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Marta del Pino b,c,e , Aureli Torné b,c,e, Katarzyna Darecka d, Lia Sisuashvili a,b,d,  
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A B S T R A C T

Transcriptomics generates promising data for personalized medicine, but its clinical utility is hindered by 
technical barriers associated with formalin-fixed, paraffin-embedded samples. Advances in automation and 
simplified workflows are key for integrating these technologies into routine care. We have developed HTGA
nalyzer, an R package that enables bulk transcriptomics analysis from multiple data sources, such as HTG 
EdgeSeq and RNA-seq. Designed with clinical and molecular diagnostics in mind, HTGAnalyzer includes a fully 
automatic pipeline that performs sample quality control, data normalization, and a set of transcriptomic and 
clinical analyses. Importantly, HTGAnalyzer provides quality control and analysis tailored for HTG data, filling 
the gap left by HTG closure with no alternative solutions. Designed for ease of use without knowledge of bio
informatics, it features a user-friendly Shiny app, standardized functions for easy Docker setup, and enhanced 
connectivity to clinical data management systems. It delivers a complete analytical workflow in less than 20 min 
on a standard PC (Intel i7-7500U, 16 GB RAM). We applied HTGAnalyzer to diverse datasets, including a new 
vulvar cancer cohort, and generated interpretable reports with rich visual outputs. In summary, HTGAnalyzer 
offers robust quality control and advanced analytics in a single, unified tool, supporting the clinical use of 
transcriptomics in precision medicine.

1. Introduction

In recent decades, studies have shown that gene expression profiles 
are associated with specific cancer subtypes and that RNA-seq analysis 
provides more precise diagnoses and targeted therapies [1]. Currently, 
transcriptomics is being increasingly explored as a complementary 
method to genomic testing for precision-based treatments and patient 
stratification [2–4]. Gene expression profiling, in combination with 
computational algorithms, can also be effectively used to characterize 
the complex cell composition of tissues. Understanding and quantifying 
the tumor microenvironment (TME) is crucial in immunotherapy, as it 

significantly influences tumor progression and response to treatment [5,
6]. For example, in melanoma, transcriptomic identification of different 
immune cell populations within the TME provides relevant prognostic 
and therapeutic data, including actionable immunotherapy targets [7]. 
To date, a few tools, which are primarily based on in-silico deconvolu
tion, have been developed for this purpose within the context of clinical 
investigation. While the in-silico approach of characterizing the TME can 
address some limitations of the traditional methods, such as immuno
histochemistry and flow cytometry, these methods are restricted to 
pre-defined cell populations and may not identify unknown or closely 
related phenotypes [8].
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Despite the promising potential benefits of incorporating tran
scriptomic data into clinical practice, there continues to be a significant 
gap due to the challenges of integrating precision medicine technologies 
[9]. A major limitation lies in the widespread use of formalin fixed and 
paraffin-embedded (FFPE) samples, which complicates RNA extraction 
and analysis due to nucleic acid fragmentation, covalent modifications, 
and cross-linking with proteins [10]. These chemical alterations, along 
with factors like time to fixation, fixation duration, and storage condi
tions, negatively affect RNA quality and reproducibility. RNA degrada
tion in FFPE samples tends to impact genes with short transcripts and 
high free energy, and introduces biases such as increased intronic reads 
and altered gene expression rankings [11]. While FFPE samples are 
valuable for retrospective studies, important questions remain about 
which extraction protocols yield high-quality RNA and how reliably 
these samples perform in downstream analyses [12]. Moreover, despite 
the low RNA concentrations measured in FFPE samples, successful po
lymerase chain reaction (PCR)-based sequencing is still feasible, high
lighting the importance of evaluating RNA integrity beyond 
concentration thresholds [13]. Nevertheless, recent developments sug
gest that FFPE tissue can also support robust single-cell transcriptomic 
profiling, revealing clinically relevant traits and cell diversity, despite 
some technical variability [14]. Additionally, the limited amount of 
tumor tissue available for sequencing, especially in lung or lymphoid 
malignancies, further complicates the utility of these samples.

