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THE BIGGER PICTURE Advancements in machine learning (ML) have led to its widespread adoption across
many scientific fields. However, published results are often overly optimistic due to publication bias, where
less convincing findings are omitted, and overfitting, which is when the model retrieves extremely accurate
results with the training or “learning” data but fails when encountering new data. As a result, reported per-
formances in publications may not accurately reflect the true performance of ML models. Our research intro-
duces a method to estimate true learning curves from overoptimistic results, offering a clearer understanding
of actual model performance. This approach can support cost-benefit analyses for study design, enhance the
transparency of ML-driven research, and complement existing evaluation methods. In addition, our work un-
derscores the need to reform publishing standards by encouraging the inclusion of low-accuracy results. In
the longer term, addressing these biases could accelerate the adoption of ML in critical areas like personal-
ized medicine, climate modeling, and public policy.

SUMMARY

Machine learning (ML) is increasingly used across many disciplines with impressive reported results. How-
ever, recent studies suggest that the published performances of ML models are often overoptimistic. Validity
concerns are underscored by findings of an inverse relationship between sample size and reported accuracy
in published ML models, contrasting with the theory of learning curves where accuracy should improve or
remain stable with increasing sample size. This paper investigates factors contributing to overoptimism in
ML-driven science, focusing on overfitting and publication bias. We introduce a stochastic model for
observed accuracy, integrating parametric learning curves and the aforementioned biases. We construct
an estimator that corrects for these biases in observed data. Theoretical and empirical results show that
our framework can estimate the underlying learning curve, providing realistic performance assessments
from published results. By applying the model to meta-analyses of classifications of neurological conditions,
we estimate the inherent limits of ML-driven prediction in each domain.

INTRODUCTION

Recent advancements in machine learning (ML) have opened
new avenues for research across many disciplines, giving rise
to the field of ML-driven science (e.g., sociology,' medicine,” ed-
ucation,® and digital health®). The rapid adoption of ML in these
fields is driven in large part by high reported accuracies in aca-
demic publications.

Despite impressive reported results, several recent studies
have raised questions about their validity.”” For instance, a
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collection of results from a survey of predictions of brain disor-
ders® reveals an unexpected negative association between sam-
ple size and reported accuracy in these studies. In Figures 1A and
1B, we illustrate this negative relationship for ML-driven studies
focused on the prediction of Alzheimer’s disease (AD) and schizo-
phrenia. A similar trend has been reported in Berisha et al.,® where
the authors analyzed published accuracies of speech-based ML
models to predict AD and other forms of cognitive impairment
(CI),°"" and in Vabalas et al.,"” where the authors analyzed the
performance of ML models for the detection of autism spectrum
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Figure 1. Reported classification accuracy vs. sample size

(A) Results from a meta-analysis® of neuroimaging-based classification models between a control group and a cohort of patients with AD.

(B) Results from a me’(a-analysis6 of neuroimaging-based classification models between a control group and a cohort of patients with schizophrenia.
(C) An empirical learning curve that is obtained by solving a binary classification problem using different ML models and sample sizes.

The uncertainty bands represent 95% confidence intervals. The y axis is in linear scale, and the x axis is in log scale. See also Figure S1.

disorder (ASD). This is in contrast with our theoretical understand-
ing of ML, where increasing sample sizes should not decrease the
accuracy of a properly trained model.®'® Figure 1C illustrates a
well-behaved learning curve that follows this intuition and is ob-
tained by solving a binary classification problem using properly
trained and evaluated ML models with randomly sampled data-
sets of different sample sizes.

