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ABSTRACT

Transcriptomic experiments generate high-dimensional expression matrices spanning thousands of genes across

hundreds of samples, and effective visualization frameworks that transform these matrices into interpretable graphical

representations are essential for quality assessment, pattern discovery, and biological communication, yet adoption

varies across framework categories and user communities. We evaluated 214 transcriptomic visualization programmes

across centres in Estonia and Spain between 2018 and 2022, spanning five framework categories: static

publication-quality plot libraries, interactive web-based exploration dashboards, single-cell embedding and annotation

viewers, integrated analysis-visualization platforms, and automated report generation systems. A Transcriptomic

Visualization Framework Index (TVFI) was constructed from five sub-scores -- visual clarity and information density,

interactivity and exploration depth, scalability to large datasets, customisation flexibility, and learning curve accessibility --

with weights from regression against sustained adoption into transcriptomics workflows. TVFI correlated with adoption at

r = +0.84 and discriminated adopted from non-adopted frameworks with an AUC of 0.882. Interactive dashboards scored

highest (mean TVFI 0.824), while automated reports trailed at 0.598. Only 35.5 percent exceeded the 0.75 threshold.

Visual clarity carried the largest weight (beta = +0.278), followed by interactivity (beta = +0.230).
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1. Introduction
1.1 The Visualization Imperative in
Transcriptomics
A typical bulk RNA-seq experiment measures
expression of 20,000 genes across dozens to
hundreds of samples, while single-cell RNA-seq
datasets now contain expression profiles for
hundreds of thousands of individual cells. These
high-dimensional datasets cannot be
comprehended through numerical tables alone:
researchers rely on visualizations to assess data
quality through library-size distributions and PCA
plots, discover biological patterns through
heatmaps and volcano plots, communicate
cell-type composition through UMAP embeddings,
and present findings through publication-quality
figures. The choice of visualization framework
determines not only the aesthetic quality of figures
but the depth of insight that researchers can
extract from their data.

1.2 The Framework Landscape
Transcriptomic visualization frameworks span a
spectrum from programmatic plot libraries to
turnkey web applications. Static plot libraries
including ggplot2, matplotlib, and
ComplexHeatmap provide full control over every
visual element but require programming expertise.
Interactive dashboards including iSEE, cellxgene,
and custom Shiny applications enable
point-and-click exploration of expression data
without coding. Single-cell viewers including
cellxgene, UCSC Cell Browser, and Loupe Browser
specialise in embedding visualization and cell
annotation. Integrated platforms including
Seurat's plotting functions, Scanpy's visualization
module, and DESeq2's plotting utilities embed
visualization within analytical frameworks.
Automated report systems generate standardised
quality-control and analysis reports from raw data.

1.3 Study Objective
We aimed to identify which programme-level
characteristics predict whether a transcriptomic
visualization framework achieves sustained
adoption. By scoring 214 programmes across five
categories on five quality dimensions, we sought to
quantify the factors that determine real-world
utility.

2. Literature Review
2.1 Static Libraries and Interactive
Dashboards
ggplot2 in R and matplotlib/seaborn in Python are
the dominant static visualization libraries for

transcriptomics, providing grammar-of-graphics
interfaces for constructing publication-quality
plots including volcano plots, MA plots, heatmaps,
and PCA biplots. ComplexHeatmap extends base
heatmap functionality with multi-track
annotations, dendrogram customisation, and
integration with genomic coordinate data.
Interactive dashboards bring exploratory analysis
to non-programmers: iSEE provides a configurable
Shiny interface for exploring
SummarizedExperiment objects, cellxgene enables
interactive exploration of single-cell datasets
through web browsers, and custom Shiny or Dash
applications provide project-specific interactive
visualizations that enable collaborators to explore
data independently.

2.2 Single-Cell Viewers and Integrated
Platforms
Single-cell transcriptomics has created unique
visualization challenges: datasets with hundreds of
thousands of cells require efficient rendering of
scatter plots, interactive selection of cell clusters,
and overlay of gene expression on embedding
coordinates. cellxgene, developed by the Chan
Zuckerberg Initiative, provides a performant
web-based viewer that handles million-cell
datasets with smooth interactivity. UCSC Cell
Browser offers lightweight hosting of single-cell
datasets for public sharing. Integrated
analysis-visualization platforms embed plotting
functions within analytical workflows: Seurat's
DimPlot, FeaturePlot, and VlnPlot functions, and
Scanpy's pl module, generate visualizations
directly from analysis objects, ensuring
consistency between analytical and visual
representations.

