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Abstract

Accurate sample classification using transcriptomics data is crucial for advancing personalized medicine. Achieving this goal neces-
sitates determining a suitable sample size that ensures adequate classification accuracy without undue resource allocation. Current
sample size calculation methods rely on assumptions and algorithms that may not align with supervised machine learning techniques
for sample classification. Addressing this critical methodological gap, we present a novel computational approach that establishes
the accuracy-versus-sample size relationship by employing a data augmentation strategy followed by fitting a learning curve. We
comprehensively evaluated its performance for microRNA and RNA sequencing data, considering diverse data characteristics and
algorithm configurations, based on a spectrum of evaluation metrics. To foster accessibility and reproducibility, the Python and R code
for implementing our approach is available on GitHub. Its deployment will significantly facilitate the adoption of machine learning in
transcriptomics studies and accelerate their translation into clinically useful classifiers for personalized treatment.
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Introduction

Accurate sample classification using transcriptomic sequencing
data is pivotal for guiding personalized treatment decisions [1-6].
The success of such endeavors depends on the selection of an
appropriate sample size, to achieve adequate statistical power
while avoiding undue resource allocation or ethical concerns
[7-12]. Various sample size calculation methods are available to
identify differentially expressed markers [13-19]. These methods
establish connections between the required sample size, the
desired power, and the projected effect size within a hypothesis-
testing framework, employing either closed-form formulae
derived from statistical tests [13-16] or in silico simulations based
on parametric distributions [17-19]. When the study goal shifts to
developing a multimarker classifier, fewer sample size calculation
methods are available. They were primarily developed for
microarray data and, in principle, can be adapted for sequencing
data [20-24]. These methods establish relationships between the
required sample size and the desired classification accuracy,
through either formulae derived from parametric distributions
[20-22] or simulations via subsampling [23, 24]. However, none of
these methods are compatible with modern supervised machine
learning techniques, as these techniques eschew parametric
distribution assumptions and require a substantial number of

samples, making subsampling infeasible [25-28]. Consequently,
there is a pressing need to develop sample size calculation
methods compatible with machine learning in classification
studies using transcriptomic sequencing data.

We developed a new computational approach to fill this
methodology gap. Our approach entails two stages: first, syn-
thesizing realistically distributed transcriptomic sequencing data
without relying on a predefined formula, and second, determining
a suitable sample size based on the synthesized data across a
range of sample sizes. Specifically, we (i) build data augmentation
tools that harness the power of deep generative models (DGMs),
which will be trained on available pilot data and subsequently
used to generate data for any desired number of samples [29-31]
and (ii) ascertain a suitable sample size by fitting the inverse
power law function (IPLF) with augmented data across different
sample sizes and their respective classification accuracies using
a machine learning technique [32, 33] (Fig. 1). We name our
algorithm for the first stage SyYNG-BTS (pronounced “sing-beats”),
representing Synthesis of Next-Generation Bulk Transcriptomic
Sequencing, and the algorithm for the second stage SyntheSize.

DGMs are designed to simulate data resembling real-world
observations, which can be especially useful when acquiring real
data is challenging [34-37]. DGMs initially received acclaim for
augmenting imaging data [34] and recently achieved successes in
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Figure 1. Schema of SyNG-BTS and SyntheSize algorithms along with their respective validation. (A) SyNG-BTS algorithm. A pilot dataset, denoted as x,
undergoes offline augmentation to transform into Xea, which subsequently serves as the input for a DGM, leading to augmentation to Xaug. (B) SyNG-
BTS validation. Pilot datasets are generated by randomly sampling from a dataset in TCGA and are subsequently inputted into SyNG-BTS to generate
augmented data with the matching sample size of the source TCGA dataset, enabling a comprehensive comparison of the empirical data and the
augmented data using various evaluation criteria. (C) SyntheSize algorithm. It determines the sample size for machine learning (ML), such as support
vector machine (SVM), in four steps: (I) a pilot dataset is augmented with SyNG-BTS and sampled to generate datasets with a range of sample sizes; (II)
each augmented dataset is used to train a classifier with a chosen ML technique (such as SVM) and assess its accuracy; (III) the estimated accuracies for
various sample sizes are fitted to a learning curve using the IPLF; and (IV) utilizing the fitted curve, the prediction accuracy is projected for any desired
sample size. (D) SyntheSize validation. ML is used to classify the samples in the TCGA breast cancer study to two subtypes, IDC and ILC. Data are split
to two portions: one is used to supply pilot data and derive the IPLF curve with SyntheSize, and the other is to provide empirical datasets of various
sample sizes via subsampling to construct another IPLF curve for comparison with the SyntheSize-derived IPLF curve.

