose Ha added first tree hy and then tree hs, whereas Hp added first ha, then hq,
with Ha and Hp being identical one another thereafter. Then 04 # 6p. Also the structure matters.
Suppose that Ha and Hp only differ in the tree added in the ¢-th round, in which H4 added ha and
Hp added hp, where ha and hp have the same terminal nodes but different splits to go from the root
to the terminal nodes. Then again 64 # 6p holds.

YFor the example: ||w||1 = |3| 4 |5] + 2| + 4] + |2| and ||w]||2 = v/32 + 52 + 22 +- 42 + 22, In (6) we
have the square of ||wl]|2.
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the instances. So, we equivalently can write (6) as:

Obj(6) = Z L(yi, 5i) + Q(0)

where, obviously, () := 7T + al|w||; + A||w|[3. Overall, the regularization term pe-
nalizes too complexr structures. First, T is the total number of leafs. For instance, if
the model has just two trees with three and two leafs, respectively, as in the previous
example, then T' = 5.

The L; and Lo norms are as defined before, and aim for sparsity and inter-tree bal-
ance, respectively. Let us consider first L;. If some leafs have a small weight in absolute
value, the L; term tends to push them towards zero. It essentially induces global spar-
sity, since it detect features that are mostly irrelevant for prediction, that is, features
leading to leafs with small weights. Indirectly, we might say that seeks for intra-tree
balance. In contrast, Ly looks for inter-tree balance. In terms of L, w = [10,0] and
w’ = [5,5] are equally good. In terms of Ly, w’ is better off. Thus, Ly penalizes mod-
els in which one leaf of a given tree has much more importance than all of the others.
This helps in preventing over-fitting. Finally, v, o and A are the hyperparameters that
establish the relative impact of each regularization term with respect to prediction errors.

As explained, the loss function depends on -must be derived with respect to- 6, which
fully describes the model. Notice that 6 is not a usual finite dimensional real vector, but
a function. Thus, derivatives must be taken in a space of functions, which is a functional
derivative, in particular the Fréchet derivative. However, the algorithm is based on an
approximation to that derivative using derivatives in an euclidean space.

As a graphical summary of the previous concepts, consider Figure 6 and how changes
in the regularization term controls the complexity of the model and its response to over-
fitting. The objective is to fit a step function given in the upper left quadrant. We want a
simple and predictive model. The figure in the upper right quadrant is too complex and
over-fits the data, the figure in the lower left quadrant is simple but not very predictive.
Therefore, the most simple and most predictive model is in the lower right quadrant.
As mentioned in a previous section, the trade-off between a simple and predictive model
is also referred to as the bias-variance trade-off: the upper right quadrant has a high
variance (over-fits) whereas the lower left one has a higher bias (under-fits).

A merely illustrative brief list on the wide range of economic applications of XGBoost

is: bankruptcy prediction [10] and [88], marketing [24], economic stability [43], price
forecasting [49], energy prices [96] and bond default risk [110].
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Figure 6: XGBoost Regularisation

6 Artificial Neural Networks (ANN)

In the previous sections we have presented tree based methods, either considering trees
in isolation or an ensemble of trees. When ensemble, the procedure to add new trees is
fully data-driven. Artificial Neural Networks (ANN), or simply neural network, have a
fundamentally different approach, to certain extent aiming to replicate the functioning
of a biological brain. First, the unit of learning is a neuron, which receives, processes and
sends information. Second, in ANN, as it happens in a brain, the architecture by which
each neuron is connected with the others is fixed ez-ante, that is, it is not data-driven.
That architecture consists of a hierarchical organization in layers. Not all of the neu-
rons are in touch with the data. Instead, only the neurons in the so-called input layer are.

Mathematically, a neuron is a function which receives N inputs, say = (z1,...,2Zn),
which can be either features of a dataset or outputs from previous neurons in the net-
work. Each of the input is given a weight. Let us denote the vector of weights as
w = (wi,... wy). The neuron internally computes the weighted sum of inputs and adds
to the sum a bias, denoted as b. It then applies an activation function, denoted as o,
over the weighted sum to generate the output, denoted as a. In just one expression, it

" a:za(anmn—i—b) (7)
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The name of the activation function relates to the idea that it determines how much the
next neuron is activated. The bias is not strictly an input but an internal value that
allows the next neuron to be activated even though the current neuron receives all inputs
equal to zero. The activation function is defined ez ante. The usual activation functions
are: sigmoid, hyperbolic tangent (tanh), rectified linear unit (ReLU) and leaky ReLU.!"
The flow of incoming and outgoing information is depicted in Figure 7.

;

w1
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w
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Figure 7: Neural Network Neuron example

Notice that in the description of what a neuron is we have implicitly made use of the
architecture of the network, as we have used the terms previous and next neurons. Let us
clarify these terms. The Figure 8 presents two examples of feedforward neural networks.
Essentially, the information flows from left to right in the figure. Within each panel,
the starting nodes are the input layer, which are the sample features, the final point is
the output layer, which is the prediction the network computes for each instance. For
example, suppose we have a dataset in which each observation gathers characteristics
of a house and its price as a response variable. More specifically, the characteristics we
observe are just the size and the number of bedrooms. For an instance in which the size
is 100m? and the number of bedrooms is 3, we will have 100 placed in z; and 3 in o,
and no more components in the input layer. In addition, the figure represents the bias
as xg, in a different color to emphasize that it is an input for the neurons but it is not
a part of the sample. All layers other than the input and the output are hidden. The
figure shows that neurons are grouped on hidden layers. All connections are unidirec-
tional, and there are connections only between neurons of adjacent layers. In the usual
terminology, shallow and deep neural networks refers to networks with just one or more
than one hidden layer, respectively.'®

The hyperparameters of a neural network include its structure: how many layers and

"The sigmoid is o(z) = (1 + ¢™%)~'. Furthermore, tanh(z) = (e* — e ?)(e* + ¢~ 7)7!, ReLU is
o(z) = max{0, z} and the Leaky ReLU is o(z) = max{az, z}, where « is some small positive constant.

