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Abstract

While current machine learning hyperparameter tuning methods have been thoroughly
tested and show consistently high performance in large datasets, few studies have made
efforts to rigorously assess their performance in small data regimes. Studies that have ex-
amined hyperparameter optimization in small datasets have found reduced generalization
performance, poor correlation between validation and test error, and overly optimistic error
estimates associated with the chosen hyperparameter. This has been observed across differ-
ent hyperparameter optimization methods, including grid search and Bayesian optimization.
We implement design of experiments principles to mitigate the bias between validation error
and generalizable test error when hyperparameter tuning. Specifically, we utilize a surface
fitted to a space-filling design on the hyperparameter space to generate optimal hyperparam-
eter sets. Using fourteen publicly available datasets and repeated experiments via Monte
Carlo simulation, we show that this method has similar generalizable test error compared to
both grid search and Bayesian Optimization, but the bias between the validation error and
generalizable test error is drastically reduced by 80-96% compared to both methods. As a
secondary outcome of this work, we find that none of the evaluated methods of hyperpa-
rameter optimization offer consistent improvement over untuned models in our experiments,
raising questions about the general efficacy of hyperparameter optimization in small sample
regimes.

1 Introduction

Over the past several decades, machine learning (ML) has evolved from a niche scientific discipline to a tool
set utilized across virtually all scientific disciplines. The most prominent recent breakthroughs in ML such as
automatic speech recognition systems (Parthasarathi & Stroml [2019; |[Rao et al., |2017)), autonomous vehicles
(Geyer et all [2020; |Alqarqaz et al., 2023), and large language models (Liu et al.l |2025) all reasonably
fall under the umbrella of “big data”. However, while the big data applications of ML receive the most
attention, ML is increasingly being applied to scientific research in areas where the number of samples
available for model training and validation is limited (Kokol et al. [2022)). This is particularly prevalent in
medical applications where the availability of subjects is frequently limited by the rarity of the disease in
question. For example, Hyde et al.|(2019) show that in supervised learning with autism spectrum disorder
research, there have been several instances where the number of participants has been fewer than 20 people.
Additionally, |Garcia et al.| (2020]) have found that many studies in Alzheimer’s research use ML techniques
on datasets with fewer than 100 participants, with up to four internal subpopulations.

Notwithstanding the small samples gathered, ML methods are sometimes used to deal with the high dimen-
sionality of the data. In speech analysis, random forests and support vector machines (SVM) are trained
on datasets with hundreds or thousands of features, with some studies having fewer than 100 participants
(Garcia et all, 2020; Berisha et al. |2021)). Additionally, models such as tree based methods and SVMs have
been used in disease identification on brain imaging datasets with as few as 20 observations (Vabalas et al.|
2019). The application of ML to small datasets comes with some obvious challenges. Whereas the classical
statistical methods typically applied in these regimes are applied to the whole dataset, best practices for ML
analyses require three separate partitions: 1) training (model training) 2) validation (for hyperparameter
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tuning / model selection) 3) testing (for performance evaluation). As dividing a small number of samples
into three reasonably sized sets is generally impractical, standard practice instead relies on methods such as
cross-validation and uses the same partitions for both hyperparameter tuning and model evaluation (Vabalas
et al |2019; |Berisha et al.,[2022) . Although deviation from fixed partitions is necessary in these regimes, this
practice has led to some notable concerns on how accurately they measure model performance. Whereas the
idea that a model’s performance should improve with additional data is a basic paradigm of machine learn-
ing, some reviews have found that classification accuracies reported in some common tasks tend to decrease
with sample size, indicating that smaller sample studies are likely reporting overly optimistic performance
measures (Berisha et al., 2021} |Vabalas et al.| [2019). This is likely due to the fact that variance in a measure
of classification accuracy is generally inversely related to the size of the test set. Thus, if model selection and
hyperparameter optimization (HPO) fits to the maximum observed accuracy, smaller sample sizes are likely
to outperform larger ones where the increase in expected accuracy is outweighed by the reduction in assess-
ment variance. This problem could be further exacerbated by publication bias, if journals give preference to
high performing models regardless of whether their performance accurately reflects their generalization error
(Saidi et al., 2025). Overall, the consistent positive bias observed in small sample machine learning reflects
a failure to prioritize accurate model assessments or to dis-incentivize practices prone to overfitting.

Regardless of the cause, the consistent bias observed in small sample machine learning results raises questions
about whether current practices are in line with desired outcomes. Whereas concerns about p-hacking have
been broadly accepted and guided editorial standards, data leakage in machine learning has not yet reached
the same level of influence in machine learning. Most machine learning analyses still prioritize optimizing
model performance as a primary goal. However it is worth questioning whether this should necessarily be the
case. As Saidi et al. point out, inflated expectations from biased assessments that are not mirrored in model
performance could lead to public distrust of the technologies and science broadly (Saidi et al, 2025)). These
biased assessments are also likely to lead to a misleading relative appraisal of different data representations
or predictive models. In Gaussian noise classification (a common model for characterizing overfitting), larger
feature sets have been shown to result in increased bias. Thus wider, more complex representations of data
likely disproportionately benefit from this phenomenon. Similarly, when tuned to the validation set, models
with high sensitivity to their hyperparameters are likely more prone to this overoptimism than insensitive
ones (Probst et al., [2019; |Vabalas et al.l |2019)).

Several authors have attempted to solve this discrepancy between reported error and out-of-sample error.
For example, Vabalas et al.|(2019) utilized several methods to measure a grid search (GS) of hyperparameter
combinations that would not overfit to random Gaussian noise for a binary classification problem. They
found that nested cross-validation and a train-test split gave unbiased estimates of out-of-sample accuracy,
but both k-fold and partially nested cross-validation were overly optimistic. This confirms the findings of
Combrisson & Jerbi (2015)) and |Varma & Simon| (2006), who both found that k-fold cross-validation tends
to overfit small samples. Additionally, |Combrisson & Jerbil (2015|) found that this bias holds regardless
of the value of k. The conclusions of Vabalas et al. (2019)) support the findings of |[Larracy et al. (2021)),
who found that nested cross-validation combined with feature filtering resulted in the best reflection of true
feature signal among noisy features. With regards to a simple train-test split, Beleites et al.| (2005) found
that, while it is an unbiased estimator of the generalized error, the train-test split tends to be the highest
variance estimator when applied to small sample datasets out of the methods they tested, including k-fold
cross-validation. |An et al.| (2021) also found that the train-test split was prohibitive for small sample sizes
if cross-validation was used on the training set to reduce this variance. Thus, the only method found to be
unbiased and relatively low variance when estimating generalized error for a hyperparameter GS is nested
cross-validation.

