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Figure 1: We embed time series as trend figures into parallel coordinates to analyze the impact of receptor trafficking on simulated signal
responses over time. a) Verification: with higher rates of receptor internalization, more receptors are in fact internalized (a1), except for one
outlier (a2). b) Calibration: few receptors in rafts (b1) lead to undesired low pathway activation (b2), independent of signal intensity (b3).
c) Sensitivity analysis: in turn, most receptors in rafts (c1) lead to significant pathway activation (c2, c3) but only one stable behavior (c2).

Abstract
The ability of a cell to communicate with its environment is essential for key cellular functions like replication, metabolism, or
cell fate decisions. The involved molecular mechanisms are highly dynamic and difficult to capture experimentally. Simulation
studies offer a valuable means for exploring and predicting how cell signaling processes unfold. We present a design study
on the visual analysis of such studies to support 1) modelers in calibrating model parameters such that the simulated signal
responses over time reflect reference behavior from cell biology research and 2) cell biologists in exploring the influence of
receptor trafficking on the efficiency of signal transmission within the cell. We embed time series plots into parallel coordinates
to enable a simultaneous analysis of model parameters and temporal outputs. A usage scenario illustrates how our approach
assists with typical tasks such as assessing the plausibility of temporal outputs or their sensitivity across model configurations.

CCS Concepts
• Human-centered computing → Visual analytics; • Applied computing → Computational biology;

1. Introduction

The ability of a cell to understand and communicate with its en-
vironment is at the core of all living organisms, whether single-
celled or multicellular. Cell signaling describes the mechanism by
which a cell collects information from its environment, other cells,

or even itself, and then responds with an action. Many key cellular
functions depend on signaling to happen correctly, e.g., replication,
metabolism, or cell fate decisions, driving higher-level processes
like tissue regeneration. Anomalous signaling can be involved in
human cancers or developmental disorders [CN12].
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Signaling processes often involve highly dynamic molecular
mechanisms that may be difficult to capture experimentally. Com-
putational modeling, especially through simulation studies, offers
detailed control, repeatability, and close observation, making it a
powerful alternative for exploring and predicting how signaling
processes unfold. Researchers studying cell signaling can particu-
larly benefit from mechanistic models, which – unlike statistical or
AI-driven models – reflect the actual structure and behavior of bio-
logical mechanisms known to govern the phenomenon of interest.
While advanced computational approaches to calibrating model pa-
rameters exist, expert knowledge is still crucial, e.g., to specify ini-
tial parameter values or boundary conditions, or to decide whether
simulation results are plausible given the biological system at hand.

In this paper, we present a visual analytics approach to support
the exploration of simulation data in cell signaling studies. We first
outline the workflow used in simulation-based modeling of biolog-
ical processes and highlight key challenges, particularly those re-
lated to the interpretation of time-dependent observables and the
high dimensionality of parameter spaces. We then propose to em-
bed time series plots into parallel coordinates, allowing model pa-
rameters and temporal outputs to be viewed in a single representa-
tion. Finally, we illustrate how this approach can assist with typical
analysis tasks, including plausibility checks of model behaviors, the
refinement of parameter choices, and the examination of sensitivity
and variation across simulation runs. Our goal is to support domain
experts and modelers in their collaborative efforts to develop, re-
fine, and apply mechanistic models of cell signaling processes.

2. Related Work

Dynamic processes are fundamental to understanding physiology
across all scales [GKV∗22]. At the organ and system level, visual-
izations often focus on multivariate time-dependent measurements,
such as vital signs or brain activity. For example, tiled parallel co-
ordinate plots have supported the exploration of temporal patterns
in EEG recordings [tCMR05]. Stoppel et al. [SHHB16] integrate
time curves into spatial representations to aid the interpretation
of time-dependent imaging data. At the pathway level, systems
like Minardo [MSK∗15] embed time profiles into biological net-
works, enabling the interpretation of temporal activity in relation
to known cellular mechanisms. At the cellular scale, experimen-
tal observation becomes increasingly difficult, and simulations play
an important role in hypothesis generation and model refinement.
These simulations often involve numerous parameters and produce
complex time-dependent outputs. Visual parameter space analy-
sis has been proposed as a conceptual framework for exploring
input-output relationships in simulation-based studies [SHB∗14],
and successfully employed in a variety of domains. For instance,
Diehl et al. [DPD∗15] visualize temporal weather simulation data
through a combination of small multiples, map-based views, and
temporal brushing to explore patterns across forecast ensembles.
Konyha et al. [KMG∗06] explore families of function graphs using
interactive brushing and linking to relate scalar input parameters to
trends in temporal outputs, emphasizing analyst-driven hypothesis
generation. Eichner et al. [EST20] analyze parameter dependencies
of time-series segmentation results through several linked views: a
triangular subrange correlation view, a parallel coordinates view

