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Example dataset Model development process Ensemble tree methods Model selec

h20 and _h2oframe suite of commands for working with H20O cluster
and frames.

h2oml suite of commands for end-to-end machine learning analysis:
Methods
Performance
Prediction
Explainability
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Example dataset Model development process Ensemble tree methods Model selec

Local methods:
SHAP values: h2omlgraph shapvalues

Individual conditional expectation plot: h2omlgraph ice

Global methods:
SHAP beeswarm plot: h2omlgraph shapsummary

Partial dependence plot: h2omlgraph pdp
Variable importance: h2omlgraph varimp
Permutation importance: h2omlgraph permimp

Save decision tree DOT file and display rule set: h2omltree
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Example dataset Model development process Ensemble tree methods Model selec

For details, see https://tinyurl_com/mr3mj67z
Go to https://h2o.ai/resources/download/.

Click on the tab H20 Open Source Platform.

Go to Latest Stable Release or Prior Releases. Stata’s H20OML
documentation is written using Version 3.46.0.6.

Click on Download H20.

After downloading the file (for example, h20-3.46.0.6.zip), unzip it
and look for the h2o. jar file. This is the only file from within the zip file
that you will need.
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methods Model selec

Data presents an employee survey from IBM. Response attrition
indicates whether there is attrition or not.

The data set contains approximately 1500 observations and 18
predictors.

Predictors can be categorized into:
Demographic/ Personal characteristics: age, gender, education,
maritalstatus.
Job related characteristics: jobrole, businesstravel,
monthlyincome, totalworkingyears, numcompaniesworked,
yearsatcompany, yearsincurrentrole,
yearswithcurrmanager, performance.
Satisfaction metrics: workinglifebalance, environmentsat,
jobinvolvement, jobsatisfaction, relationshipsat
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Model development p

Load dataset into Stata’s memory

. use https://www.stata.com/users/assaad_dallakyan/attrition
(I1BM HR analytics employee attrition)

Initialize a cluster

. h2o Init
(output omitted)

. _h2oframe put, into(attrition)
Progress (%): 0 100

. _h2oframe change attrition

s Ensemble tree methods

Model selec
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Model development process Ensemble tree methods Model selec

. _h2oframe describe

Rows: 1470
Cols: 20
Column Type Missing Zeros +Inf -Inf Cardinality
age int 0 0 0 0
education enum 0 572 0 0 5
employeenumber int 0 0 0 0
environmentsat enum 0 453 0 0 4
jobinvolvement enum 0 868 0 0 4
jobsatisfaction enum 0 442 0 0 4
monthlyincome int 0 0 0 0
numcompaniesw_d int 0 197 0 0
performance enum 0 1244 0 0 2
relationshipsat enum 0 459 0 0 4
totalworkingy_s int 0 11 0 0
worklifebalance enum 0 893 0 0 4
yearsatcompany int 6] 44 0 0
yearsincurren_e int 0 244 0 0
yearswithcurr_r int 0 263 0 0
attrition enum 0 1233 0 0 2
businesstravel enum 0 150 0 0 3
gender enum 0 588 0 0 2
jobrole enum 0 131 0 0 9
maritalstatus enum 0 327 0 0 3
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Our goal is threefold:

Develop an accurate prediction model for employee attrition.
Reliable predictions improve HR’s ability to intervene on time and
address potential issues.

Identify which predictors most influence attrition, offering actionable
insights for organizational decision-making.

Understand and explain how specific predictors contribute to the
attrition risk for individual employees, enabling personalized
interventions.
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Example dataset

In a seminal article Breiman (2001) identified two cultures of statistical
modeling
Explanatory modeling, where models are applied for inferential purposes,
i.e., hypothesis testing, consistency, etc.

Predictive modeling, where models are used for the purpose of predicting
the value of a new, unseen observation.
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Example dataset Ensemble tree methods Model select

Input Tunable parameters Output
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Example dataset Model development process

Single Decision Tree Decision Tree Ensemble

Tree Tree
Prediction Prediction Prediction

) NV

Final Prediction Final Prediction
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Example dataset Model development prc

Decision trees can be used for
both regression and classification.
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monthlyincome

SSHZ2\_g1122

Monthly income Performance Attrition
4236 Very high No
5036 High Yes
5098 High No
5136 High No
7096 Very high No
8236 High Yes
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How to partition the predictor
space?

Which predictor to choose?
Which value to use for splitting?

Example dataset Model dc

elopment pr

Aram (StataCorp)

Oceania Stata 2026

22



Example dataset Mode

Ideally, we want to split by N e
considering all possible splits of
all predictors.

o Yes
* No

performance

Finding the best binary partition is
computationally infeasible.

We need a greedy approach.

High{

monthlyincome
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Example dataset Model development process

We seek the splitting variable X;
and split point t that minimize
impurity measure.

Classification: cross-entropy

iX;t) = pin) (1 p)In(1 p)

Regression: MSE

WIS e IS BN

I(vat) ~N. (i bm)";bn = Ne Yi; Nm = #fX 2 Rng

m Xi €Rm m Xi €Rm
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Pros

Represent information in an
intuitive and easy- to-visualize
way.

Predictors can be of any type:
numeric, binary, categorical, etc.

Monotone transformation or
scaling do not change the model
outcome.