Berisha et al.® postulate that overfitting and publication bias
give rise to the negative association between reported accuracy
and sample size. Overfitting occurs when a model captures not
only the underlying patterns in the training data but also their
noise and idiosyncrasies, leading to poor generalization on
new, unseen data. This issue is especially pronounced
in situations with limited data. It can become challenging to iden-
tify overfitting to the test set. This can happen due to unintended
interdependencies between training and test datasets that can
arise during model development.”'* Model development is
inherently an iterative, adaptive process'® where researchers
reuse test sets to refine models. However, repeated use of the
same test set can lead to inadvertently learning specific patterns
or noise unique to that set, exacerbating overfitting issues. This
problem has gained considerable attention recently in ML-driven
science,” with the recognition that it likely results in the overesti-
mation of model performance and unrealistic reported accuracy,
particularly at small sample sizes.'®

A less-studied cause of overoptimism in ML-driven papers is
publication bias. It is known that training an ML model with
limited data typically results in high-variance accuracy esti-
mates."” This increased variability can lead to instances where
the accuracy of the model is both underestimated and overesti-
mated. However, models with higher estimated accuracy are
more likely to be published,'® a phenomenon known as publica-
tion bias or the file drawer effect in the social and medical
sciences.'® As a result, models with inflated estimates of the per-
formance are more likely to be published. Meanwhile, models
trained with larger sample sizes produce results that are more
accurate and exhibit less variability, making them a more reliable
measure of accuracy. Therefore, both overfitting and publication
bias have a greater impact on models when the sample size is
small, and this effect diminishes as the sample size increases.
Hence, we posit that the negative association observed in Fig-
ure 1 is attributable to overfitting and publication bias. Both
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causes of overoptimism are likely compounded by the incentives
created by the academic community’s outsized emphasis on
high accuracy as a primary reason for the publication of new
methodologies in ML-driven science and the increased analyt-
ical flexibility of ML methods.?®

Overoptimistic accuracy results reported in the literature create
challenges for true scientific progress and the responsible deploy-
ment of ML models. They create a skewed perception of the state
of knowledge in the field and inflate expectations for the practical
application of research. These inflated expectations can lead to
sensationalized stories in the press and premature deploy-
ment.”"*? When these models fail after deployment, these expec-
tations are not met and can negatively impact the public’s trust in
this technology.?® We posit that this problem may be amplified for
some fields by the new federal public access policy that mandates
access to the results of federally funded research.?*° loannidis?°
discussed how rapidly evolving scientific fields with more scienti-
fic teams involved and greater flexibility in design and analytical
methods have higher chances of reporting false and overopti-
mistic research findings. The availability of new data in ML-driven
science will likely attract more scientific teams, and consequently,
this may lead to an increase in the number of publications. This
has the potential to set the stage for a perfect storm where
deciding whether the new results are trustworthy or not becomes
more difficult, even for the experts in the field.

In this paper, we present an observation model for the pub-
lished classification accuracy of ML models based on the notion
of parametric learning curves, taking into account both overfit-
ting and publication bias. We leverage this model and further
propose a solution to alleviate the overoptimism and determine
realistic estimates of model performance by correcting the bias
due to both causes.

Proposed model

We introduce the main idea of our modeling approach here. A
more detailed explanation appears in the methods section. The
relationship between training dataset size n and a ML model’s
performance y(n) (say classification accuracy) is known to be
effectively modeled using equations of the form y(n) =
A +anf 26% Sych models, known as power laws, have found
applications in a variety of areas, such as network science,”’ so-
cial science,*” and infection disease surveillance.*
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Consider a scenario where a research team has access to a
dataset of sample size n for the development of a binary classi-
fication model. During ML model development, the team iterates
over the dataset multiple times, adjusting parameters and algo-
rithms based on insights gained from previous runs, resulting in
the final estimate of model accuracy. We propose an observation
model for such estimates of the accuracy as

y¥ = Avan®+w,, (Equation 1)
where y* is the classification accuracy of an ML model given the
sample size n, A is the limiting performance, g <0 is the learning
rate, a<0 is the power-law index, and w, ~ N'(i,,d2) is a
random variable with a Gaussian distribution. The idea behind
adding wj, is 2-fold. The random variable w, accounts for the
inherent variations in the estimates of the model accuracy and
the effects of overfitting on estimated accuracy. Variations in
model accuracy arise due to differences in data selection and
data splitting for model training and testing, and they scale
with n=95 **3% We incorporate this information and use ¢, =
c1n~ %%, where c1 is a constant, to quantitatively model the var-
iations in model accuracy. Similarly, previous studies have
shown that overfitting to the test set inflates estimated model ac-
curacies with n~95 343 Ag 3 result, we adjust the mean of the
Gaussian distribution to u, = Zn~%5 to model this. Here, { de-
notes the overfitting index or the bias in the average accuracy es-
timate due to overfitting.