However, nested cross-validation can be difficult to implement when faced with an already limited dataset
because it requires an additional partition of the data to estimate model error. This additional partitioning
can reduce the efficiency of an already limited dataset and may not aid in creating a better model due to
the stochasticity found in the inner optimization loop (Bischl et al., 2023). Thus, an additional method for
out-of-sample error estimation that allows the utilization of the full dataset would be of particular interest
for research that utilizes small sample ML. Two key elements of this estimation are the calculation method
and hyperparameter tuning. The calculation method refers to how the error estimate is calculated (e.g.
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averaging across cross-validation, train-test-splits). In contrast, hyperparameter tuning for ML methods
refers to finding the combination of hyperparameters that yields the lowest model error via the calculation
method. For some of the aforementioned studies, the hyperparameter tuning was accomplished via GS
(Varma & Simon, [2006} Vabalas et al. |2019), which trains models using a grid of provided values, then
selects the combination that yields the lowest error. Although assessment bias has been primarily attributed
to the calculation method (Vabalas et all 2019), the method of hyperparameter tuning also bears some
responsibility. Whereas the error in the assessment of the individual models is nearly unbiased, it is the
selection of hyperparameters that minimize this error which leads to the bias. Given a large number of
hyperparameters and the presence of some random noise in the error measure (which is larger in small
sample sizes), it becomes a near certainty that the calculated accuracy overestimates the generalization
performance. In contrast, methods that do not directly minimize the error but instead model a loss surface
across different models are likely to exhibit less bias even when the calculation method uses the same data
to tune and assess the model. Towards this end, we propose using optimal design of experiment (DoE)
methodology to select hyperparameter levels to be tested, fit a surface to the hyperparameter space, then
select the hyperparameters in the space that the surface indicates would most reduce model loss.

Utilizing DoE methods for hyperparameter tuning has gained momentum in recent years, seeing applica-
tions in cancer detection, food production, and across models such as XGBoost, artificial neural networks,
and SVMs (Vasquez-Ramos et al., [2025; |Pannakkong et al., [2022; [Ayoubi et al., [2024; |Bozkurt Keser &
Buruk Sahin, 2021)). The general method applied by many of these papers follows the work of |Lujan-Moreno
et al.| (2018), which uses a screening experiment, followed by a Box-Behnken design and ridge analysis to
determine optimal hyperparameters for a random forest. A separate approach has shown that using a kriging
model on space-filling designs is superior to factorial designs (Shi et all |2023)), which augments the work
of Johnson et al.| (2010), who determine that space-filling designs are useful for deterministic models and
high-order polynomial models due to the lack of replication. With regards to small sample analysis, |Aftab
et al| (2025) utilized response surface methodology with LASSO regression to reduce overfitting on small
samples.

Although there have been a number of prior studies investigating the efficacy of DoE for hyperparameter
tuning, this paper is the first to specifically examine its ability to combat overoptimistic error assessments
in small sample machine learning. Our proposed approach uses a relatively standard space-filling design to
obtain model losses across the hyperparameter space. Then, a second-order linear model with cubic terms is
used to fit a surface to the hyperparameter space. Once this polynomial surface has been fit, the minimum
of the surface in the hyperparameter space can be found easily using gradient-based optimizers. Thus, this
approach can be arbitrarily scaled for the number of hyperparameters and the number of design points.
We then compare this approach to two common tuning methods: grid search and Bayesian optimization.
To effectively measure both generalization error and assessment bias of the different approaches, we select
14 different openML datasets containing a minimum of 5000 samples. By selecting these (relatively) larger
datasets, and artificially restricting the amount of data available for training/validation (< 200 samples),
we can simulate the challenges of small sample ML problems while maintaining a more accurate measure of
generalization error that is not typically available. Using this framework, we compare the efficacy of different
tuning methods when applied to support vector machines and gradient boosting machines and embed the
process in a 100 iteration Monte Carlo simulation to accurately gauge the average performance and bias
of the different tuning methods. Our findings show that the proposed DoE approach achieves comparable
balanced accuracy to existing hyperparameter tuning strategies and exhibits close to zero bias even in very
small samples (n = 10).

2 Methods

2.1 Hyperparameter Optimization in Supervised Learning

Consider a dataset (x1,y1), ..., (X¢, y¢) where x; is a d-dimensional feature vector and y is a target variable,
which together are sampled from the joint distribution Px y (x,y). The general goal of a machine learning
algorithm is to learn a function f (X) — Y that accurately maps the feature vector to the target variable.
In order to select the most suitable mapping for a given problem, it is typical to define some loss function



Under review as submission to TMLR

L(f(x),y) that measures the difference between the model prediction and the true value, at which point
we would like to select the model that minimizes the risk produced by this loss function across the joint
distribution, defining the risk as

R(f) = Ex,y [L(f(X),Y)].

In practical scenarios, however, the joint distribution is unknown. Thus, instead it is common to estimate
the risk empirically by quantifying the sample mean of the loss function across the available data

n
R() = S L), 0).
i=1
This process of attempting to minimize the risk of a model by minimizing the empirical risk across the sample
data is commonly referred to as empirical risk minimization (ERM). In the context of HPO, we may redefine
our mapping function as fe(X), where 6 is a K-dimensional hyperparameter configuration. To select the
hyperparameter configuration that minimizes the empirical risk,

0* = arg minR(fy)
6co
where © = (01,6s,...,05) denotes the set of M sample hyperparameter configurations we are choosing
between. Here © may define a grid or random selection of sample hyperparameter within a given range
of values. In practice, f?( fo) is typically estimated using a dataset separate from that used to train the
model via either cross-validation or fixed holdout sets to more accurately estimate generalization error and
prevent biasing the selection of 0* towards higher complexity models (Bischl et al., 2023)). In the case of
cross-validation (CV), we define the empirical risk as

Rev(fo) = %Z Z L (yiafe_j(xi)> :

j=1li€e '

A fundamental idea behind ERM is that, for large ¢, the empirical risk will approximate the true risk of a
given model. As a result of this, Rov (fg) and other holdout estimates serve as reasonable proxies for R(f5),
and the 0 that minimizes Rey (fs) (denoted as 6) is assumed to also minimize R(fy) (Bischl et al. [2023).
Here, PAC learning theory even provides guarantees on the maximum difference between generalizable test
error and training error given a representative sample (Valiant, [1984)).

