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Figure 1: Schema of the classification dimensions of uncertainty-aware visualization (UAV) of biomolecular structures. We categorize the rel-
evant literature along three major dimensions: primary molecule type considered, manifestation of the uncertainty, and uncertainty mapping
strategy. The mapping strategy is further divided into directly displaying the uncertainty distributions and using visual variables to encode
summary statistics. The attributes listed for the dimensions are derived from the literature. They are not exhaustive and can be expanded as
new visualization methods emerge.

Molecular structure visualization is fundamental to molecu-
lar biology, aiding in understanding complex biological pro-
cesses. While advancements in molecular visualization have
greatly improved the representation of these structures, inherent
uncertainties—such as inaccuracies in atomic positions or variabil-
ity in secondary structure classifications—impact the accuracy of
the visualizations. Uncertainty-aware visualization (UAV) emerged
as a response to these challenges, integrating uncertainty into vi-
sual representations to improve data interpretation and decision-
making. Despite extensive work on both molecular and uncertainty
visualization (UV), there is a lack of comprehensive surveys ad-
dressing the intersection of these two fields. This paper provides a
state-of-the-art review of UAV approaches for biomolecular struc-
tures. We propose a classification schema that organizes existing
methods based on the type of molecule visualized, the manifes-
tation of uncertainty, and the mapping of uncertainty to a visual
representation. Using this framework, we identified research gaps
and areas for future exploration in uncertainty-aware biomolecular
structure visualization.

1. Introduction

The visualization of molecular structures has long been an inte-
gral part of structural molecular biology and continues to develop
as a critical tool in scientific and industrial research. Since the early
days of the field, molecular visualization has enabled researchers to
gain an intuitive understanding of complex molecular systems that
would otherwise be inaccessible through raw numerical data alone.
Structural representations provide insight into the form and func-
tion of molecules, which are inherently linked. A well-known ex-
ample is the lock-and-key metaphor for molecular docking, which,
while simplified, illustrates the importance of molecular shape in
determining biological interactions. By transforming abstract data
into interpretable visual models, visualization allows scientists to
identify relationships, mechanisms, and patterns essential for ad-
vancing molecular biology, drug design, and bioinformatics.

Levinthal [Lev66] was the first to use known positions of atoms,
obtained by early X-Ray diffraction studies [Ken61, Per64], to in-
teractively visualize 3D structural images of small proteins. Over
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(a) Semi-transparent ensemble visualization. (b) Ranges visualization. (c) Direct volume rendering of the distribution.

Figure 2: Some of the first uncertainty visualizations for biomolecular structures. In a) and b), the uncertainty is mapped to the ball-and-stick
representation, whereas c) is a direct volume rendering of the structure [RJ99]. Reproduced from Visualization of Molecules with Positional
Uncertainty, P. Rheingans and S. Joshi, Data Visualization ’99, Eurographics and Springer, 1999. © Springer, reproduced with permission
from SNCSC. Not covered by the article’s Creative Commons license.

the years, molecular visualization has advanced significantly. The
field has seen the development of diverse visualization and visual
analysis techniques, driven by growing computational capabilities
and the increasing complexity of biological data. This progress is
reflected in comprehensive surveys such as the one by Kozlíková et
al. [KKF∗17], which provides a detailed overview of the state-of-
the-art in molecular structure visualization.

One of the inherent challenges with visualization is the poten-
tial introduction of uncertainty at any stage of the visualization
pipeline, from data acquisition to the final visualization and its
interpretation by the viewer [BAOL12]. There are many poten-
tial sources of uncertainty. For instance, the obtained positions of
atoms can be inaccurate due to uncertainty in the data acquisition
process. Another important example is the variability in molecular
conformations, as represented by ensembles. Ensembles obtained
from techniques such as nuclear magnetic resonance (NMR) spec-
troscopy illustrate a range of possible structures rather than a sin-
gle, static conformation. Similarly, derived properties like the root
mean square fluctuation (RMSF), which depends on atom positions
during a dynamics simulation, can also be susceptible to uncertain-
ties. Other forms of uncertainty come from computational meth-
ods such as assignments of secondary structure elements: Different
classifiers that assign structural elements to parts of the amino acid
sequence yield different results. Understanding these uncertainties
is essential as they are directly impacting the reliability and inter-
pretation of molecular visualizations. Coming back to the earlier
example of molecular docking, uncertainties in atomic positions
can severely affect the docking process. In such cases, it is not only
the most probable structure that matters but also other plausible
conformations, as they may influence the outcome and provide a
more comprehensive understanding of molecular interactions.