The model proposed in Equation 1 posits that the average per-
formance of the model can be represented as A+an® in the
absence of overfitting. By applying this model across a range of
sample sizes, the parametric model uncovers the true estimate
of the learning trajectory, or learning curve, of the ML model.

A research team may elect to publish the observed results or
not, depending on whether they deem the resulting accuracy
sufficiently high for publication. Such self-selection has been
shown to cause a bias in the published literature.®” We model
publication bias in the reported classification accuracies using
a selection mechanism.*® Under this model, a research team de-
cides to publish their result if the estimated classification accu-
racy yX > v,, where v, is a threshold that depends on the sample
size. We can express this mechanism as follows:

it Yy =,

Equation 2
if y,’,‘<7,, (Eq )

Yo = y:
y¥ not observed

This operation models, for instance, self-selection by the au-
thors and peer review. We posit that this process is carried out
independently by multiple research teams at various levels of
data availability. The selection model, therefore, implies that
consumers of this literature only observe a biased sample of ac-
curacies that are greater than some threshold.

In this work, we aim to estimate the parameters of the para-
metric learning curve in Equation 1 from the observed classifica-
tion accuracies. Due to the censoring of observations from pub-
lication bias, conventional methods, such as ordinary least
squares, lead to the unrealistic negative association observed
in Figure 1. Therefore, we propose a new solution based on trun-
cated regression to estimate the parameter values and provide
theoretical and empirical results that demonstrate we can reli-
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ably estimate the true learning curve from a series of overopti-
mistic observations.

Contributions
The following points summarize the main contributions of
this paper.

e We propose an observation model for the published clas-
sification accuracy of ML models. This model is based
on the notion of parametric learning curves that can be rep-
resented using power-law models, and it accounts for
overfitting and publication bias as two influencing factors
for overoptimism in the ML literature.

o We propose a solution based on truncated regression and
show theoretically that it is possible to identify the learning
trajectory of ML models even without prior information
about the selection model. Furthermore, we use the obser-
vation model to devise a cost function for estimating the
true learning curve from overoptimistic accuracy results.

o We apply the model to different meta-analyses in the digital
health literature. Particularly, we consider meta-studies of
brain disorders, including AD and other forms of Cl, schizo-
phrenia, attention-deficit hyperactivity disorder (ADHD),
and ASD; the reported ML model results are based on mul-
tiple modalities, such as neuroimaging and speech data.
Our analysis highlights the prevalence of overoptimism in
these fields and provides realistic estimates of ML model
performance in each field.

RESULTS AND DISCUSSION

We evaluate the observation model and the accuracy of the so-
lution in estimating ML model performance under overoptimism.
The evaluation comprises three interconnected experiments,
each highlighting a key component of the model’s performance
and relevance.

Experiment 1 serves as a foundational test, where we generate
data directly from the observation model and estimate the known
underlying learning curve. This experiment establishes the basic
efficacy of our model, demonstrating its capability to accurately
recover learning curve parameters in a controlled environment.
This sets the stage for more complex scenarios in subsequent
experiments.