In this context, HTG Molecular Diagnostics developed the HTG 
EdgeSeq system, a platform that allowed successful gene expression 
profiling of FFPE-stored tumor samples without RNA extraction, offering 
high sensitivity and specificity, reduced sample requirements, a 
simplified and automated workflow, and integration of data across 
molecular assays [15]. This platform has been successfully utilized in 
several studies profiling immune-related gene expression in bladder 
[16] and oral squamous cell carcinomas [17]. However, the recent 
bankruptcy of HTG Molecular Diagnostics has created a critical gap in 
the field. With the dissolution of the company, many analytical tools, 
including HTG EdgeSeq Reveal software, a web-based platform for 
sample quality control (QC) and bioinformatic analysis are no longer 
available [18]. Consequently, valuable transcriptomic data worldwide is 
at risk of remaining unanalyzed and unreported, hampering progress in 
research and clinical applications. Moreover, previous efforts to develop 
pipelines for HTG analysis have been hindered by the lack of trans
parency in the analytical tools and methods, jeopardizing proper data 
interpretation and validation [19].

Transcriptomic pipelines are often designed for standard RNA-seq 
data and are not optimized for chemistries such as those used in tar
geted sequencing platforms, which lack specific normalization strategies 
and quality control metrics [20,21]. This mismatch can compromise 
data comparability and downstream analyses, especially when repur
posing RNA-seq tools for platforms with fundamentally different work
flows. Nonetheless, emerging artificial intelligence (AI)-driven 
optimization frameworks offer promising solutions for analyzing com
plex, non-standard transcriptomic data. Nature-inspired algorithms like 
the Greylag Goose Optimization model [22] and various machine 
learning and deep learning approaches have shown strong performance 
in domains such as energy forecasting [23], disease surveillance [24], 
food consumption prediction [25], and agricultural disease modeling 
[26]. Despite their potential, these AI models face challenges in clinical 
implementation due to issues including interpretability, validation, and 
integration with existing healthcare systems, which still rely on 
expert-driven genomic and transcriptomic frameworks.

To address this critical need, we have developed the HTGAnalyzer R 
package, a novel open-source analytical tool that allows users to perform 
comprehensive analysis and visualization of various types of tran
scriptomic data (HTG Transcriptome Panel and bulk RNA-seq). This 
software expands the functionalities previously included in the HTG 
EdgeSeq Reveal software, including oncogenic pathway analysis, 
various TME methods, and survival analysis. We herein present the main 

features of the package and describe its application in a series of squa
mous cell carcinomas of the vulva, which includes examples of the two 
pathological types of this tumor: human papillomavirus (HPV)-associ
ated and HPV-independent. Additionally, validation with The Cancer 
Genome Atlas (TCGA) RNA-seq data confirmed the cross-platform 
robustness and utility of HTGAnalyzer.

2. Materials and methods

2.1. Patient data and tumor classification

This study used HTG sequencing results from FFPE samples of pri
mary vulvar squamous cell carcinoma (VSCC) from patients treated at 
the Hospital Clínic of Barcelona between 2010 and 2022. The main 
characteristics of the series have recently been reported elsewhere [27]. 
The study was approved by the investigational review board and Ethics 
Committee of the Hospital Clínic of Barcelona (reference 
HCB/2020/1198). Written informed consent was obtained from patients 
whenever possible, while consent was waived for others according to 
Spanish regulations.

Tumors were classified following the World Health Organization 
2020 classification [28] as HPV-associated or HPV-independent based 
on p16 immunohistochemistry (CINtec Histology anti-p16INK4a Kit, 
clone E6H4, Roche Diagnostics, Rotkreuz, Switzerland) and HPV-PCR 
testing (SPF10 PCR and LiPA25 system, Labo Biomedical Products, 
Rijswijk, The Netherlands), as previously described [27]. Tumors with 
positive staining for p16 and/or a positive testing result for high-risk 
HPV were classified as HPV-associated, whereas the categorization of 
a tumor as HPV-independent required a negative result by both tests.

2.2. HTG transcriptome panel

A total of 58 FFPE VSCC samples from 58 patients were analyzed 
using the HTG Transcriptome Panel. The panel contains 19,398 probes 
specific to human RNA transcripts and 218 control probes used for 
sample QC (4 positive control probes, 100 negative control probes, 22 
genomic DNA probes, and 92 external RNA control consortium (ERCC) 
probes). Briefly, lysates from samples were run on the HTG EdgeSeq 
Processor (HTG Molecular Diagnostics, Tucson, AZ, USA) following the 
manufacturer’s guidelines. Samples were individually barcoded using a 
16-cycle PCR reaction to add adapters and molecular barcodes, purified 
using AMPure XP beads (Beckman Coulter, Brea, CA, USA), and quan
tified using a KAPA Library Quantification kit (KAPA Biosystems, Wil
mington, MA, USA). Libraries were sequenced on the Illumina sequencer 
platform (Illumina, San Diego, CA, USA). HTG EdgeSeq Reveal software 
was used to assess the QC status of 50 of the 58 samples, while 8 samples 
could not undergo QC due to discontinuation of the software. The QC 
results of these 50 samples are shown in Table S1.