single cell sequencing [35-37]. Several families of DGMs are pop-
ularly used for data augmentation, including variational autoen-
coders (VAEs), generative adversarial networks (GANs), and flow-
based generative models [38-41]. When employing these models
to simulate bulk tissue transcriptomic sequencing, a challenge
arises due to the typically modest sample size of the training data,
as its randomness after online augmentation (i.e. augmentation
by DGMs in real-time) may have a strong impact on the training

process. To address this issue, we opt for offline augmentation,
which generates and stores augmented copies of the original
data before training, ensuring a more consistent set of gener-
ated samples and fostering more stable learning dynamics. We
will utilize an autoencoder (AE) for offline augmentation when
dealing with a relatively modest number of markers, such as
in microRNA sequencing (miRNA-seq) [42-45]. AEs are designed
for reconstructing the input data rather than generating new



samples. In the case of RNA sequencing (RNA-seq), where the
number of markers is substantial, we will employ Gaussian white
noise addition [46, 47]. It introduces noise generated from a Gaus-
sian distribution to the pilot data and iterates this procedure
multiple times. The resulting datasets are aggregated to expand
the sample size of the original pilot data.

IPLFs are utilized to represent learning curves that depict the
relationship between a classifier's accuracy and the training
data’s sample size [32, 33]. The term “learning curve” is often
used to portray the learning trajectory, illustrating how a learner’s
performance improves with experience and practice [33]. In the
realm of machine learning, a learning curve refers to a graphical
representation or a mathematical function that illustrates how
a learning model’s performance improves with an increasing
amount of training data. Such curves establish a connection
between the prediction accuracy for a learning technique and
the sample size of the training dataset. More specifically, these
curves typically adhere to the IPLF, displaying three distinct
and sequential phases characterized by (i) rapid performance
enhancement, (ii) gradual progress, and (iii) eventual plateauing.
The IPLF defines these phases with three parameters: the learning
rate, decay rate, and minimum achievable error rate. This inverse-
power-law “learning” behavior appears to be widespread and has
been observed in diverse prediction contexts [48]. It has been
utilized for sample size determination in sample classification
with microarray data, initially in an unweighted manner by
Mukherjee et al. (2003) [23] and subsequently refined by Figueroa
et al. (2012) [24] using a weighted strategy to favor larger sample
sizes in model fitting. Here, we employ the method introduced
by Figueroa et al. (2012) [24] in conjunction with our data
augmentation algorithm to relate a learning technique’s accuracy
to the sample size of transcriptomic sequencing data that is
synthesized via data augmentation.

In this article, we present a comprehensive workflow that lever-
ages the SyNG-BTS algorithm and evaluate its performance in
augmenting both miRNA-seq and RNA-seq data. Our investigation
delves into critical nuances in algorithm specifications, including
model choice, hyperparameter tuning, and offline augmentation,
alongside key pilot data characteristics, such as sample size,
marker filtering, and data normalization. Performance evaluation
is grounded in pilot data sourced from The Cancer Genome Atlas
(TCGA), which also serves as reference data for comparison with
the augmented data [49-55]. We utilize a spectrum of evaluation
metrics, including marker-specific summaries, sample clustering,
between-marker correlations, and differential expression analysis
[56-60]. Furthermore, we extend this workflow to integrate the
SyNG-BTS algorithm and the SyntheSize algorithm and assess its
performance in post-hoc sample size calculation for TCGA studies.
We apply this extended workflow to calculate the sample size
for developing predictors of immunotherapy response in a study
of advanced clear cell renal carcinoma [61], providing insights
into study design using machine learning for immunotherapy
outcome prediction. This novel workflow effectively bridges a
methodological gap, addressing a critical challenge in the design
of transcriptomic sequencing studies using machine learning.
Their deployment promises to significantly enhance the likeli-
hood of deriving valuable outcome predictors for personalized
treatment of patients.

Methods

Due to space limitations, an overview of the SyNG-BTS and Syn-
theSize algorithms, along with their performance evaluation and
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data application, is provided here. Full details are available in the
Supplementary Methods.

Overview of SyNG-BTS

The objective of SyNG-BTS is to train DGMs on a pilot set of
bulk transcriptomic sequencing data and subsequently gener-
ate data for any number of samples using the trained model
(Fig. 1A). Algorithmically, the training of SyNG-BTS involves two
main steps, with the first being optional depending on the pilot
data characteristics: (i) offline data augmentation using either an
AE head or a Gaussian head and (ii) online data augmentation
using VAEs, GANs, or flow-based generative models. We also
explored their variants, such as conditional VAE (CVAE), Wasser-
stein GAN (WGAN), WGAN with gradient penalty (WGANGP),
masked autoregressive flow (MAF), generative flow with invertible
1x1 convolutions (Glow), and real-valued nonvolume preserving
(RealNVP) [29, 30, 62-67]. For all models and their variants, we
evaluated values for two shared hyperparameters: the number of
learning epochs and the size of learning batches, along with an
additional hyperparameter specific to VAE and CVAE [68, 69].

