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Abstract
Building clinical speech analytics models that will reliably
translate in-clinic requires a realistic characterization of their
performance. So, how well do we estimate the accuracy of pub-
lished models in the literature? We evaluate the relationship be-
tween sample size and reported accuracy across 77 journal pub-
lications that use speech to classify between healthy controls
and patients with dementia. The studies are combined across
three meta-analyses that use the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) protocol.
The results show that reported accuracy declines as a function
of increasing sample size, with small sample size studies yield-
ing an overoptimistic estimate of the accuracy. For correctly
trained models, this is unexpected as the ability of a machine
learning model to predict group membership ought to remain
the same or improve with additional training data. We posit that
the overoptimism is the result of a combination of publication
bias and overfitting and suggest mitigation strategies.

Index Terms: clinical speech analytics, robust machine learn-
ing, dementia, MCI, natural language processing

1. Introduction
There has been considerable interest recently in using the
speech signal as a biomarker for different health conditions.
The promise is that any neurological, mental health, or physical
disturbances that impact the speech production process can be
detected from patients’ speech patterns. To that end, there has
been significant interest in developing speech-based ML mod-
els for diagnosis, prognosis, and tracking of mental health [1],
cognition [2, 3], motor disease [4, 5], etc.)

The methodology in this literature largely follows the tra-
ditional supervised learning paradigm. The authors begin with
a labeled dataset consisting of speech samples and diagnostic
or disease severity labels. From the speech, the authors either
extract or learn a feature representation in service of building
a machine learning model for predicting the label [1]. This
paradigm has enjoyed considerable success in more traditional
applications of speech analytics (e.g. automatic speech recog-
nition (ASR)). However the clinical machine learning literature
is markedly different since clinical databases are much smaller
and more heterogeneous. For example, consider the studies
for speech-based classification between healthy controls and
patients with dementia in the meta-analyses in [6, 7, 8]. The
largest samples are on the order of tens to hundreds of minutes
of speech; this is orders of magnitude less than the data required
to build consumer-grade ASR models [9, 10].

The lack of data challenges the development of robust su-
pervised models that generalize in several ways. First, small

databases are more susceptible to overfitting if the same data
is used to select features and learn models [11]. Even when
correctly using cross-validation, repeated use of small data for
model/hyperparameter selection can lead to “overfitting to the
dataset” [12]. Finally, small sample sizes lead to increased vari-
ability in the held-out error [13]. In other words, two different
train-test splits by two different research groups working on the
same data can yield wildly different estimates of model accu-
racy; the higher one is more likely to be published due to the
file-drawer effect [14].

All of these are variations on the “selective inference” prob-
lem, where the ML designer makes a design choice (e.g. which
features to use, which hypotheses class to consider, how to set
a hyperparameter, how to split the data, etc.) prior to building
the model and reporting an accuracy [15]. These choices are of-
ten made by reusing the same dataset multiple times explicitly,
or implicitly by relying on the results of others that have used
the data before. Theoretical analyses of the impact of adaptive
reuse of the same data for inference shows that it leads to more
optimistic estimates of a model’s true accuracy [16, 15], espe-
cially for small sample sizes and high-dimensional data (e.g.
Freedman’s paradox is demonstration of this [17]).

From the perspective of a reader of a clinical speech paper,
it’s impossible to tell whether the reported accuracy is realistic
or optimistic as they typically don’t have insight into the string
of choices made to arrive at the final model. But we can inter-
rogate the literature as a whole to determine whether there is a
trend between reported accuracy and sample size. If the effects
of selective inference exist in the literature, we would expect
that small sample size studies should report higher accuracies
than large sample size studies. This trend has been observed
in other clinical applications with high-dimensional inputs and
small sample sizes [11, 18]. For correctly trained models, this
is unexpected as ML model accuracy ought to remain the same
or improve with additional training data.

We evaluate the relationship between sample size and re-
ported accuracy in the clinical speech literature. We consider
two applications: classification between healthy controls and
patients with Alzheimer’s disease (AD) and classification be-
tween healthy controls and patients with other forms of cogni-
tive impairment (CI). This is an extension of our perspectives
article in [19], where we first discussed the issues arising in
estimating the accuracy of high-dimensional ML models. We
extend that work by expanding on the set of studies considered
to evaluate the negative relationship between sample size and
reported accuracy, conducting a statistical analysis, and provid-
ing a more targeted discussion of how we can mitigate these is-
sues. Our analysis finds a significant relationship between sam-
ple size and accuracy, with reported accuracy declining by 4%
per unit increase in the log(sample size) for both sets of studies.
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2. Methods
We consider studies in three meta-analyses (MAs), each of
which followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) checklist. All three
meta-analyses, described in turn, provided the data used in our
analysis of the relationship between sample size and accuracy.