To address these issues and communicate associated uncertain-
ties, the field of UAV has emerged. It focuses on integrating data
and its uncertainty into a unified computation and visualization
pipeline, ultimately helping users make more informed decisions.
This is particularly important because visualization tends to sug-

gest a level of accuracy rarely present in the data [JS03]. However,
incorporating uncertainty information into a visualization presents
its own challenges. It tends to increase the visual complexity, po-
tentially hindering the perception of the core data [BHJ∗14]. In
the context of biomolecular structures, UV has been an active area
of research for over 30 years, with some of the earliest examples
shown in Figure 2. Despite this, existing surveys focus on either
specific aspects of molecular visualization or UV in general, with
no survey addressing the unique intersection of these two topics.

Thus, this report provides an overview of existing UAV ap-
proaches for biomolecular structures. While this is particularly rel-
evant to the study of biomolecules, it also holds mutual benefits for
the broader visualization community. Molecular structure data is
versatile, complex, and derived from a variety of sources. The tech-
niques developed for visualizing uncertainty can enhance molecu-
lar visualization and provide valuable insights for other fields that
handle complex and uncertain data. Additionally, innovations in
these fields could inspire new methods and improvements in the
visualization of uncertainty for biomolecular structures.

To structure and provide an overview of works on UAV of
biomolecular structures, we introduce a classification schema (Fig-
ure 1) that categorizes approaches by molecule type, uncertainty
manifestation, and uncertainty mapping. This classification allows
for a better understanding of the diverse techniques and helps iden-
tify trends and gaps in current methodologies. For example, there
is a significant lack of UAV techniques for large-scale data, despite
the rapid growth of structural datasets. By identifying such gaps,
we highlight promising opportunities for advancing the field.

Our survey’s main contributions can be summarized as follows:

• A taxonomy for UAV of biomolecular structures.
• A thorough overview of existing research.
• The identification of patterns and gaps in current methods.
• Recommendations for promising areas of future research.

This report is organized as follows: First, we discuss related sur-
veys (Section 2). Next, we introduce the necessary background
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on molecular structure visualization (Section 3), and UAV (Sec-
tion 4). Then, we discuss the scope of this paper in more detail and
present our proposed taxonomy for uncertainty-aware visualiza-
tion approaches for biomolecular structures (Section 5). Section 6,
Section 7, and Section 8 then describes the approaches for small
molecules, proteins, and nucleic acids, respectively. Afterward, we
discuss the existing approaches (Section 9) and future research di-
rections (Section 10) before we conclude this report in Section 11.

2. Related Work

While surveys on UV and biomolecular visualization individu-
ally are manifold, a comprehensive survey of the intersection of
both areas is still missing in the literature. Surveys on biological
or biomolecular visualization frequently acknowledge uncertainty
but typically address it in a limited scope, often focusing solely
on individual aspects. Kozlíková et al. [KKF∗17] provide a broad
overview of state-of-the-art techniques in biomolecular structure
visualization. Their report includes a section on molecular dynam-
ics visualization, covering methods for illustrating biomolecular
flexibility and volumetric representations.