1811 this paper we describe the basic architecture of a forward Neural Network. There are plenty of
variations that consider more complex dependence flow between layers.
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Figure 8: Shallow (left) and Deep (right) Neural Network example. In both panels
represents the bias, which is an input not from the sample.

how many neurons per layer. In contrast, the weights and the bias are learned by the
network. Roughly, the neural network learns on those parameters by minimizing a loss
function which account for prediction errors. The learning process alternates between a
forward and a backward pass, the latter commonly referred to as backpropagation. For
a given set of weights and biases and a specific input instance, the forward pass gener-
ates a prediction. The prediction error is then computed. The backpropagation consists
of computing the gradient of the loss function with respect to the weights and biases.
Then the weights and biases are updated: each weight is adjusted by subtracting the
learning rate (a hyperparameter, 7 as in the boosting methods) multiplied by the corre-
sponding partial derivative. This forward and backpropagation process is repeated for
each training instance, with the weights and biases being updated sequentially for each
new instance, or batch of instances. A complete cycle through the entire training set is
called an epoch. The number of epochs is another hyperparameter of the model. See
Section C in the Appendix for a detailed example on how weights and biases are updated.

A key question in neural networks is that, as shown, arithmetic operations are per-
formed with the attributes, so we need to feed numerical values, however, there are
plenty of economic applications in which data on attributes are primarily categorical.
Two clear examples are education level or place of birth as attributes to predict wages.
Traditional econometric techniques have developed several methods. When the attribute
has a low number of classes, as for education level, we might create a vector of dum-
mies, such that for each instance the vector has 1 in the position for the corresponding
category and 0 elsewhere. This is named one-hot encoding. A clear problem is the loss
of neighbourhood: it might be the case that category A is naturally closer to B than to
C, but this encoding fully ignores it. Alternatively, we might simply assign 1 to A, 2
to B and 3 to C, which keeps some idea of neighborhood, but it induces an artificial
cardinality. When there many categories, as potentially occurs with the place of birth,
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the one-hot encoding induces a high dimensionality of the vector of attributes. Rela-
tively recently, spatial econometrics builds on the concept of spatial correlation on a
distance matrix based on geolocation. The approach is not free from subtleties as long
as neighborhood between attributes is not systematically mapped into similar responses.

Neural networks offer an alternative approach, which is using embedding layers. The
core idea is simple: categorical values are embedded into vectors, whose dimension is
an hyperparameter. Unlike the encoding approaches outlined above, where the vector
of values assigned to each category is fixed by the practitioner, embedding layers allow
the network to learn these vectors. The network learns to do assignments that preserve
some neighborhood, but at the same time might learn that neighbor attribute values
do not have similar responses. The embedding layer approach is particularly powerful
when dealing with a large number of categories, as it avoids the curse of dimensionality
associated with one-hot encoding.

The foundation of artificial neural networks traces back to [66], who set the con-
cept of artificial neuron as a form to model logical functions, and [81], whose perceptron
was the first neural network model. The literature has largely developed since those
pioneering works in multiple directions, with periods of growth and stagnation. Some
papers that have been critical on the theoretical development are [11], [47], [48], [60]
and [82]. Regarding the list of economic applications, the topics are similar to the cited
for the tree based models. Demand forecasting [3], energy [9], inflation forecasting [26]
and [73], financial crisis [28], renewable energy [54], energy demand [71], stock prices
[79], macroeconomic forecasting [87], GDP growth [97] and oil price forecasting [108]
constitute illustrative examples.

We outline the basic ingredients of three additional methods in Section D, in the
Appendix. First, we present LASSO and a family of related regressions, whose common
element is that the loss function weights prediction errors against some regularization
term. Second, we briefly present the basics of Support Vector Machines, which essentially
deals with the characterization of a minimal set of hyperplanes that separate the sample
attributes according to values of the response variable. The basic idea is -to some extent-
close to the visually presented in the panel on the right in Figure 1, but an hyperplane
is a more general and flexible concept than the splits in that figure. Third, we present
Shapley values, a concept taken from cooperative game theory, which measures the value,
in terms of prediction, each feature adds to each possible coalition of features.

7 A case study with XGBoost

This section walks through Python code and explains step-by-step how to set up a
classification model using Extreme Gradient Boosting (XGBoost). In order to ease the
reading, the Python code is relegated to Section E, in the Appendix.
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7.1 Generating synthetic data

In Listing 2 we first import the required packages and then generate some synthetic
classification data with 10 variables and 1000 observations. The function that allows for
synthetic generation of a categorical response is make _classification . In our view,
this function serves as an important testing ground for the practitioner to learn how the
method performs in a variety of scenarios.'”

In order to give an idea on how the training and testing data may look like Figure 9
shows the training and test scatter plot. Table 4 shows the first 5 observations along with
the target variable we aim to train the model to predict, the inputs or variables used
in training are labeled from 0 to 9 (10 variables), these would be standard economic
variables in other datasets. The code to generate this data, split the data between
training and testing and set up the plotting configuration can be found in Listing 2.
The general convention is to follow standard econometric literature where X denotes
the dependent variables and y denotes the independent variable we want to predict.