Performance evaluation of SyNG-BTS

We evaluated the performance of SyNG-BTS using data from four
TCGA datasets studying skin cutaneous melanoma (SKCM), acute
myeloid leukemia (LAML), breast invasive carcinoma (BRCA), and
prostate adenocarcinoma (PRAD). These datasets served a dual
purpose: (i) acting as sources for subsampling to generate pilot
datasets and (ii) serving as reference datasets for assessing the
augmented data quality (Fig. 1B). To determine the quality of the
augmented data, we assessed its congruence with the reference
empirical data using five key metrics. These metrics, detailed
in the Supplementary Methods, collectively captured marker-
specific, inter-marker, and inter-sample data characteristics in
both one-group and two-group settings. For miRNA-seq data aug-
mentation, we examined all four TCGA datasets in the one-group
setting, presenting the results for SKCM in the main text and that
for the other three in the Supplementary Figures. In the two-group
setting, we used the combination of SKCM and LAML datasets
(referred to as SKCM/LAML) and the combination of BRCA and
PRAD datasets (referred to as BRCA/PRAD), with the results for the
latter presented in the Supplementary Figures. For RNA-seq data
augmentation, which needs larger pilot data than miRNA-seq due
to the considerably greater number of markers, we focused on the
BRCA and PRAD RNA-seq datasets for the one-group setting (with
the PRAD results presented in the Supplementary Figures) and the
BRCA/PRAD combination for the two-group setting.

Overview of SyntheSize

Our proposed approach for sample size determination using aug-
mented datasets is implemented in four main steps (Fig. 1C).

(I) Data augmentation. Select a set of candidate sample sizes
that are evenly distributed (denoted as n; for i = 1,...,m)
and generate data for each n; sample size using SyNG-BTS.

(II) Classifier training. Use each augmented dataset to train a
classifier with a chosen learning technique (such as support
vector machine) and assess its accuracy. Steps (I) and (II) can
be repeated for multiple augmented datasets of each sample
size n; to obtain multiple accuracy estimates, providing a
more stable average estimate.

(IlT) Learning curve fitting. Fit the estimated accuracies for all
candidate sample sizes to a learning curve using the IPLE.
Its parameters are estimated via a nonlinear weighted least
squares optimization, employing the nl2sol routine from the
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Port Library, as outlined by Figueroa et al. (2012) [24]. In
this optimization, the weight for the i-th sample size is i/m,
placing greater emphasis on larger sizes.

(IV) Sample size projection. Utilizing the fitted curve, the predic-
tion accuracy is projected for any desired sample size, which
applies the IPLF with the estimated parameters. In particular,
the fitted curve can be used to extrapolate the accuracy level
for a larger sample size than ny,.

Performance evaluation of SyntheSize

For illustration and evaluation purposes, we applied SyntheSize
for post-hoc sample size evaluation in the TCGA BRCA study to
classify its two subtypes, invasive ductal carcinoma (IDC) versus
invasive lobular carcinoma (ILC), using both miRNA-seq and RNA-
seq data. More specifically, we initially reserved 100 IDC and 100
ILC samples as an independent validation set, which would be
utilized to estimate the de facto IPLF of classification accuracy.
The remaining samples were then employed to draw pilot data
for SyNG-BTS as part of the SyntheSize algorithm. We consid-
ered three commonly used classifiers: support vector machine, k-
nearest neighbors with k =20, and XGBoost. We trained classifiers
using generated samples (across a range of candidate sample
sizes) and using real samples (over the same candidate sample
size range) from the independent validation set. The accuracies
of the classifiers at each candidate sample size were utilized to
fit the IPLF. Subsequently, the fitted functions derived from gener-
ated samples were compared with those from real samples. This
analysis provides insights into the effectiveness and reliability of
the SyntheSize algorithm for determining sample size in super-
vised machine learning with transcriptomic sequencing data.

Application of SyntheSize to an immunotherapy
study

To further illustrate, we utilized SyntheSize for sample size
assessment in predicting patient response to a PD-1 inhibitor,
nivolumab, with RNA-seq in advanced clear cell renal cell
carcinoma. The objective was to build a classifier with RNA-
seq data to distinguish two clinical response groups according
to RECIST 1.1: complete or partial response (CR/PR) versus stable
or progressive disease (PD/SD), as outlined in the original paper.
Pilot data came from a recent study of advanced clear cell renal
cell carcinoma involving 152 patients (39 CR/PRs and 113 PD/SDs),
all treated with nivolumab and with available RNA-seq data [61].