2.3. Datasets

To benchmark QC parameters and define relevant filters for the 
HTG_QC function, we used the QC results from the HTG EdgeSeq Reveal 
of 50 VSCC samples, referred to as the “QC training dataset”. To evaluate 
the functionalities of the HTGAnalyzer, we prepared a test dataset of 11 
samples, which included the 8 samples without QC information (due to 
HTG EdgeSeq Reveal unavailability) and 3 HPV-independent VSCC 
samples from the QC training dataset that had previously passed QC. 
These 3 QC-passed samples served as positive controls to compare the 
QC results of HTG EdgeSeq Reveal with those established in our pipe
line. Tables S2 and S3 contain the raw counts and clinical data of these 
11 samples, respectively. The 11 cases in the test dataset included 4 
HPV-associated and 7 HPV-independent tumors. Additionally, we 
incorporated external data from the TCGA Head and Neck Squamous 
Cell Carcinoma (TCGA-HNSC) cohort, accessed through the cBioPortal 
for Cancer Genomics (https://www.cbioportal.org/study/summary? 
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id=hnsc_tcga_gdc). The dataset, originally released in July 2024 with 
source data from the Genomic Data Commons, included a total of 502 
primary tumor samples, from 133 female and 369 male patients. Both 
gene expression data—initially available as raw read counts—and 
clinical annotations were harmonized to align with our analytical 
pipeline. This included gene identifier standardization, such as the 
conversion of Entrez IDs to gene symbols using the org.Hs.eg.db data
base, to ensure consistency across datasets. Among the available clinical 
variables, we prioritized “SEX” as a contrast factor in downstream an
alyses and utilized “OS_months” and “OS_status” to define overall sur
vival outcomes (Table S13).

2.4. Overview of the HTGAnalyzer package

The schematic workflow for HTGAnalyzer is shown in Fig. 1. Our 
pipeline comprises three functions: a) input of HTG/bulk RNA-seq 
counts file (HTG_import_counts), b) QC for HTG datasets (HTG_QC), and 
c) the transcriptomic analysis function (HTG_analysis), divided into four 
sub-functions. This modular design enhances flexibility, allowing users 
to adjust the workflow according to their bioinformatics expertise.

In addition, we included a global function called HTG_auto, which 
has been designed to automate the entire analysis workflow (Fig. 1). 
This function does not introduce novel analytical options, but sequen
tially executes the HTG_import_counts, HTG_QC (for HTG datasets only) 
and HTG_analysis with default parameters. This automation not only 
streamlines the process but also reduces the potential for user error, 
ensuring consistent and reliable results across analyses. For ease of 
installation and improved reproducibility, the package can be installed 
using standard R installation procedures or through Docker/Singularity 
containers, which help avoid compatibility issues across environments 

(guidelines at https://github.com/ISGLOBAL-Rakislova-Lab/HTG 
Analyzer/).

Finally, the package includes complementary tools (See “Comple
mentary tools” section below) designed for specific purposes, but which 
are not necessary for the default pipeline of analysis. Charts and tables 
derived from HTGAnalyzer meet the quality requirements of clinical 
reports and/or publications and can be modified locally. 

a) Data importing

The HTG_import_counts function imports and preprocesses raw tran
scriptomic data in R with minimal modifications. This function is fully 
compatible with Excel files, preserving metadata rows like “Sample ID”, 
“Well”, “Date Parsed”, and “Total Counts”. This tool is designed to 
import data from both the HTG EdgeSeq transcriptomic panel and from 
bulk RNA-seq experiments. The function produces a data frame ready for 
QC processing and transcriptomic analysis.

