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Key Features

Omics data, and outcomes.

* TriplotGUI is a user-friendly molecular epidemiology toolbox for analyzing, visualizing, and interpreting associations between exposures,

* TriplotGUI provides streamlined workflow and advanced visualizations for meet-in-the-middle and mediation analysis.
¢ TriplotGUI is freely accessible both online and as a standalone application.

Introduction

Observational epidemiological research has evolved from single
exposure-outcome studies to exposure-wide and outcome-wide
investigations [1, 2]. Omics technologies have further enabled
molecular epidemiology to mechanistically link exposures to
outcomes via molecular data as potential mediators [3]. By pro-
viding comprehensive views of biological systems across geno-
mics, transcriptomics, proteomics, and metabolomics, omics
technologies capture the cumulative effects of environmental
and endogenous factors over time [4], helping to elucidate
the biochemical mechanisms underlying disease pathophysiol-
ogy [5]. For example, metabolite profiling, representing a
“snapshot” of the human metabolome, is frequently used to
explore exposome-metabolome-disease linkages [6].

However, omics data typically contain a large number of mo-
lecular features [7] and mechanistic investigations using omics
necessitate the selection of exposure- and outcome-relevant fea-
tures. Common approaches include variable selection through
supervised machine learning or performing univariate analysis,
which allows confounder adjustment and more straightforward
interpretation. However, univariate analysis struggles with col-
linearity, potentially misattributing effects among correlated
variables and distorting their individual contributions, increas-
ing false discovery rates [8]. Supervised machine learning can
both select predictive features and manage collinearity [8].
However, it offers limited interpretability and confounder

adjustment is often not possible [9]. Moreover, both methods
rely on arbitrary thresholds (e.g. P values or importance rank-
ings), introducing subjectivity in feature selection.

To address these issues, integrating machine learning with
linear models seems intuitively appealing, potentially mitigat-
ing their individual limitations while enhancing feature selec-
tion robustness and interpretability. Building on this premise,
we developed the triplot R package [10], which employs prin-
cipal component analysis on omics variables, followed by a
meet-in-the-middle approach [11] using linear methods and
the co-visualization of the components’ associations with
both exposures and outcomes, adjusting for confounders.
The triplot enables the exploration of biological mechanisms
from exposures to outcomes through molecular features that
dominate the components-of-interest, avoiding strict variable
selection thresholds [10]. Furthermore, a triplot facilitates
holistic investigations of multi-exposure and multi-outcome
relationships via omics mediators.

While the triplot algorithm advanced holistic analysis in mo-
lecular epidemiology, it also has several limitations: it employs
meet-in-the-middle for integrative analysis, but lacks formal
mediation analysis [12], constraining the causal interpretation
of exposure-mediator—outcome pathways. Moreover, the trip-
lot did not support categorical variables with more than two
classes, limiting analyses involving polytomous exposures and
outcomes [e.g. smoking status and body mass index (BMI) cate-
gories]. Additionally, omics data reduction was limited to
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principal component analysis (PCA). Finally, the package re-
quired users to possess R programming skills for its non-
automated analysis steps.

To overcome these challenges, we developed the
TriplotGUI tool—a user-friendly interface that streamlines
data analysis and the visualization of exposures, omics, and
outcomes. TriplotGUI implements the following steps and
functionalities:

* Step 1: Data reduction of omics variables. Omics variables
are transformed into components by using either PCA or
weighted correlation network analysis (WGCNA) [13].

* Step 2: Associations with exposures. Associations are calcu-
lated between exposures and component scores, potentially
adjusting for confounders. For continuous exposures,
Pearson, Spearman, or Kendall correlations are used,
whereas linear models are applied for categorical exposures.

* Step 3: Associations with outcomes. Risk associations
between outcomes and component scores are assessed,
potentially adjusting for confounders. Generalized linear
models are used for continuous and binary outcomes.
For categorical outcomes (more than two classes), either
one-hot encoding with generalized linear models or multi-
nomial models are applied. If pairing information is pro-
vided (e.g. matched case—control pairs), then linear mixed
models are used for continuous outcomes and conditional
logistic regression is used for binary outcomes.