However, in many places where this cross-validation framework is employed, sample sizes can be relatively
small (¢ < 100). For smaller samples, the CV error provides an almost unbiased estimator of the true
generalization error only in cases where all stages of the learning process (training, hyperparameter tuning,
etc.) are repeated in each cross-validation loop (Varma & Simon, [2006]). [Varma & Simon| (2006) further show
that if hyperparameter tuning is done using cross-validation and then the generalizable error is estimated
via cross-validation, high bias in the generalizable test error can be observed. Furthermore, [Tibshirani
& Tibshirani (2009) note that when hyperparameter tuning occurs outside of the loop, ]:ZCV( f) is overly
optimistic specifically because 6 was chosen to minimize it. There have been some prior efforts to address
this bias. |Efron| (2009) proposed a debiasing strategy using empirical Bayes estimates, but do not use cross-
validation to tune their model. [Tibshirani & Tibshirani| (2009)) introduced a general debiasing formula for
cross-validation accuracies affected by tuning bias. However, empirically their solution was found to trade
an overly optimistic bias for an overly pessimistic one. [Tsamardinos et al. (2018) implemented a residual
bootstrapping strategy to debias CV estimates that performed remarkably well with decreased computational
burden compared to nested cross-validation. While nested cross-validation and the bootstrapping approach
from |Tsamardinos et al.| (2018]) remain the most reliable solutions for unbiased error estimation in tuned
models, surveys of the literature indicate that these strategies are rarely employed in scientific research,
and overly optimistic performance estimates remain pervasive in small sample studies (Berisha et al., |2022;
Vabalas et al., 2019)).

As a final note, it is worth pointing out that in contrast to all of the evidence of optimistic bias in CV
estimates, these estimates should actually exhibit a pessimistic bias when the risk is truly excluded from
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the model tuning / selection process. [Kohavi et al.| (1995)) investigated the effect of cross-validation using a
model on real datasets that was not tuned and showed that k-fold cross-validation error had a positive bias.
This bias is the expected result of holdout methods broadly. Since machine learning algorithms are expected
to improve with the size of the training set, any holdout method that artificially reduces the amount of
training data will induce a positive bias in the risk measure. Thus, in any case where a negative bias in the
CV empirical risk can be measured, we can assume it has already overcome the competing positive holdout
bias inherent in the CV estimate. As a consequence of this, methods that utilize a greater portion of the data
for training (such as leave-one-out CV) and exhibit reduced holdout bias are expected to be more susceptible
to overoptimism as the reduced holdout bias will actually yield a greater bias overall.

2.2 Design of Experiments

When applied to hyperparameter optimization, designing an experiment is the process of selecting which
hyperparameter levels should be investigated. This selection process is often undertaken via the optimal
design process, where the hyperparameter levels are chosen such that some criterion is optimized (Goos &
Jones, |2011)). We use the optimal DoE framework as follows. Let K be the number of hyperparameters of
interest. Additionally, let N be the number of desired hyperparameter combinations to be tested. Define
X € X € RV*K to be the design matrix composed of N hyperparameter combination row vectors x;. It
is common practice in DoE to standardize the factor space to [—1,1] such that each x; € [~1,1]¥ and
X = [-1,1)V*E; we will follow this practice.

The values inside of the design matrix are found using the solution to an optimization problem. In this case,
because training a model on the same data multiple times is often nonsensical due to the deterministic nature
of the training regime of many ML models, replicate points are undesirable. Thus, we use a space-filling
design to ensure that there are no replicate points. As shown by [Johnson et al.| (2010), the sphere-packing
method for space-filling has the best average prediction variance compared to other space-filling strategies.
This is desirable, as we wish to predict which portion of the hyperparameter space would best fit the data,
so having a low prediction variance would benefit finding that hyperparameter combination. We formulate
the sphere-packing method as
X* := arg max min d(x;, X;),
Xex t<J

where d is a function that finds the pairwise Euclidean distance between points. Thus, the sphere-packing
method finds the matrix X such that the minimum pairwise distance between each hyperparameter combi-
nation x; is maximized.

Once the design matrix has been generated, the ML model of choice can be fit to the data using the
hyperparameter combinations contained in X, then a meta-model can be fit to the hyperparameter surface.
By fitting the ML model to the data for each hyperparameter combination in X, a vector of length N is
generated via the calculation method, defined here as y. In order to fit a second-order linear model with
cubic terms, we utilize the model matrix F € R¥*? where F is comprised of N row vectors

f(x;) = [ I oz o0 gk Ta%ip o ... Tk—1)TiK R S A ]
Utilizing the model matrix F, define a linear model such that

y=FB+e, (1)

where 3 is a vector of linear parameters and € ~ Ny (0,0%I). Then by ordinary least squares, the parameters
can be estimated as 8 = (FTF)_1 FT7y. Thus, we have a linear model of the response surface for the
hyperparameter space.

In order to fit the response surface, we use mean squared error (MSE) as a surrogate loss to estimate the
balanced accuracy (BA). Due to the low number of samples, BA is noticeably discretized, which results in
suboptimal response surfaces. While this discretization is not a problem for GS, we utilize the MSE between
the probability associated with the positive label generated by the ML model and the true label (0 or 1)
as a surrogate loss for the DoE approach in order to obtain a smoother response surface. Via this method,
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Figure 1: Plot of the loss associated with BA and MSE for learning rate

we obtain a surface that is noticeably less discrete and more suited to fitting a linear model, as reflected by
Figure [T}

We note here that the standard approach to hyperparameter tuning via DoE utilizes a quadratic model
(Lujan-Moreno et al., 2018; Bozkurt Keser & Buruk Sahin, 2021; [Pannakkong et al. 2022). However, in
initial simulations using DoE to optimize the learning rate for a gradient boosting classifier on the Japanese
Vowel dataset described in Section [2:4] we found the quadratic model to be insufficient, sometimes resulting
in a concave function that did not reflect the trends found in the data. From this, we determined that the
quadratic model was underfitting the data being obtained, which often results in sub-optimal hyperparameter
combinations. Thus, we utilize cubic terms to more accurately identify local trends in the hyperparameter
tuning results, as shown in Figure 2| This approach seems to appropriately fit the data, so there should not
be bias in the predictions of MSE. In this way, we create a less biased estimator of the surrogate loss.