In addition, annotation data can be imported into R by various 
methods, including integration with platforms like REDCap. Using the 
REDCapR package (Beasley W, 2025. REDCapR: Interaction Between R 
and REDCap. R package version 1.4.0.9000), clinical data collected at 
hospitals can be retrieved directly into R, enabling seamless incorpora
tion into the HTGAnalyzer workflow. 

b) QC assessment

The HTG_QC function evaluates six metrics, including control probes 
and sequencing depth (QC0 to QC5), specifically designed to assess the 
quality of HTG Transcriptome Panels [19]. These QC parameters are 
described in Table 1, along with the default thresholds set in the HTG 

Fig. 1. Schematic representation of the HTGAnalyzer pipeline. HTGAnalyzer includes three main functions: (a) HTG_import_counts for importing HTG/bulk RNA-seq 
counts, (b) HTG_QC for quality control assessment, and (c) HTG_analysis for comprehensive data analysis through four subfunctions. This modular design allows users 
to adapt the workflow to their bioinformatics expertise. Additionally, the HTG_auto function automates the entire process and launches the whole HTGAnalyzer 
pipeline with default parameters.
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analysis. Default parameters were established using results from the 
HTG Reveal analysis of 50 cases in the QC training dataset, for which QC 
status was already available (Table S2), together with previously 
defined thresholds. Table 1 outlines the QC parameters implemented by 
default in the HTG_QC function.

Each QC analysis (QC0 to QC5) yields an individual QC plot. In these 
individual QC plots, samples that fall outside these thresholds are flag
ged as failed (shown in red). However, HTG_QC flags samples close to 
these thresholds as borderline samples (shown in yellow). Specifically, 
the thresholds for yellow coloring are set at 5 % for positive controls 
(QC0), 5 million reads for library size (QC1), 0.05 for negative controls 
(QC2), 0.025 for genomic DNA (QC3), 0.03 for ERCC (QC4), and 3 for 
the median value (QC5). The samples with these borderline values will 
still be detected as outliers. A summary heatmap provides an overview 
of the six QC results. 

c) Transcriptomic analysis function (HTG_analysis)

The HTG_QC function sends its results directly to the HTG_analysis 
function, creating a smooth pipeline that improves efficiency and sim
plifies the workflow. HTG_analysis offers four analytical subfunctions: 1) 
differential expression analysis (HTG_DEA), 2) gene set enrichment 
analysis (HTG_GSEA), 3) TME profiling (HTG_TME), and 4) survival 
analysis (HTG_survival). Each of these four subfunctions can be per
formed independently.

The HTG_DEA subfunction is designed to support data exploration 
through unsupervised analysis and perform differential expression 
analysis. First, the subfunction uses the DESeq2 package [29] for 
normalization, applying variance stabilization transformation to handle 
low or zero counts. Unsupervised analysis using sample clustering and 
principal component analysis (PCA) are conducted, to visualize the data 
structure and identify potential outliers. For this analysis, genes with 
low expression in at least 20 % of the samples are excluded. By default, 
“low-expressed” genes are defined using a threshold of 200 counts, 
although this threshold can be adjusted. Then, the HTG_DEA subfunction 
applies DESeq2 algorithms for differential analysis, offering the option 
to apply log-fold change (logFC) shrinkage using the statistical “apeglm” 
method if desired [30]. Finally, the HTG_DEA subfunction generates 
volcano plots and other complementary plots used in expression anal
ysis, such as the MA plot, which shows the mean of normalized counts 
versus the logFC values, providing further insight into the contribution 
of these differentially expressed genes.

The HTG_GSEA subfunction performs comprehensive gene set 
enrichment analysis (GSEA) using the clusterProfiler and enrichplot 
packages to explore functional biological pathways and processes 
derived from gene expression data. By default, HTG_GSEA performs 
functional analysis using two libraries: Gene Ontology (GO) categories 
and the Kyoto Encyclopedia of Genes and Genomes (KEGG) databases. 
First, the gseGO function from the clusterProfiler package is used to 

identify enriched GO terms, specifically focusing on the Biological 
Process category. This subfunction prepares a ranked gene list based on 
log2 fold change values and uses the gseGO utilities to detect pathway 
enrichment. This is followed by multiple visualizations, including dot 
plots, enrichment maps, ridge plots, heatmaps, and tree plots, which 
provide insights into significant pathways. Furthermore, the subfunction 
includes GO enrichment analysis, specifically focusing on biological 
processes affected by significantly differentially expressed genes, rep
resented through bar plots of significant GO terms. Next, a gseKEGG 
analysis is performed by converting gene symbols to Entrez IDs to assess 
pathway enrichment in the KEGG database. The KEGG analysis is 
similarly visualized through dot plots, enrichment maps, ridge plots, and 
heatmaps. Results are stored in both PDF and CSV formats to ensure that 
graphical and tabular representations of the enrichment analyses are 
accessible for further interpretation.

The HTG_TME subfunction calculates transcripts per million (TPM)- 
normalized counts to assess the infiltrating cell populations within the 
TME using methods including EPIC, quanTIseq, and xCell [31–33], all of 
which are included in the IOBR package [34]. The normality of distri
butions is verified using the Shapiro-Wilk test, and statistical analyses, 
including t-tests and ANOVA, which are performed to compare cell 
fractions across different experimental conditions.