* Step 4: Meet-in-the-middle triplot visualization. Co-
visualization of omics components (loadings and optionally
scores), exposure association estimates (correlation coeffi-
cients for continuous variables and beta-coefficients for cat-
egorical variables), and outcome risk-association estimates
(beta-coefficients or odds ratios) as layers in a 2D plot.

* Step 5: Mediation analysis and visualization. Mediation
analysis is performed on user-specified exposures and out-
comes, using either component scores or individual omics
variables as mediators. Both conventional (product method)
[12] and counterfactual [14] approaches are supported,
with flexible confounder adjustment in exposure-mediator
and mediator-outcome models. Direct and indirect
effects are visualized in a barplot, showing their direc-
tion and magnitude.

TriplotGUI also provides:

* Comparative visualization: Exposure and risk-association
estimates, mediation estimates, proportion mediated, and
P values (star system) are visualized in heat maps, facili-
tating component selection.

* Data download: Intermediate data and generated results
including effect estimates and P values can be inspected
and downloaded.

A detailed tutorial is available at https://metabocomp.
github.io/TriplotGUI_tutorial.

Implementation

TriplotGUI is available both as an online tool at https://metabo
comp.shinyapps.io/triplotgui and as a standalone application
installable from https:/github.com/MetaboComp/TriplotGUI.
For sensitive datasets, we recommend the locally installed
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standalone version, preferably in a safe environment to ensure
that data remain secure and are not transmitted externally.

TriplotGUI was developed in R using the Shiny package, en-
abling interactive analysis pipelines through a graphical user
interface. For standalone use, after installing the package and
dependencies, users can run TriplotGUL:TriplotGUI_shiny()
to launch the application. Detailed setup guidance is provided
in the online tutorial.

The application’s reactive stepwise modular design organ-
izes workflows into five analysis steps and two additional
functionalities, enhancing upgradability and pipeline trans-
parency. Fig. 1la (flow chart) and Fig. 1b (sidebar layout)
illustrate how the interface modules correspond to the analyt-
ical steps and functionalities. Further details on TriplotGUI’s
modular workflow and technical specifications for data han-
dling are provided in Supplementary Text S1.

Use

This section demonstrates TriplotGUI usage through a practi-
cal example. The dataset, available at https:/github.com/
MetaboComp/TriplotGUl/tree/main/Example_data/Example2,
consists of simulated data derived from the Swedish
Visterbotten Intervention Programme cohort, with processing
methodology detailed in Schillemans ef al. [10]. The dataset
includes 1000 observations (500 matched case—control pairs
by gender and age), featuring 17 dietary exposure variables
(dietary indices and food intake), 31 omics variables, and 3
outcomes: binary type 2 diabetes (T2D), continuous BMI, and
categorical BMI (four levels: obese, overweight, normal, un-
derweight). Five potential confounders serve as covariates
(gender, age, education, physical activity, smoking), alongside
auxiliary data including pairing information matching controls
to cases. The complete dataset contains no missing values and
has consistent observation ordering across dataframes. This
demonstration explores exposure-outcome associations via
metabolites as molecular mediators.

The TriplotGUI workflow begins with omics data upload
(Step 1), in which dimensionality reduction via PCA or
WGCNA produces component scores and loadings. Exposure
and outcome data are uploaded in Steps 2 and 3, with optional
simultaneous covariate upload for confounding adjustment.
Importantly, TriplotGUI permits data inspection, variable
class modification, and the removal of undesirable variables
for each dataset. For this use case, all metabolomics and expo-
sure variables are converted into numeric form, with auxiliary
or covariate data excluded. Advanced applications are detailed
in the online tutorial.

PCA implementation in Step 1 generates five principal
components by default (user-adjustable). Steps 2 and 3
quantify component associations with exposures/outcomes,
visualized as heat maps through the “Comparative
Visualization” module (Supplementary Fig. S1). Noticeably,
Component 1 showed strong correlation with multiple
exposures and Component 2 exhibited the strongest associa-
tion with BMI and was therefore used to generate the triplot
in Step 4. However, both Components 3 and 4 demon-
strated potentially interesting associations, warranting further
investigation.