Experiment 2 is a realistic simulation of the real-world pro-
cess of ML model development, integrating elements of overfit-
ting and selective reporting based on a minimal accuracy
threshold. We consider binary classification problems and
empirically derive the true learning curve by progressively
increasing the sample sizes in ML model training. Next, we
model overfitting to the test set by performing feature selection
on all data and then splitting them into a training and a test set
for model training and evaluation. Finally, we only “report” ac-
curacies greater than a pre-established threshold (unknown to
the recovery algorithm). Our model uses the reported accu-
racies to estimate the learning curve. This experiment is pivotal,
as it showcases the model’s robustness and validity in simu-
lating real-world ML development scenarios, where overfitting
and publication bias are prevalent.
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Finally, experiment 3 uses reported accuracies from published
meta-analyses across different digital health applications to es-
timate the underlying learning curve. Then, for some of the fields
where data are available, we identify studies published after the
meta-analysis publication date (to ensure they are not included
in our algorithm) with relatively large sample sizes to compare
our estimates of accuracy with those published from large
data. This experiment allows us to evaluate the model on real
data and estimate the amount of overoptimism across different
fields of study. It is important to note that in this experiment,
we extend the concept of learning curves beyond a single model
and architecture® to encompass a specific field. Our underlying
assumption is that the average performance of all ML models
within this field can, in expectation, be expressed using the pro-
posed model outlined in Equation 1.

Experiment 1 (sampling from the observation model)
In this experiment, we directly sample from the observation
model in Equation 1. We simulate K = 100 researcher teams
independently developing ML models for a binary classification
problem, given a dataset with a sample size of n. The attained
classification accuracies are governed by the parametric model
in Equation 1. We consider the case where there is a pre-defined
threshold v,, (unknown to the recovery algorithm) that governs
the decision of each of the teams to publish.

Herein, we highlight the results from two sets of model param-
eters, with additional cases detailed in the supplemental
information.

® Problem1:A = 0.78,« = —1.24,3 = —0.76,{ = 0.45,

and ci1 = 0.50.
® Problem2: A = 0.75,a = —0.75,83 = —-0.57,{= 0.85
andcy = 0.40.

We simulate our models using these two sets of parameters to
generate 100 sample classification accuracies for various sam-
ple sizes n, ranging from 20 to 1,000, accepting only those above
the set threshold v,,. We aim to recover the true learning curve
only from the reported accuracies.

Figures 2A and 2B show the results for problems 1 and 2,
respectively. The blue points represent reported accuracies
that are inflated due to overfitting and publication bias. The plots
further show that the estimated learning curves (red dash-dot
lines) and the true learning curves (green dashed lines) are in
close agreement.
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10% 10° certainty bands represent 95% confidence in-

tervals. They axisisinlinear scale, and the x axis is in
log scale. See Figure S2 for additional cases.

Experiment 2 (simulating overfitting to the test set and
publication bias in binary classification)

We consider two binary classification problems with high-dimen-
sional features x and corresponding labels z. A detailed descrip-
tion of the feature vectors and their corresponding labels is pro-
vided in the supplemental information. We consider the scenario
where K = 20 research teams train ML models, with each team
performing feature selection on the complete dataset (prior to
the train-test split) to simulate a common form of overfitting.'?
Then, each team randomly selects a training set (70% of the
data) and trains a different ML model. Finally, each team pro-
duces an estimate of the accuracy of their classifier on the re-
maining (30%) of the data. To account for publication bias,
only those accuracies greater than a pre-specified threshold v,
are reported. To establish a baseline for comparing the learning
curve estimated from only the overoptimistic samples, we attain
estimates of the true learning curve by iteratively increasing the
sample size and training the model without overfitting to the
test set and without publication bias. We repeat this process
100 times and average over these values.

Figure 3 shows the overoptimistic classification accuracies (blue
circles) and the fit to these published results (solid blue line). The
estimated learning curves (red dash-dot lines) are in close agree-
ment with the true learning curves (green dashed lines). These re-
sults provide further backing to our theoretical results in the sup-
plemental information that the true learning curve is estimable
from the overoptimistic estimates using the proposed framework.

