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Learning Classification and Regression Trees: A Beginner’'s Guide

When approaching data analysis, the primary goal is often to accurately model the relationship

between a set of predictor variables and a corresponding response variable. If this underlying
connection is strictly linear, traditional statistical methods, such as multiple linear regression,
provide efficient and highly interpretable models. These methods operate under strong
assumptions about the data structure and functional form.

However, the complexity inherent in real-world datasets rarely adheres to simple linear
assumptions. Data often exhibits substantial non-linear relationships, intricate interactions
between features, and convoluted structures that simple straight-line models cannot capture. In
these complex scenarios, relying on traditional linear techniques often results in models with poor
predictive power and high bias. To generate robust and reliable predictions, it becomes essential to
transition to powerful, flexible non-linear methodologies.

Introducing Classification and Regression Trees (CART)

The transition to non-linear modeling is driven by the need to manage data complexity effectively.
Unlike linear regression, which assumes an additive, straight-line effect, many modern predictive
tasks involve dependencies where the influence of one predictor changes dramatically based on
the value of another. Ignoring these complex interactions leads to models that generalize poorly to
unseen data.

One of the most powerful and transparent non-linear methods designed specifically to handle such
complexity is Classification and Regression Trees, universally known by the acronym CART.

This framework is a cornerstone of modern machine learning, providing an intuitive yet powerful
mechanism for partitioning large datasets.

As suggested by its name, the CART methodology utilizes input features (predictors) to construct
intuitive decision trees. These trees systematically divide the feature space into increasingly

homogeneous segments. The final result is a prediction of a continuous value (the regression task)
or the assignment of an observation to a distinct category (the classification task).

Understanding the Mechanics of CART

CART is fundamentally a non-parametric technique; it requires no prior assumptions about the

functional form relating the variables. Instead, it derives a series of simple, understandable, rule-
based divisions directly from the data structure itself. The resulting decision tree functions much
like a flowchart, guiding an observation from the initial, all-encompassing root node down through
sequential binary splits until it reaches a terminal node, where the final prediction resides.

A key strength of CART is its inherent ability to model complex interactions naturally. Because the
model is constructed via sequential, conditional binary splits, it automatically discovers and
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incorporates relationships that would be extremely difficult, if not impossible, to manually specify in
a standard linear equation. This flexibility makes CART highly adaptable to diverse datasets,
including those featuring a mix of numerical and categorical data types.

To fully grasp the simplicity and predictive power of this technique, consider a practical predictive
scenario: estimating professional athlete salaries. We can analyze a dataset of professional
baseball players, using features like Years Played and Average Home Runs to predict their Yearly
Salary.

Interpreting the Decision Flow: A Regression Example

The example below illustrates how a regression tree employs straightforward, binary logic to
partition the entire player population. This process ultimately assigns a predicted salary based on
the characteristics of the specific group into which the player falls. Crucially, each split within the
tree is strategically chosen to maximize the homogeneity of the resulting subsets with respect to
the response variable (salary).

Year?< 45

HmRun< 16.5

225.8

5776 975.6

The resulting decision tree offers an interpretation that is both straightforward and highly intuitive:

The first split, located at the root node, identifies Years Played as the single most influential
variable for initial partitioning. Players with less than 4.5 years of experience are immediately
grouped together, receiving a baseline predicted salary of $225.8k.

For the subset of players possessing 4.5 or more years of experience, the model then considers a
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secondary predictor: Average Home Runs. Those players with less than 16.5 average home runs
are predicted to earn $577.6k.

Finally, players who combine significant experience (>= 4.5 years) with superior performance
metrics (>= 16.5 average home runs) are predicted to earn the highest compensation, $975.6k.

The structure confirms expected real-world dynamics: increased experience and superior
performance correlate strongly with higher salaries. The model permits simple, rule-based
prediction. For example, if a new player has played 8 years and averages 10 home runs, the
prediction path is (8 >= 4.5) then (10 < 16.5), resulting in a predicted annual salary of $577.6k.

Year§< 4.5
8 years played

HmRun< 16.5
10 home runs

5776 975.6

Two essential structural characteristics define the operation of the tree:

225.8

The variable selected for the initial split (the root node) is inherently the most important predictor,
as it achieves the largest initial reduction in prediction error across the entire dataset. In this
specific case, Years Played is superior to Average Home Runs in explaining the overall salary
variation.

The final regions at the bottom of the tree, where no further splitting occurs, are termed terminal
nodes (or leaves). The value assigned to a terminal node represents the predicted outcome for
every observation that falls into that final, homogeneous partition. The illustrated tree contains
three distinct terminal nodes.
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The Core Mechanism: Recursive Binary Splitting

The initial and most fundamental step in constructing a CART model involves generating a large,
complex tree through a process known as recursive binary splitting. This method is classified as

a greedy algorithm because, at every single step, it makes the locally optimal decision regarding

the split point without attempting to look ahead to determine if a globally superior structure might
be achieved later in the tree.