• MA 1: The study in [6] reviewed original research arti-
cles published between 2000 and 2019 covering multiple
databases (ACM, IEEE, PsycINFO, PubMed, Embase, Web
of Science). It identified 51 articles that satisfied pre-defined
inclusion criteria. Tables 5 and 7 in [6] report on the sample
size and reported accuracy of the algorithms presented in the
studies under consideration.

• MA 2: The study in [7] reviewed articles published between
2013 and 2019 by searching in Web of Science, PubMed, and
Ovid. It identified 33 eligible studies that satisfied pre-defined
inclusion criteria, different from those in Study 1. Table 1 in
[7] reports on the sample size and reported accuracy of the
algorithms presented in the studies under consideration.

• MA 3: The study in [8] reviewed original research arti-
cles published between 2010 and 2020 covering PubMed,
CINAHL, and PsychINFO. It identified 35 articles that sat-
isfied the pre-defined inclusion criteria. Table 2 in [8] reports
on the sample size and reported accuracy of the algorithms in
the studies under consideration.

2.1. Data

The union of these three MAs results in a total of 77 unique
studies that we individually analyze. Across these studies, we
analyze the performance of binary classification models be-
tween a cognitively intact control group (Control) and a clin-
ical group with cognitive impairment. We consider two types
of clinical groups: those with an Alzheimer’s disease (AD) di-
agnosis and those with other classifications of Cognitive Im-
pairment (CI). The CI group may include participants with mild
cognitive impairment (MCI), subjective cognitive impairment
(SCI), functional memory disorders (FMD), neurodegenerative
memory disorders (ND), and mild dementia. Several of the
studies report on multiple classification algorithms between dif-
ferent pairs of clinical groups. The inclusion criteria for the
classifiers we include in our analysis is as follows:

• Classification model performance must be provided in terms
of model accuracy (% correct) or model accuracy must be
estimable based on information provided in the paper. Accu-
racy was used as the performance metric of interest as it was
most commonly reported across all studies.

• If multiple models (e.g., using different feature subsets or dif-
ferent classification algorithms) are provided in the papers,
the model with the largest average performance is reported.

• If multiple modalities are considered in the paper, only the
speech-based model results are reported.

The tables listed in the descriptions of the MAs above were
used to obtain the sample size and reported accuracy for the
classification algorithms reported in the studies. For any stud-
ies where dataset information was incompletely reported, sam-
ple size was unclear, accuracy was not provided, or individual
models were incompletely explained in the meta-analyses, we
downloaded the original paper for additional information.

The table listing the studies considered in the paper is pro-
vided as supplementary material online1. This table lists all

1http://vees.ar/IS22SpeechMLTable.pdf

Table 1: Results of the statistical model evaluating the relation-
ship between reported accuracy and sample size in the 3 MAs.

Var. Est. Std Err. t-val p-val
Intercept 1.02 0.05 22.58 < 0.0001
log(SampleSize) -.04 0.01 -3.61 < 0.0001
AnalysisType -.09 0.02 -5.04 < 0.0001
(Control vs CI)

classification models with information about sample size and
reported accuracy. The Study column cites each study accord-
ing to the numbers referenced in the meta-analysis from which
it comes. The studies not included in our analysis are marked in
red along with an explanation of why they were not included in
the last column. The sample sizes for the control group and the
clinical groups include all samples used for training and testing.

2.2. Statistical modeling

The sample consisted of 59 classifiers across 3 meta-analyses
which reported the sample sizes and prediction accuracies for
two types of analyses: control vs AD and control vs CI. The
goal was to estimate the relationship between the sample sizes
and the reported accuracies; therefore a regression model was
used with the reported accuracies as the outcome and the log
of the sample size as the predictor. Given that the two types
of analyses were expected to have different reported accuracies,
where the Control vs AD group was expected to achieve higher
accuracies than the Control vs CI group, the analysis type was
included as a factor. Additionally, the interaction term between
the log of the sample size and analysis and the inclusion of the
meta-analysis groups as factors were evaluated.