Table 4: First 5 observations of synthetic data

0 1 2 3 4 5 6 7 8 9 target
0 -1.010 0.778 -1.555 0.003 -0.720 -0.276 0.248 -0.648 -1.070 -0.017 0
1 0.027 0.219 1461 -1.100 1.443 0.469 -0.854 0.140 0.346 0.385 1
2 1498 0.591 0.252 0.743 -0.756 -0.439 0.994 -0.092 0.165 1.156 0
3 -0.110 -0.038 -0.025 -1.055 1.496 -0.792 -0.431 0.668 0.072 -0.268 1
4 2269 -0.589 0.175 -1.815 1.478 -1.438 -0.399 0.767 -0.252 0.430 1

7.2 Hyperparameters

As explained, XGBoost model requires some hyperparameters. The values must be set
by the practitioner or optimized through a grid search, which increases computational
time exponentially. A comprehensive overview of each hyperparameter is not discussed
here, though some of them have been already explained in a previous section.?’. In
particular, eta helps to reduce over-fitting by shrinking variable weights, gamma sets

the minimum loss reduction required to make further partitions, max_depth helps to

control for the tree complexity, large values will lead to over-fitting trees, subsample

19Some of the arguments allowed are n_features , n_informative , n_redundant , which control the
number of features, which of them are informative and which redundant, respectively. In our example,
there are ten features, among which only two are relevant. In addition, n_clusters_per_class controls,

roughly, how many regions in the space of attributes contain instances of the same class. The easiest
scenario for the method is when just one region contains all of the instances of a given class. The
arguments flip_y and class_sep also deal with separability between classes. make_classification
also supports multi-class responses, whereas make_regression generates a continuous response.

20A full list can be found at https://xgboost.readthedocs.io/en/stable/parameter.html

26


https://xgboost.readthedocs.io/en/stable/parameter.html

Training Data Testing Data

3 3 o e e 0
e 1
® L] ] o
2 ® ®
2 ® ® e
® 2 .. 0‘: ® e® o
1 ° Cocig, © ° ®
— - 1 ® © g o e® .:...
4] 4] ® 0,00 °
@ et % e o ® e
30 5 o 00 'lo' .; ’t.. .
© © 0 8 o, °® ®
& & o ©° o g% " o
-1 ° gy .0 @ °o B °
o
® o 8 e ..'
-1 @ ® .l .... @ @
-2 o° o® o ©
° )
-2 © o ® e
-3 @
L ]
=2 -1 0 1 2
Feature O Feature O

Figure 9: Training and Testing Synthetic Data

sets the percentage of the training data used to build a tree, i.e. a value of 0.6 will use
60% of the training data to build a tree, the data is then re-sampled and 60% is taken
to build a new tree, colsample bytree sets the fraction of columns (or variables) used
to grow a tree.

There are many hyperparameters required for an XGBoost model and it is difficult
to decide which ones should be optimised prior to training the model. This is where
re-sampling and cross-validation comes in useful. The code in Listing 3 applies cross-
validation and a grid-search for hyperparameters within a pre-defined grid. It selects the
best model performance based on some metric such as the model’s accuracy or RMSE.?!

7.3 Applying the model

Now that we have obtained optimal parameters from a grid-search we can train our
final model and apply it to our held-out test dataset and from here we can run model
statistics such as RMSE, MAPE, MAE for regression type problems or construct the
confusion matrix and the associated metrics for classification type problems.?

An important graphic we can construct from the model is the feature importance
plot. It gives an estimate of how much each feature contributes to the overall predictive
performance of the mode. In other words, it measures which feature is most influential
in the model. The importance can be computed in several different ways. The default

2IThe grid-search is just one method of searching optimal hyperparameters, we could have used
RandomizedSearch or Bayesian Optimisation BayesSearchCV .

22The code for ROC, PR and confusion matrix would mimic the presented in Section B in the Ap-
pendix, and thus we omit it here.
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method is the gain and it measures the model’s accuracy, reduction in the loss function,
when a given feature is used for splitting. Higher gain values indicate that the feature
is more importance for making predictions. Additionally, feature importance can be
computed by weight or the number of times a feature is used in all the trees, if a feature
appears more frequently, then it is considered more important.

The code to plot the feature importance plot can be found in Listing 4. Figure
10 shows the feature importance from the best XGBoost model after cross validation.
Note that the model is able two identify the two features that actually determine the
response variable, which is in line with the specification when generating the data with
make_classification .

Feature Importance (Highest to Lowest)

Feature 6

Feature 7

Feature 8

Feature 1

Feature 9

Feature 3

Features

Feature 0
Feature 2
Feature 4

Feature 5

0.0 0.1 0.2 0.3 0.4
Importance

Figure 10: Feature Importance

The Figures 11 to 14 show different forms to compute importance of a variable using
the Shapley value, which essentially averages its marginal contribution across all possible
coalitions of features. The Python code is in Listing 5. As mentioned, in Section D, in
the Appendix, we present the concept of Shapley value. Leaving for that section a more
precise explanation on the concept, we see that both Figures 11 and 12 are in line with
Figure 4 in the sense that all those figures point to the same features as the important
in terms of prediction. The Figures 13 and 14 take a step further. Even if, say, feature
6 is important, perhaps its importance is not constant along its whole range of values in
our sample. These latter figures show importance conditional on specific values for each
of the relevant features.
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7.4 Some final remarks

This XGBoost case study aimed to show how one of the most popular ML models can
be applied to a typically structured dataset often faced by economists - i.e. a tabular
dataset with columns as variables and rows as observations. We generated a synthetic
dataset for this illustration, which allows the practitioner to control the sample on which
methods are applied.

We demonstrated how hyperparameter tuning can be applied in the form of a grid
search and how cross-validation is applied in order to find the best model. Addition-
ally, the out-of-sample error was computed using an accuracy score on the predictions
compared with the actual observed results. Finally a number of metrics on feature im-
portance have been presented.

Finally, in order to provide a more general view, the Listings 6 and 7 contain the
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basic implementations for an ANN and a Random Forest, respectively, excluding hy-
perparameter optimization. In both cases, the listings assume there are already defined
some train and test samples, specifically: X_train, y_train, X test and y_test.

8 Conclusions

This paper has provided a practical and intuitive introduction to applying Machine
Learning (ML) methods in economics, with a primary focus on the core ideas behind
tree-based models and neural networks. Our objective has been to offer economists a
clear understanding of how these models work, their theoretical underpinnings, and how
they differ from, yet complement, traditional econometric approaches. Additionally, we
have provided Python scripts to facilitate the implementation of these techniques in
real-world applications.