In order to find the hyperparameter combination that gives the expected minimum surrogate loss, we uti-
lize constrained optimization. Specifically, we use the Limited-memory Broyden—Fletcher—Goldfarb—Shanno
(a.k.a L-BFGS) algorithm implementation in the SciPy package in the Python coding language (Liu & No-
cedall |1989; [Virtanen et al.l 2020]) to find the minimum described by the linear model outlined in Equation
This optimization is bounded by the scaled hyperparameter space [—1,1]%. Thus, we obtain a hyperpa-
rameter combination that may not exist in the initial experiment that is determined from a smooth function
rather than a discrete set of points.

2.3 Simulation Setup

In order to ascertain the bias of the DoE approach, we utilize 100 Monte Carlo (MC) simulations on real
datasets and compare DoE to GS and Bayesian Optimization (BO) using the support vector classifier (SVM)
and gradient boosting classifier (GBM) implementations in scikit-learn (Pedregosa et all [2011)). For the
hyperparameter optimization, we utilize the GS method in scikit-learn and the BO implementation in scikit-
optimize (Pedregosa et all |2011}; [Head et al., 2018). We begin each simulation with a dataset comprised
of ngy >> 0 instances. Let Ngpain << nga be the number of samples to be included in the training set.
We use five levels for ngpin: 10, 20, 50, 100, and 200 samples. Then for each MC simulation, a balanced
subset of the original dataset of size ngrain is randomly selected from ng, rows such that *2pin samples
are from each binary class, which reflects the desired class balance present in many real world experiments.
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Figure 2: Plot of the fitted models associated with MSE for learning rate

Hyperparameter Lower Bound Upper Bound Log Scale Rounded

Cost 25 215 True False
Gamma 2-15 23 True False

Table 1: Hyperparameter ranges and attributes for the SVM

Once the sample has been taken, 5-fold cross-validation is used on each hyperparameter combination given
by DoE, GS, and BO. Then, the model is trained on the training data using the optimal hyperparameter
combinations determined by each method. Once the model has been trained, we measure the generalizable
BA of the model using the remaining niest = Mful — Mtrain Samples, similar to the method used by [Beleites
et al. (2005), and measure the relative performance and bias of these approaches via their BA. As the test
error is essentially treated as a ground truth measure of generalization error in this analysis, datasets are
selected to ensure that the test set is very large relative to the training set (ngest > 4000).

Before using the GS, BO, and DoE methods, we select a range of hyperparameter values that would be useful
for each classification method. For the SVM, we use ranges for the gamma and cost hyperparameters. The
exact range values are found in Table |1} with the ranges drawn from [Probst et al.| (2019)). Note that both
hyperparameters are on a log scale when determining the values to be used by GS or BO and when defining
the scaled space utilized by DoE. With regards to the GBM, we utilize hyperparameter ranges for learning
rate, the number of trees, and the maximum tree depth, found in Table The number of trees and the
maximum tree depth are numeric and discrete, and the learning rate is continuous and log-scaled, consistent
with standard practice (Probst et al.,|2019). Thus, after creating the experimental design, we project to the
discrete space for tree depth and the number of trees via rounding after unscaling the experimental design
from [—1,1] to the actual hyperparameter ranges. While it is likely that some optimality is lost in this
rounding step, this loss is minimal given sufficient grid density. In order to ensure that we span the space
well, we use 5% combinations of hyperparameters for the GS and space-filling designs, as well as the number
of iterations used in BO. BO is performed sequentially with a Gaussian Process surrogate, scoring on BA.
We also use the default parameters in scikit-learn as a baseline, cross-validating the error as described above.
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Hyperparameter = Lower Bound Upper Bound Log Scale Rounded

Number of Trees 100 1000 False True
Learning Rate 2-10 1 True False
Maximum Depth 1 5 False True

Table 2: Hyperparameter ranges and attributes for the GBM

Dataset 1D Total Instances Minority Class Size Number of Features
Pol 722 15000 5041 48
Ailerons 734 13750 5828 40
Small CPU 735 8192 2477 12
Puma 752 8192 4064 32
Computer Activity 761 8192 2477 21
House 821 22784 6744 16
Bank 833 8192 2543 32
Elevators 846 16599 5130 18
Wind 847 6574 3073 14
Japanese Vowels 976 9961 1614 14
Letter 977 20000 813 16
Waveform-5000 979 5000 1692 40
Pendigits 1019 10992 1144 16
Census 44115 5188 2594 20

Table 3: Description of datasets used in the MC simulation study

2.4 Datasets

In this work, we use open source datasets provided by the Open ML project (Vanschoren et all 2014).
Specifically, we use 14 datasets identified in the OpenML Python package by the ID’s 722, 734, 735, 752,
761, 821, 833, 846, 847, 976, 977, 979, 1019, and 44115 (Feurer et al., |2021). These datasets were chosen
from results of a filter on the OpenML datasets that ensured no missing data, a minority class size of over
500, less than 100,000 instances, more than 10 but fewer than 51 features, binary classification tasks, and
fewer than 10 categorical variables. Minimum requirements specified in this filter are to ensure datasets
provide a reasonable proxy for problems typically observed in these settings as well as to guarantee a reliable
estimate of generalization error. Maximum requirements are imposed to limit the computational burden of
any individual dataset. The first 13 datasets were chosen as the first unique dataset results from the filter,
while the last (Census) was the only dataset in the filter that had the same label identifier as the first 13.
Because each dataset comes from disparate applications, we believe this collection to be a representative
sample of tabular datasets such that computation and the overall workflow were suitable for so many MC
simulations. The dataset characteristics can be found in Table

2.5 Evaluation Metrics

To evaluate the performance of each approach for hyperparameter tuning (including the untuned baseline
model), we use two primary performance measures. The first measure is the expected BA (EBA) across the

held out test set, calculated by
100

1 0)
EBAi gt = — BA.
test 100 P test

where BAgi)st represents the measured test error for a given method at the it iteration of the Monte Carlo
simulation. As this analysis is restricted to data with sufficient samples for a large held out test set (> 4000
samples), this test error provides a more accurate estimate of generalization error than is possible in real
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small sample studies. The second measure we use is assessment bias, defined as
100

. 1 (i)
Bias = o5 (2 BAMH> — EBAyeq:.