Graciously handle missing data

Aram (StataCorp)

Example dataset Model development process

Cons

Notoriously unstable and have a
high variance.

A small change in the data can
lead to a completely different set
of splits.

Have difficulties with modeling
simple smooth functions.

Oceania Stata 2026

25




dataset Mode

Ensemble methods: a mechanism that forms a smart committee of
incompetent but carefully selected members(trees) to solve a machine
learning problem.

Ensemble methods use unstable learners (trees) to provide more
variable outcomes than stable learners, which aid in generalization to
unseen data.
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Example dataset Model development process

GBM builds a series of - ‘ _ .
trees sequentially. B o L R
P I i I
Each tree tries to N | SNAS | N Sy
correct the errors I [ ‘
made by the previous | -~ ‘ ‘ . | —
ree ree 2 ree 3 Tree N
one. o
E i e
The final ensemble is -~ :
obtained " : T
(X, ¥) (X, r) (X, ry) Xorp)

3 B
orrowed from Ozkurt (2024)
Bev = bmf™(x)

m=1

m measures the
importance of the
classifier fn ().
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Example dataset Model development process

Imagine you’re studying for a big exam. You take a practice test and get
some answers wrong.

Instead of starting over from scratch, your tutor looks at your mistakes
and gives you targeted feedback on what you got wrong.

Next time, you take another test and your focus is on the areas you
messed up before.

Again, you make mistakes, and again your tutor gives you feedback on
those specific errors.

Over several rounds, you get better and better, not by relearning
everything, but by focusing only on your previous mistakes.
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Example dataset Model development process Ensemble tree methods

Our goal is to make accurate
predictions on future data.

Using the same training data
for estimation and tuning
leads to over tting and poor
generalization to unseen
data.

We want to minimize the
generalization error
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Example dataset Model development process Ensemble tree methods

Two common approaches to minimize the generalization error

Three-way houldout method
Split data into training, validation, and testing

Two way-houldout method with K-fold cross-validation

Split data into training and testing. Use cross-validation for hyperparameter
tuning.
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Example dataset Model development process Ensemble tree me

. . _h2oframe split attrition, into(train test) ///
We split the data > ratio(0.7 0.3) rseed(19)

into a training and . _h2oframe change train

a testing datasets. _ _ _

. global predictors age education environmentsat  ///
jobinvolvement jobinvolvement jobsatisfaction ///
monthlyincome numcompaniesworked performance ///

Use 5-fold relationshipsat totalworkingyears worklifebalance ///

. . yearsatcompany yearsincurrentrole yearswithcurrmanager ///
cross-validation for businesstravel gender jobrole maritalstatus
tuning.
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Example dataset Model development prot Ensemble tree mi

. h2oml gbbinclass attrition $predictors, h2orseed(19) cv(5, modulo) ///
> maxdepth(1(1)4) predsamprate(0.3(0.1)0.6) ///
> ntrees(100(50)250) tune(metric(aucpr))

Progress (%): 0 100
Gradient boosting binary classification using H20

Response: attrition

Loss: Bernoulli
Frame: Number of observations:
Training: train Training = 1,039
Cross-validation = 1,039
Cross-validation: Modulo Number of folds = 5
Tuning information for hyperparameters
Method: Cartesian
Metric: AUCPR
Grid values
Hyperparameters Minimum Maximum Selected
Number of trees 100 250 150
Max. tree depth 1 4 1
Pred. sampling rate 3 .6 4
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Example dataset Model development prot Ensemble tree me

After choosing the best model, we would like to compare the performance
of different methods(e.g. random forest, GBM) on the testing dataset.

. h2omlest store gbm

. h2omlpostestframe test
(testing frame test is now active for h2oml postestimation)

We run a hypothetical random forest model and store the results.

. h2oml rfbinclass attrition $predictors, h2orseed(19) cv(5, modulo) ///
> ntrees(90) maxdepth(4)
(Output omitted)

. h2omlest store rf

. h2omlpostestframe test
(testing frame test is now active for h2oml postestimation)
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Example dataset Model development prot Ensemble tree mi

. h2omlgof gbm rf

Performance metrics for model comparison using H20
Testing frame: test

gbm rf
Testing

No. of observations 431 431

Log loss 3884012  .4193272

Mean class error .2845085 .2863426

AUC 7850783  .7626068

AUCPR 5676777  .4882438

Gini coefficient 5701567 5252137

MSE 1188699  .1310679

RMSE 3447751 .362033
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able method Global and local explair

Explainable machine learning
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Global and local explainable methods

Machine learning methods often treated as black boxes that do not
explain their predictions in a way that practitioners can understand.

Traditionally, machine learning models are evaluated by comparing
performance metrics using validation data.

This may be unreliable because validation data may not always be fully
representative of real-world data.

The use of explainable methods might shed light on model performance.
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Global and local explainable methods

Interpretable methods: a human
can understand how it works
internally and how it arrives at
predictions, without external tools.

We can look at the model's
structure (like coef cients) and Borrowed from Molnar (2025)
understand the result directly.

Commonly used:
Linear and logistic regressions
Decision trees
Decision-set and rule-based
methods

Typically have lower prediction
accuracy than machine learning
models.
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Global and local explainable methods

Explainable methods rely on
external tools to make their
predictions understandable to a
human.

Provide post hoc models that
explain the prediction of the
original black-box models.

Borrowed from Molnar (2025)
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