Experiment 3 (estimating the limits of prediction from
meta-analyses)

Next, we turn our attention to data from published studies that
use ML in a binary classification context. Our aim is to estimate
the limits of using ML in a particular field from published results.
We focus on published accuracies from meta-analyses of binary
classification tasks for the prediction of brain disorders.® 2
Several studies have reported on the overoptimism in this litera-
ture, as evidenced by the negative association in Figure 1. We
consider several cases of interest.

@ Case 1: classification accuracy of ML models developed
using neuroimaging data® for classifying between patients
with AD and healthy controls.

@ Case 2: classification accuracy of ML models developed
using speech data® ' for classifying between patients
with AD and healthy controls.
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o Case 3: classification accuracy of ML models developed
using neuroimaging data® for classifying between patients
with ASD and healthy controls.

® Case 4: classification accuracy of ML models developed
using neuroimaging data® for classifying between patients
with ADHD and healthy controls.

o Case 5: classification accuracy of ML models developed
using neuroimaging data® for classifying between patients
with schizophrenia and healthy controls.

o Case 6: classification accuracy of ML models developed
using speech data®'" for classifying between patients
with forms of Cl that are not AD (CI) and healthy controls.

® Case 7: classification accuracy of ML models developed
using multi-modality data'® for classifying between pa-
tients with ASD and healthy controls.

Here, we present the first two cases and provide the
remainder in the supplemental information. Figures 4A and 4B
illustrate the published classification accuracies (blue circles)
and the fit to the overoptimistic results (blue), along with the
estimated, de-biased learning curves (red), for the neuroimag-
ing-based and speech-based classifications of AD, respec-
tively. As depicted in Figure 4, the vast majority of the individual
studies from the meta-analyses (blue circles) fall outside the up-
per confidence band of the corrected learning curves (red dash-
dot lines); these are identified as overoptimistic published
results by the model. Our extended results in the supplemental
information show a similar trend; however, the extent of overop-
timism varies across domains.

We compare the estimated limiting performance of the para-
metric model (i.e., parameter A) with large-scale studies pub-
lished after the publication of the meta-analyses above in Table 1.
In some cases, large-scale studies are not available, as collect-
ing large datasets in these fields can be challenging. Neverthe-
less, we postulate that the reported performance of ML models
trained with larger sample sizes should be more realistic, as
the impacts of publication bias and overfitting diminish with
increasing sample size. Table 1 lists the estimated limiting per-
formance across different fields in digital health, including 95%
confidence intervals, alongside the reported accuracy of recent
large-scale individual studies with their corresponding sample
sizes. The results indicate that reported classification accuracies
from larger studies®®*" fall within the confidence intervals of the
limiting performance and the estimated learning trajectories for
the prediction of AD and schizophrenia. On the other hand, the
reported accuracy for the prediction of ASD by Prasad et al.*”
is below the anticipated value, estimated by the new, recovered

Sample Size

The uncertainty bands represent 95% confidence
intervals. The y axis is in linear scale, and the x axis
is in log scale.

102 103

learning curve. This suggests the possibility of further improve-
ment in model development for the large sample-size study pub-
lished in Prasad et al.*?

Limitations of the study

As demonstrated in the supplemental information, there is no
fundamental identifiability issue in estimating the trajectory of
ML models from overoptimistic observations when many obser-
vation are available. However, the theoretical results provide
limited insight into the sample size of observations required to
recover the parameters. Furthermore, when applying the model
to results from meta-analyses, evaluating the resulting estimates
is difficult due to the absence of a ground truth. Although we
recommend comparisons with individual, large-scale studies,
such studies are often unavailable. Even when such studies
are available, the complete model development process may
remain opaque, and it is uncertain whether these models have
achieved their maximum performance potential.

Highlighting another limitation of our work, the proposed
model employs a hard threshold for the selection mechanism
to simulate publication bias. However, this assumption may
not fully capture the nuanced decision-making processes
observed in real-world scenarios. To align the real-world obser-
vations with the assumptions of the model, we consider the pub-
lished studies below the 0.1 quantile line as outliers. The explo-
ration of a soft threshold remains an avenue for future work.

