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What is machine learning?

Statistical methods that allow us to model data without the need
to assume specific functional forms in our models.

We can use them to answer questions like

• Which clients are more likely to default on their loan?

• What factors explain the success of a medical procedure?

• Which genes help explain resistance to a particular disease?

• What explains Kylian Mbappé’s high market value?

• etc ...
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Stata’s integration with H2O

H2O is a machine learning and predictive analytics platform.

• H2O integration (one time) setup

With its integration into Stata you can now:

1. Estimate high-performance predictive models easily

• Random forest (RF)
• Gradient boosting machine (GBM);

2. evaluate model performance;

3. tune hyperparatmeters to optimally select models

4. use explainability tools to gain further insights from models

... all this without leaving your familiar Stata environment.

https://www.youtube.com/watch?v=Y1aPrScIdtg
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Machine learning methods

Decision trees

Decision trees

Simple but powerful supervised machine learning method to predict

• binary,

• categorical,

• or continuous outcomes (features),

by partitioning data based on the values of regressors (predictors).

Constitute the building blocks of more sophisticated ML methods:

• Random forest (RF);

• Gradient boosting machine (GBM).
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Machine learning methods

Decision trees

Discrete outcomes: Classification tree

We want to predict if a mushroom is poisonous or edible based on
its cap diameter and season.
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Machine learning methods

Decision trees

Classification tree – Example

Partition the data with a series of yes/no questions:

Prediction based on majority:
If capdiam = 8.32 and season = w, we predict ĉlass = p
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Machine learning methods

Decision trees

Anatomy of decision trees

Types of nodes:

□ Parent or nonterminal nodes: data is split. First is called root.

⃝ Leaf or terminal nodes: data is not split.
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Machine learning methods

Decision trees

Anatomy of decision trees

Depth of a tree:

Definition: Max. number of successive splits in a tree (3).



Machine learning Using Stata via H2O

Machine learning methods

Decision trees

How do we find the tree that best fits the data?

We want our leaf nodes to be as homogeneous as possible. In each
leaf, we want either

• most observations to be edible;

• or most observations to be poisonous.

How do we do this systematically?



Machine learning Using Stata via H2O

Machine learning methods

Decision trees

Solving a minimization problem

First, choose an impurity measure.

• Misclassification rate: 1−max(p̂e , p̂p)

• Gini index: 2 ∗ p̂e ∗ p̂p
• Cross entropy: −p̂e ln(p̂e)− p̂p ln(p̂p)

Example:

(4e, 4p): Gini = 2 ∗ 0.5 ∗ 0.5 = 0.5

(7e, 1p): Gini = 2 ∗ 7/8 ∗ 1/8 = 7/32 ≈ 0.22

Then, pick tree to minimize weighted total impurity of leafs

• (weight = # of obs)

• subject to constraints
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Machine learning methods

Decision trees

We need these constraints to avoid overfitting

Extreme case of overfitting (no constraints):
Suppose we had data on 1000 edible and poisonous mushrooms
and no two mushrooms have the same cap diameter.

⇒ There is a tree of depth 1000 and one observation per leaf that
fits the data perfectly.

impurity = 0

This optimal tree, however, is useless for out-of-sample prediction.

• Not generalizable.
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Machine learning methods

Decision trees

Constraints to avoid overfitting

- Set a maximum depth for the tree: maxdepth(2).

- Set a minimum number of obs. per leaf: minobsleaf(3).

- Restrict the set of predictors that can be used in each split.

- Require that continuous variables be split only by quantiles:
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Machine learning methods

Decision trees

Full algorithm – constrained optimization

All the details of the algorithm can be found in our documentation:

[H2OML] Machine Learning Using H2O

https://www.stata.com/manuals/h2oml.pdf
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Machine learning methods

Decision trees

Continuous outcomes: Regression tree

Growing a regression tree is similar to growing a classification tree:

1. Prediction is now the average response values in the leaf;

2. impurity measure is now RSS =
∑n

i=1(yi − ŷi )
2.

The constrained optimization algorithm proceeds in the same way.
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Machine learning methods

Random forest

Bagging

Decision trees tend to be unstable and have high variance.

• Very sensitive to small changes in the data.

This leads to high generalization error (GE).

Bagging:
A way to decrease variance (and thus GE) is bootstrap aggregation:
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Machine learning methods

Random forest

Random forest algorithm with B trees – Breiman (2001)

For b = 1, 2, . . .B:

1. Take a bootstrap subsample from training data Db

• (w/out replacement)

2. Fit a tree Tb in Db

2.1 Randomly choose a subset of m ≤ p predictors.
2.2 Select node, predictor, and split point to decrease impurity

measure the most.
2.3 Split the selected node.
2.4 Repeat until constraints are binding.
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Machine learning methods

Random forest

Random forest – Predictions

For a testing observation with predictors x:

• Regression:

f̂RF (x) =
1

B

∑
b

f̂b(x)

• Classification:

f̂RF (x) = most predicted class in f̂1(x), . . . f̂B(x)
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Machine learning methods

Random forest

Predicting players’ market value

Data: Demographics, on-field performance metrics, and market
valuations for 1108 football players in 2023.