Krone et al. [KKL∗16] review techniques for visualizing
biomolecular cavities, also discussing several sources of uncer-
tainty inherent to this field. They highlight the challenges of vi-
sualizing dynamic cavities, which fluctuate over time as molec-
ular structures are inherently dynamic. Additionally, the authors
emphasize the need for visualization tools that can compare
and evaluate different cavity detection methods, noting signifi-
cant discrepancies—up to 200%—in volume measurements across
tools. Despite these challenges, only a few tools can currently cal-
culate uncertainties in their measurements. The increasing size and
complexity of data drive the need for multiscale visualization ap-
proaches. The 2019 survey by Miao et al. [MKK∗19] explores these
multiscale molecular visualization methods and emphasizes the im-
portance of overview visualizations. For this purpose, highly ab-
stracted and/or aggregated UV techniques are featured in their re-
view. The recent review of biomolecular visualization by Li and
Wei [LW24] includes a brief section on positional UV, outlining
common encodings and some newer techniques.

Since molecular dynamics (MD) simulation computes the dy-
namic properties of molecules, this topic is closely related
to molecular flexibility and positional uncertainty. Belghit et
al. [BSD∗24] reviewed the visualization of MD trajectories, while
Corey et al. [CBC23] specifically reviewed the visualization of MD
simulations for membrane systems.

In 1997, Pang et al. [PWL97] developed a classification scheme
for early UV approaches. It incorporates properties of the data and
visualization themselves, such as its dimensionality and discrete
or continuous nature. Additionally, they categorize approaches ac-
cording to how they add uncertainty information to the visualiza-
tions. They identified the methods: glyphs, adding/modifying ge-
ometry, modifying attributes, animation, sonification, and psycho-
visual. Brodlie et al. [BAOL12] discussed reasons for UV being
a difficult problem. One major reason is the complexity of uncer-
tainty itself, with even the terminology of uncertainty often being
unclear. For biomolecular UV, for example, uncertainty is often

used interchangeably with error, precision, or flexibility. Another
difficulty is that uncertainty adds another dimension to a visualiza-
tion. For one- or two-dimensional data, this makes the visualization
more complex but is relatively easily solvable. Most biomolecu-
lar structure visualizations are inherently three-dimensional. Thus,
adding another dimension—the uncertainty—becomes more chal-
lenging. Additionally, they specifically emphasize the distinction
of visualization of uncertainty and uncertainty of visualization:
Research usually considers the visualization of uncertainty in a
dataset. However, the visualization itself—through filtering, map-
ping, and rendering—adds another layer of uncertainty. Bonneau
et al. [BHJ∗14] formally describe uncertainty and discuss UV in
several fields like medical visualization or weather and climate.

Ensemble visualization is closely related to the visualization of
uncertainty. In fact, a common metaphor for indicating uncertainty
in biomolecular structures is ensemble visualization. The ensemble
visualization survey by Wang et al. [WHLS19] does not explicitly
address biomolecular structures; however, several techniques for
visualizing ensembles of surfaces or volumes are either currently
applied to biomolecular structures or are adaptable for this purpose.

Padilla et al. [PKH21] recently outlined best practices for UV,
discussing cognitive theories that explain how these methods affect
viewers’ judgments. They primarily examined lower-dimensional
(1D, 2D) UV, including error bars, icon arrays, and 2D ensemble
plots. In their 2006 survey on UV, Griethe and Schumann [GS06]
highlighted the scarcity of usability studies as a key gap in the
field. Over a decade later, Hullman et al. [HQC∗19] conducted an
in-depth survey on evaluating UV, identifying several unresolved
issues. Notably, they observed a prevalent research bias toward as-
sessing performance accuracy over decision quality. They proposed
guidelines for adopting transparent and valid evaluation methods.

Weiskopf [Wei22] discusses UV and illustrates general concepts
with examples of biological data visualization. However, his pa-
per is not a systematic survey and because it focuses on biological
data in general, only a few molecular structure visualizations are
featured. Therefore, a comprehensive overview of uncertainty in
biomolecular structure visualization is still missing in the literature.