Both ML and econometrics share a strong foundation in statistical theory but differ
in their primary goals and methodologies. While econometrics emphasizes structural
interpretation and causal inference through predefined functional forms, ML focuses on
predictive accuracy and the flexible identification of patterns in data. This distinction
makes ML particularly effective in high-dimensional settings and when relationships be-
tween variables are complex and non-linear.

A key takeaway from our analysis is that ML methods excel in prediction tasks,
such as credit risk assessment, demand forecasting, and policy evaluation. Techniques
like cross-validation and hyperparameter tuning further enhance the robustness of these
predictions and help prevent overfitting. However, the absence of explicit parametric
forms in ML models can limit their ability to directly provide causal insights, a central
aim of many econometric analyses.

While we included a case study using XGBoost to illustrate the practical applica-
tion of ML techniques, the main contribution of this paper lies in demystifying the core
concepts behind popular ML methods and equipping practitioners with the tools to
apply them effectively. This case study demonstrates how ML can be integrated into
empirical economic analysis, though the insights extend well beyond a single application.

In conclusion, ML and econometrics should be seen as complementary rather than
competing approaches. Each offers unique advantages depending on the research ques-
tion and the nature of the data. By incorporating ML into their analytical toolkit,
economists can expand their capacity to uncover complex relationships, improve predic-
tion accuracy, and enhance empirical analysis in ways that traditional methods alone
may not achieve.
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APPENDIX

A Re-sampling and cross validation

Re-sampling is the process of sampling more than once from a dataset and then re-fitting
a model using this newly sampled data. The most widely used are bootstrap and cross-
validation. Since ML models require that the trade-off between bias and variance be
satisfied such that the model does not over-fit the data, a common practice in super-
vised learning problems is to hold out part of the data as a testing dataset. The moment
we apply our model evaluation on the test data is the moment we introduce look-ahead
bias into our model since we might be tempted to adjust the parameters of the model
to give more satisfactory test results.

Ideally, the approach would be to split the data into three randomly divided parts
training, validation and test sets. The training set is used when fitting the model, the
validation set is used when estimating the prediction error from the model selection.
From these two splits of the data we estimate the performance for a number of different
models in order to see which model performs the best. Finally, the test set is then used
at the end to asses the generalization error of the chosen model - which was selected at
the training and validation stage.

In practice there is usually not enough data in order to simply split between train-
ing, validation and testing datasets. In order to select the best model and search for the
most optimal parameters we can randomly shuffle the data and then split the training
data up into k equal sized validation parts or k-folds. Suppose we split the training
and validation data into 10-folds as depicted in Figure 15. The model is trained on the
section indicated by the white space and validated on the grey space in each partition.

TRAINING SET VALIDATION SET
C | | l
‘ [ | | l
divide into 10 folds of equal size — [ | [T ]
! — | o]
l [ | | [

run experiments

using 10 different
partitionings

Figure 15: k-fold Cross Validation where k = 10
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Cross validation allows us to obtain a robust performance estimation we can see the
average performance over the different subsets of data which gives us more confidence
when applying the model to the held-out test set. Additionally, we can see the variance
of the model’s performance across the different sub-samples. A low variance across
the sub-samples indicates consistent performance whereas a high variance may signal
sensitivity to the data samples. We can also identify if the model overfits on any of the
sub-samples.

B Python code for ROC, PR and Confusion matrix

Listing 1: ROC, precision-recall and confusion matrix

import numpy as np

import matplotlib.pyplot as plt

from sklearn.metrics import roc_curve, precision_recall_curve, auc,
confusion_matrix, ConfusionMatrixDisplay

def plot_roc_curve(y_true, y_scores, filename="roc_curve.png"):
"""Plots and saves the ROC curve."""
fpr, tpr, thresholds_roc = roc_curve(y_true, y_scores)
roc_auc = auc(fpr, tpr)

plt.figure(figsize=(8, 6))

plt.plot(fpr, tpr, color=’darkorange’, lw=2, label=’ROC curve (area =
%0.2£)° % roc_auc)

plt.plot ([0, 1], [0, 1], color=’navy’, lw=2, linestyle=’--’)

plt.x1im([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel (’False Positive Rate’)

plt.ylabel (’True Positive Rate’)

plt.title(’Receiver Operating Characteristic (ROC)’)

plt.legend(loc="lower right")

plt.savefig(filename)

plt.close()

def plot_pr_curve(y_true, y_scores, filename="pr_curve.png"):
"""Plots and saves the Precision-Recall curve."""
precision, recall, thresholds_pr = precision_recall_curve(y_true, y_scores)
pr_auc = auc(recall, precision)

plt.figure(figsize=(8, 6))

plt.plot(recall, precision, color=’blue’, lw=2, label=’PR curve (area =
%0.2f)° Y, pr_auc)

plt.x1im([0.0, 1.0])

plt.ylim([0.0, 1.05])

plt.xlabel (’Recall’)
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plt.ylabel(’Precision’)
plt.title(’Precision-Recall Curve’)
plt.legend(loc="lower left")
plt.savefig(filename)

plt.close()

def plot_confusion_matrix(y_true, y_scores, threshold=0.5,
filename="confusion_matrix.png"):
"""Plots and saves the confusion matrix."""
y_pred = (y_scores >= threshold).astype(int)
cm = confusion_matrix(y_true, y_pred)
disp = ConfusionMatrixDisplay(confusion_matrix=cm)

plt.figure(figsize=(8, 6))

disp.plot(ax=plt.gca())

plt.title(f’Confusion Matrix (Threshold={threshold})’)
plt.savefig(filename)

plt.close()

# Example usage:
y_true = np.array([0O, O, 1, 1, O, 1, O, O, 1, 11)
y_scores = np.array([0.1, 0.4, 0.35, 0.8, 0.2, 0.9, 0.05, 0.5, 0.7, 0.6])

plot_roc_curve(y_true, y_scores, filename="my_roc.png")

plot_pr_curve(y_true, y_scores, filename="my_pr.png")

plot_confusion_matrix(y_true, y_scores, threshold=0.6,
filename="my_confusion.png")

C Forward and Backpropagation in ANN’s

This section presents the updating procedure for a given ANN and a given instance. As
mentioned in the main text, the updating procedure depicted here is carried out for all
the training sample. Once a whole cycle, all instances, has been completed, we have done
an epoch. the practitioner must decide the number of epochs, or set some termination
criterion, as hyperparameter. The Box C sets the required data
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Box 2: Architecture, initial values, loss and instance.