Additionally, the assumption about n—%5 dependency in our
estimator, adopted from adaptive data analysis, " primarily
addresses test set reuse. However, overfitting and data leakage
could occur in several ways that our model does not comprehen-
sively account for.” For example, in the presence of proxy vari-
ables, this assumption does not hold, as the sample size be-
comes largely irrelevant. Investigating these issues and
extending the model to better capture broader forms of overfit-
ting and publication bias is an important direction for future work.

Finally, our theoretical analysis in the supplemental informa-
tion assumes that 8 is bounded away from 0.5 to ensure that
the two exponential components are decoupled and linearly in-
dependent. However, we do not explicitly enforce this constraint
in the optimization problem. Future extensions of the theoretical
analysis should include a loosening of this constraint.

METHODS

In this section, we first discuss the causes behind overoptimism
in ML-based science literature and the reasoning behind the

Patterns 6, 101185, April 11, 2025 5




¢ CellPress

OPEN ACCESS

Speech based - Control vs. AD

Patterns

Figure 4. Estimates of learning trajectories

Published accuracies
—— Fit to overoptimistic accuracies
Estimated learning curve

under experiment 3 and from meta-ana-
lyses

(A) Meta-analysis of neuroimaging-based predic-
tion of AD.°

(B) Meta-analyses of speech-based prediction of
AD'B—H

The results show the new estimates of the
empirical learning curve (red), the published re-
sults (blue circles), and the fit to the observa-
tions (blue). Orange triangles represent outliers

A Neuroimaging based - Control vs. AD B
1.0 e o0 o
.
.
0. o o e
. .
Z o8 — o
& — . &
g o g
o .~ . o
g 0.7 o ]
0.6 -
. Published accuracies / .
—— Fit to overoptimistic accuracies 7
0.5 —-- Estimated learning curve 0.5 —-
10t 102 103 10t

Sample Size

proposed model. Then, we provide the details of the proposed
solution toward alleviating the overoptimism in published results.

Observation model for reported classification accuracy
Learning curves are powerful tools that provide insight into the
capabilities of ML models in a specific domain. In the context
of supervised learning, the learning curves*® describe the predic-
tive performance of an ML model by illustrating an estimate of its
performance for different sample sizes. One can construct an
empirical learning curve by analyzing the classification accuracy
of an ML model across a range of sample sizes. A true learning
curve accurately represents an ML model’s performance for a
specific problem, offering insights into how the model’s effec-
tiveness changes with the addition of more data samples. Pre-
dicting an ML model’s capabilities accurately is crucial for guid-
ing future investments and conserving resources by avoiding
inefficiencies. However, as demonstrated in Figure 1, the perva-
sive overoptimism in ML-based science research can obscure
the identification of genuine learning curves. This issue of over-
optimism, as suggested by Berisha et al.,? is likely driven by
overfitting and publication bias within the ML scientific
community.

Overfitting

The literature on ML in scientific research highlights the issue of
overfitting to the test set, which can result in overly optimistic es-
timates of classification accuracy. One prevalent practice
contributing to this issue is adaptive data analysis, '**° where re-
searchers repeatedly use the same test set to evaluate various
models, features, or hyperparameters in an effort to improve
model performance. This approach is widespread in the ML
community, where maximizing performance metrics is the pri-
mary goal. However, this practice becomes problematic in
small-sample-size regimes, as models are more susceptible to
learning from noise and unique dataset characteristics, thus
increasing the risk of overfitting.'® Evidence suggests that reus-
ing a test set multiple times during model development intro-
duces significant overfitting errors, which optimistically scales
as +/t/n, with t representing the test set’s number of reuses.'>**
Our proposed model, outlined in Equation 1, integrates this un-
derstanding by incorporating Gaussian noise with an elevated
mean of {n—°® to account for overfitting effects.

Publication bias

Inspired by the work on selection bias in econometrics, we
model publication bias in a similar fashion.*® We assume that
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excluded from the analysis. The uncertainty bands
represent 95% confidence intervals. The y axis is
in linear scale, and the x axis is in log scale. See
also Figures S3 and S4.