This measure represents the MC average of the discrepancy between the train and test performance. To-
gether, these measures provide a relatively comprehensive assessment of 1) the true generalization error
achieved by a given tuning method and 2) how biased non-nested error assessments of that tuning strategy
will be.

3 Results

The results for each method are compiled in terms of both generalization (test) balanced accuracy and
assessment bias, and are organized as follows. Results for the SVM analysis are presented first in Section
[3:1] followed by the results for the GBM experiments in Section [3:2] In each section, the balanced accuracy
and bias are averaged across the 100 MC iterations and 14 datasets and plotted against sample size for each
method of hyperparameter tuning. To examine performance across the different datasets, tables presenting
the results for the smallest (n = 10) and largest (n = 200) sample sizes across the individual datasets are
also provided. The aggregate rankings of each method across the fourteen datasets (in both EBA and bias)
will serve as the primary measure for comparing the different methods explored in this paper.

3.1 Support Vector Machine Results

Figure [3a] presents the aggregate balanced accuracy across the fourteen datasets and 100 MC iterations for
the SVM. As expected, these results show a consistent positive relationship between sample size and accuracy.
Comparing the different methods, we find the untuned model achieved the best performance for the smaller
samples (n = 10,25,50) and the Bayesian optimization approach achieved the highest performance at the
larger sample sizes. The relative deterioration in performance of the out-of-box approach at larger sample
sizes is an expected consequence of increased reliability of tuning methods as the size of the validation
set expands. With regards to EBA, the proposed DoE approach achieved the lowest accuracy across all
samples sizes, slightly under performing the grid search method. While difference in performances across
tuning methods (excluding the default) appear consistent across sample sizes, differences in performance are
relatively small and all methods perform within 2.5% of any other method for a given sample size in the
aggregate.

Figure [3b] displays the bias results as a function of sample size. Here, we see a clear distinction between the
bias exhibited by the grid search and Bayesian optimization methods and that exhibited by the untuned
model and the DoE based tuning method. Both GS and BO exhibit biases of more than 10% at the smallest
sample size (n = 10), which reduces with sample size, falling under 2% for the n = 200 case. Both DoE
and the out-of-box approach exhibit a small negative bias that is relatively consistent across sample size.
This bias is likely reflecting the inherent positive bias in CV risk, described in [Kohavi et al.| (1995)), which is
caused by the reduced size of the training set. Based on this, we would expect this bias to shrink with n as
well, however such an effect is not obvious from these experiments.

More detailed results for how each method performed at n = 10,200 are provided in Tables [ and [f] with
Nemenyi critical distance plots corresponding to those tables provided in Figure [l From the Nemenyi plot
in Figure [4a] the only method that does not significantly underperform the baseline in terms of EBA for
n = 10 is BO. However, as shown in Figure fb] no method is significantly better than another for n = 200.
Figure [4c| shows that, while the bias for DoE and the baseline are not significantly different, they are both
significantly better than the other two methods for n = 10. In Figure fd] GS shows an improvement such
that it is no longer significantly worse than the DoE and baseline methods in terms of bias for n = 200.

3.2 Gradient Boosting Results

Figure shows the aggregate balanced accuracy across the fourteen datasets and 100 MC iterations for
the GBM. Similar to the results in Section [3.I] there is a consistent positive relationship between EBA
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Figure 3: Aggregated results for the SVM across all 14 datasets
Samples = 10 Samples = 200

Dataset Baseline EBA GS EBA BO EBA DoE EBA Baseline EBA GS EBA BO EBA DoE BA
722 68.11 (1) 64.76 (3) 65.93 (2) 64.62 (4) 89.21 (4) 90.60 (2) 90.58 (3) 90.60 (1)
734 66.27 (1) 65.20 (3) 65.32 (2) 65.14 (4) 83.23 (4) 84.93 (1) 84.86 (2) 83.31 (3)
735 78.81 (3) 79.61 (1) 78.83 (2) 77.87 (4) 89.08 (1) 88.27 (4) 88.46 (2) 88.38 (3)
752 51.80 (1) 51.38 (4) 51.54 (2) 51.49 (3) 58.01 (1) 57.24 (2) 57.14 (3) 55.30 (4)
761 81.31 (2) 81.49 (1) 80.39 (3) 78.95 (4) 90.31 (1) 89.57 (2) 89.54 (3) 88.84 (4)
821 63.69 (2) 63.43 (3) 63.73 (1) 62.43 (4) 80.35 (3) 80.50 (1) 80.41 (2) 78.43 (4)
833 56.94 (1) 55.64 (2) 55.51 (3) 55.34 (4) 73.74 (4) 74.76 (1) 74.60 (2) 74.26 (3)
846 63.95 (2) 64.25 (1) 62.84 (3) 61.29 (4) 75.73 (4) 83.93 (3) 84.44 (1) 84.21 (2)
847 75.81 (1) 73.78 (3) 74.07 (2) 73.74 (4) 83.51 (1) 83.11 (3) 83.17 (2) 82.32 (4)
976 80.47 (1) 79.22 (4) 79.94 (3) 80.47 (2) 96.65 (1) 95.50 (3) 96.01 (2) 94.89 (4)
977 73.65 (1) 70.77 (3) 71.14 (2) 70.23 (4) 95.26 (2) 94.71 (4) 95.75 (1) 94.90 (3)
979 70.57 (1) 68.16 (3) 68.19 (2) 67.27 (4) 85.53 (1) 84.93 (2) 84.77 (3) 82.58 (4)
1019 92.82 (1) 85.46 (4) 90.24 (2) 88.77 (3) 98.17 (4) 98.20 (3) 98.54 (1) 98.50 (2)
44115 71.09 (1) 69.72 (2) 68.64 (3) 67.85 (4) 82.89 (1) 82.45 (2) 82.38 (4) 82.42 (3)
Average 71.09 (1.36) 69.49 (2.64) 69.74 (2.29) 68.96 (3.71) 84.41 (2.29) 84.91 (2.36) 85.05 (2.21) 84.21 (3.14)