Results

SyNG-BTS successfully augmented one-group
miRNA data

We conducted a comprehensive evaluation of various facets of
the augmented data, encompassing marker-specific summary
statistics (mean, variation, and sparsity), inter-marker relation-
ships (particularly partial correlation among miRNAs belonging
to the same polycistronic clusters), and inter-sample relation-
ships (assessed by clustering the augmented data from SyNG-
BTS with the empirical data from TCGA), across the four TCGA
studies (Fig. 2; Supplementary Figs S1-S4). In general, the aug-
mented data exhibited high comparability with the empirical
data when suitable DGMs and reasonable pilot data sample sizes
were utilized, with the latter depending on the specific DGM. The
degree of comparability was further influenced by the interplay of
pilot data characteristics and algorithm configurations. Detailed
results are presented below in the context of the TCGA SKCM
study (Fig. 2; Fig. S1), with similar observations noted in the other
three TCGA studies (Figs S2-54).

Model choice played a crucial role in the augmented data
quality (Fig.2). Among the DGMs examined, VAE (specifically
with the ratio between reconstruction loss and Kullback-Leibler
divergence being 1:10, shorthanded as VAE1-10) and flow-models
(especially MAF) emerged as the top performers across all evalu-
ation metrics (Fig. 2A-D). Compared with VAEs, MAF better pre-
served the proportions of expressed markers (i.e. markers with
nonzero reads in at least one sample) (Fig. 2C and D). Further-
more, VAE1-10 excelled in scenarios favoring deep training, typ-
ically with a fixed number of epochs or a small batch size, while
MAF showed relative insensitivity to batch size and performed
well with early stopping (Fig. 2E and F). Among the GAN-based
models, WGANGP outperformed GAN and WGAN across most of
the evaluation metrics especially for marker-specific means and
sample clustering (Fig. 2A-D). It also showed overall insensitivity
to batch sizes and epoch strategies although occasionally favored
early stopping (Fig. 2E and F).

The pilot data characteristic with the most significant impact
was sample size (Fig.2). Increasing the pilot data sample size
considerably improved data congruence for VAEs and flow-based
models, as evidenced by enhancements across the evaluation
metrics (Fig. 2A-D). Take VAE1-10 as an example, as the pilot
data sample size increased from 20 to 100, the similarity of
marker-specific means and standard deviations greatly improved,
nearly halving the median absolute deviation between the aug-
mented data and empirical data (Fig. 2A and B); the mixing of the
two data sources upon clustering sharply enhanced, raising the
complimentary Adjusted Rand Index (cARI) from about 0.55 to
nearly 1; the concordance of inter-marker correlations gradually
increased, with the correlation coefficient rising from 0.73 to 0.80
(Fig. 2C). On the other hand, the GAN family performed poorly
across all pilot data sample sizes, especially in terms of marker-
specific summary statistics (Fig. 2A and B). Hence, a reasonable
sample size (40 or more for VAE1-10 and 60 or more for MAF)
proved effective for model training, a phenomenon particularly
pronounced for high-performing models like VAEs and flow-based
models.

In addition to the pilot data sample size, we evaluated the
impact of marker filtering (Fig. 2B versus Fig. 2A, Fig. 2D versus
Fig. 2C, and Fig. 2E-H versus Fig. S1) and sequencing depth nor-
malization (Fig. 2G and Fig. S1C) for pilot data on the efficacy of
model training. The effectiveness of marker filtering (i.e. remov-
ing markers with consistently low expression across samples)
was evident, leading to a substantial enhancements in both the
nonzero marker proportions (with its difference between the aug-
mented data and empirical data decreasing from ~25% to ~5%
for VAE1-10 and from ~15% to 0% for MAF) and the mixing of
samples from the two data sources (with the cARI increasing
from about 0.55 to 0.95 for VAE1-10 using 40 pilot samples and
from around 0.92 to 0.99 for MAF using 60 pilot samples). Its
impact on the inter-marker correlation metric varied depending
on the model, with notable improvements for flow-based mod-
els. The use of depth normalization may or may not improve
data congruence in the one-group setting. Although trimmed
mean of M-values (TMM) and total-count normalization out-
performed upper-quartile normalization, they were found to be
roughly equivalent or slightly inferior to no normalization.