In Step 4, the triplot co-visualizes omics variable loadings
(black arrows), correlation coefficients (blue circles), and risk
estimates (red squares), providing a global view of exposure—
omics—outcome associations (Supplementary Fig. S2a).
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Figure 1. (a) Flow chart of the TriplotGUI structure. Each box corresponds to a tab in the TriplotGUI sidebar, representing one of the five main steps
or two additional functionalities. Arrows connecting the boxes can be interpreted as passing data. Ovals represent different types of input and output:
essential input data; covariate and auxiliary input data; and TriplotGUI objects (“TPObjects”) generated in the steps, which contain the accumulated

information gathered up to and including that step. (b) Sidebar from the TriplotGUI application that corresponds to the steps and functionalities visualized

in the flow chart.

Compared with Component 2, Component 1 shows overall
stronger correlations with food items and dietary indexes,
but weaker associations with BMI or T2D, suggesting a
dietary-influenced metabolite pattern with limited metabolic
health implications. Conversely, Component 2 is more
strongly associated with BMI and T2D, and also with certain
unhealthy exposures (e.g. sausage), possibly indicating how
certain food choices can affect health, potentially mediated
through metabolite patterns represented as loadings in the
two visualized components. In addition to data reduction
using PCA in Step 1, users can also opt to use WGCNA

for corresponding triplots (Supplementary Text S2 and
Supplementary Fig. S2b).

Based on the “Comparative Visualization” and triplot
from Step 4, users can select specific exposures and outcomes
for mediation analysis in Step 5, facilitating further investiga-
tion of the potential biological mechanisms underlying the
components-of-interest.

In the current use case on BMI and T2D, using PCA for
omics data reduction, we focus on molecular mediation for
the Hamburger and Baltic Sea Dietary Score—the dietary
exposures that showed the strongest associations with the
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Figure 2. Mediation analysis in TriplotGUI Step 5. (a) Data-analysis and visualization settings. Mediation analysis using the Baron—Kenny method is
performed for the selected exposures and outcomes. Specific exposure—component-outcome combinations are selected for visualization. (b) Mediation
barplot using hamburger consumption as the exposure, Component 2 as the mediator, and BMI as the outcome. The positive indirect effect is consistent
with having similar directions between the hamburger-component correlation and the component-BMI association. In contrast, direct and total effects
were not observed (P value > .05). Positive and negative effects are distinguished by their position relative to the axis. IE, indirect effect; DE, direct

effect; TE, total effect. *Pvalue < .05, **Pvalue < .01, ¥***Pvalue < .001.

omics components. Here, we demonstrate conventional medi-
ation analysis by using the Baron—-Kenny (product) method
[12] (Fig. 2), although TriplotGUI also offers counterfactual
mediation analysis via the “mediation” package [14] (Fig. 2a).
Step 5 visualizes the mediation estimates (i.e. direct, indirect,
total effect, and proportion mediated) and association direc-
tions for selected exposure—-component—outcome mediations
(Fig. 2b). As the requirement for an apparent total effect to
justify mediation analysis has been largely abandoned

in modern statistical practice [15, 16], we therefore focus
directly on the indirect effects for its potential to reveal mech-
anistic insights. Both mediation and meet-in-the-middle anal-
yses consistently support the indirect effects of hamburger
consumption (a marker of an unhealthy diet) on BMIL.
Specifically, Component 2 was associated with higher BMI
and hamburger intake in the meet-in-the-middle analysis
(Supplementary Fig. S2) and showed a corresponding positive
indirect effect in the mediation analysis (Fig. 2b). This
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suggests that the metabolites represented by Component 2
may mediate an association of hamburger consumption with
increased BMI, although a total effect could not be observed
(P value=.55). In addition, an unobserved direct effect
(P value = .07) implies that other molecular mechanisms are
either absent or sum up to null.

Notably, the “Comparative Visualization” automatically
updates with mediation analysis results from Step §
(Supplementary Fig. S3). All data generated throughout the
analyses can be downloaded in the “Data Download” module,
enabling further exploration and refined analyses.