Table 4: Dataset test performance reported as (% accuracy) for 10 and 200 samples for the SVM

Samples = 10 Samples = 200
Dataset Baseline Bias GS Bias BO Bias DoE Bias Baseline Bias GS Bias BO Bias DoE Bias
722 -2.11 (1) 9.84 (3) 12.77 (4) -6.82 (2) -0.72 (3) 0.36 (1) 1.75 (4) -0.46 (2)
734 1.63 (2) 15.30 (3) 15.38 (4) -0.24 (1) -1.02 (3) 0.92 (2) 1.74 (4) -0.30 (1)
735 2.09 (2) 7.99 (3) 10.57 (4) 1.23 (1) -0.08 (2) 1.88 (3) 1.93 (4) -0.06 (1)
752 -0.70 (1) 11.42 (3) 13.76 (4) -1.59 (2) 0.80 (1) 3.56 (3) 411 (4) 111 (2)
761 -0.01 (1) 6.41 (3) 9.01 (4) -0.35 (2) 0.05 (2) 1.84 (3) 2.17 (4) -0.01 (1)
821 -0.69 (1) 15.97 (3) 16.37 (4) 1.97 (2) -0.84 (2) 1.51 (3) 2.14 (4) -0.32 (1)
833 -0.94 (2) 12.86 (3) 15.69 (4) -0.24 (1) -0.65 (2) 1.82 (3) 2.09 (4) -0.35 (1)
846 -2.65 (2) 11.05 (3) 12.66 (4) -0.99 (1) -0.19 (1) 115 (3) 1.72 (4) 0.36 (2)
847 -0.71 (2) 12.22 (4) 11.53 (3) -0.54 (1) -0.79 (2) 1.61 (3) 1.91 (4) -0.28 (1)
976 -4.37 (2) 7.98 (3) 8.66 (4) 0.23 (1) -0.30 (1) 0.76 (3) 1.07 (4) -0.33 (2)
977 255 (2) 11.33 (3) 12.26 (4) -1.73 (1) -1.03 (4) 0.35 (1) 0.67 (2) -0.67 (3)
979 2.93 (1) 12.64 (3) 14.51 (4) 5.03 (2) -0.34 (1) 1.28 (2) 1.64 (3) 177 (4)
1019 -0.52 (1) 6.54 (4) 4.96 (3) -2.67 (2) -0.05 (1) 0.63 (3) 0.64 (4) 041 (2)
44115 -3.79 (2) 9.98 (3) 10.26 (4) 0.15 (1) -0.57 (2) 1.43 (3) 1.76 (4) 0.28 (1)
Average -0.88 (1.57) 10.82 (3.14) 12.03 (3.86) -0.47 (1.43) -0.41 (1.93) 1.36 (2.57) 1.81 (3.79) -0.23 (1.71)

Table 5: Dataset bias for 10 and 200 samples for the SVM. Values have been scaled by a factor of 102
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Figure 4: Critical Distance plots of the average rankings of EBA and bias from Tables [4| and [5| for the SVM
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Figure 5: Aggregated results for the GBM across all 14 datasets

and sample size. For n = 20,50, it appears that GS and BO outperform the baseline and DoE methods,
though never by more than 2.5%. In every other sample size, the methods appear to be almost equivalent in
predictive performance. Contrasting the results in Section [3.1} we do not observe the relative deterioration
in performance for the baseline model as sample sizes increase.

Figure presents the average bias of each method across each dataset and sample size. Once again, we
observe a clear difference between GS and BO compared to DoE and the baseline. GS and BO have biases
of close to 8% at n = 10, decreasing steadily to about 2% at n = 200. The DoE and baseline methods show
a small negative bias that is relatively steady across sample sizes. This negative bias again does not clearly
show decreased bias for those methods as sample size increases.

More detailed results for how each method performed at n = 10, 200 are provided in Tables [6] and [7], with
Nemenyi critical distance plots corresponding to those tables provided in Figures [6] From Figure it
appears that no method is significantly better than any other in terms of EBA for n = 10, although from
Figure [6D] it appears that the DoE method is significantly better than GS for n = 200. There were no other
significant differences at that sample size. However, as shown in Figure [5d] this difference is not more than
2.5%. In Figures[6cand[6d] we observe similar results to Section[3.1] Principally, at n = 10, the bias between
DoE and the baseline are not significantly different from each other, but are both significantly better than
the bias observed in the BO and GS methods. For n = 200, DoE is significantly better than the GS and BO
methods, but not the baseline. Additionally, the baseline is not significantly different from the GS at this
sample size.

4 Discussion

This paper examines the ability of a hyperparameter optimization approach based on response surface
methodology to produce less biased performance assessments in small sample ML experiments. We examined
the viability of this approach across fourteen publicly available datasets and compared its performance in
terms of the expected generalization performance (EBA) and the assessment bias. Results show that the
proposed approach mitigates more than 90% of the bias in smaller sample sizes, while maintaining similar
generalization performance (slightly higher in the GBM experiments and lower in the SVM experiments).
These results provide strong initial support for the viability of this HPO approach in small sample ML
experiments. However, there are several phenomena of which we desire to make further mention.