for average correlation strength, and a tabular view for deviations
from the average correlations. In cellular simulation, tools such as
those by Schulz et al. [SUS11] and Luboschik et al. [LRHS14] offer
linked parameter and output views, but typically separate spatial,
temporal, and input analyses.

While these approaches are powerful, our work focuses on a spe-
cific need: treating distinct temporal behaviors as discrete pattern
types, similar to categorical outcomes, and enabling researchers
to directly relate these to multiple simulation input parameters
through an integrated visualization.

3. Data and Task Analysis

Simulation models in cell signaling aim at capturing dynamic
molecular mechanisms that take place around or inside a cell. Cells
have various intricate ways to control the intensity of their response
to external stimuli (e.g., hormones, neurotransmitters, or growth
factors). One important way is to manage the availability and re-
sponsiveness of receptors at the cell surface through their sorting,
internalization, degradation, and recycling. This is known as recep-
tor trafficking. It is a key mechanism to dampen signal intensity by
lowering the number of receptors and ligands, while also being able
to promote signaling, depending on receptor state and timing.

As a case study, we consider a computational model of mem-
brane dynamics during the initial stages of canonical Wnt signal-
ing [HBU20]. The cellular response follows upon the formation
of a receptor complex in specialized parts of the membrane after
binding of the Wnt ligand. Once the receptor complex is formed,
an inhibitor protein is recruited from the inner cell to the membrane
where it is bound and inactivated. This initiates the intracellular sig-
nal transmission. Receptor sorting and internalization play a pivotal
role in this process [CK21]. Depending on the membrane structure
a receptor is residing in, either raft or non-raft domain, different
signaling pathways might be activated. If internalization is induced
in non-raft domains, receptor and Wnt ligand are degraded and the
signal is attenuated. If it is induced in raft domains, a particular
protein accumulates in the inner cell and the cell response is pro-
moted. However, which internalization pathway is activated under
which conditions is still under debate [CK21].

In the remainder of this section, we outline the analysis tasks that
arise from simulation data of such dynamic signaling processes.

Data Abstraction The simulation model can be considered an
input-output model that approximates the cell signaling behavior
as a function X → Y by mapping some input dimensions X =
{X1, ...,Xn} to a number of output dimensions Y = {Y1, ...,Ym}
(Figure 2). We refer to the input dimensions X as model parameters
and to the dependent output dimensions Y as observables. We refer
to the union (⃗x, y⃗) of a model configuration x⃗ = (x1, ...,xn);xi ∈ Xi
and its observables y⃗ = (y1, ...,ym);yi ∈ Yi as a simulation run. Ob-
servables can have a single scalar value yi for each x⃗. However, they
can also be time-dependent, where yi is in fact a time series f (⃗x, t).

For time-dependent observables, required behavior is often
known from domain knowledge, previously validated models, or
laboratory experiments. For example, the percentage of receptors
that carry a ligand is known to change over time in a defined way
or to overcome a certain threshold within a given time range.
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Figure 2: The simulation data includes independent model param-
eters (orange) and simulated time-dependent observables (blue).

Analysis Tasks The challenge of such simulation studies lies in
the absence of a direct inverse relation Y → X that would allow us
to compute the model configuration x⃗ that results in the prescribed
temporal behaviors yi. A parameter space analysis involving tem-
poral observables might thus be guided by three main questions:

1. How to choose the model parameters for the temporal observ-
ables to reflect the behavior that was measured experimentally
in the laboratory? For example, one might want to identify the
exact rates at which the receptor trafficking mechanisms occur.