Source: Ahmed (2023) and Ocac et al (2023).
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Machine learning methods

Random forest

H2O setup
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Machine learning methods

Random forest

Random forest – Basic implementation

Fit the random forest:
h2oml rfregress ln mkval $predictors, h2orseed(19)

Store results for later: h2omlest store rf basic
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Machine learning methods

Random forest

Constraints on trees

Fit the random forest:
h2oml rfregress ln mkval $predictors, h2orseed(19) ///

predsampvalue(2) minobsleaf(5) maxdepth(10)
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Machine learning methods

Random forest

Constraints on trees

Fit the random forest:
h2oml rfregress ln mkval $predictors, h2orseed(19) ///

binsroot(4) binscont(4)
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Machine learning methods

Random forest

Set the number of trees

Fit the random forest:
h2oml rfregress ln mkval $predictors, h2orseed(19) ///

ntrees(100)
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Machine learning methods

Random forest

Restoring results from basic model and making predictions

Make predictions on observations the model has never seen.
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Machine learning methods

Gradient boosting machine

Boosting

We can also reduce the GE error of decision trees by reducing bias.
This can be achieved with a different ensemble procedure:

Boosting:
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Machine learning methods

Gradient boosting machine

GBM with M trees – Regression problems, Gaussian loss

GBM algorithm (in words and simplified):

1. Fit regression tree for outcome y with predictors x
• Obtain the prediction f̂1(x) and the prediction error ê1

2. Fit regression tree for prediction error ê1 with predictors x
• Obtain the prediction f̂2(x) and the prediction error ê2

3. Fit regression tree for prediction error ê2 with predictors x
• Obtain the prediction f̂3(x) and the prediction error ê3

4. ...continue until you obtain the prediction f̂M(x).

Prediction:

f̂GBM(xi ) =
∑
m

f̂m(xi )
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Machine learning methods

Gradient boosting machine

GBM with M trees – Regression problem, Gaussian loss

GBM algorithm (in math and simplified):

1. Set F0(xi ) = 0 for each i = 1, . . . n.

2. For each m = 1, 2 . . .M:

2.1 Compute gm(xi ) = yi − Fm−1(xi ) for each i = 1, . . . n.

2.2 Fit a regression tree f̂m(·) on the training data
(
xi , gm(xi )

)n
i=1

2.3 Update Fm+1(xi ) = Fm(xi ) + f̂m(xi )

Prediction: Add the boosts,

f̂GBM(xi ) =
M∑

m=1

F̂m(xi )
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Machine learning methods

Gradient boosting machine

GBM with M trees – Regression problems, Gaussian loss

GBM algorithm (in math):

1. Choose learning rate α0 ∈ (0, 1] and decay rate r ∈ (0, 1].

• Avoid overfitting

2. Set F0(xi ) = 0 for each i = 1, . . . n.

3. For each m = 1, 2 . . .M:

3.1 Compute gm(xi ) = yi − Fm−1(xi ) for each i = 1, . . . n.

3.2 Fit a regression tree f̂m(·) on the training data
(
xi , gm(xi )

)n
i=1

3.3 Update αm = αm−1 ∗ r
3.4 Update Fm(xi ) = Fm−1(xi ) + αm f̂m(xi )

Prediction: Add the boosts,

f̂GBM(xi ) =
M∑

m=1

F̂m(xi )
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Machine learning methods

Gradient boosting machine

GBM – Basic implementation

Fit the GBM:
h2oml gbregress ln mkval $predictors, h2orseed(19)
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Machine learning methods

Gradient boosting machine

Adjusting the learning rate

Fit the GBM:
h2oml gbregress ln mkval $predictors, h2orseed(19) ///

lrate(1)
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Machine learning methods

Gradient boosting machine

Adjusting learning and decay rates

Fit the GBM:
h2oml gbregress ln mkval $predictors, h2orseed(19) ///

lrate(0.2) lratedecay(0.5)
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Machine learning methods

Gradient boosting machine

Quantile regression with GBM

GBM also allows us to predict conditional quantiles.

h2oml gbregress ln mkval $predictors, h2orseed(19) ///

lrate(0.2) lratedecay(0.5) loss(quantile, alpha(0.25))

h2omlpredict ln mkval hat 25, frame(test)

h2oml gbregress ln mkval $predictors, h2orseed(19) ///

lrate(0.2) lratedecay(0.5) loss(quantile, alpha(0.50))

h2omlpredict ln mkval hat 50, frame(test)

h2oml gbregress ln mkval $predictors, h2orseed(19) ///

lrate(0.2) lratedecay(0.5) loss(quantile, alpha(0.75))

h2omlpredict ln mkval hat 75, frame(test)
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Machine learning methods

Gradient boosting machine

Quantile regression with GBM

Comparing predicted quantiles:
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Hyperparameter tuning

Three-way holdout method

Three-way holdout method

Steps:

1. Randomly partition the data into three:

• training frame,
• validation frame,
• testing frame.