The first question to address is why the DoE methodology so effectively mitigates the bias in the cross vali-
dation assessment. This comes as a result from the fact that the optimum found using the DoE methodology
identifies the expected optimum, not the sampled optimum. Contrast this approach with GS and BO, which
both return the best performing hyperparameter combination they encounter via cross-validation. Whereas
noise in the error estimate manifests as residuals in the linear model and has a diffuse effect on the resulting
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Samples = 10 Samples = 200
Dataset Baseline EBA GS EBA BO EBA DoE EBA Baseline EBA GS EBA BO EBA DoE EBA
722 64.06 (2) 64.18 (1) 63.46 (3) 62.02 (4) 92.10 (1) 91.46 (3) 91.43 (4) 91.80 (2)
734 67.68 (2) 67.60 (3) 68.30 (1) 67.59 (4) 83.50 (2) 83.04 (4) 83.14 (3) 83.71 (1)
735 74.04 (2) 73.92 (3) 74.54 (1) 73.67 (4) 87.94 (2) 87.82 (3) 87.79 (4) 88.03 (1)
752 51.15 (2) 51.01 (4) 51.10 (3) 51.15 (1) 81.62 (4) 84.66 (1) 84.48 (2) 84.18 (3)
761 74.59 (3) 74.11 (4) 74.68 (2) 74.79 (1) 89.25 (2) 89.13 (4) 89.18 (3) 89.37 (1)
821 66.78 (1) 65.91 (4) 66.41 (3) 66.44 (2) 82.62 (1) 82.50 (4) 82.52 (3) 82.61 (2)
833 55.19 (4) 55.66 (2) 55.22 (3) 55.69 (1) 74.32 (1) 73.67 (3) 73.86 (2) 73.46 (4)
846 62.12 (1) 60.62 (4) 61.51 (3) 61.56 (2) 73.60 (1) 73.47 (2) 73.44 (3) 72.73 (4)
847 75.30 (3) 75.72 (1) 75.51 (2) 75.11 (4) 82.83 (2) 82.53 (4) 82.60 (3) 83.25 (1)
976 78.32 (3) 78.49 (2) 78.04 (4) 78.53 (1) 93.81 (4) 93.96 (3) 94.00 (2) 94.11 (1)
977 71.74 (1) 70.77 (4) 71.63 (2) 71.43 (3) 94.53 (2) 94.30 (4) 94.34 (3) 94.53 (1)
979 65.99 (4) 66.35 (1) 66.01 (3) 66.26 (2) 83.44 (2) 83.24 (4) 83.46 (1) 83.41 (3)
1019 81.44 (2) 80.55 (4) 81.70 (1) 81.13 (3) 96.54 (4) 96.67 (3) 96.89 (2) 96.95 (1)
44115 74.67 (2) 74.51 (3) 74.18 (4) 75.27 (1) 85.55 (4) 85.93 (2) 85.73 (3) 86.18 (1)
Average 68.79 (2.29) 68.53 (2.86) 68.73 (2.50) 68.62 (2.36) 85.83 (2.29) 85.88 (3.14) 85.92 (2.71) 86.02 (1.86)

Table 6: Dataset test performance reported as (% accuracy) for 10 and 200 samples for the GBM

Samples = 10 Samples = 200
Dataset Baseline Bias GS Bias BO Bias DoE Bias Baseline Bias GS Bias BO Bias DoE Bias
722 -2.76 (2) 8.22 (3) 11.44 (4) 0.48 (1) -1.09 (2) 1.47 (3) 1.66 (4) -0.86 (1)
734 -2.58 (2) 6.10 (3) 7.40 (4) -0.99 (1) -0.53 (2) 2.70 (3) 2.84 (4) -0.25 (1)
735 -1.64 (2) 7.98 (4) 6.86 (3) 0.13 (1) -0.25 (2) 2.15 (3) 2.56 (4) -0.22 (1)
752 -2.45 (1) 11.49 (3) 13.50 (4) -3.95 (2) -2.43 (4) 0.55 (1) 1.37 (2) -1.68 (3)
761 0.61 (1) 10.19 (4) 7.72 (3) 1.31 (2) -0.70 (2) 1.94 (3) 2.32 (4) -0.01 (1)
821 -4.88 (2) 8.19 (4) 6.59 (3) -2.04 (1) -0.61 (2) 2.72 (3) 3.60 (4) -0.24 (1)
833 -2.29 (2) 11.14 (3) 12.18 (4) -0.69 (1) -1.19 (2) 3.95 (3) 4.58 (4) 0.26 (1)
846 -2.82 (2) 8.28 (3) 10.59 (4) -1.46 (1) -0.80 (2) 3.44 (3) 4.37 (4) 0.09 (1)
847 -1.50 (1) 6.18 (4) 5.99 (3) -1.91 (2) -1.35 (2) 2.01 (3) 2.46 (4) -0.48 (1)
976 -2.02 (2) 5.91 (3) 6.06 (4) -0.93 (1) -0.91 (2) 1.12 (3) 1.55 (4) -0.33 (1)
977 -3.84 (1) 6.83 (4) 5.17 (3) -4.03 (2) -1.32 (3) 1.07 (2) 1.34 (4) -1.00 (1)
979 2.31 (2) 11.95 (3) 13.29 (4) 0.24 (1) -1.54 (2) 2.50 (3) 2.80 (4) -0.08 (1)
1019 -1.14 (2) 6.35 (4) 5.40 (3) -0.43 (1) -0.64 (2) 0.93 (4) 0.88 (3) -0.44 (1)
44115 -0.07 (1) 8.59 (4) 8.22 (3) -0.07 (2) -0.60 (2) 2.17 (3) 2.40 (4) -0.30 (1)

Average -1.79 (1.64) 8.39 (3.50) 8.60 (3.50) -1.02 (1.36) -1.00 (2.21) 2.05 (2.86) 2.48 (3.79) -0.40 (1.14)

Table 7: Dataset bias for 10 and 200 samples for the GBM. Values have been scaled by a factor of 102
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Figure 6: Critical Distance plots of average rankings of EBA and bias from Tables |§I and [7| for the GBM
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hyperparameter selection, directly selecting a sample optimum (as is done in GS & BO) tunes explicitly to
this noise and is highly likely to select hyperparameters exhibiting a positive bias. In larger sample regimes,
this noise can generally be assumed to be small relative to the true variation in model performance across
different HP tunings, and thus tuning in this way introduces little bias into the resulting assessment. How-
ever, in small sample regimes, this practice of selecting the best performing observed hyperparameter set
from cross-validation is improper in small sample regimes because it results in high optimistic bias between
validation and generalizable error, effectively eradicating the efficacy of k-fold cross-validation as an unbiased
estimator of generalizable test error.

While removing the empirical minimum from the selection process explains a reduction in bias, it does not
explain why 1) the bias in the DoE method is now negative and 2) why it is lower (on average) than even
the untuned classifiers. The negative bias observed in both the DoE and untuned model results from the
established fact that k-fold cross-validation results in small negative bias (Kohavi et al.l 1995} |Austin et al.
2025). This bias is due to the slight reduction in the amount of training data used in each fold and the
loss of performance associated with it. Regarding the second question, this negative bias is likely reduced
in the DoE method, as this method of tuning is still introducing a small positive bias in the performance
assessment which partially offsets the anticipated negative bias. Note that these biases are trivially small
relative to those induced by HPO in the GS and BO methods (< 10%).