The splitting process is highly systematic and iterative:

The algorithm meticulously examines all available predictor variables ($X_1, X_2, dots , X_p$) and
evaluates every possible cutoff point for each predictor. The primary objective is to select the
predictor variable and the precise cut point that results in the greatest increase in homogeneity (or
purity) in the two resulting child nodes.

For regression trees, this optimal split is the one that produces the lowest overall Residual Sum of

Squares (RSS) following the division. By minimizing RSS, the tree maximizes the similarity of the

response values within the new nodes.
For classification trees, the splitting criterion typically aims to minimize the node's misclassification
rate. Common measures used for evaluating purity include the Gini impurity index or cross-

entropy.

This splitting procedure is applied recursively to the newly formed branches, generating a complex
tree structure. The process continues until a predefined stopping criterion is satisfied, such as
when a terminal node contains fewer than a minimum required number of observations, or when
the improvement gained from any potential new split is deemed too marginal to justify further
division. Although this large, initial tree is highly accurate on the training data, it is severely prone
to overfitting. It tends to learn the noise and specific idiosyncrasies of the training set rather than
the robust, underlying structure of the data population, necessitating the subsequent crucial step:
pruning.

Controlling Complexity: Pruning and Cross-Validation

A single decision tree that is allowed to grow unchecked will inevitably suffer from high variance,
performing poorly when introduced to independent validation data. Therefore, once the initial,
overly complex tree is grown, the next step is to apply cost complexity pruning (or weakest link

pruning) to obtain a nested sequence of optimal subtrees.

Cost complexity pruning introduces a regularization technique by adding a penalty term, controlled
by a complexity parameter, $alpha$. The method seeks to identify the subtree $T$ that minimizes
the following penalized Residual Sum of Squares (RSS) formula:
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RSS + aT|

In this formula, RSS represents the standard error measure (or a similar impurity measure for
classification tasks), and $|T|$ denotes the number of terminal nodes in the tree $T$.

The penalty term, $alpha|T|$, imposes a direct cost on model complexity. As the value of $alpha$
is increased, trees with a higher number of terminal nodes are penalized more heavily, effectively
forcing the algorithm to favor smaller, simpler trees that are less likely to overfit.

This systematic process generates a sequence of "best trees,” where each tree corresponds to the
optimal structure for a given level of complexity determined by $alpha$. The third critical step
involves determining which specific value of $alpha$ yields the best trade-off between bias and
variance. To accomplish this, we utilize k-fold cross-validation (CV) applied across the entire

sequence of pruned trees. CV robustly evaluates the predictive performance of each tree structure
on multiple independent validation sets, allowing us to pinpoint the $alpha$ that minimizes the
estimated test error rate.

Finally, the fourth step involves selecting the final model structure from the optimized sequence--
the one that corresponds precisely to the value of $alpha$ identified as optimal by the cross-
validation procedure. This final, pruned tree represents the ideal balance between simplicity
(interpretability) and predictive power (generalizability).

Key Benefits and Inherent Drawbacks

CART models remain highly favored across various fields of data science and machine learning
due to several compelling advantages:

High Interpretability: The resulting tree structure is inherently logical and closely mimics human,
rule-based decision-making processes, ensuring the model is easy to understand, explain, and
justify to both technical and non-technical audiences.

Ease of Visualization: The entire predictive model can typically be represented clearly and
concisely as a simple flowchart, which greatly facilitates communication, auditing, and debugging.
Versatility: CART algorithms are equally effective for both classification (categorical outcomes)
and regression (continuous outcomes) tasks, requiring only minimal adjustments to the core
impurity metrics.

Automatic Feature Selection: The recursive splitting process automatically identifies and
prioritizes the most influential predictor variables, effectively performing feature selection inherently
within the model construction.

However, CART models do possess inherent limitations. The principal drawback of relying on a
single decision tree is often its stability and predictive accuracy:
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High Variance and Lower Accuracy: Individual decision trees tend to suffer from high variance,
meaning that even minor changes in the training data can lead to dramatically different tree
structures. Consequently, single trees often do not achieve the same peak level of predictive
accuracy as more complex, "black-box" non-linear machine learning algorithms like Support Vector
Machines or Neural Networks.

Fortunately, this high-variance limitation is routinely mitigated in practice by aggregating many
decision trees using powerful ensemble methods. Techniques such as bagging, boosting, and

random forests leverage the simplicity and interpretability of individual CART models while
drastically improving their overall stability and predictive performance, cementing their role as
cornerstones of modern predictive analytics.

Related: How to Fit Classification and Regression Trees in R
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