3. Molecular Structure Visualization

In this section, we provide a brief overview of molecular struc-
ture visualization. We begin with a summary of biomolecules (Sec-
tion 3.1), followed by the description of various methods for acquir-
ing biomolecular structure data (Section 3.2). Finally, we discuss
molecular representation models (Section 3.3). We provide only
brief overviews of these topics; for more in-depth information on
biomolecules and biomolecular data acquisition, please see Nelson
and Cox [NC21], Berg et al. [BTS10], and Alberts et al. [AHJ∗22].
Further information on representation models and visualization can
be found in the report by Kozlíková et al. [KKF∗17].

3.1. A Brief Summary of Biomolecules

Biomolecules are essential to the structure, function, and regulation
of living organisms. They are the building blocks of life and play
critical roles in various biological processes. The main ingredient
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of biomolecules is carbon, a highly versatile element that can form
a variety of bonds with itself and other elements such as hydro-
gen, oxygen, and nitrogen. Biomolecules can be classified into two
major groups: small molecules and macromolecules.

Small molecules have a relatively low molecular weight, are
highly diverse, and serve numerous functions. For example, they
can serve as energy sources, signaling molecules, and building
blocks for larger macromolecules. Although there are many types
of small molecules, the four main classes are sugars, fatty acids,
nucleotides, and amino acids. These molecules form the foun-
dation for larger macromolecules: Larger carbohydrates such as
polysaccharides and oligosaccharides are formed from smaller
sugar molecules; fatty acids form fats and membrane lipids; nu-
cleotides are the building blocks of nucleic acids; and amino acids
combine to form proteins.

Carbohydrates serve as primary energy sources, particularly in
the form of sugars such as glucose. They provide crucial structural
support, particularly in plant cell walls, where cellulose plays a vital
role. In addition, carbohydrates play a role in cellular signaling,
acting as recognition molecules on cell surfaces, and influencing
interactions between cells and their environment.

Lipids are water-insoluble, essential for energy storage, and form
biological membranes. The membrane lipids have a hydrophilic
head and a hydrophobic tail, which allows them to form bilayers.
Their hydrophilic heads face outward toward the water, while their
hydrophobic tails face inward, away from the water. This bilayer
structure forms the foundation of biological membranes, acting as
a selective barrier that separates the cell from its surroundings. In
addition to their structural role, some lipids, such as hormones or
enzyme cofactors, also actively participate in metabolism.

Nucleic Acids such as DNA and RNA, are central to storing
and transmitting genetic information. DNA contains the genetic in-
structions determining an organism’s characteristics. RNA, on the
other hand, plays a critical role in translating these genetic instruc-
tions into functional proteins. In addition to this, certain types of
RNA molecules function in various regulatory and catalytic roles,
acting as messengers or catalysts in biological processes. The struc-
ture of nucleic acids is commonly described at four levels: primary,
secondary, tertiary, and quaternary. The primary structure of nu-
cleic acids refers to the linear sequence of nucleotides connected by
phosphodiester bonds. Each nucleotide consists of a sugar, a phos-
phate group, and a nitrogenous base. The secondary structure of nu-
cleic acids refers to the local folding patterns of the polynucleotide
chain. In DNA, this is famously seen in the double helix, a spiral
structure where two complementary strands of nucleotides form hy-
drogen bonds between complementary base pairs. In RNA, the sec-
ondary structure includes single- and double-stranded regions. In
double-stranded regions, complementary base pairs form hydrogen
bonds. A characteristic feature of RNA secondary structure is the
hairpin loop, where a single-stranded RNA segment folds back on
itself to form a double-stranded stem. This stem is held together by
complementary base pairs, while the fold creates a single-stranded
loop at the other end of the stem. Figure 3a shows examples of
hairpin loops. The tertiary structure of nucleic acids is defined by
the atomic coordinates of the molecules and refers to the overall
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Figure 3: Two uncertainty visualizations for RNA base pairing
probabilities are demonstrated using a tRNA-Phe sequence.

three-dimensional shape that results from further folding and twist-
ing of the secondary structure. The quaternary structure refers to
the higher-level organization of nucleic acid molecules, such as the
arrangement of multiple RNA subunits into a functional complex.