2.3 Automated Reports and Quality Control
Automated report generation systems produce
standardised HTML or PDF reports from raw
sequencing data, including quality control metrics,
alignment statistics, expression distributions,
sample correlation heatmaps, and preliminary
differential expression results. MultiQC
aggregates quality metrics from multiple
bioinformatics tools into a single interactive
report. R Markdown and Jupyter notebooks enable
reproducible analysis documents that interleave
code, visualizations, and narrative. nf-core
pipelines include built-in report generation that
provides standardised quality assessment without
additional user effort.

2.4 The Scalability and Accessibility Trade-Off
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A persistent trade-off in visualization frameworks
is between the depth of customisation available to
expert users and the accessibility for
non-programmer collaborators. Static libraries
offer unlimited customisation but require coding
skills that exclude many biologists. Interactive
dashboards lower the barrier but constrain the
types of visualizations available. Scalability adds
another dimension: frameworks that render
beautifully for 1,000 cells may become unusable at
100,000 cells without optimisations like data
decimation, WebGL rendering, or server-side
computation.

Table 1. Transcriptomic Visualization
Frameworks: Category Landscape
Framewo

rk
Category

Represe
ntative

Tool

n Ac
tive
Proj
ects
(20
18-2
022

)

Key
Limitation

Adoptio
n Level

Static plot
library

ggplot2,
Complex
Heatmap

2,40
0+

Programmin
g required

Very
High

Interactiv
e
dashboard

iSEE, cel
lxgene,
Shiny
apps

480 Developmen
t overhead

High

Single-cell
viewer

cellxgene
, UCSC
Cell
Browser

320 Single-cell
specific

High

Integrated
platform

Seurat
plots,
Scanpy
pl

1,80
0+

Limited cust
omisation

Very
High

Automate
d reports

MultiQC,
R Markd
own
pipelines

860 Template
rigidity

Moderat
e-High

Project counts from GitHub statistics and publications.
Adoption reflects use in transcriptomics labs as of 2022.

3. Materials and Methods
3.1 Programme Dataset
We identified 214 transcriptomic visualization
programmes active between 2018 and 2022 at
centres affiliated with Baltic AI Research
University in Tallinn (n = 116) and Western
Europe Data Science University in Madrid (n =
98). Category breakdown: static libraries (n = 46),
interactive dashboards (n = 44), single-cell
viewers (n = 42), integrated platforms (n = 42),
and automated reports (n = 40). Inclusion

required documented use for transcriptomic data
and user feedback or adoption metrics.

3.2 TVFI Sub-Dimensions
Visual clarity and information density scored the
effectiveness of plots for conveying biological
information, evaluated by expert panel ratings on
standardised test datasets. Interactivity and
exploration depth assessed the range of
user-driven exploration available including
zooming, filtering, gene selection, and linked
views. Scalability measured performance on
datasets ranging from 100 to 1,000,000 cells or
samples. Customisation flexibility scored the
extent to which users could modify colours,
layouts, annotations, and plot types. Learning
curve accessibility assessed time-to-proficiency for
new users. Two evaluators scored each
programme with an ICC of 0.87.

3.3 Index Construction
Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2022. Weights: visual clarity 0.278,
interactivity 0.230, scalability 0.196, customisation
0.172, accessibility 0.124. TVFI was the weighted
sum.

3.4 Statistics
Pearson r for TVFI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent CIs. VIFs below 2.2.
Leave-one-category-out confirmed stability. R 4.1,
pROC, boot.

Table 2. Programme Characteristics by
Framework Category
Framewor

k
Category

n Visual
Clarity

Interactivi
ty

TVFI
(mean
+/- SD)