Architecture:
e 2 input neurons (z1,x2)

e 1 hidden layer with 2 neurons (hi, h2)

e 1 output neuron y

1

e Sigmoid activation function, (2) = =

Initial values for the network:
e For hi: w11 = 0.15, we1 = 0.2, by = 0.35,
e For ho: w2 = 0.2, w22 =0.3, bo =0.35,
e For y: wp,1 = 0.4, w2 = 0.45, by, = 0.6,
Loss function and learning rate:

(y — ya)27 where y is the
and y, is the actual value

e Mean Squared Error loss function, L =
predicted value (output from the network

~— ol

e Learning rate: n = 0.5
Instance (observation):

o ;1 =0.05 z2 =0.1, yo =0.01

C.1 Forward pass

The prediction is computed as follows. See Figure 16 for an illustration.
Step 1. The weighted sums at the hidden layer:

Zpl = W11x1 + worxe + b1 = (0.15 X 0.05) + (0.25 X 0.1) +0.35 =0.3775
Zpo = W12x1 + Wooko + by = (0.2 X 0.05) + (0.3 X 0.1) +0.35 = 0.3925

Step 2. Applying the sigmoid activation:

1

hl = O'(Zhl) == W = 0.5933
1

hQ = O'(ZhQ) = W = 0.5968

Step 3. The weighted sum at the output neuron:
2y = wp1h1 + wpaha + by = (0.4 x 0.5933) + (0.45 x 0.5968) + 0.6 = 1.1059

Step 4. Applying the sigmoid activation:

1
y=o0(zy) = T F o 1105 =(0.7513
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b1 =0.35

ha = 0.5968

b2 = 0.35

Figure 16: Flow diagram for the prediction

C.2 Backpropagation

Step 1. Output Layer Error Gradient. The loss function is the squared error:

1
E = i(y —a)?, where y, = 0.01.

Its derivative with respect to y:

oF
0 Y —ye = 0.7513 — 0.01 = 0.7413.
Yy
Derivative of the activation function:>?
0
8—y =y(1—y)=0.7513(1 — 0.7513) = 0.1868.
2y

Applying the chain rule:

OE OE 0
b, =2 == %Y .7413 x 0.1868 = 0.1384.
0zy 0Oy Oz
Step 1. Hidden Layer Error Gradients:
For hq:
oF
=hi(1—hy)- -0
Dt 1( 1) Wh1 - Oy

= 0.5933(1 — 0.5933) x 0.4 x 0.1384 = 0.2412 x 0.4 x 0.1384 = 0.0133.

23We use intensively that for the sigmoid function it is: o’(2) = o(2)(1 — 0(2)).
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For hs:

OF
O0zn2

= hz(l — hg) - WhH2 - 5y

= 0.5968(1 — 0.5968) x 0.45 x 0.1384 = 0.2407 x 0.45 x 0.1384 = 0.0149.

Step 3. Weight Updates, taking learning rate n = 0.5

For wy;:
Why =wp1 —N-hy-0y
=0.4—-0.5x%x0.5933 x 0.1384 = 0.3590.
For wpa:
w;ﬂ:whg—n‘hg'(sy
=0.45 — 0.5 x 0.5968 x 0.1384 = 0.4087.
For wq1:
why = wip — - 21 - Oy
=0.15—0.5 x 0.05 x 0.0133 = 0.1483.
For wo1:
wél = w1 — N T2 0p1
=0.25-0.5x 0.1 x 0.0133 = 0.2467.
For wqa:
w’12 = w12 — 1 T1 " Op2
=0.2—-0.5x0.05 x0.0149 = 0.1981.
For woo:

Why = wWag — 1 - T * Op2
=0.3—-0.5x0.1 x0.0149 = 0.2926.

D Other methods

This section presents very briefly other ML methods. Some of them are closely related
to some of the ideas already presented, while other tackle the problem from a different
angle. As we have done through the main text, we make special emphasis on presenting
clearly the core idea of each method rather than trying to cover -even mention- all the
existing extensions.
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D.1 LASSO, Ridge and Elastic Net Regression

A multiple linear regression model can be seen as a particular case of ANN in which there
is no hidden layer. Thus, the predicted output is directly a weighted sum of instances.
The weights -parameters in the econometric jargon- are learned by the network as to
minimize a loss function. The usual criterion in Econometrics is to take as loss function
the mean squared error. This model suffers from two well-known issues: over-fitting and
multicollinearity. The first, as mentioned, refers to a model that fits the training data
too closely, which is useless out of the training. The second refers to a lack of capacity
to identify individual effects of each feature in the response variable.

In order to address those problems, LASSO,?* Ridge and Elastic Net Regression add
a regularization term to the loss function in a completely analogous way as we have ex-
plained for XGBoost. The loss function is that in (1), which is just the sum of the mean
squared prediction error and a regularization term which is the norm of the estimated
parameter vector. The norm is Ly for the LASSO regression, Ly for the ridge regression,
and both Li and Ly terms for the elastic net regression.