Once suitable model parameters have been identified, follow-up
analyses can advance the understanding of cell signaling:

2. How much can a condition be varied before a temporal observ-
able changes into a completely different behavior? For example,
one might want to understand how much the external signal in-
tensity can vary before the transmission of the signal breaks.

3. Which model parameter shows little variation for a regular con-
dition and significant variation for anomalous conditions? For
example, one might want to identify a mechanism to target with
medication to positively influence dysfunctional cell signaling
without disturbing healthy processes.

From the data abstraction and guiding questions, we have de-
rived the following high-level tasks to inform the visual design:

T1 Verification – Does the simulation produce plausible time se-
ries behaviors? Implausible behaviors hint at (structural) problems
in the model. For example, from previous research in cell biol-
ogy, we know that the coupling of receptors, receptor activation,
and pathway activation take place one after the other. If the time-
dependent observable for receptor activation (lrp6Phos), however,
shows a response (e.g., a peak) before the observable for receptor
coupling (lrp6Dim) does, we can deduce that the simulation model
does not reflect the correct execution order of these processes.
T2 Calibration – Which configurations are associated with re-
quired or expected time series behaviors? The initial model pa-
rameter sampling might be sub-optimal due to many degrees of
freedom and interval recommendations informed by previous find-
ings in cell biology being available only for some parameters. Even
sophisticated parameter estimation methods can hardly cover the
huge search space. Time series behaviors as prescribed by the re-
quirements can help identify promising model parameter ranges.
They hint at regions of interest in the model parameter space that
already capture the targeted system behavior quite well and could
be further exploited with a refined sampling. If only a fraction of
simulation runs show required time series behavior at all, the model
parameter sampling might need more drastic adjustments.

T3 Outlier Analysis – Which configurations result in outlier be-
haviors? An outlier can be identified based on the data only or from
expectations based on experience and domain knowledge. In con-
trast to implausible behavior (T1), outliers might represent proper-
ties of the cell signaling process that are valid in principle. Detailed
analysis is needed to distinguish between an outlier representing 1)
an emergent phenomenon that has not been observed before and
thus might inspire new findings (as opposed to locating what is al-
ready known in T2) and 2) a problem in the model (compare T1).
T4 Sensitivity Analysis – How does the behavior of temporal ob-
servables change when model parameters change? The sensitivity
of time series behavior towards model parameter changes conveys
how these parameters influence the behaviors of observables. Cur-
rent assessments of sensitivity as scalar correlation values might not
capture all variation patterns, in particular of time series. In contrast
to T2 and T3, which aim to identify parameter ranges associated
with certain behaviors, this task aims to detail the exact way, in
which changes of model parameter values induce changes in tem-
poral behaviors. Visual sensitivity analysis helps steer parameter
variation based on domain-specific notions of (dis-)similar tempo-
ral behaviors to arrive at the required behavior. It also conveys a
notion of the robustness of an observed behavior, e.g., analysts are
often interested in tipping points of the temporal developments.

4. Temporal Parallel Coordinates Axes

Gaining insight into the correspondence between model configu-
rations and time-dependent observables requires a lossless two-
dimensional visual representation for multi-dimensional simulation
runs. Parallel coordinates are a widely used and well-studied tech-
nique for the visualization of multivariate data, in particular when
it comes to simulation data [HW13]. They offer flexible axis lay-
outs and support a variety of tasks in different application domains
including life sciences and cell biology in particular [HW13]. We
build upon an open-source implementation† of parallel coordinates
called PAVED [CMMK20], which has been successfully applied to
a conceptually similar use case on multi-attribute decision-making
[CM24]. PAVED offers a compact overview of multivariate simu-
lation runs and simple interactions for selecting runs with desired
behavior and eliminating runs with undesired behavior. However, it
has not been designed to handle time-dependent outputs.

Parallel coordinates can be extended in different ways to include
the time dimension. One option is to depict time on an additional
axis [WLG97,TAS04], but this often leads to overplotting and fails
to preserve the continuity of individual time series. Aggregating
time series to scalar values [DKG12] may obscure important tem-
poral dynamics. Representing time steps as separate axes [Eds03]
does not scale well with many observables or time points.