Given that the sample size spanned multiple levels of mag-
nitude, a log transformation was used. A linear regression was
fit where the outcome was the reported accuracy, and the pre-
dictor was the log of the sample size. The analysis type (control
vs AD and control vs CI) was included as a factor variable, and
the two types of analyses were significantly different; therefore,
this variable was retained in the model. The interaction term
between the analysis type and log of the sample size was es-
timated; since it was not significantly different from 0, it was
removed from the model. Finally, the three meta-analyses were
included as factors in the model; since they were not signifi-
cantly different from each other, they were removed. The final
model was a linear regression with the accuracy as the outcome,
and log(sample size) and the analysis type as predictors.

3. Results

Table 1 shows the parameter estimates for the final model. The
estimate for log(sample size) was -.04 (SE = .01, t = −3.61,
p < .0001), indicating that for every unit increase in log(sample
size), the accuracy decreased by .04. The estimate for the analy-
sis type was -.09 (SE = .02, t = −5.04, p < .0001), indicating
that the Control vs CI analyses had .09 lower accuracies than the
Control vs AD analyses when holding sample size constant. A
residual analysis was conducted using the Shapiro-Wilk test; it
was not significant (W = .98, p = 0.36), indicating that resid-
uals were not different from normal distribution. Fig. 1 shows
the data with the regression lines and confidence intervals.
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Figure 1: The negative association between reported accuracy
and sample size for two types of classification problems across
three meta-analyses considered in the paper. AD = Alzheimer’s
Disease; CI = Other forms of cognitive impairment.

4. Discussion
4.1. Why is there a negative association between sample size
and accuracy and why is it unusual?

The negative association between sample size and reported
accuracy is seen in other machine learning studies in digital
health. For example, an analysis of over 200 studies that pro-
pose ML models to predict disease status from neuroimag-
ing similarly showed a negative association between the re-
ported accuracy and the sample size across schizophrenia, MCI,
Alzheimer’s disease, major depressive disorder, and attention
deficit hyperactivity disorder [18]. A similar analysis was found
for classification models that predict Autism spectrum disorder
using other modalities [11].

These findings are unexpected given what we know from
theoretical and empirical investigations of learning curves in
machine learning [20]. For properly trained ML models, as
the sample size increases, the accuracy of the model increases
monotonically according to a power law model, as in the exam-
ple in Fig. 2. The figure shows a prototypical learning curve
with average accuracy approaching a theoretical limit (0.8 in
this example) and confidence intervals around this average. Yet
we observe a decreasing trend in Fig. 1, contrary to the shape
of the learning curve in Fig. 2. So, what explains the deviation
from expectations?

We propose that model overfitting and publication bias are
responsible for the negative association we observe. A com-
mon pre-processing step in the development of machine learn-
ing models is feature selection. For feature selection, it’s known
that using combined train and test data for feature selection and
parameter tuning, followed by k-fold cross validation to esti-
mate model accuracy results in optimistic estimates of model
performance, especially for models trained with a small sample
size [11]. More generally, repeated use of the same dataset over
time - either explicitly or implicitly by relying on others that
have analyzed the data previously - to improve models can lead
to a similar bias [16]. The prototypical learning curve in Fig. 2
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Figure 2: A prototypical learning curve and confidence inter-
vals.

assumes that there is no information leakage between the train-
ing set used to develop the model and test set used to estimate
the error at each sample size. This assumption no longer holds
for either of the scenarios we describe above.

Another explanation for the counter-intuitive observation in
Fig. 1 is based on publication bias. It’s known that small sample
size studies lead to more variable estimates of the generaliza-
tion error [19]. We can observe this in our prototypical learning
curve in Fig. 2 where the confidence interval around the aver-
age decreases as a function of sample size. Consider multiple
research labs working with a small dataset. Even if each group
follows best-practices for ML model design, the small sample
size will lead to a highly variable estimate of model accuracy
across the groups. However, the groups with higher estimates
of the accuracy are more likely to publish their model [14]. Un-
der this scenario, the readers of this literature will observe the
declining upper envelope of the learning curve.

