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How to Use trainControl to Control Training Parameters

The process of developing robust statistical or machine learning models often goes beyond simply
fitting data; it requires rigorous optimization to ensure the model generalizes well to new, unseen
observations. In the R programming environment, the trainControl function serves as the central
utility for defining the control parameters of this crucial training process. Available primarily through
the widely utilized caret package, trainControl allows expert users to meticulously govern how
model performance is measured and evaluated across various iterations.

This powerful function encapsulates several critical settings that determine the methodology of
model validation. Key aspects managed by trainControl include selecting the resampling
technique, specifying the exact number of folds or iterations required for the chosen method,
defining the number of repeated runs, and identifying the summary functions used to aggregate
performance metrics. By providing granular control over these elements, trainControl ensures that
model comparisons are fair and robust, laying the foundation for effective hyperparameter tuning.

The versatility of the parameters defined within trainControl means they are applicable across a
vast spectrum of predictive techniques. Whether working with foundational linear models, intricate
generalized linear models, or highly complex nonlinear algorithms, trainControl provides a
standardized interface for validation. This standardization is invaluable for ensuring that models are
optimally tuned and validated against the specific nuances and characteristics of the underlying
dataset, thereby maximizing predictive accuracy and reliability.

Introduction to trainControl and Model Tuning

A fundamental principle in predictive modeling is the avoidance of overfitting, a scenario where a
model performs exceptionally well on the training data but fails dramatically when exposed to new
observations. To accurately gauge a model's true effectiveness and its ability to generalize, it is
paramount to analyze its performance on data points it has not encountered during the initial fitting
stage. This evaluation technique, often facilitated through various resampling methods, is critical
for understanding the model's out-of-sample error rate.

If a model is only evaluated on its training set, the resulting performance metrics (like R-squared or
accuracy) will almost certainly be overly optimistic. This is because the model may have simply
memorized the noise and idiosyncrasies of the training data. The true test of a robust model lies in
its predictive power on holdout or test sets, which mimic future, real-world data collection.
Resampling methods provide a systematic way to repeatedly partition the available data into
training and temporary testing subsets, yielding a much more reliable estimate of the model's
expected performance in deployment.

The configuration of this robust assessment process is precisely what trainControl manages. By
specifying parameters such as the resampling method and the number of repetitions, analysts can
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tailor the validation strategy to the dataset size and the computational resources available. This
careful configuration ensures that the resulting performance estimates are stable, statistically
sound, and representative of the model's expected behavior in production environments.

Understanding K-Fold Cross-Validation

To evaluate how well a model is able to fit a dataset, we must analyze how the model performs on
observations it has never seen before.

One of the most common ways to do this is by using k-fold cross-validation, which utilizes the

following structured approach:

Randomly divide the full dataset into k groups, commonly referred to as "folds", ensuring that each
fold is of roughly equal size.

Select one specific fold to serve as the temporary holdout set (or validation set). The model is
then fitted exclusively on the remaining k-1 folds, which serve as the training data. Subsequently,
the test prediction error (such as Test MSE or RMSE) is calculated specifically on the observations
within the fold that was held out.

Repeat this process systematically k times. Crucially, in each iteration, a different fold is
designated as the holdout set, guaranteeing that every data point is included in the test set exactly
once.

Finally, calculate the overall generalization error estimate--often the average of the Test MSE
across the k iterations. This average provides a robust and less biased estimate of the model's true
predictive performance.

The easiest way to perform k-fold cross-validation in R is by using the trainControl() and train()
functions from the caret library in R.

The trainControl() function is used to specify the critical parameters for training (e.g., the type of
cross-validation to use, the number of folds, etc.) and the train() function is utilized to actually fit
the model to the data iteratively based on these specifications.

The following sections will detail how to use these functions in a practical example.

Practical Example: Setting Up Data and Initial Model Fitting

To demonstrate the functionality of trainControl(), we will first establish a sample dataset in R and
fit a standard multiple linear model to it. This initial step provides a baseline model that we can then
rigorously test using resampling methods configured via trainControl().

Assume we are working with a small, synthetic dataset intended to model a response variable y
using two predictor variables, x1 and x2. The data frame creation and subsequent examination in
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the R console are demonstrated below:

#create data frame

df <- data.frame(y=c(6, 8, 12, 14, 14, 15, 17, 22, 24, 23),
x1=c(2,5, 4, 3,4,6,7,5, 8, 9),

x2=c(14, 12, 12,13,7,8,7, 4, 6, 5))

#view data frame
df

y X1 x2
6214
8512
12412
14313
1447
1568
1777
2254
2486
2395

Now that the data is prepared, the next logical step is to fit a standard multiple linear model using
R's base | m() function. We define y as the response variable and x1 and x2 as the predictors.
This initial fit, without cross-validation, gives us the coefficients derived from using the entire
dataset as the training sample.