The HTG_survival subfunction allows performing two types of anal
ysis. By default, if DEA results are available, the application shows the 
survival analysis, based on the top ten differentially expressed genes 
with the lowest adjusted p-values (padj). Alternatively, users can specify 
a gene or a set of genes to interrogate their association with survival. In 
all cases, Kaplan-Meier curves are generated using the survfit function 
from the Survival R package [35], and log-rank tests are used to assess 
differences. Furthermore, HTG_survival also performs this analysis for 
the TME populations identified via the HTG_TME subfunction. To 
generate the clinical groups of samples, the survival of which is 
compared by this subfunction, we implemented different categorization 
algorithms, such as median analysis, quartile analysis, or max-stat 
analysis, the latter being an algorithm that allows the selection of an 
unbiased statistical cut-off point for a continuous variable. 

d) Complementary tools

Our package also includes three auxiliary functions outside the 
default workflow, designed to support specific analyses and extend the 
capabilities of HTGAnalyzer. These functions -HTG_subset, HTG_quant_
to_qual, and HTG_calculate_summary_stats-enable researchers to perform 
targeted data manipulations and additional analyses as needed.

The HTG_subset function subsets a data frame or matrix by gene 
prefix and optionally normalizes the data to TPM. It also retrieves 
detailed gene-specific information from differential gene expression 
results, such as base mean counts and p-values. The HTG_quant_to_qual 
function converts quantitative data into qualitative labels based on a 

Table 1 
Overview of quality control (QC) parameters for the HTG_QC function.

QC 
Metric

QC criteria Default 
threshold

Potential Cause of QC Failure Criteria of failure Failure Mode Detected

QC0 Percentage of counts in positive 
control probes

Higher than 4 % Poor RNA quality Proportion of positive control 
genes >4 %

Poor RNA quality

QC1 Total library size 7 million reads Insufficient library size Total library size <7 million 
reads

Insufficient library size

QC2 Percentage of counts in negative 
control probes

Higher than 
0.045 %

High background noise from 
negative controls

Negative control value > 0.045 High background noise from 
negative controls

QC3 Percentage of counts in genomic 
DNA probes

Higher than 
0.02 %

Genomic DNA contamination Genomic DNA contamination 
value > 0.02

Genomic DNA contamination

QC4 Percentage of counts in ERCC 
spike-in probes

Higher than 
0.025 %

ERCC spike-in control failure ERCC spike-in control value >
0.025

ERCC spike-in control failure

QC5 Median number of counts per 
gene

Lower than 5 
counts

Inadequate transcriptomic 
representation

Median of sample counts <5 Inadequate transcriptomic 
representation

ERCC: External RNA Controls Consortium.
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threshold, categorizing values as above or below the specified limit. 
Finally, we developed the HTG_calculate_summary_stats function to 
compute the same statistical tests as the HTG_QC function. This function 
is particularly useful for analyzing samples that are not processed by 
HTG_QC, such as RNA-seq raw counts matrices.

2.5. HTGAnalyzer Shiny Application

We have developed an interactive web application using the Shiny 
application to execute the HTG_auto global function, the core function of 
the HTGAnalyzer package that encompasses all its functionalities 
(Fig. 2). The HTGAnalyzer Shiny App enables researchers who are not 
familiar with the R programming language to perform comprehensive 
analyses of both HTG panels and bulk RNA-seq datasets. As indicated 
previously, samples from HTG panels can undergo QC using the HTG_QC 
function, which provides interactive QC plots, while bulk RNA-seq 
panels are directly fed into the HTG_analysis function. Users simply 
need to upload their input data files to access the complete suite of 
analyses provided by HTGAnalyzer, including HTG_QC and HTG_analysis 
functions. The application features an intuitive interface that facilitates 
the visualization and downloading of results. Importantly, the Shiny 
application also allows users to modify default parameters for the dif
ferential analysis functions, providing flexibility for customized 
analyses.