2. Define a grid of different hyperparameter configurations.

3. For each configuration:

• Fit a model in the training frame with said configuration.
• Evaluate performance metrics of the model in validation frame.

4. Select model that provides best performing metrics.

5. Get performance metrics of selected model in testing frame.
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Hyperparameter tuning

Three-way holdout method

Example: Tuning learning and decay rates in GBM

Data: Voting behavior and social pressure (treatment).

• Mails promising to publicize turnout to household or neighbors

Source: Gerber et al (2008)
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Hyperparameter tuning

Three-way holdout method

H2O setup
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Hyperparameter tuning

Three-way holdout method

Tuning learning and decay rates in GBM

Fit the GBM:
gbbinclass voted $predictors, h2orseed(19) validframe(valid) ///

lrate(0.1(0.1)1) lratedecay(0.1(0.1)1)
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Hyperparameter tuning

Three-way holdout method

Performance metrics in the testing frame

h2omlestat metrics, frame(test)
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Hyperparameter tuning

Cross-validation

K -fold cross-validation

1. Randomly partition the data into two:

• training frame,
• testing frame.

2. Randomly split the training data into K folds.

3. Define a grid of different hyperparameter configurations.

4. For each configuration:
4.1 For each fold k = {1, 2 . . .K},

Fit a model in the other K − 1 folds with said configuration
Evaluate performance metric of the model in fold k

4.2 Average performance metric over the K folds

5. Select configuration with best average performance metric.

6. Fit the model in training data with the selected configuration.

7. Get performance metrics of selected model in testing frame.
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Hyperparameter tuning

Cross-validation

Tuning number of trees in the random forest

Fit the RF:
rfregress ln mkval $predictors, h2orseed(19) ///

ntrees(50(5)450) cv(3)
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Hyperparameter tuning

Cross-validation

Performance metrics in the testing frame

h2omlestat metrics, frame(test)
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Model explainability

Asking questions to our machine learning model

Beyond just predictions, I might be interested in knowing

• How does the market valuation of a player change with his
age?

• Is age more important than position in determining a player’s
valuation?

• Why is Kylian Mbappe so valuable?

Explainable methods can help us with this questions.
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Model explainability

Partial dependence plots

Plots how the expected response changes as a predictor changes

• While keeping all other predictors fixed.

Mathematically, the partial dependence for predictor s at point xs

f̂PD(xs) =
n∑

i=n

f̂RF/GBM(xs ,X−s,i )

where

X−s,i : all predictors except s for observation i .
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Model explainability

Partial dependence plots

h2oml gbregress ln mkval $predictors, h2orseed(19) cv(10)

h2omlgraph pdp age
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Model explainability

Variable importance

Relative influence of a predictor on a model’s performance. In tree
T , the variable importance of predictor k is

I 2k (T ) =
∑
j∈NkT

ι2j

where,

NkT : set of nodes associated with predictor k in tree T

ιj : Relative improvement of impurity measure at node j

In an ensemble method consisting of 100 trees

I 2k =
100∑
t=1

I 2k (Tt)
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Model explainability

Variable importance

h2oml gbregress ln mkval $predictors, h2orseed(19) cv(10)

h2omlgraph varimp
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Model explainability

Shapley additive explanation (SHAP) values

Shapley value measures the contribution of a predictor to the
prediction for an observation

• Full algorithm

Very useful to answer questions of why.

https://www.stata.com/manuals/h2omlh2omlgraphshapvalues.pdf
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Model explainability

Why is Kylian Mbappé’s valuation so high?

h2oml gbregress ln mkval $predictors, h2orseed(19) cv(10)

h2omlgraph shapvalues, obs(590) title("SHAP values for

Kylian Mbappé") frame(fifa)
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Model explainability

Summarizing the SHAP values

h2oml gbregress ln mkval $predictors, h2orseed(19) cv(10)

h2omlgraph shapsummary
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Conclusion

H2O’s integration into Stata allows us to:

1. Estimate high-performance predictive models easily

• Random forest (RF)
• Gradient boosting machine (GBM);

2. evaluate model performance;

3. tune hyperparameters to optimally select models

4. use explainability tools to gain further insights from models
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More machine learning features in Stata

cate: Conditional average treatment effect estimation

• Uses an honest random forest algorithm to estimate ancialliary
models.

lasso: Least absolute shrinkage and selection operator.

• Linear regression
• Logit regression
• Treatment effect estimation
• Survival models...
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Conclusion

Learning more...

1. help command

• Access to all our documentation.

2. www.stata.com

• Access to all our documentation;
• Frequently asked questions.

3. www.youtube.com/@statacorp/featured

4. tech-support@stata.com

• Specific questions about our software.
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Conclusion

Thank you!
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