K research groups are independently working on a dataset of
sample size n, with each group building an ML model using these
data without influence from other groups and estimating its ac-
curacy. Let y,*,"k denote the classification accuracy obtained by
the k-th research team, where k =1,2,....K for datasets of
size n. Then, we can write

Yo, =Vp fork =1, K if yy >y,

) , (Equation 3)
it yr<v,

y, not observed

wherey, denotes the published classification accuracy for team
k using sample size n to build and test their model. Equation 3
indicates that accuracy y,’{k is observed (published) only if it
surpasses a threshold v,,; otherwise, it remains unobserved (un-
published). Consequently, the count of published accuracies, M,
is less than the total number of conducted studies and their cor-
responding accuracies, implying M < K. Acknowledging that
publication bias more significantly affects studies with smaller
sample sizes and diminishes as sample size increases, we model
v, as a decreasing function of sample size. In addition, models
trained with larger sample sizes generally exhibit higher reli-
ability, and consequently, researchers are more inclined to pub-
lish studies with large sample sizes. This further supports the
rationale that the threshold vy, should be modeled as a
decreasing function of n.

The proposed selection model (Equation 3) highlights publica-
tion bias, indicating that some studies’ results may remain un-
published. To mitigate this bias and accurately estimate the
true learning trajectory of ML models, we employ regression
with truncated samples. This approach aims to estimate the sta-
tistics of Gaussian distributions from the observed data. We
outline a solution for estimating these statistics and the parame-
ters of the learning curve. Additionally, a theoretical analysis on
the identifiability of this learning trajectory, through the lens of
identifying the mean and variance of truncated Gaussian distri-
butions, is presented in the supplemental information.

Proposed solution
Assume x ~ N'(u,0?); then, we can write**

("
el

Ex|x)y] = u+o (Equation 4)
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and

Var[x|x)y] = ¢° |1

S =

, , (Equation 5)

(=)
1 —<1>(7_”)

g

where ¢(.) denotes the probability density function (PDF) of a
standard normal distribution, ®(.) is the cumulative density
function (CDF) of a standard normal distribution, and Var|x] de-
notes the variance of x. The ratio in Equation 4 is known as the
inverse of the Mills ratio.*® Given the parametric model in Equa-
tion 1 with y* ~ N (A +an® +¢n=05 ¢2), from Equation 4, we
can write

EV, V) va] = A+an® +n7 %% + opp(m A, vy, o, 8,4, C4),
(Equation 6)

min fn(A, &, 8,¢,¢4)

AaB.lCq

subject to

f1(A,a,8,¢,¢1) = Z(V,, —A—an® -

neN

¢? CellPress

OPEN ACCESS

For brevity, we use the notation y(n) for y(n; A, v,,«, 8,¢,c1).
The average published classification accuracy can be expressed
as in Equation 6, where the summation of the first two terms
models the true learning curve, i.e., A+an®, the term {n—09%
models overfitting, and y(n) in Equation 7 models the impact
of publication bias. From Equation 5, the variance of this esti-
mate is

_ _ 8 _ -05
varly,|y,)v,) = o2 (1 s A :n <
n

un) — ).
(Equation 8)

Cohen demonstrated that the method of moments can be
used to estimate the parameters of a truncated Gaussian distri-
bution by matching the empirical mean and variance of the
observed samples to those expected from the truncated distri-
bution.** Building on this concept, we propose the following
multi-objective optimization problem, which aims to find the
best match between the observed data’s statistical properties
and those of a theoretical truncated normal distribution:

05 _ 2
<n on(n)) (Equation 9)

A — an® — ¢n0°

f2(A o, 8,8, ¢1) = Z(aﬁ — (1+7n -

neN

On

vin) - wm))z

05<A<1,-2<a< —05 -1<8<00<Z<1,0<c; <05,

where o, = ¢1/v/n and

Yo — A — anf — Cn’o'S)