3. Results

3.1. HTGAnalyzer allows easy data importing and QC assessment

The datasets of the 11 FFPE samples (Tables S2 and S3) were im
ported into R using the function HTG_import_counts. Next, the HTG_QC 
function calculated the individual QC values for each patient. Fig. 3A–F, 
show the six graphical summaries provided by the function (QC0 to 
QC5), highlighting samples that did not meet the QC criteria in red. The 
HTG_QC function also generates a heatmap with a graphical summary of 
the results (Fig. 3 G) together with two additional tables: one showing 
the general statistical measures for the dataset (Table S4), and a second 
table that focuses on QC metrics specific to control and genomic counts 
(Table S5). Three out of 11 VSCC samples (3/11) did not meet the QC 

criteria and were excluded. Specifically, patient 9 failed QC0, QC3, and 
QC5; patient 10 failed QC0, QC2, QC3, QC4, and QC5; and patient 11 
failed QC3. Thus, a total of eight samples were deemed suitable to follow 
the analysis; four tumors were HPV-associated and four HPV- 
independent.

3.2. The HTG_Analysis function: HTG_DEA and HTG_GSEA subfunctions 
identify critical pathways and differential gene expression in the two 
subtypes of VSCC

HTG_DEA subfunction analysis, performed using PCA in an unsu
pervised manner, revealed that HPV-associated tumors clustered closely 
together, and were significantly different from HPV-independent tumors 
along the first and second PCA axes (Fig. 4 A). Since the test dataset 
included samples from both tumor groups, we could conduct differential 
analysis to further investigate their differences. Of the total of 10,293 
genes that passed our filters, DEA identified 79 up-regulated and 181 
down-regulated genes in four HPV-associated samples (p < 0.05). 
Notably, down-regulated genes included proteins associated with 
stroma, such as keratins and collagen KRT5, KRT17, and COL5A3, with 
KRT5 showing a log2 FC of − 8.77 (padj = 0.027), KRT17 of − 12.17 
(padj = 5.08E-06), and COL5A3 of − 3.18 (padj = 1.28E-08) (Fig. 4 B; 
Table S6). On the other hand, upregulated genes were associated with 
increased immune infiltrate populations, such as LCP with a log2 FC of 
3.22 (padj = 2.07E-18), HLA-DMB with log2 FC of 2.64 (padj = 4.12E- 
17), and TNFAIP2 with log2 FC of 1.70 (padj = 2.70E-06). Other com
plementary plots generated by HTG_DEA include the MA plot, which 
showed a symmetric distribution of differentially expressed genes, 
highlighted in blue, in the two study groups (HPV-associated and HPV- 
independent) (Fig. S1).

In agreement with the DEA analysis, the HTG_GSEA subfunction 
showed significant enrichment in pathways related to host immune 
response in HPV-associated tumors (Fig. 5 A and B). The tree plot il
lustrates the close relationship among several gene expression signa
tures related to immune-related pathways, encompassing both the 
adaptive and innate immune systems, signaling pathways, and cell 
activation (Fig. 5 C). The application also generated a comprehensive 
list of oncogenic pathways provided as data tables, including significant 
GO terms with descriptions and associated statistics (Table S7).

Fig. 2. Screenshot of the web-based interface of the HTGAnalyzer Shiny App.

L. Díez-Ahijado et al.                                                                                                                                                                                                                          Computers in Biology and Medicine 196 (2025) 110772 

5 



Fig. 3. Summary of the HTG_QC function output. A–F: Individual quality control (QC) analysis. Samples that do not pass QC thresholds are flagged in red or yellow 
(borderline samples). QC tests include: A: QC0: Positive control probes; B: QC1: Library size; C: QC2: Negative control probes (%); D: QC3: Genomic DNA probes (%); 
E: QC4: ERCC probes (%); F: QC5: Median counts per gene. G: Summary QC plot, showing samples that do not meet QC standards in red. QC: Quality Control. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Fig. 4. Differential gene expression analysis using the subfunction HTG_DEA of HTGAnalyzer. A: Unsupervised Principal components analysis of vulvar squamous 
cell carcinoma (VSCC) samples that passed the quality control (QC) (n = 8); B: Volcano plot representation of the differential gene expression in human papillo
mavirus (HPV)-associated versus HPV-independent tumors. Differentially expressed genes are highlighted in red, with dashed lines indicating adjusted p-value and 
log fold change (LogFC) thresholds. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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3.3. The HTG_Analysis function: HTG_TME and HTG_survival 
subfunctions integrate transcriptomic profiling and tumor 
microenvironment and clinical analysis

Characterization of the TME with the HTG_TME subfunction revealed 
distinct profiles for HPV-associated and HPV-independent tumors (Fig. 6
A). Our findings highlight significant differences in the TME related to 
HPV status in VSCC. HPV-associated tumors exhibited a more complex 
TME, with a higher percentage of macrophages and lymphoid pop
ulations (B cells and CD8+ T cells). Unsupervised clustering of TME 
populations using quanTIseq confirmed these findings, revealing two 
distinct clusters: one composed exclusively of HPV-associated cases and 
another containing all the HPV-independent tumors (Fig. 6 B). Addi
tionally, an excel file containing the TPM-normalized counts, needed for 
TME, was generated (Table S8) together with the deconvolution reports 
from the three methods (Tables S9, S10, and S11).