4.2. Why is this important?

Overestimation of true model accuracy in the published lit-
erature provides readers with unrealistic expectations of how
well these models will work once deployed; this has impor-
tant downstream consequences. Model accuracy is a convenient
metric for succinctly describing how well an ML model works
and it’s commonly cited when the press reports on digital health.
These articles raise the public’s expectations for the capabilities
of ML. If these expectations aren’t met, confidence in the tech-
nology and scientific literature wanes [21].

The readership of the clinical speech machine learning lit-
erature is increasingly more interdisciplinary; stakeholders and
decision makers may come away with unrealistic expectations
of what clinical information can be gleaned from speech. This
can prematurely lead to new companies, new investments, or
large-scale implementations in hospital systems. There are al-
ready several examples of ML models in healthcare that were
deployed after initial evaluation on small data sets revealed
good performance, only to find out that the initial performance
estimates were overoptimistic [22, 23].
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4.3. What can we do about it?

To machine learn or not to machine learn? Cognition is a
complex construct [24]; this means that the decision bound-
ary between “healthy” and “cognitively impaired” is also likely
complex. Small speech databases simply don’t support the
learning of such models. To compound the issue, small sample
sizes make overfitting easier and increase variability, contribut-
ing to the overoptimism. For small sample sizes (e.g in the tens),
algorithm developers should forgo supervised learning on broad
diagnostic labels for more manageable problems. For exam-
ple, there is a need to develop robust speech/language features
known to change with cognitive impairment (e.g. circumlocu-
tion). The ground truth for these models can be attained directly
from the audio and/or transcript, making it much easier to obtain
than clinical labels. Furthermore, data from healthy individuals,
which is much easier to obtain, can be used to augment clinical
databases for development of these features, for more accurate
estimates of performance, and for developing normative ranges.
A new pipeline for clinical speech analytics: The challenge in
discovering clinically-relevant features, and accurately assess-
ing the performance of models trained with those features, is
that speech signals are high-dimensional, the underlying pat-
terns are complex, and datasets are small. In contrast to appli-
cations like ASR or speaker recognition, there is no standard
representation used for clinical applications. As a result, re-
searchers rely on existing open-source feature extraction frame-
works re-purposed from other applications [25]. Efforts focused
on clinically-relevant speech representations would go a long
way towards developing a new “pipeline” tailored to specific
clinical applications. Smaller-dimensional, clinically relevant,
and individually validated features built on a clinical founda-
tion are less likely to lead to overfit or variable models.

The Levelt model of speech production, which models
speech as the output of a 3-stage process (Conceptualization
→ Formulation → Articulation), provides a good conceptual
framework for what to measure [26]; several researchers have
adopted it in their clinical speech analytics models already
[1, 27]. However, what’s missing is a “measurement model”
(e.g. how should we compute the features) of speech that maps
to this framework. For example, there are hundreds of ways
in which researchers could characterize the Articulation stage
- acoustic models based on MFCCs, mel-spectra, etc; or hun-
dreds of ways to characterize the Formulation stage - language
models like BERT, ELMO, etc. So what’s the right way?

While there is not yet a consensus on the answer to this
question, we note that there are several desiderata when design-
ing new clinically-important features:
• Low-dimensional, well-characterized features: Small sam-

ple sizes will continue to be a reality of clinical applications
in the near future. Models built on low-dimensional, well-
understood features are more likely to generalize [19].

• Amplify behaviors of interest: Certain characteristics of dis-
ease - especially in the early stages - are not readily apparent
in passively-collected speech. New feature representations
should be paired with maximum-performance tasks (e.g. di-
adochokinetic elicitation) for assessment of speech [28].

• Interpretable and individually-validated features: Perceptual
analysis of clinical speech has a long and rich history that
dates back to the 1800’s [29]. We should align our represen-
tation of speech with this literature so that models can be vali-
dated relative to the existing clinical knowledge base. Speech
features that are individually validated are more likely to gen-
eralize across populations and clinical conditions.