Proteins carry out a wide range of essential biological func-
tions. Enzymes catalyze chemical reactions such as metabolism and
DNA replication. Other proteins provide structural support in cells
and tissues. In molecular transport, they ensure the movement of
molecules across membranes. In addition, proteins play a key role
in immune responses by recognizing and neutralizing pathogens.
Their diversity enables them to perform these varied roles. Pro-
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teins are composed of long chains of amino acids, and the spe-
cific sequence of these amino acids determines how the protein
folds and functions. Like nucleic acids, proteins are described by
their primary, secondary, tertiary, and quaternary structure. The pri-
mary structure refers to the linear sequence of amino acids in the
polypeptide chain. The secondary structure involves localized fold-
ing of the polypeptide chain into regular patterns, which are stabi-
lized by hydrogen bonds. Alpha helices and beta sheets are the most
common patterns. The tertiary structure describes how the entire
polypeptide chain folds into a three-dimensional shape. When sev-
eral polypeptides combine to form a protein complex, their arrange-
ment is described by the quaternary structure. The spatial arrange-
ment of proteins is critical to their function. Even small changes in
the structure can lead to dysfunction and disease.

3.2. Data Acquisition

Structural molecular data is most often acquired in vitro using
one of three techniques: X-ray crystallography, NMR, or cryogenic
electron microscopy (cryo-EM).

Most of the structural data available today have been obtained by
X-ray crystallography. This technique provides high-resolution de-
tail and is effective for small molecules and macromolecules. In this
process, X-ray beams pass through molecular crystals, and the re-
sulting diffraction pattern is used to generate electron density maps.
These electron density maps represent a probability distribution of
electron positions. To generate atomic coordinate data, the maps
are analyzed, and atoms are positioned within them. A key require-
ment for this method is creating molecular crystals. The crystal-
lization conditions need to be carefully adjusted for each molecule,
and large amounts of purified samples are required.

NMR is used to study molecules in solution. A sample is placed
in a strong magnetic field, where pulses of electromagnetic radia-
tion alter the spin of the atomic nuclei. The resulting signals, known
as chemical shifts, are analyzed to assign probable 3D structures.
NMR is primarily used to resolve smaller molecular structures.

Cryo-EM is used to analyze very large structures, such as large
protein complexes, which are often difficult to crystallize and too
large for NMR. A thin layer of sample is rapidly frozen to preserve
the molecular shape. Beams of electrons are directed through the
layer, and detectors capture the transmitted electrons to produce 2D
images. Sets of similarly oriented molecules are superposed to im-
prove the signal-to-noise ratio, and these views are combined into a
3D electron density map. For relatively stable molecules, cryo-EM
resolution can approach the resolution of X-ray crystallography.

These in vitro techniques are complemented by in silico tech-
niques such as molecular modeling and simulation. While in vitro
techniques are indispensable for validating findings and providing
direct experimental evidence in silico techniques fill in the gaps by
offering atomic-level, continuous, and environmentally controlled
insights that are difficult or impossible to achieve solely in vitro.
MD simulations are commonly used to model molecular motions,
simulating the movement of atoms over time. Force fields de-
scribe the interactions between individual atoms, guiding how they
move. The atomic positions are updated at each time step, generat-
ing trajectory data that tracks the system’s evolution. This enables

the refinement of experimentally generated structural data, models
molecular stability, and allows for the simulation of interactions
between multiple molecules.

MD simulations can be extended in several ways to enhance their
utility in studying biomolecular processes. For example, specific
simulated forces, like those used in umbrella sampling or metady-
namics, can be applied to study complex processes such as pro-
tein folding and unfolding by promoting the exploration of rare
conformations and transition states. Additionally, coarse-grained
techniques reduce the complexity of large systems by simplifying
atomic detail, enabling the simulation of larger biomolecular sys-
tems over longer timescales. Another powerful extension is the in-
tegration with quantum mechanics (QM), where quantum mechan-
ics/molecular mechanics (QM/MM) approaches allow for the accu-
rate modeling of reactive sites or chemical reactions within a larger
molecular environment, providing more precise insights into enzy-
matic mechanisms or drug interactions.