Finally, the HTG_survival subfunction reported survival analysis of 
the top differentially expressed genes. Interestingly, we identified LCP1 
as a gene overexpressed in HPV-associated tumors and associated with a 
higher risk of recurrence (Fig. 6 C; Table S12). Finally, we applied 
HTG_survival to the test dataset to explore patient survival in relation to 
specific TME populations. Although we did not find any significant 
correlations between specific populations and time to recurrence, we 
observed a trend showing that patients with a higher proportion of 
cancer-associated fibroblasts in their tumors tended to have longer times 
to recurrence (Fig. 6 D).

3.4. Application of HTGAnalyzer to TCGA RNA-seq data

To study the standardization and scalability of our tool, we applied 
HTGAnalyzer to RNA-seq data from 502 tumor samples in the TCGA- 
HNSC (PanCancer Atlas) cohort obtained via cBioPortal. Using the in
tegrated HTG_auto function, we streamlined data import, visualization 

with annotated heatmaps (e.g., sex, survival), and downstream analyses. 
DEA identified 3175 sex-associated genes (padj <0.05; Fig. S2A), 
including strong upregulation of Y-linked genes in males: NLGN4Y 
(log2FC ≈ 7.85), TXLNGY (log2FC ≈ 9.15), PRKY (log2FC ≈ 8.10), and 
RPS4Y1 (log2FC ≈ 9.10), consistent with expected genomic differences 
(Table S14). GSEA further revealed sex-linked biological processes, 
immune responses, and lipoprotein metabolism pathways (Table S15; 
Fig. S2B) [36]. Immune deconvolution using EPIC, QTI, and xCell in 
TPM-normalized data provided complementary TME profiles 
(Table S16–S18; Fig. S2C). Survival analysis identified CDKN2A over
expression as being significantly associated with poor prognosis (p =
0.0009), in alignment with previous reports [37,38] (Table S19; 
Fig. S2D).

3.5. Performance and resource usage

To evaluate the computational performance of HTGAnalyzer, we 
assessed runtime and memory consumption during execution of the 
complete analysis pipeline via the HTG_auto function, using two data
sets: the HTG tutorial dataset and the TCGA HNSC dataset. Both analyses 
were conducted on a standard laptop (Intel i7-7500U, 16 GB RAM), 
thereby demonstrating the scalability and efficiency of the tool across 
datasets of varying size and complexity.

Execution of the HTG tutorial dataset was completed in 1020.72 s, 
with 879.87 s attributed to user processing time and 60.94 s to system 
operations, and a peak memory usage of 1.75 GB (Table S20). In 
contrast, analysis of the larger TCGA dataset required 4859.12 s 
(4199.11 user seconds, 132.76 system seconds), with a maximum 
memory usage of 2.60 GB (Table S21).

For reference, the HTG dataset consisted of a 5.5 KB clinical anno
tation file and a 1.07 MB gene expression matrix, while the TCGA 
dataset comprised a 101 KB annotation file and a 73.7 MB expression 
matrix. These benchmarks underscore robust performance and practical 

Fig. 5. Pathway analysis using HTGAnalyzer. A–C: Gene set enrichment analysis (GSEA) analysis plots, including Ridge plot of top 15 significant Ontology signatures 
(A), the top 5 enriched gene sets (B), and TreePlot gene set clustering (C).
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utility of HTGAnalyzer for both small-scale and high-dimensional tran
scriptomic datasets.

4. Discussion

HTGAnalyzer is a publicly available R package designed to provide a 
user-friendly pipeline for integrating QC and gene expression analysis of 
bulk transcriptomic data, including data generated by HTG and RNA- 
seq. This tool replicates the analyses implemented in HTG EdgeSeq 
Reveal-QC, unsupervised analysis, DEA, and GSEA-while introducing 
novel functionalities, such as TME and survival analysis focused on in
flammatory cell populations essential for understanding tumor biology 
and prognostic significance.