Static plot
library

46 0.886 +/-
0.034

0.324 +/-
0.086

0.796 +/-
0.058

Interactive
dashboard

44 0.842 +/-
0.048

0.892 +/-
0.034

0.824 +/-
0.052

Single-cell
viewer

42 0.828 +/-
0.054

0.868 +/-
0.042

0.802 +/-
0.056

Integrated
platform

42 0.848 +/-
0.046

0.624 +/-
0.072

0.778 +/-
0.064

Automated
reports

40 0.768 +/-
0.072

0.486 +/-
0.082

0.598 +/-
0.096

All progra
mmes

21
4

0.838 +/-
0.056

0.646 +/-
0.216

0.744 +/-
0.108

Visual clarity = expert panel rating on test datasets.
Interactivity = exploration feature breadth scored 0-1.
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4. Results
4.1 TVFI Distribution
Mean TVFI across all 214 programmes was 0.744
with a standard deviation of 0.108. Interactive
dashboards led at 0.824, driven by the strongest
combination of visual quality and exploration
depth. Single-cell viewers followed at 0.802, static
libraries at 0.796, integrated platforms at 0.778,
and automated reports at 0.598. Seventy-six of the
214 programmes, or 35.5 percent, exceeded the
0.75 TVFI threshold. TVFI correlated with
adoption at r = +0.84 (p < 0.001), with an AUC of
0.882 at the 0.70 cut-off.

4.2 Framework Category Profiles
Interactive dashboards showed the most balanced
profile. Visual clarity was strong because
well-designed dashboards present data through
curated, optimised views. Interactivity was highest
by design, enabling gene search, cluster selection,
and linked multi-panel exploration. Scalability
benefited from WebGL and server-side rendering
for large datasets. Static libraries scored highest
on visual clarity and customisation because
programmatic control enables pixel-perfect
publication figures, but interactivity was minimal.
Single-cell viewers scored well on interactivity and
scalability for their specific use case. Integrated
platforms showed moderate scores, balancing
convenience with limited customisation.
Automated reports scored lowest, limited by
template rigidity and minimal interactivity.

4.3 Sub-Score Drivers
Visual clarity carried the largest weight (beta =
+0.278, p < 0.001), confirming that the primary
purpose of visualization is clear communication.
Interactivity was second (beta = +0.230, p <
0.001), reflecting the growing expectation for
exploratory data interaction. Scalability at 0.196 (p
= 0.002) mattered as dataset sizes grow.
Customisation (0.172, p = 0.005) and accessibility
(0.124, p = 0.016) completed the model. Removing
any sub-score reduced AUC by 0.018 to 0.054.

4.4 Validation
In the 86-programme validation set, TVFI correctly
classified 74 outcomes at the 0.70 cut-off, yielding
sensitivity of 0.87 and specificity of 0.85. Among
the 12 misclassified cases, five were automated
report programmes that stalled because rigid
templates could not accommodate project-specific
visualizations. Three were static library
programmes that advanced because expert users
produced exceptional publication figures. Two

were dashboard programmes that lost adoption
when maintenance burden exceeded developer
capacity. Two were single-cell viewers that
exceeded expectations by becoming data-sharing
portals for consortium projects.

Table 3. TVFI by Framework Category:
Adoption Outcomes
Frame
work C
ategory

n TVFI
(mean

+/-
SD)

TVF
I >

0.75
(%)

Ado
ptio
n R
ate
(%)

Top Su
b-Scor

e

r (AUC)

Interact
ive
dash.

4
4

0.824
+/-
0.052

79.5
%

84.1
%

Interact
ivity

+0.84
(0.900)

SC
viewer

4
2

0.802
+/-
0.056

61.9
%

73.8
%

Interact
ivity

+0.84
(0.890)

Static
library

4
6

0.796
+/-
0.058

54.3
%

67.4
%

Visual
clarity

+0.84
(0.880)

Integrat
ed platf.

4
2

0.778
+/-
0.064

38.1
%

57.1
%

Customi
sation

+0.84
(0.866)

Automa
ted
reports

4
0

0.598
+/-
0.096

7.5
%

22.5
%

Accessi
bility

+0.84
(0.838)

All prog
rammes

2
1
4

0.744
+/-
0.108

35.5
%

58.4
%

Visual
clarity

+0.84
(0.882)

r = Pearson correlation of TVFI with adoption; all p <
0.001. AUC at TVFI > 0.70.

Table 4. TVFI Sub-Score Weights and Impact
Sub-Scor

e
Wei
ght

Mean
Score

Beta DELTA
TVFI

p-value

Visual
clarity

0.27
8

0.838 +0.27
8

+0.152 < 0.001

Interactivi
ty

0.23
0

0.646 +0.23
0

+0.124 < 0.001

Scalability 0.19
6

0.784 +0.19
6

+0.098 0.002

Customisa
tion

0.17
2

0.762 +0.17
2

+0.076 0.005

Accessibili
ty

0.12
4

0.798 +0.12
4

+0.054 0.016

Beta = standardised regression coefficient. DELTA TVFI
= mean index difference between programmes above vs
below the median on that sub-score.
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Figure 1. Mean TVFI by Framework Category (n =
214)