We instead aim for a simultaneous depiction of model param-
eters and time-dependent observables in a unified view, treating
time series as complex data objects. To do this, we build upon
the concept of minimalistic trend figures [ZLTS03], but depict the
changes of observable values over time rather than across data

† PAVED has been developed at Fraunhofer IGD and is available at
https://github.com/fraunhofer-igd-iva/pavedjs.
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items. For each simulation run and observable, one trend figure
is visually aligned with the corresponding polyline in the parame-
ter space. In contrast to approaches using vanishing point perspec-
tives [GRPF16], we avoid perceptual distortion by following the
concept of juxtaposed nested plots [WLSL16].

To reduce visual clutter and highlight key patterns, we cluster
similar time series for each observable. This reflects the common
situation that only a few distinct behaviors are of interest to do-
main experts. We use k-means clustering with dynamic time warp-
ing to group similar temporal profiles and determine the number of
clusters empirically based on expert feedback. Since clustering is
not always fully reliable and might not capture domain-specific no-
tions of similarity, we enable interaction with the clustered output
to support visual verification and refinement by users.

Similar as in parallel sets [KBH06], we replace the point inter-
sections at the axes with boxes that represent the clusters. These
boxes are scaled according to the size of the clusters on that axis
(i.e., the number of cluster members) relative to all data samples
(i.e., model configurations). Their initial ordering also follows the
cluster size, with larger clusters being at the bottom of an axis and
smaller clusters being at the top. Color is used to differentiate the
clusters, with hue indicating the time-dependent attribute the clus-
ter belongs to and saturation indicating the different clusters within
that attribute, again reflecting their sizes (clusters with more mem-
bers are rendered with more saturation). Each colored box is over-
layed with a multi-line chart that superimposes the members of the
respective time series cluster. The x-axis reflects time and the y-
axis reflects the attribute values. The time range is identical across
all observables. The y-axis is scaled according to the minimum and
maximum values of the respective attribute across all time series.
Axis ticks and time point marks are omitted to save screen space
and focus on temporal trends.

We extend the interaction of the non-temporal PAVED imple-
mentation [CMMK20] to our newly introduced temporal axes, such
that time series are highlighted or grayed out in accordance with
their respective polyline. Consequently, we support several com-
mon interaction schemes that allow analysts to filter model config-
urations according to constraints and preferences, browse the re-
sulting selection, highlight and bookmark model configurations or
temporal behaviors of interest, inspect details on demand, reorder
the axes and clusters according to their relevance to the task, and
refine the clustering according to perceived similarity of behaviors.

5. Usage Scenario

We illustrate the effectiveness of our visual analytics approach by
applying it to a simulation model of receptor internalization during
the initial stages of canonical Wnt signaling. The simulation model
is defined using the modeling language ML-Rules [HWMU], where
rules describe the signaling cascade together with known cellular
dynamics, e.g., binding kinetics or the activation of receptor com-
plexes, that are obtained from experimental measurements or previ-
ously validated models. A parameter scan of the simulation model
is then executed with a stochastic simulation engine [KHWU].

By analyzing the parameter scan (Figure 2), our collaborators
aim to contribute to the ongoing debate about the exact mechanism

of signaling pathway activation (Section 3). They systematically in-
vestigate the hypothesized influence of the membrane structures on
the temporal regulation of receptor coupling, internalization, ac-
tivation, and ultimately pathway activation under different condi-
tions. These conditions, 141 in total, are reflected by varying the
model parameter values: the intensity of the external Wnt stimuli
(nWnt), the receptor distribution between the two membrane struc-
tures (proportion nLRP6_lr of receptors in raft domains), and the
rate of receptor internalization in each of these structures (kRaft-
Internal for raft domains and kLrpEndo for non-raft domains).
Based on the analysis aim, the following observables serve as the
model output: the number of coupled receptors (lrp6Dim), the num-
ber of internalized receptors (lrp6Int), the number of active recep-
tors (lrp6Phos), and the accumulation of the beta-catenin protein
(bCat_nuc) as a measurement of pathway activation. As external
stimuli can trigger immediate but also longer-term responses in the
cells, seven time steps are observed: 0, 10, 20, 30, 60, 120, and 360
minutes after stimulation.