An alternative approach are Monte Carlo (MC) methods. MC
methods are computational techniques that explore molecular con-
figurations through random sampling rather than continuous time
evolution. Instead of calculating forces and integrating equations
of motion as in MD, MC randomly selects new configurations,
which are accepted or rejected based on criteria like the Metropo-
lis algorithm, ensuring that low-energy states are more likely to be
sampled. MC is especially useful for studying equilibrium prop-
erties, conformational sampling, and thermodynamic properties of
biomolecules. These methods can be applied to structures repre-
sented at atomic detail or with coarse-grained techniques, depend-
ing on the level of detail needed. Additionally, MC is often com-
bined with enhanced sampling techniques, such as umbrella sam-
pling, to overcome energy barriers and explore rare configurations
that might otherwise be inaccessible.

Another less common technique is normal mode analysis
(NMA). NMA provides a method for examining large, collective
movements in biomolecules. By modeling the molecule as a set of
point masses connected by harmonic springs, NMA identifies low-
frequency movements, which typically correspond to functional
changes in protein structures. This approach is computationally ef-
ficient, making it a useful tool for studying conformational dynam-
ics on a broad scale, often in combination with more detailed meth-
ods like MD and MC simulations.

3.3. Molecular Representation Models

There are several options for creating a molecular representation
from the acquired data. In this section, we follow the classifica-
tion of Kozlíková et al. [KKF∗17] which identifies three main cate-
gories: Atomistic models, abstract or illustrative models, and level
of detail (LOD) models. Atomistic models give a fine-grained view
of the model by displaying individual atoms or bonds. They can
be further separated into bond-centric and surface models. Bond-
centric models are common in chemistry and for smaller molecules.
They emphasize the connections between individual atoms. The
most basic representation uses lines to depict bonds, while a more
sophisticated variant, the licorice or stick model, employs cylinders
instead of lines. When spheres are additionally used to represent
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(a) Glyphs for UV added to space-filling representation.
The arrow glyphs depict the motion of larger groups of
atoms. Error-bars around the glyphs show the error of
the fitting model [BPG12]. Reprinted with permission
from IEEE Transactions on Visualization and Computer
Graphics, © 2012 IEEE. Not covered by the article’s
Creative Commons license.

(b) Semi-transparent hulls represent the posi-
tional uncertainty on the van der Waals (vdW)
surface. The b-factor is additionally encoded in
the hulls color [MRW∗21]. Reprinted with per-
mission from Computers & Graphics, © 2021 El-
sevier. Not covered by the article’s Creative Com-
mons license.

(c) The density of the stippling texture on the sol-
vent excluded surface (SES) encodes the positional
uncertainty of a protein [SLW∗24]. Reprinted with
permission from IEEE Transactions on Visualiza-
tion and Computer Graphics, © 2023 IEEE. Not
covered by the article’s Creative Commons license.

Figure 4: Several metaphors for encoding summary statistics of the uncertainty distribution.

atoms, the resulting depiction is called the ball-and-stick model.
Bond-centric models can be efficiently computed on the GPU using
raycasting and imposter-based techniques. Figure 2a and Figure 2b
are examples for bond-centric representations.