#fit multiple linear regression model to data
fit <-Im(y ~ x1 + x2, data=df)

#view model summary
summary(fit)

Call:
Im(formula =y ~ x1 + x2, data = df)

Residuals:
Min 1Q Median 3Q Max
-3.6650 -1.9228 -0.3684 1.2783 5.0208

Coefficients:
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Estimate Std. Error t value Pr(>|t|)
(Intercept) 21.2672 6.9927 3.041 0.0188 *
x1 0.7803 0.6942 1.124 0.2981

X2 -1.1253 0.4251 -2.647 0.0331 *

Signif. codes: 0 ***' 0.001 **' 0.01 *"0.05"'.'0.1"'"'1

Residual standard error: 3.093 on 7 degrees of freedom

Multiple R-squared: 0.801, Adjusted R-squared: 0.7441

F-statistic: 14.09 on 2 and 7 DF, p-value: 0.003516

Using the coefficients in the model output, we can formally write the fitted regression model:

y = 21.2672 + 0.7803*(x1) - 1.1253(x2)

To get an idea of how well this model would perform on unseen observations, we can now use k-
fold cross validation, orchestrated by the trainControl() function.

Implementing trainControl() Parameters

The core objective of trainControl() is to generate a configuration object that dictates the
mechanics of resampling. This function accepts numerous arguments, but the primary ones involve
specifying the resampling methodology (met hod) and the associated iteration count (nunber ). For
this demonstration, we will select standard k-fold cross-validation, designated by "cv", and set the
number of folds, k, to 5.

The choice of k is often a balance between bias and variance. While using a large number of folds
(e.g., k=10) yields a less biased estimate of the prediction error, it significantly increases
computational time. Conversely, too few folds (e.g., k=3) might result in a highly variable error
estimate. In practice, choosing between 5 and 10 folds is generally recommended as it provides
the optimal balance for producing reliable test error rates without excessive computational burden.

We then pass this trainControl() function output to the train() function to actually perform the k-
fold cross validation:

library(caret)

#specify the cross-validation method (cv) and number of folds (5)
ctrl <- trainControl(method = "cv", number = 5)

#fit a regression model and use k-fold CV to evaluate performance
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model <- train(y ~ x1 + x2, data = df, method = "Im", trControl = ctrl)

#view summary of k-fold CV
print(model)

Linear Regression

10 samples
2 predictor

No pre-processing

Resampling: Cross-Validated (5 fold)
Summary of sample sizes: 8, 8, 8, 8, 8
Resampling results:

RMSE Rsquared MAE
3.612302 1 3.232153

Tuning parameter 'intercept’ was held constant at a value of TRUE

Interpreting the Cross-Validation Results

From the output we can see that the model was fit 5 times using a sample size of 8 observations
each time (10 total observations partitioned into 5 folds of size 2, meaning 8 observations were
used for training).

Each time, the model was then used to predict the values of the 2 observations that were held out.
The primary performance metrics were calculated and averaged across the five runs:

RMSE: The root mean squared error. This measures the average difference between the
predictions made by the model and the actual observations. The lower the RMSE, the more closely
a model can predict the actual observations.

MAE: The mean absolute error. This is the average absolute difference between the predictions
made by the model and the actual observations. The lower the MAE, the more closely a model can
predict the actual observations.

The average of the RMSE and MAE values for the five folds is shown in the output:

RMSE: 3.612302
MAE: 3.232153

These robust metrics give us a reliable idea of how well the linear model performs on previously
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unseen data, providing a far less biased estimate of generalization error than the initial R-squared
value.

Choosing Optimal Parameters and Next Steps

In practice, we typically fit several different models (e.g., polynomial, generalized linear model, or
non-linear models) and compare these cross-validated metrics to determine which model performs
best on unseen data. The standardized structure enforced by caret makes this comparison
straightforward.

For example, we might proceed to fit a polynomial regression model and perform K-fold cross
validation on it to see how the RMSE and MAE metrics compare to the multiple linear regression
model. The model with the lowest cross-validated RMSE would be chosen for deployment.

Note #1: In this example we chose to use k=5 folds, but you can choose however many folds you'd
like. In practice, we typically choose between 5 and 10 folds because this turns out to be the
optimal number of folds that produce reliable test error rates.

Note #2: The trainControl() function accepts many potential arguments, enabling complex
resampling strategies like repeated cross-validation or conditional parameter saving. You can find
the complete documentation for this function on the official CRAN website.

Further Resources on Model Training

The following tutorials provide additional information about model training:
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