Technically, HTGAnalyzer performed efficiently in both tutorial and 
real RNA-seq datasets, completing full pipelines with low memory usage 
(<2 GB) and short runtimes (~17 min for HTG-seq data with <20 
samples; Table S20). In larger datasets (e.g., TCGA, >500 samples), it 
remained scalable (<3 GB, ~60 min; Table S21), without high- 

performance computing. The tool can be deployed locally or on 
servers using Docker or Singularity and is compatible with platforms like 
REDCapR and potentially with electronic health record systems, sup
porting clinical decision-making workflows.

A key innovation of HTGAnalyzer is its response to the unmet need 
for a dedicated open-source pipeline for HTG transcriptomic panels. 
After the discontinuation of HTG Molecular Diagnostics, no tools spe
cifically addressed these datasets. Existing alternatives, such as Lodovico 
(2022) [19], lack specific compatibility with HTG transcriptome panels, 
compromising reproducibility. Although several tools are available for 
specific tasks - such as GSEA, CIBERSORTx, or IOBR [34,39,40] - these 
are typically designed for general RNA-seq or microarray data in 
different steps. In contrast, HTGAnalyzer integrates QC, DEA, GSEA, 
TME, and survival analysis into a single workflow for HTG technology 
and RNA-seq.

Another major strength of this tool is its support for multiple data 
formats, enabling use in both research and clinical workflows across 
oncology, immunology, and infectious diseases. Application in a small 

Fig. 6. Tumor microenvironment (TME) and survival analysis using HTGAnalyzer. A: TME deconvolution results using the quanTIseq algorithm, indicating the 
percentage of each immuno-population detected per sample (Upper panel) or grouped by condition (Bottom panel). B: Unsupervised clustering based on TME 
deconvoluted proportions predicted by quanTIseq. C–D: Kaplan-Meir analysis for Time to Recurrence for LCP1 (C) and Cancer associated fibroblasts (D). P-values are 
calculated using the log-rank test with the associated chi-squared statistic. Sample groups (High and Low) were determined using Max-Stat.
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VSCC dataset produced results consistent with known HPV-related 
tumor inflammation [41].

HTGAnalyzer identified LCP1 overexpression in HPV-associated 
VSCC, matching prior links between LCP1 and immune infiltration in 
HPV-related cancers [42–44]. Increased LCP1 levels were also associ
ated with disease recurrence, showing the promising application of 
HTGAnalyzer for identifying prognostic biomarkers. Additional valida
tion using TCGA datasets showed results in concordance with existing 
literature [45,46], further supporting its reliability. Although primarily 
intended for HTG whole transcriptome panels, it can also be adapted for 
other HTG panels and transcriptomic assays, including NanoString.

Nonetheless, some limitations should be noted. First, the effective
ness of the tool depends on input data quality and careful selection of 
analytical parameters, which may require adjustment for specific data
sets. Secondly, as it has only been tested in human datasets, further 
validation in non-human models would be beneficial to evaluate its 
broader applicability in translational research. Moreover, as HTGAna
lyzer relies on several R and Bioconductor dependencies, maintaining 
compatibility may require periodic updates. However, this can be 
mitigated through the use of reproducible environments, such as 
Docker, which preserves package versions and ensures long-term 
stability.

While HTGAnalyzer does not currently incorporate multi-omics 
integration or AI-based optimization, this is an intentional design 
choice. AI models often require large, homogeneous datasets and com
plex training pipelines, which can be challenging to implement in clin
ical workflows. In contrast, HTGAnalyzer employs classical statistical 
methods that emphasize transparency, reproducibility, and interpret
ability, all of which are essential features for clinical adoption. The tool 
has been developed in response to a growing need for an accessible, 
routine transcriptomic analysis in medical settings, where diagnostic 
questions are often constrained by limited bioinformatic resources and 
expertise. Although it does not directly implement machine learning, the 
structured and modular design of HTGAnalyzer is aligned with the goals 
of AI-driven clinical decision support systems [25,26] making it a strong 
foundation for future AI integration.

In conclusion, HTGAnalyzer complemented with a HTG Shiny App, 
simplifies data importation and QC assessment, making the process 
more efficient while ensuring data integrity. Our QC method success
fully replicated HTG EdgeSeq Reveal results, in alignment with previous 
studies on HTG-derived data analysis and further demonstrating the 
accuracy of the package. By providing easy-to-use analysis, compre
hensive reports, and visualizations, HTGAnalyzer serves as a valuable 
alternative for transcriptomic data analysis, and is particularly benefi
cial for the clinical community and researchers with limited bioinfor
matics experience.
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