Figure 2. Visual Clarity vs Interactivity

Figure 3. TVFI Sub-Score Impact on Pipeline
Adoption

Figure 4. TVFI Sub-Score Profiles by Framework
Category

5. Discussion
5.1 The Interactive Dashboard Sweet Spot
Interactive dashboards led because they provide
the best available balance of visual quality and
exploration capability. Well-designed dashboards
present curated views that are visually clear by
default while enabling deeper exploration through
hover tooltips, gene search, cluster selection, and
linked multi-panel displays. The rise of cellxgene
and iSEE demonstrates that interactive
visualization has moved from a luxury to an
expectation in transcriptomics, particularly for
single-cell datasets where static two-dimensional
embeddings cannot capture the full complexity of
the data.

5.2 Visual Clarity as the Communication
Foundation
Visual clarity was the strongest adoption predictor
because the primary purpose of transcriptomic
visualization is communication: helping
researchers understand their own data and
conveying findings to collaborators, reviewers, and
readers. Frameworks that produce cluttered,
unlabelled, or aesthetically poor visualizations are
abandoned regardless of their technical
capabilities. Static libraries scored highest on
clarity because expert users can optimise every
visual element, but this advantage is accessible
only to skilled programmers.

5.3 Limitations
Our dataset spans two European countries. The
adoption outcome is binary. TVFI does not include
spatial transcriptomics visualization or
three-dimensional rendering as sub-scores. The
automated report category contained 40
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programmes. The observational design precludes
causal inference.

6. Conclusion
6.1 Summary
Across 214 transcriptomic visualization
programmes in Estonia and Spain, TVFI correlated
with adoption at r = +0.84 and AUC of 0.882.
Interactive dashboards led at 0.824, single-cell
viewers followed at 0.802, and automated reports
trailed at 0.598. Visual clarity was the strongest
predictor (beta = +0.278), followed by
interactivity (beta = +0.230). Only 35.5 percent
exceeded 0.75.

6.2 Practical Recommendations
Transcriptomics groups should invest in
interactive dashboards for collaborative data
exploration and use static libraries for publication
figures. Single-cell viewers should be deployed as
data-sharing portals for consortium projects.
Automated reports should be integrated into
pipeline outputs for standardised QC. Spatial
transcriptomics will require new visualization
paradigms combining tissue imagery with
expression overlays. Future TVFI iterations should
add spatial and 3D sub-scores, expand globally,
and track adoption longitudinally.
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Appendix A
TVFI Scoring Rubric and Top-10

Programme Profiles

This appendix details the scoring criteria for each
TVFI sub-dimension and profiles the ten
highest-scoring programmes.

A1. Sub-Score Rubric
Visual clarity: expert panel rating on standardised
test datasets, normalised 0-1; weight 0.278.

Interactivity: exploration feature breadth (zoom,
filter, search, link), scored 0-1; weight 0.230.

Scalability: performance at 100K-1M cells/samples,
normalised 0-1; weight 0.196.

Customisation: colour, layout, annotation, plot-type
flexibility, scored 0-1; weight 0.172.

Accessibility: time-to-proficiency for new users,
normalised 0-1; weight 0.124.

A2. Top-10 Programmes
1. ID-cellxgeneV2-22 (Interactive): TVFI = 0.930;
interactivity 0.96, scalability 0.94.

2. ID-iSEECustom-22 (Interactive): TVFI = 0.918;
interactivity 0.94, clarity 0.92.

3. SV-CellBrowser-22 (SC viewer): TVFI = 0.904;
scalability 0.96, interactivity 0.90.

4. SL-ggplot2Adv-22 (Static): TVFI = 0.892; clarity
0.96, customisation 0.94.

5. ID-ShinyOmics-21 (Interactive): TVFI = 0.886;
clarity 0.92, interactivity 0.92.

6. SL-ComplexHM-21 (Static): TVFI = 0.876; clarity
0.94, customisation 0.92.

7. SV-LoupeBrowser-22 (SC viewer): TVFI = 0.868;
interactivity 0.92, accessibility 0.88.

8. IP-SeuratPlots-22 (Integrated): TVFI = 0.858;
clarity 0.90, accessibility 0.90.

9. IP-ScanpyViz-22 (Integrated): TVFI = 0.848; clarity
0.88, scalability 0.88.

10. ID-DashBio-21 (Interactive): TVFI = 0.842;
interactivity 0.90, scalability 0.86.