We further evaluated the impact of offline augmentation on
model training (Fig. 2H). Offline augmentation via AE reconstruc-
tion proved effective in facilitating the training process, resulting
in further enhancement even for the top-performing models like
VAE1-10 and MAF. However, it did not improve the performance
of GAN models, underscoring the challenges of training GANs in
this context.
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Figure 2. SyNG-BTS evaluation for microRNA-seq in the one-group setting, using pilot data from the TCGA SKCM study without marker filtering (Panels
A and C) and with marker filtering (Panels B and D-H). (A) Median absolute deviations (MADs) in marker-specific summary statistics (mean, standard
deviation, and sparsity, defined as the percentage of zeros) between the SyNG-BTS augmented data and the empirical data are calculated as the pilot
data sample size increases from 20 to 100. The MAD values are color-coded, with extremely large values represented as “>6". Smaller MADs indicate
better congruency between the augmented data and the empirical data. Each sub-panel column represents one of the three generative model families,
and each row within a sub-panel corresponds to a specific model variant, as indicated on the left of each sub-panel. VAE1-10, MAF, and WGANGP
consistently exhibit the smallest MAD values in their respective model families. (B) MADs in marker-specific statistics between the augmented data and
the empirical data are evaluated when marker filtering is applied to pilot data. (C) Additional evaluation metrics, encompassing (i) the percentage
of markers with non-zero counts in at least one sample (indicated as 1 — Pct(0-markers)), (ii) the agreement of sample clusters and data sources
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SyNG-BTS successfully augmented two-group
miRNA data

For the two-group setting, we replaced VAEs with CVAEs and
excluded the GAN models due to their poor performance in the
one-group setting. Detailed results are presented below for the
TCGA SKCM/LAML study with marker filtering (Fig. 3; Fig. S5).
Similar observations were noted for this study without marker
filtering (Fig. S6) and for the BRCA/PRAD study (Fig. S7).

The performance of SyNG-BTS remained consistently strong
in the two-group setting (Fig. 3; Fig. S5). Specifically, MAF once
again emerged as the top performer, closely followed by CVAE1-
10 (Fig. 3A and B; Fig. S5A). Their performance was influenced by
pilot data sample size (Fig. 3A and B; Fig. S5A), marker filtering
(Fig. 3 and Fig. S5 versus Fig. S6), offline augmentation (Fig. S5B),
and hyperparameter tuning (Fig. S5C and D), similar to the one-
group setting. Additionally, MAF consistently yielded superior
results in terms of differential expression analysis, as indicated by
the concordance correlation coefficients of P-values (Fig. 3A, third
row) and group mean differences (Fig. 3A, fourth row). Notably,
depth normalization, particularly with total count or TMM, proved
to be more influential than in the one-group setting (Fig. 3B). It
played a noticeable role in facilitating model training, especially
for CVAE1-10, particularly for the inter-marker correlation metric
and the two metrics related to differential expression analysis.
The uniform manifold approximation and projection (UMAP) plot
further affirmed the quality of the generated samples, display-
ing distinct separation by sample types without differentiation
according to data sources, even with the runner-up generative
model CVAE1-10 (Fig. 3C).

SyNG-BTS successfully augmented RNA data

For RNA-seq data augmentation, we focused on the better per-
forming model variant for each DGM model based on the miRNA
results, namely VAE, MAF, and WGANGP. Considering the sub-
stantial number of markers (60660) in RNA-seq data, we adjusted
the loss ratio of VAE and CVAE to 1:100 (shorthanded as VAE1-
100 and CVAE1-100, respectively) and expanded the range of pilot
data sample sizes to 50-250. Moreover, we excluded markers with
both low mean and low variability across samples, reducing the
number of markers to 1099 for the TCGA BRCA data and 1279
for the BRCA/PRAD data (see details in Supplementary Methods
Table S1).

In the one-group setting, the performance of SyNG-BTS for
RNA-seq aligned well with that for miRNA-seq (Fig. 4A-C; Fig. S8).

MATF performed the best for both marker-specific characteristics
(Fig. 4A) and sample clustering (Fig. 4B), closely followed by VAE1-
100. Like miRNA-seq, depth normalization had little impact on
RNA-seq data augmentation in the one-group setting (Fig. 4C).

In the two-group setting, the performance of SyNG-BTS was
again consistent with that for miRNA-seq (Fig. 4D-G; Fig. S9). MAF
initially exhibited inferior performance to CVAE when the pilot
data sample size was 50 but significantly improved as the sample
size increased toward 250 (Fig. 4D and E). In particular, when the
pilot data size exceeded 50, MAF demonstrated exceptional effec-
tiveness in identifying differentially expressed markers between
two sample types, achieving nearly perfect agreement with the
empirical data in terms of the P-values and fold-changes (Fig. 4E).
Both models were highly effective in sample clustering, with the
identified clusters showing strong alignment with sample groups
rather than data sources (Fig. 4E-G). The impact of depth normal-
ization is mixed, with total-count and TMM facilitating smoother
improvement over pilot data sample size for MAF (Fig. 4F).