If users need to verify that the internalization response in the
simulated signaling behavior actually depends on the responsible
model input (T1), they can use drag and drop to move the response
axis between the axes representing the model parameters that con-
trol internalization. In this case, their expectation that increasing
values of the internalization parameters (kLrpEndo and kRaftInter-
nal) result in increasing numbers of receptors being internalized
over time (lrp6Int) is confirmed (Figure 1a1). However, one con-
figuration does not follow this pattern: a low lrp6Int response is
observed despite a high value of the kLrpEndo parameter (Figure
1a2). Closer inspection of the polyline of this semantic outlier (T3)
reveals that it comprises the highest value of the nLRP6_lr parame-
ter, i.e., most receptors are located in raft domains. Receptors in raft
domains, however, are not available for the internalization pathway
represented by the kLrpEndo parameter. Thus, the high kLrpEndo
value has a diminishing effect on the model outcome, as it applies
only to a small minority of receptors.

Given a verified model, brushing may be used to explore the in-
fluence of different parameters. For instance, users interested in the
impact of receptor localization (nLRP6_lr) on the signal activation
(bCat_nuc), can start by brushing configurations where most re-
ceptors are in non-raft domains (Figure 1b1). The selection reveals
consistently low signal activation (bCat_nuc, Figure 1b2), indepen-
dent of the stimuli intensity (nWnt, Figure 1b3). This observation
reproduces previous findings reported in literature [CK21].

If users aim to understand how the signal activation changes
when receptors are mostly in raft domains (T4), they can move the
brush from low to high values (Figure 1c1). While this reveals two
clusters with high signal activation, our collaborators unexpectedly
find that only one cluster reproduces a stable signal activation (Fig-
ure 1c2). The second cluster reveals undesired transient signal acti-
vation, in which the bCat_nuc trajectory declines to its ground level
after an initial peak (Figure 1c3). They suspect that this relationship
is a previously non-described phenomenon in cell biology that war-
rants further research. Hovering or brushing the respective clusters
(T2) can help further distinguish these two behaviors by compar-
ing the corresponding regions of the model parameter space, poten-
tially identifying influencing factors to be investigated in the future.
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6. Discussion and Future Work

The usage scenario and feedback from our domain experts suggest
a significant value of our visual analysis approach for simulation-
based understanding of cell signaling processes. With simulation
models in computational biology being quite large, hundreds to
thousands of simulation runs are possible. While this does not di-
rectly influence the number of time series clusters, techniques from
time-oriented visualization research might be needed to cope with
increasing numbers of cluster members in the multi-line charts.
When simulating cell signaling processes, we can assume the time
series to show an initial response (e.g., a peak or increase/decrease)
and then converge into some kind of stable behavior. A generaliza-
tion of the multi-line charts to more fluctuating or oscillating time
series beyond cell signaling simulations remains an open challenge.

Future work could dive deeper into task-dependent representa-
tions of temporal value changes at the parallel coordinates axes and
introduce dedicated interactions to seamlessly switch between dif-
ferent granularities and contexts, e.g., moving from identifying rep-
resentative behaviors in clusters over analyzing one selected clus-
ters to a detailed inspection of a selected time series – and back.
Our domain experts also commented that their simulation study
workflow would significantly benefit from being able to directly
execute additional runs from our visualization tool based on inter-
esting model configurations or interesting temporal developments
observed in the model output. This request for simulation steering
also motivates a more progressive analysis approach.

7. Conclusion

We presented a design study on simultaneously exploring model
parameters and temporal outputs to support the simulation-based
modeling and prediction of how cell signaling processes unfold.
Our interactive visualization embeds time series plots into parallel
coordinates to address key challenges related to the identification
of (im)plausible temporal outputs, the calibration of model parame-
ters, and the examination of how temporal outputs vary in response
to parameter refinements. Our usage scenario illustrates how our
approach can assist in understanding signaling pathway activation
and our collaborators in computational biology expressed strong in-
terest in using our tool for their research and developing it further.
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