These desiderata lead to new challenges for the clinical
speech analytics community to address. This will not preclude
use of state-of-the-art models in the development of clinical
speech analytics, but will challenge us to use such models cre-
atively when there is a dearth of clinical data. For example, deep
learning models trained using only healthy speech can be val-
idated and then used to assess the fidelity of consonant-vowel
transitions or hypernasality in clinical populations [30, 31, 32].
As the scale of clinical data grows, so can the complexity of the
models brought to bear on the problem.
Changing how we think about model validation: The cur-
rent approach to model validation tends to be superficial; most
papers only report on “model accuracy” estimated using cross-
validation. As we see in this work, this metric can be easily
mis-estimated, especially in the small sample-size regime. Su-
pervised models, especially those based on deep learning, are
susceptible to perturbations in the input [33]. That is, small
changes in the input features (even if they are imperceptible)
can change the output of a pre-trained network. This is prob-
lematic for speech features since there is considerable evidence
that commonly used features for clinical applications are highly
variable day-to-day [25]. So, accuracy estimates of models built
using features from day one no longer hold on day two. Open-
source models that can be evaluated by other teams for repro-
ducibility on different databases can help mitigate this problem.

A recently-proposed framework for validation of biomet-
ric monitoring technologies provides a way forward [34]. The
framework proposes three levels of evaluation: Verification of
hardware, analytical Validation, and clinical Validation (V3).
Verification evaluates the fidelity of the raw sample data pro-
duced by the sensor technology used to acquire it in the envi-
ronment in which it is to be used. Analytical validation evalu-
ates the performance of the algorithms that process the raw sen-
sor data to produce physiological or behavioral metrics. Clini-
cal validation demonstrates that models track with a clinically-
relevant ground truth or a clinically accepted measure.

Clinical speech analytics researchers tend to skip verifica-
tion and analytical validation steps in favor of aiming to di-
rectly evaluate the clinical validity of their model. However,
we posit that this is limiting as the intermediate validation steps
can help better characterize the underlying features. Note that
the analytical validation step is agnostic to the underlying clini-
cal condition; rather, it focuses on estimating a behavioral mea-
sure of interest. For example, speaking rate and articulatory
precision are impacted across many conditions [4, 35]. Hav-
ing a tool that is validated at the behavior-measurement level
will allow researchers to use it as a feature across many con-
ditions for model-building. Applying this level of validation
to the new pipeline proposed in the previous section will result
in a reusable framework for discovering and translating speech
analytics across the clinical landscape.

5. Conclusions
Our results show that reported accuracy in the clinical speech
analytics literature declines as a function of increasing sample
size, with small sample size studies yielding an overoptimistic
estimate of model accuracy. This is inconsistent with the theo-
retical and empirical observations of learning curves in machine
learning. We explain the overoptimism as a result of publication
bias and overfitting and suggest several mitigation strategies.
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Bulletin de la Société Anatomique, vol. 6, pp. 330–357, 1861.

[30] V. Mathad, J. Liss, K. Chapman, N. Scherer, and V. Berisha,
“Consonant-vowel transition models based on deep learn-
ing for objective evaluation of articulation,” arXiv preprint
arXiv:2203.10054, 2022.

[31] M. Saxon, J. Liss, and V. Berisha, “Objective measures of plosive
nasalization in hypernasal speech,” in ICASSP 2019-2019 IEEE
International Conference on Acoustics, Speech and Signal Pro-
cessing (ICASSP). IEEE, 2019, pp. 6520–6524.

[32] V. C. Mathad, N. Scherer, K. Chapman, J. M. Liss, and V. Berisha,
“A deep learning algorithm for objective assessment of hyper-
nasality in children with cleft palate,” IEEE Transactions on
Biomedical Engineering, vol. 68, no. 10, pp. 2986–2996, 2021.

[33] Y. Qin, N. Carlini, G. Cottrell, I. Goodfellow, and C. Raffel, “Im-
perceptible, robust, and targeted adversarial examples for auto-
matic speech recognition,” in International conference on ma-
chine learning. PMLR, 2019, pp. 5231–5240.

[34] J. C. Goldsack, A. Coravos, J. P. Bakker, B. Bent, A. V. Dowling,
C. Fitzer-Attas, A. Godfrey, J. G. Godino, N. Gujar, E. Izmailova
et al., “Verification, analytical validation, and clinical validation
(v3): the foundation of determining fit-for-purpose for biometric
monitoring technologies (biomets),” NPJ digital medicine, vol. 3,
no. 1, pp. 1–15, 2020.

[35] V. Berisha, J. Liss, T. Huston, A. Wisler, Y. Jiao, and J. Eig,
“Float like a butterfly sting like a bee: Changes in speech preceded
parkinsonism diagnosis for muhammad ali.” in INTERSPEECH,
2017, pp. 1809–1813.

2457