For offline augmentation, the AE reconstruction approach
faced challenges due toits complexity and the need for a relatively
moderate marker-to-sample-size ratio in the pilot data (results
not shown), while Gaussian noise addition proved to be more
effective (Fig. 4B and E). We used the latter for RNA-seq data
offline augmentation by combining an initial pilot dataset with
nine noise-added datasets created by introducing Gaussian noise
(see details in Supplementary Methods). This approach reduced
variability in all evaluation metrics, thereby improving the quality
of the augmented data, especially in the two-group setting
(Fig. 4E). Unsurprisingly, the influence of offline augmentation
was particularly marked when dealing with small pilot data sizes,
with MAF reaping significant benefits in such instances.

Transfer learning enhanced the performance of
SyNG-BTS

To examine the potential of transfer learning as a pretraining
strategy for improving the performance of generative models, we
pretrained VAEs with a loss ratio of 1:10 for miRNA-seq and 1:100
for RNA-seq, using datasets from one TCGA study or multiple
studies combined (called the pretraining dataset) [70, 71]. The
trained models were then used for model training with pilot
datasets drawn from a different and intended TCGA study. As
shown in Fig. 5, model training saw enhancement across all eval-
uated pilot data sizes. For miRNA-seq, the enhancement was par-
ticularly evident in the improvement of inter-marker relationship

when clustering a combined dataset of both generated and real samples, measured by the complementary adjusted Rand index (cARI), and (iii) the
degree of correlation among member microRNAs belonging to the same polycistronic clusters, quantified by the concordance correlation coefficient of
partial correlation coefficients (CCCPCC), are calculated across various pilot data sample sizes. Proximity of values for 1 — Pct(0-markers) to its level in
the empirical data (indicated with a horizontal dashed line), along with elevated values of cARI and CCCPCC, signify improved congruency between the
augmented data and the empirical data. Flow-based models exhibit smaller nonzero marker proportions than the empirical data, as they are above
the dashed line; VAEs tend to generate approximately 50% of markers with zero counts in all samples, while GANs show the highest proportion of
zero-count markers. In general, VAE and flow-based models outperform GAN models, with VAE1-10, MAF, and WGANGP emerging as the top performers
in their respective model families. (D) The same additional evaluation metrics, including 1 - Pct(0-markers), cARI, and CCCPCC, are computed when
marker filtering is applied to pilot data. (E) Evaluation metrics, including 1 — Pct(0-markers), cARI, and CCCPCC, are presented for the best performing
variant in each generative model family, using two different training batch sizes (indicated by colors). VAE1-10 tends to be most sensitive to batch
size, showing better performance for smaller batch sizes (i.e., deep training), while MAF and WGANGP tend to be insensitive. (F) Evaluation metrics,
including 1 — Pct(0-markers), cARI, and CCCPCC, are presented for the best performing variant in each generative model family, using two different
epoch strategies (indicated by colors). VAE1-10 prefers fixed epochs, while MAF already performs well with early stopping. (G) Evaluation metrics,
including 1 — Pct(0-markers), cARI, and CCCPCC, are presented for the best performing variant in each generative model family, using three different
depth normalization methods (indicated by colors): total count (TC), trimmed mean of M-values (TMM), and upper quartile (UQ), in comparison with
no normalization (None) for pilot data. It is noteworthy that depth normalization has minimum impact on the generative model performance in this
context. (H) Evaluation metrics, including 1 - Pct(0-markers), cARI, and CCCPCC, are presented with or without the use of offline augmentation via
AE head (indicated by colors). It is evident that offline augmentation consistently improves the performance of all three generative models across
evaluation metrics in terms of both the average value and variability. Unless stated otherwise, Panels A-G employ no offline augmentation, no depth
normalization, a 10% batch fraction, a fixed epoch strategy for VAEs and GANs, and an early stopping strategy for flow-based models.
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Figure 3. SyNG-BTS evaluation for microRNA-seq in the two-group setting, using pilot data from the combination of the TCGA SKCM and LAML studies
with marker filtering. (A) Evaluation metrics assessing the congruence between the augmented data and the empirical data, including (i) 1 - Pct(0-

markers); (ii) the agreement of sample clusters and sample types when clustering a combined dataset of both generated and real samples, measured by

the adjusted Rand index (indicated as ARI); (iii) concordant correlation coefficient of P-values from differential expression analysis on the -log10 scale
[indicated as CCC of -log10 (P-value)]; (iv) concordant correlation coefficient of log2 fold change from differential expression analysis (indicated as CCC
of log2FC); and (v) CCCPCC are calculated for various generative models as the pilot data sample size increases from 20 to 100 per sample group. (B) The
same evaluation metrics for data congruence are calculated using three different depth normalization methods (indicated by colors) in comparison with
no normalization. (C) The UMAP representation for the generated samples (by CVAE1-10) and the real samples, with the data source and the sample

type indicated by colors.
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the data source and the sample type indicated by colors.