The underlying reason for the regularization term is as commented for the XGBoost
algorithm. In general, the L; regularization (LASSO) pushes to zero coefficients that in
absolute value are equal to zero. In this sense, the LASSO model works well for feature
selection, and it also prevents over-fitting. The Lo regularization (Ridge) shrinks all
of the coefficients. It helps in dealing with multicollinearity problems in the following
sense. Suppose there are two feature variables, say x1 and x2, such that there is a whole
region of combination of parameter estimates, say (1, f2), that performs similarly well
in terms of prediction errors. Adding the Lo regularization to the loss function pushes
to select, within the equally-good-prediction region, small values of 1 and [ (shrink-
age), but it also pushes to select $; = P2, which is a quite natural convention if the
corresponding variables are collinear. Notice using only the L; regularization does not
force the equality among coefficients. Elastic Net combines the L; and Lo regulariza-
tion penalties of LASSO and Ridge, respectively. This hybrid approach offers a balance
between feature selection (LASSO) and coefficient shrinkage (Ridge). It’s particularly
useful when dealing with datasets that have both highly correlated features and many
irrelevant ones, as it can simultaneously shrink coefficients and perform feature selection.

For analyzing factors influencing housing prices in a metropolitan area, LASSO re-
gression could be valuable. You might have numerous features like square footage,
number of bedrooms, proximity to schools, and local amenities, but only a subset truly
drives price variations. LASSO’s feature selection would help identify the most influen-
tial factors. In macroeconomic forecasting, where you're predicting GDP growth based
on various economic indicators like interest rates, inflation, and unemployment, Ridge
regression would be suitable. These indicators are often highly correlated, and Ridge’s

24Tt stands for Least Absolute Shrinkage and Selection Operator.
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shrinkage property would stabilize coefficient estimates, preventing extreme fluctuations
due to multicollinearity. Finally, when studying the impact of various government poli-
cies on firm performance, Elastic Net could be beneficial. You might have many policy
variables, some correlated, and you’d want to both identify the most impactful policies
and handle the potential collinearity among them, which Elastic Net accomplishes by
combining L; and Ls regularization.

Why should we restrict ourselves to Ly or Ly regularizations? Figure 17 shows differ-
ent regularisation function isosurfaces for different values of p where the L, regulariser

1 -
is defined as ||8|[, := (3_; |8i|?)? in a 5182 plane. For the Euclidean distance p = 2 we
have the circle with radius 1, when p = 1 we obtain the sum of the absolute values and
the isosurface corresponds to the star shape.

LM@W& ‘ By By

Ridge LASSO

Figure 17: Isosurfaces of different L, regularisers

The Figure 18 shows the balance between the regularizer isosurface and the pre-
diction error isosurface, represented by the red curves. At an interior solution, both
isosurfaces are tangent one another. L; penalties can incorporate sparse parameter vec-
tors (a vector which lies exactly on an axis as in the Opt point in the left plot in Figure
18 - i.e. 1 = 0, which emphasizes the feature selection character of this regularization.
Lo penalties will only be sparse if the minimum mean square error point (53) is also
exactly on the axis. Therefore the L1 optimum can be on the axis even if the B is not
and L; regularized solutions encourages some level of sparsity, making the model more
efficient which helps determine which variables are most important in prediction. L,
norms form a balance between sparsity and convexity, when p > 1 the norm is convex
and for p < 1 it induces some sparsity. Therefore, the L1 norm is the only norm which
both induces sparsity and remains convex for easier optimization.

As in previous sections, we conclude with some papers to illustrate the range of
applications. Topics include firm analysis [27] or bankruptcy prediction [93]. Much of
the emphasis is on the capacity of the LASSO loss function to perform variable selection,
see [17], which is not a paper on ML, for a broad discussion on variable selection itself.
Related to this issue, we must cite [95] and [113].
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Opt Opt

Figure 18: LASSO Ridge: trade-off between regularization (blue) and prediction error
(red). The compromise solution is the Opt point: similar but not exactly the same as
with the LASSO reguralization 81 = 0, while it is not so with the Ridge. The prediction
error is common to both plots.

D.2 Support Vector Machines (SVM)

Support Vector Machines (SVM) can be used for both regression and classification prob-
lems. To keep things simple, suppose that we have a binary response variable and two
explanatory variables, denoted by x; and x5, or, as a vector, = (z1,z2). The response
classes, say, are coded as 1 and -1 or, black and blue, respectively, so that our sample is
as depicted in Figure 19. The target of Support Vector Machine is to find a separating
hyperplane, that is, an hyperplane that leaves all of the instances of one class on one side
and all of the instances of the other class on the other side. In a two-dimensional space
of explanatory variables, as in the figure, the hyperplane is a line, but our discussion
and mathematical development in this subsection does not imply a particular dimension.

Let us considering a case, as in the figure, in which there is such a separating hy-

perplane. Of course, if there is one, there is more than one, and then the question is,
roughly, how can I characterize the maximum distance between classes. The core idea
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is as follows. Consider two hyperplanes parallel one another such that they define a
separating strip. The question is what are the hyperplanes such that the corresponding
separating strip has the maximum width? This maximum width is commonly denoted
as the margin. So, rephrasing, we want to find paralell separating hyperplanes that
maximize the margin, i.e., the distance between them. In doing so, some sample points,
red coloured in the figure, actually touch one of the hyperplanes, these points are called
the support vectors.

The mathematical characterization is as follows. First let us denote the hyperplanes
as Hyy ={x:w-x+b=1}and H_;) = {z: w- -z + b= —1}, where w is a vector
of coefficients, w - & denotes the dot product between w and x and b is some constant.
Since w is common to both hyperplanes, they are paralell one another.?® The distance
between H (1) and H_qy) is?0 ﬁ, where the denominator is the norm of w. Thus, in
order to maximize the margin between hyperplanes, we have to minimize ||w||. Now
we must restrict to hyperplanes which separate instances by classes. Let us take the
convention that instances (;,y;) with y; = 1 lie above H ), which happens whenever

w-x; +b > 1 holds. Clearly, for those instances the previous inequality is equivalent to:
yi (w-x; +b) >1 (8)

Then, it must occur that instances with y; = —1 lie below H(_y), which happens when-
ever w - x; + b < —1 holds, which for those instances is also equivalent to (8). Then,
the problem can be formulated as minimizing w subject to (8) holding for all instances,
which are indexed by 1.