This use case highlights how TriplotGUI’s user-friendly
interface streamlines holistic analysis and the visualization
of molecular mediation between exposures and outcomes,
lowering the technical barriers for users with limited coding
experience. Omics features dominating the components-of-
interest in TriplotGUI can be further investigated for biological
mechanisms linking specific exposures to outcomes. While the
use case illustrates a simplified TriplotGUI workflow, detailed
guidance on advanced functionalities, including adjustment
for confounders at various stages and counterfactual media-
tion analysis, is available in the “Manual” section of the
web tutorial.

Discussion

With its automated workflow and advanced visualizations,
TriplotGUI supports researchers in analysing complex rela-
tionships among exposure(s), omics, and outcome(s). The
tool accelerates analysis for users with limited R knowledge
and enables comprehensive exploratory investigations through
its diverse functionalities. While the interface is user-friendly,
advanced users can also integrate custom functions, offering
flexibility to adapt the package for more complex analyses and
causal structures.

Beyond data reduction, exposure—outcome associations,
and mediation analysis, TriplotGUI provides flexible options
for handling categorical variables. Users can choose between
multinomial regression and one-hot encoding with subse-
quent logistic regressions for categorical outcome variables
(more than two classes). For binary matched case—control
outcomes, conditional logistic regression is available by using
pairing information uploaded as auxiliary data.

While TriplotGUI automates data analysis and visualiza-
tion, we acknowledge several limitations: TriplotGUI assumes
that omics variables represent potential molecular mediators
between exposures and outcomes. However, causal relation-
ships cannot be tested within the tool itself and users must as-
sess the suitability for their research questions. Moreover,
continuous exposures are investigated by using correlation
analysis, corresponding to a cross-sectional design. Linear
models reflecting temporality may be more appropriate if ex-
posure data precede omics assessment. In addition, TriplotGUI
currently supports confounder adjustment for exposure—out-
come associations via molecular mediators, but not more com-
plex confounding issues [17] and effect modification [18].
Advanced users, however, can replace the built-in mediation
procedures with custom scripts while leveraging TriplotGUI’s
workflow and visualizations. Furthermore, survival analysis
[19], linear mixed-effect models for repeated measurement
[20] and regularization techniques [21] have not yet been in-
corporated for risk modeling. Moreover, TriplotGUI’s media-
tion analysis is currently restricted to single mediators and it

may benefit from integrating advanced high-dimensional medi-
ation techniques, accounting for multiple mediators and en-
abling simultaneous mediator selection [17-19]. Additional
methodological discussions on mediation analysis are provided
in Supplementary Text S3. TriplotGUI’s modular design allows
future upgrades to address current limitations, with plans to ex-
pand data reduction, risk modeling, and mediation analysis [18,
22] as methodologies evolve.

While TriplotGUI’s programming-free interface improves
accessibility, users still need to have domain-specific epidemi-
ological knowledge to frame the research questions, define
the exposures/outcomes, construct causal diagrams, and in-
terpret the results. Data preprocessing (e.g. imputing missing
values, normalization) must be handled externally due to the
variety of options. Though tested primarily with metabolo-
mics, TriplotGUI supports other omics, such as proteomics.
However, TriplotGUI faces computational limits with large-
scale transcriptomic/epigenomic data. We therefore suggest
the preselection of variables of interest from extensive predic-
tor data prior to analysis with TriplotGUI by using variable
selection techniques designed to minimize data leakage, such
as the MUVR2 approach [23]. In addition, future updates
will optimize scalability via parallel computing and memory
management. To further enhance usability and interpretabil-
ity, interactive visualizations with dynamic inspection of
results (e.g. zooming, tooltips) are also planned for fu-
ture versions.

In summary, TriplotGUI streamlines the investigation of
exposure—omics—outcome relationships by reducing technical
barriers, automating analyses, and providing intuitive visual-
izations. As a freely available application, TriplotGUI is
designed to be maintained and upgraded to meet evolving re-
search needs in the coming years.
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