(Fig. 5A, third row). Conversely, for RNA-seq, the enhancement
was more remarkable in preserving the proportion of expressed
markers (Fig. 5B, first row). While technically any dataset with
the same set of markers can be used for pretraining, our findings
highlighted the importance of the pretraining data having charac-
teristics comparable to the pilot data (Fig. SA, left column). Addi-
tionally, a larger pretraining dataset, such as the combination of
TCGA PRAD, LAML, and SKCM data, led to greater enhancements
compared to using the TCGA PRAD data alone, when augmenting
pilot datasets drawn from the TCGA BRCA study (Fig. 5A, right
column). These results underscored the value of incorporating
transfer learning in transcriptomic data augmentation to leverage
distributionally comparable and well-sized pretraining data.

SyntheSize successfully determined the sample
size for miRNA studies

For demonstration purposes, we applied the SyntheSize approach
for (post-hoc) sample size evaluation using the TCGA BRCA
miRNA-seq data, which includes two subtypes: IDC and ILC

(Figs 1D and 6A). A subset of the TCGA BRCA miRNA-seq data (100
samples per subtype) was reserved as an independent validation
set, utilized to provide a de facto assessment of the relationship
between prediction accuracy and sample size. The remaining
samples were then used as the input pilot data for SyNG-BTS as
part of the SyntheSize algorithm. We computed accuracies for
three learning techniques — support vector machine, k-nearest
neighbors, and XGBoost - in classifying the two BRCA subtypes.
The estimated accuracies fitted well with an IPLF curve, which
began to plateau when the sample size reached about 50 per
subtype, suggesting limited value in adding more samples (Fig. 6A,
right column). Additionally, we obtained datasets with varying
sample sizes by subsampling the validation set (up to 100 samples
per subtype), assessed classification accuracies in these datasets,
and fitted IPLF curves for the same three learning techniques
(Fig. 6A, left column). The curves fitted to the empirical datasets
closely mirrored those based on the augmented datasets,
providing additional validation for the effectiveness of our
proposed approach for sample size determination.
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Figure 5. Evaluation of transfer learning for enhancing model training in SyNG-BTS using microRNA-seq data (Panel A) and RNA-seq data (Panel B)
with marker filtering. (A) Evaluation metrics on the congruence of the augmented data and the empirical data, including 1 - Pct(0-markers), cARI,
and CCCPCC, are calculated when pilot data are drawn from the TCGA SKCM microRNA-seq study and models are pretrained using the TCGA LAML
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of sub-panels). (B) Evaluation metrics for data congruence, including 1 — Pct(0-markers) and cARI, are calculated when pilot data are drawn from the
TCGA BRCA RNA-seq study and the models are pretrained using the TCGA PRAD study (left column of sub-panels), and when pilot data are drawn from
the TCGA PRAD RNA-seq study and the models are pretrained using the TCGA BRCA study (right column of sub-panels).

SyntheSize successfully determined the sample
size for RNA studies

Subsequently, we assessed SyntheSize using the TCGA BRCA RNA-
seq data, similar to the assessment with the miRNA-seq data
(Fig. 6B). Although exhibiting slightly inferior performance com-
pared to its efficacy for miRNA-seq, SyntheSize provided a sat-
isfactory sample size estimation for RNA-seq. This is evident
from the proximity observed between the predicted accuracies
using the augmented data and that derived from the empirical
validation data.

For further illustration, we showcased SyntheSize in deter-
mining the sample size needed for building a predictor of
immunotherapy response (CR/PR versus PD/SD), sourcing pilot
RNA-seq data from a recent clinical study involving a PD-1
inhibitor, nivolumab, in patients with advanced clear cell renal
cell carcinoma [61]. The real and generated samples had a
high degree of similarity as revealed in the UMAP (Fig. S10).
The accuracies of the three learning techniques again closely
aligned with the IPLF model (Fig. 6C). The curves plateaued,
indicating that their near-optimal accuracies were achieved,
when the sample size reached about 200 samples per response
group. Among the three techniques, k-nearest neighbors exhibited
a noticeably smoother fit to the IPLF curve, albeit with a
much higher sensitivity to the sample size as its performance
floundered at low sample sizes, compared to support vector
machine and XGBoost (Fig. 6C).

Discussion

Our proposed SyntheSize approach adeptly estimates the
required sample size for machine learning with bulk tran-
scriptomic sequencing data, harnessing the power of DGMs via

the SyNG-BTS algorithm to augment available pilot data. The
consistent and reliable performance of SyntheSize, demonstrated
in both miRNA-seq and RNA-seq, highlights its versatility and
effectiveness in informing experimental design for transcrip-
tomics studies using machine learning.