Naturally, the training data might be not separable. If so, the called soft margin
comes into scene. Essentially, the method defines some slack variables, such that some
of the instances are allowed to by misclassified. There is a trade-off between maximizing
the margin, as before, and allowing some instances to lie out of the boundaries where
they should be. Alternatively, if data are not separable in the original dimension, they
can be transformed into a higher dimensional space in which they are. Once trans-
formed, instead of using the dot product in the higher dimensional space, the method
uses a kernel function.

Some of the classical works on SVM are [29], [52], [89] and, as one of the main
developers, [102]. Additionally, one textbook from this last author, [101] offers a detailed
description of SVM’s and, more generally, statistical learning. Regarding the application

25Obviously, no  can satisfy both the equality that characterizes H, (1) and the one for H(_;). In other
words, H(;y and H(_1;) do not cross, so they are parallel.

*In effect, take @1 € H(;) and take &z € H(_11), that is, w- @1 +b =1 and w- x> +b = —1.
Subtracting one equality from the other, we have w - (1 — ®2) = 2 or, writing the dot product as the
product of the norms times the cosine of the angle between, say «, we have ||w|| X [|@1 — ®2||cosa = 2.
Now, it is well known that w is normal to H(;y and to H(_;). Thus, if 1 — @2 is a vector of minimum
length that connects both hyperplanes, it has to be collinear with w, and thus cosa = 1 and, in addition,
|1 — @2|| is the distance between the hyperplanes.
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Figure 19: Support Vector Machine example

in economics, we have: currency crisis [23], stock prices [34], recessions [50] and financial
markets [98]. [94] surveys a wide range of other applications.

D.3 Shapley Values

Shapley values, originally from cooperative game theory, [86], quantify the contribution
of each feature to a model’s prediction. Unlike methods that retrain models, Shapley val-
ues analyze the impact of a feature’s value on individual predictions within a pre-trained
model. This analysis considers all possible combinations of feature contributions, pro-
viding a comprehensive measure of feature importance.

To be precise, let F' denote the pre-trained ML model. Let x; represent the vector of
features for instance i. A coalition of features, or simply a coalition, is any subset of the
entries of x;. Let F(s;) denote the prediction of y; using the coalition s;. The contribu-
tion of feature, say, z,; to a coalition s; in which zy; is included is F'(s;) — F(s;/{xk;}),
that is, the difference between the prediction using s; and the prediction using s; exclud-
ing xy ;. The Shapley value of feature x, ; for instance «; is the average of its contribution
to all possible coalitions the can be formed with x;.

We illustrate the computation with an example. Let us consider a model with three
attributes, so features for instance ¢ are x; = (x1,,22,4,23;). For simplicity, let us
assume the response in continuous. The table on the left shows all possible coalitions
and the corresponding prediction. In particular, the () coalition is a coalition containing
no features of any instance, so it must be interpreted as the unconditional prediction,
which we normalize to be 0. Thus F'(x1;) = 80 must be read as: using a coalition formed
just by z1; the prediction is 80 units above the unconditional prediction. This left table
has the raw information to compute Shapley values. The table on the right will help us to
compute them. Consider the first row in the table. If, starting from the @) coalition, I add
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first ;1 the variation in -or marginal- prediction is F'(z; 1) — F/(0) = 80. If, after that,
I add w2, the variation in prediction is F'((z14,22,)) — F(x1,;) = 0 and, finally, if, after
that, I add x; 3, the variation is F'(x;) — F((z1,4,22;)) = 10. Thus, the first cell on the
row contains the order in which I add features, while second contains the corresponding
marginal predictions. The first column in the table on the right contains all possible
permutations, that is, all possible paths to add the features. Now, for computing the
Shapley value of, say, 1 ; we must see where it is located on the row on the first column
and take the corresponding number from the second column, referred to the table on
the right. In order to ease the reading, we have highlighted the position and numbers
for x1; in red. The Shapley value of that feature is the average of those numbers:

1

Shap(:nl,i, (Bl) = 3'

(80 + 80 + 24 4+ 18 + 15 4 18) = 39.2

where 3! stands for three factorial, that is, the number of possible permutations with
three features.

Si F(s;)

] 0 Permutation = Marginal pred.
(.21?1,2) 80 (ZL‘Li,xQ,Z‘,wi,g) (80,0, 10)
(x2,4) 56 (14,23, T24) (80,5,5)
(.7)3,2‘) 70 (1’271, .7?1’2‘, .%@3) (56, 24, 10)

(.CC17Z',.T¢72) 80 (172,1’7«%‘,371'1,2') (56, 16, 18)
(z14,7i3) 85 (i3, 210, 22:)  (70,15,15)
(;’1}'277:,1'1‘73) 72 (x@g,xu,wu) (70, 2, 18)

The above computations lead to a Shapley value for each feature and for each in-
stance. How do we aggregate across instances? There are essentially two ways. First,
we can simply average across all instances, which leads to the global feature importance:

1
Shap(z1) = N Z Shap(x14, ;)

where N denotes the sample size. Secondly, we can condition by features. As an exam-
ple, we can average across instances having, say, x1,; < 5, which leads to the conditional
feature importance. This is very appealing in economics, where is natural to think that
the impact of a variable in prediction depends on the values of that variable. For in-
stance, conditional Shapley value analysis could reveal that wealth’s contribution to
predicting loan repayment is not uniform, and might demonstrate a diminishing effect
for high-wealth individuals relative to those with low wealth.

Finally, we must notice that the above explanation abstracts away from the model

itself. In particular, it is implicitly assumed that the model can generate predictions for
any coalition, even for the () coalition. In other words, the model, at least once trained,
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must be able to handle missing values, which could be an issue for some methods.