Surface models represent the spatial arrangement of atoms as
continuous surfaces. The simplest molecular representation is the
space-filling, or calotte model, where atoms are depicted as spheres
with sizes proportional to their atomic radii (see Figure 4a). While
by itself, this representation is not a continuous surface, a surface
can be generated by using the outer surface of the union of all
spheres. This is done, for example, for the van der Waals (vdW)
surface [Ric77], where the sphere sizes correspond to the vdW radii
of the atoms (see Figure 4b). This surface is the basis for several
other representations. The solvent accessible surface (SAS) [LR71]
is computed by rolling a probe sphere (typically the size of a water
molecule) over the vdW surface. The center of the probe sphere
is tracked and marks the SAS, resulting in a smoother surface
with fewer discontinuities than the vdW surface. It highlights re-
gions accessible to interacting molecules. However, this approach
inflates the molecular surface, as the SAS includes the radius of
the probe sphere. The solvent excluded surface (SES) [Ric77] ad-
dresses this issue by tracking the point of the probe sphere closest
to the atoms (see Figure 4c). This method more faithfully repre-
sents the molecular volume. Less common surface representations
include the molecular skin surface (MSS) [Ede99], which is con-
tinuously differentiable but lacks a biophysical basis and is compu-
tationally complex. Another example is the ligand excluded sur-
face (LES) [LBH14], which extends the SES concept by incor-
porating the geometry of the ligand’s vdW surface. Convolution
surface models [Bli82] offer an alternative visualization approach
by blending atomic potentials using convolution kernels. They are
often computationally efficient, with some providing among the
fastest surface extraction algorithms available.

Abstract and illustrative models do not depict individual atoms
directly. These models are particularly useful for representing large

macromolecules. They are often derived from the surface models
discussed earlier. Instead of focusing on individual atoms, they treat
groups of atoms—such as molecular building blocks like amino
acids—as the smallest unit for surface generation. Convolution sur-
faces can even be directly adapted by adjusting their parameters
to produce coarser, more abstract visualizations. Such abstraction
methods improve rendering efficiency and reduce visual clutter.

Illustrative models highlight key features in the data that are hard
to discern with atomistic displays. They are often used to depict
protein secondary structures. For example, the cartoon representa-
tion [Ric81] shows alpha helices as ribbons, beta sheets as arrows,
and loops as lines. Several variants of the cartoon representation
exist, such as using cylinders to represent beta sheets. The structure
visualization in Figure 5 depicts a variant of the cartoon represen-
tation. Other illustrative methods represent the backbone as a con-
tinuous tube. The well-known double helix representation of DNA
is another example of an illustrative visualization.

Similar to abstract models, LOD models are often used to repre-
sent large macromolecules. Within this category, a distinction can
be made between semantic and spatial LOD. Semantic LOD meth-
ods involve visualizing molecular systems with varying levels of
structural abstraction, allowing different parts of the system to be
represented using different models. This approach, for example,
enables the creation of focus-and-context visualizations [vLBI11].
Spatial LOD methods, on the other hand, focus on the spatial ar-
rangement of molecules. Distant or occluded parts of the molecule
can, for instance, be represented with lower resolution. Parulek et
al. [PJR∗14], for example, vary the abstractness of the surface based
on its distance from the camera.

4. Uncertainty-Aware Visualization

Uncertainty visualization (UV) focuses on explicitly representing
errors or uncertainty in the data. Uncertainty-aware visualization
(UAV) builds on this by integrating the visualization of uncertainty
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Figure 5: Uncertainty visualization using geometric distortion of the cartoon representation of a protein to show the uncertainty of the
secondary structure. The shape shows the most probable secondary structure over time, whereas the amplitude and frequency of the distortion
illustrate the uncertainty. The cutout allows a more detailed investigation of the uncertainty by displaying the results of individual structure
assignment methods [SSK∗18]. Reprinted with permission from IEEE Proceedings, © 2018 IEEE. Not covered by the article’s Creative
Commons license.

directly with the data itself, ensuring both are effectively repre-
sented [GSWS21]. Here, we focus on the latter approach, where
the data and its uncertainty are visualized together. However, such
visualizations are often still referred to as UV. In this section, we
outline potential sources of uncertainty (Section 4.1), discuss how
these map to biomolecular data (Section 4.2), introduce common
mapping strategies for visualizing uncertainties (Section 4.3), and
discuss specifics of uncertainty visualization for biomolecular data
and commonalities with other domains (Section 4.4).