The second phenomenon we investigate is the relatively good average performance of the baseline hyperpa-
rameter set. Where the DoE HPO method yields significantly reduced bias at little cost to generalization
error over the GS and BO methods, it offers little benefit in terms of bias reduction or BA over the untuned
SVM / GBM models. One of the major challenges with small sample machine learning is that the size of the
dataset presents inherent limitations on our ability to accurately measure model performance. So whereas
overoptimism can be observed as a general trend across studies through meta-analyses and controlled exper-
iments such as those conducted here, the discrepancy between the reported error and generalization error
within any individual study cannot be quantified. With this in mind, the available evidence supporting
the efficacy of HPO methods in small sample regimes is actually quite limited and generally based on their
success in either 1) large sample regimes or 2) small sample evaluations that are likely to be biased. This
presents a strong need to further evaluate the viability of existing HPO strategies in small data regimes and
develop new methods of better dealing with the constraints these regimes place on HPO. We can also see in
Figures [8|and [§] that the success of the untuned model relative to the different HPO methods declines in the
larger sample sizes, as the limitations the sample size restriction imposes on HPO becomes less meaningful.
While the success of the untuned model lends some credibility to the default parameterizations included in
the package (Pedregosa et al., 2011), it still serves more as an indictment of existing HPO methods for these
problems. The default model also appears to behave more inconsistently across datasets than any of the
HPO methods. In particular, for dataset 846, the baseline experiences a percentage reduction in predictive
performance of almost 10% compared to the next lowest method at n = 200, the largest gap observed in any
dataset.

The final phenomenon we discuss is the relatively poor performance of BO in these simulations. Although
BO has become the gold standard for many current ML applications (Stanton et al., [2022; |Wang et al.
2023)), the success of BO has been primarily observed in datasets with large sample sizes (Joy et al., 2016;
Klein et al., 2017). In smaller sample regimes, prior work has already documented its tendency towards
overfitting and producing biased performance estimates (Makarova et al.l 2021). There, it is observed that
in smaller datasets, low correlation between validation and test error results in inconsistent outcomes for
BO-based HPO. This is observable in a dataset containing 2000 observations, indicating that this problem
is not strictly limited to very small samples. Overall, these findings suggest that a minimum threshold of
data (likely problem specific) must be met to ensure sample loss estimates correlate reliably enough with
generalization error for existing HPO methods to serve as a generally preferable alternative over a naive
prior hyperparameter specification.

Considering the limitations of this study, it is important to acknowledge that only a small subset of ex-
isting HPO methods were considered. Although generally perceived as antiquated in the machine learning
literature, grid search appears to be the method of choice in the applied studies for which the small sample
bias characteristics have been previously observed (Vabalas et all 2019; |Berisha et al.| 2022)). As such, GS
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serves as a critical baseline for comparison in this analysis. Another limitation of this study is the implicit
assumption that the selected mid-sized datasets serve as a reasonable proxy for the smaller datasets observed
in the medical classification problems that motivate this research. While there are a number of ways that
the datasets explored in this paper differ from those in the referenced meta-analyses (Vabalas et al., |2019;
Berisha et al.|[2022), the lack of available larger datasets in these regimes is the reason these tasks were sub-
ject to meta-analysis in the first place. Further, while there are likely some meaningful differences between
the chosen data and data used in actual small sample studies, the consistency of the findings (particularly
in the bias) across the diverse set of test cases provides supporting evidence for the idea that these phenom-
ena are not domain-specific. Note also that while we did not explore the role of budget restrictions in our
comparison, increasing the budget in these smaller sample regimes would likely only exacerbate overfitting
in the GS and BO methods.

As noted in Section[d] the baseline has extremely comparable results to the other three optimization methods
across all datasets for sample sizes less than or equal to 50 samples. This indicates that utilizing optimization
methods beyond the baseline may not be useful for such small samples in terms of predictive performance.
While there appear to be benefits gained from using DoE to offset the bias observed from k-fold cross-
validation, DoE does not meaningfully improve the predictive performance for any dataset for very small
samples compared to the baseline. Overall, the degree of inconsistency in test error across datasets and
models makes it difficult to draw conclusions about the superiority of any method in terms of generalization
error for small sample regimes from these results. Thus, future work will include investigating if there are
any benefits from utilizing hyperparameter optimization in the small-sample regime.

Finally, the proposed strategy for DoE-based HPO leaves significant room for refinement and additional ex-
ploration. Contrasting the results for the GBM and SVM experiments, the DoE approach leaves the widest
gap in performance across classifiers of the tested methods. This raises the question of whether misspec-
ification of the linear model could contribute to this inconsistency and whether different hyperparameters
and classifiers are more or less conducive to this procedure. Additionally, the choice of surrogate loss is not
a perfect proxy for generalizable BA and could thus contribute to this performance gap. Hence, while the
DoE method as presented is effective at bias reduction, questions still remain about what changes would
need to occur to improve predictive performance. Thus, future work will include investigating methods for
improving DoE as an HPO method for small-sample ML.

5 Conclusion

In this study, we used MC simulation applied to fourteen publicly available datasets to show the efficacy
of the DoE approach to provide unbiased hyperparameter tuning when limited training data is available.
Via these simulations, we show that the DoE method has comparable out-of-sample predictive performance
with grid search and Bayesian optimization based tuning methods, while substantially reducing the bias
observed in cross-validated accuracy measures. Additionally, our results indicate that, even though the DoE
approach reduces absolute bias substantially, it actually has a slight negative bias due to the reduction in
available training data from k-fold cross-validation. While these results support the efficacy of the proposed
DoE based approach for hyperparameter tuning, comparisons with baseline untuned classifiers show that
none of the tested methods of hyperparameter optimizations (including the proposed DoE approach) are
able to consistently outperform untuned classifiers in these small data settings. This raises questions about
the efficacy of existing hyperparameter optimization methods in these very small sample regimes (n < 200).
However, work is needed to replicate these findings across a larger set of classifiers, datasets, and optimization
methods. Overall, our results show that while the proposed DoE approach is highly successful at debiasing CV
error outcomes from hyperparameter optimization in small datasets, it shares the limitations in generalization
performance found in other approaches. Variation in outcomes across the two tested classifiers (SVM &
GBM) for the DoE approach in particular leave room for more specific investigation of which specific classifiers
and hyperparameters are best suited to this type of methodology.
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