Other than the cited Shapley’s paper, which is really a paper on cooperative game
theory, there is a literature on the use of the concept in ML, which relates Shapley value
to the concept of importance or connects it to the idea of gradient. The essential list in
this line includes [20], [30], [65], [91], [114] and [92]. [5] combines XGBoost and Shapley
values for the retail sector. [104] extends the theoretical framework with an angle on
application.

E Python code for the XGBoost study case

Listing 2: Creating synthetic data and define plot parameters

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.datasets import make_classification

from sklearn.model_selection import train_test_split, GridSearchCV
from sklearn.metrics import accuracy_score

from xgboost import XGBClassifier

random_state = 123456789

X, y = make_classification(
n_samples = 1000,
n_features = 10,
n_informative = 2,
n_redundant = O,
n_clusters_per_class = 1,
flip_y = O,
class_sep = 0.5,
random_state = random_state)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size = 0.2,
random_state = random_state)

# Generate data for the decision tree boundaries
plt.style.use(’fivethirtyeight’)
plt.figure(figsize=(10, 6))

x_min, x_max = X[:, 0].min() - 1, X[:, O].max() + 1

y_min, y_max = X[:, 1].min() - 1, X[:, 1] .max() + 1

XX, yy = np.meshgrid(np.arange(x_min, x_max, 0.01),
np.arange(y_min, y_max, 0.01))

Listing 3: XGBoost Cross Validation and Hyperparameter Search
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param_grid = {

’max_depth’: [3, 5, 7], # Maximum depth of each tree.

’learning_rate’: [0.1, 0.01, 0.001], # Step size shrinkage used to update
weights.

’n_estimators’: [50, 100, 200], # Number of trees the model builds,
e.g., 50 trees.

’subsample’: [0.8, 1.0], # Fraction of samples used for fitting
individual trees.

’colsample_bytree’: [0.8, 1.0] # Fraction of features/variables used

when constructing each tree.

xgb = XGBClassifier (random_state=random_state, use_label_encoder=False,
eval_metric=’logloss’)

grid_search = GridSearchCV(estimator=xgb,
param_grid=param_grid,
cv=5,
scoring=’accuracy’,
verbose=1)

grid_search.fit(X_train, y_train)
best_xgb = grid_search.best_estimator_
y_pred = best_xgb.predict(X_test)
accuracy = accuracy_score(y_test, y_pred)

print("Best Parameters:", grid_search.best_params_)
print ("XGBoost Classifier Test Accuracy:", accuracy)

Listing 4: Feature importance

importances = best_xgb.feature_importances_
feature_names = [f"Feature {i}" for i in range(X.shape[1])]

# Get indices for sorting the importances in descending order
sorted_indices = np.argsort(importances) [::-1]

sorted_importances = importances[sorted_indices]
sorted_feature_names = [feature_names[i] for i in sorted_indices]

plt.figure(figsize=(10, 6))

sns.barplot (x=sorted_importances, y=sorted_feature_names, palette="viridis")
plt.title("Feature Importance (Highest to Lowest)")

plt.xlabel ("Importance")

plt.ylabel("Features")

plt.tight_layout ()

plt.show()
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Listing 5: Shapley values

import pandas as pd
import shap

feature_names = [f"Feature_{i}" for i in range(X.shape[1])]
X_train_df = pd.DataFrame(X_train, columns=feature_names)
X_test_df = pd.DataFrame(X_test, columns=feature_names)

explainer = shap.TreeExplainer (best_xgb)
shap_values = explainer.shap_values(X_test_df)

shap.summary_plot (shap_values, X_test_df, show=False)
plt.title("SHAP Summary Plot")
plt.show()

shap.summary_plot (shap_values, X_test_df, plot_type="bar", show=False)
plt.title("SHAP Feature Importance (Bar Plot)")
plt.show()

for feature in feature_names:
shap.dependence_plot(feature, shap_values, X_test_df, show=False)
plt.title(£"SHAP Dependence Plot for {featurel}")
plt.show()

shap.initjs(
sample_index = 0 # Change this index to analyze different instances.
force_plot = shap.force_plot(explainer.expected_value,
shap_values [sample_index, :],
X_test_df.iloc[sample_index, :])
shap.save_html ("force_plot.html", force_plot)

shap.waterfall_plot(
shap.Explanation(values=shap_values[sample_index, :],
base_values=explainer.expected_value,
data=X_test_df.iloc[sample_index, :],
feature_names=feature_names)

shap.decision_plot(explainer.expected_value, shap_values[sample_index,
X_test_df.iloc[sample_index, :])
plt.show()

interaction_values = explainer.shap_interaction_values(X_test_df)

if isinstance(interaction_values, list):
interaction_values = interaction_values/[1]
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shap.summary_plot(interaction_values, X_test_df, plot_type="dot", show=False)
plt.title("")
plt.show()

Listing 6: Simple Neural Network

from sklearn.neural_network import MLPClassifier
nn_model = MLPClassifier(hidden_layer_sizes=(20, 10), activation=’relu’,
solver=’adam’,
max_iter=500, random_state=random_state)
nn_model.fit(X_train, y_train)
y_scores = nn_model.predict_proba(X_test)[:, 1]

y_pred = nn_model.predict(X_test)

nn_accuracy = accuracy_score(y_test, y_pred)
print ("Neural Network Test Accuracy:", nn_accuracy)

Listing 7: Random Forest

from sklearn.ensemble import RandomForestClassifier

rf_model = RandomForestClassifier(n_estimators=100, random_state=random_state)
rf_model.fit(X_train, y_train)

y_scores_rf = rf_model.predict_proba(X_test)[:, 1]

y_pred_rf = rf_model.predict(X_test)

rf_accuracy = accuracy_score(y_test, y_pred_rf)
print ("Random Forest Test Accuracy:", rf_accuracy)
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