For illustrative purposes, we evaluated sample size for the
TCGA BRCA study using the method developed by Dobbin and
Simon (2007) [20], which is implemented in the R package
MKpower. The estimated sample size varied significantly based
on the tolerance parameter, ranging from approximately 6000
samples for a 1% tolerance to just four samples for a 5% tolerance.
These estimates diverged greatly from the empirical sample
size observed in our data, underscoring the limitations of such
methods. This comparison supports the necessity and advantage
of our proposed SyntheSize method.

We acknowledge that obtaining pilot data of reasonable size
and good quality can be challenging, but it is necessary to avoid
making parametric distribution assumptions or relying on a sub-
stantial empirical dataset for subsampling. Ideally, users should
source their own pilot data that mirrors real-world data charac-
teristics in the intended biomedical problem context. For the large
dataset to be collected, for which the sample size is assessed,
obtaining a pilot dataset of 40 to 60 samples is worthwhile. If
this is not possible, users can turn to publicly available data. For
instance, the TCGA offers high-quality transcriptomic sequencing
data for 30 plus cancer types, each with hundreds of samples.

Through a comprehensive evaluation of SyNG-BTS in diverse
settings, we have demonstrated the successful training of genera-
tive models for bulk transcriptomic sequencing data. The efficacy
of these models is influenced by various factors related to the
pilot data, such as its sample size and marker number, as well as
specifications for the generative models, including model choice,
hyperparameter tuning, and the use of offline augmentation and
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Figure 6. Evaluation of SyntheSize on microRNA-seq data (Panel A) and RNA-seq data (Panel B) from the TCGA BRCA study, and application of SyntheSize
to RNA-seq data from a clinical study of nivolumab (Panel C). (A and B) Classifiers are constructed to distinguish the two breast cancer subtypes, IDC
and ILC, in the TCGA BRCA study using empirical data (left column in each panel) or the SyNG-BTS augmented data (right column in each panel) and
employing three machine learning techniques [top row in each panel: support vector machine (SVM); middle row: k-nearest neighbors (KNN); bottom
row: XGBoost (XGB)]. (C) Classifiers are built to predict patient response to nivolumab, CR/PR and PD/SD, using RNA-seq data from a published clinical
study as pilot data. In Panels A-C, classification accuracies are assessed for three learning techniques, including SVM, KNN, and XGB, across a range of
sample sizes. Specifically, classification accuracies estimated from empirical or augmented data are plotted as black dots, while their fitted IPLFs are
plotted as blue curves, projecting accuracies achieved at additional sample sizes indicated by red dots at the far right end of the fitted curves. The gray

bands represent the 95% confidence regions for the fitted IPLFs.

transfer learning. Generally, model training is more successful
when the pilot data maintains a reasonable marker-to-sample
size ratio. In cases where this ratio is excessively high, the incorpo-
ration of offline augmentation and transfer learning has proven
to be beneficial. The generative models need to be thoughtfully
selected and meticulously tuned. Among the models investigated,
MAF and VAE models consistently outperformed GAN models.

The runtime of the DGMs used in SyNG-BTS is an impor-
tant consideration for its overall utility. In practice, the time
required to train these models can vary based on data complexity,
model architecture, and available computational resources. Our
experiences found that the DGMs did not demand extensive
computational resources, primarily due to the simplicity of the
model structures employed and the modest size of the pilot
datasets involved. Specifically, when using any of the DGMs in
our studies, the runtime typically ranges between 1 and 5 min-
utes on a personal computer with 16GB of RAM and a 2.3 GHz
Quad-Core Intel Core i5 processor. This brief runtime indicates
the manageability of these models, affirming that even personal
computers, without parallel computing setups, are sufficient for
training and applying the DGMs. The low computational demands
significantly broaden the potential for using SyntheSize to design
transcriptomic sequencing studies, without necessitating high-
end computing infrastructure.

In summary, our study demonstrated the successful training
of generative models to augment bulk-tissue transcriptomic
sequencing data, enabling effective sample size determination

using augmented datasets and the IPLF model. These computa-
tional resources are poised to greatly facilitate the deployment
of supervised machine learning techniques in deriving effective
sample classifiers from biomedical transcriptomic data. These
contributions will significantly advance the development of
essential computational tools crucial for designing classification
studies with transcriptomic sequencing data, thereby accelerat-
ing their translation into clinically impactful predictors.

Key Points

e SyntheSize is a novel computational approach that
establishes the accuracy-versus-sample size relation-
ship for sample classification employing machine learn-
ing techniques.

e The performance of SyntheSize has been comprehen-
sively assessed for microRNA and RNA sequencing data,
considering diverse data characteristics and algorithm
configurations.

e The Python and R code for implementing SyntheSize is
available on GitHub.

Supplementary data

Supplementary data are available online at https://academic.oup.
com/bib.
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