¢(
On
V(A vy, e, 8,¢,¢1) = - @(Yn — cn*°~5) )

4]

(Equation 7)

Table 1. Estimated limiting performance and 95% confidence
intervals from meta-analyses of prediction of brain disorders

Limiting Sample
Problem Performance Reference size accuracy
NI HC 0.88,[0.84 — 0.96] Luetal’ 85721 0.91
vs. AD
NI HC 0.73,[0.70 — 0.81] Yanetal” 1,100 0.80
vs. SZ
NI HC 0.87,[0.80 — 0.93] Prasad 1,026 0.75
vs. ASD etal.*

This table also includes the published classification accuracy and sample
size from individual studies. HC, healthy control group; NI, neuroimaging;
AD, Alzheimer’s disease; SZ, schizophrenia; ASD, autism spectrum dis-
order. See also Table S1.

where ¥, and 72 are the sample mean and sample variance of the
reported accuracies given a sample size n, and set N contains all
sample sizes used in published studies within a specific field. We
use the non-dominated sorting genetic algorithm (NSGAII*° to
solve the non-convex optimization program in Equation 9. To
find the optimal solution, we first construct the pareto front of
non-dominated solutions to this problem. Among this set, we
select the optimal solution by using f1(A,«,8,¢,c1) as the
augmented scalarization function (ASF).*” )

We denote the new estimated learning curve asA+ an®, where
A, & and B are the estimates of the parameters A, «, and 3,
respectively; we denote the fit to the overoptimistic accuracies
using Equation 6. We build the confidence intervals around these
estimates using bootstrapping“®*° where we sampled from the
reported accuracies randomly and with replacement to
construct a bootstrap sample and repeat this process
10,000 times.

In contrast to traditional regression analyses with truncated
samples, which often presuppose knowledge of a threshold
v, 2&** our approach does not assume this threshold is known
beforehand. We use the maximum likelihood estimate of the
threshold, which is the smallest observed value among the
data, known as the minimum order statistic.”® To smooth this
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statistic, we apply a sliding window technique, with a window
length of 2 and a stride of 1, across reported sample sizes, v,
taking the lowest reported accuracy within each window as our
threshold.

CONCLUSION

There is evidence of a prevalence of overly optimistic results in
ML-based science, including in digital health literature. We posit
that this overoptimism stems from publication bias and overfit-
ting, phenomena that distort our understanding of a model’s
true performance. In this paper, we proposed a novel model
based on parametric learning curves to express the reported
classification accuracy of ML models, taking into account both
overfitting and publication bias. We further proposed a solution
based on regression with truncated samples to alleviate overop-
timism in the literature. This novel technique paves the way for a
more accurate understanding of the capabilities of ML models in
specific fields using existing, yet overoptimistic, published re-
sults. Our results on synthetic data, based on the observation
model, demonstrate the success of the proposed solution.
Meanwhile, results on real data from meta-analyses in digital
health reveal a divergence between the reported accuracies
and the newly estimated learning curves. The estimated perfor-
mance limits and convergence rates of these curves can help
reveal the true capabilities of ML models across these fields.
Furthermore, they can substantiate trust in published results,
especially those obtained with limited samples, should they fall
within the confidence intervals of these newly estimated learning
curves.

Finally, parametric learning curves provide valuable insights
into the trade-offs between the cost of data acquisition and
the potential performance of a model. They help identify
how additional data might improve model capabilities, aiding
in cost-benefit analyses for study design.®'*°> Our approach
is well suited to complement these methods by providing a
more accurate estimation of true model performance and
could directly inform guidelines for appropriate sample sizes
in ML studies. While our approach provides a means to cor-
rect for overoptimism in published results, it is complementary
to broader systemic changes, such as encouraging the publi-
cation of low-accuracy results or mandating larger sample
sizes for socially impactful models.*® By quantifying the limita-
tions of current practices, our method highlights the need for
such reforms and can serve as a tool to support their
adoption.
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