4.1. Sources of Uncertainty

In the context of visualization, sources of uncertainty are typi-
cally discussed in relation to the individual stages of the visual-
ization pipeline [PWL97, BAOL12, BHJ∗14]. For the data acquisi-
tion stage, a primary source of uncertainty is statistical variation.
Experimental measurements often exhibit fluctuations; repeated
measurements of the same quantity under similar conditions yield
slightly different results [GMR∗23]. There are also sampling un-
certainties: in statistical surveys, even when samples are represen-
tative, different samples may produce slightly different results due
to natural variability in the population [KF10]. Beyond statistical
variation, uncertainty also stems from systematic biases, e.g., non-
representative sampling can result in biased or incomplete datasets
when improper sampling techniques are employed [GMR∗23]. An-
other source of uncertainty is data incompleteness [GMR∗23] (i.e.,
missing or unavailable data points). Moreover, finite instrument
resolution introduces uncertainty due to the inherent limitations of
the sensors capturing physical phenomena [GMR∗23]. Each sen-
sor has a specific resolution and range, which restricts the preci-
sion of the measurements. In data obtained from simulations or
modeling, uncertainty arises due to limited computational power
and knowledge. Model incompleteness is a common issue, as no
model can fully represent real-world phenomena, and simplifica-

tions or assumptions are often introduced during model construc-
tion [WSC21]. Parameter uncertainty also affects computational
models, as identifying optimal parameters is challenging and often
requires experimental determination [GMR∗23].

These uncertainties introduced during data acquisition are usu-
ally the primary uncertainties visualized. However, additional un-
certainties can be introduced during the processing, modeling, and
rendering stages. We only discuss them briefly here and refer to
Brodlie et al. [BAOL12] for a more detailed discussion. During
data processing, for example, the data is often smoothed or interpo-
lated. By interpolating data points (such as drawing curves through
discrete data points), the exact values at any given point can only
be estimated. In the modeling stage, the chosen representation of
the data is subject to uncertainty. Uncertainties might arise due to
approximations or simplifications, such as representing continuous
phenomena with discrete models (e.g., using a mesh to represent a
smooth surface). During the rendering stage, further uncertainties
are introduced. Rasterization, for example, is inherently discrete
and has limited resolution; consequently, small details may be lost.
Alternatively, different ray tracing techniques may yield different
results depending on the algorithm or settings, adding more un-
certainty to the final visualization. Finally, the viewers’ perception
introduces another source of uncertainty [GMR∗23]. Factors such
as prior experiences, vision deficiencies, and visualization literacy
can influence how individuals interpret visualizations. Visual lim-
itations, cognitive biases, and contextual factors can all contribute
to varying interpretations, making it challenging to ensure accurate
communication of uncertainty.

4.2. Uncertainty in Biomolecules

In biomolecular structure data, as in many areas of UV, the pri-
mary focus is on uncertainties arising during the data acquisition
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stage. This does not imply that uncertainties are absent or irrelevant
in other stages of the visualization pipeline. However, to the best
of our knowledge, uncertainty quantification for these later stages
has not yet been explored. The uncertainties introduced during later
stages are likely similar to those encountered in general UV.

Within the data acquisition stage, one of the most critical un-
certainties is positional uncertainty. Atomic positions or molecular
shapes play a key role in many analyses, such as docking simu-
lations or structural alignment. Even when the quantity of inter-
est (QOI) is not explicitly positional, uncertainties in atomic posi-
tions still propagate to and influence the QOI [RCBB19]. The ex-
act sources of positional uncertainty vary with the data acquisition
method. Below, we outline several important sources of positional
uncertainty for biomolecular structures.

For in vitro data, uncertainties such as statistical fluctuations, en-
vironmental variability, and limitations in instrumental resolution
and range affect all structure acquisition techniques. Additionally,
each acquisition method introduces specific sources of uncertainty:
In X-ray crystallography, molecular crystals must be produced for
the imaging process; thus, the structure’s conformation in a more
natural state—such as in solution—remains uncertain. Modeling
uncertainties arise during the generation of electron density maps
from diffraction patterns. Afterward, the structural model is fitted
into the electron density map. This fitting process typically selects
structures based on the best density fit and additional constraints,
such as biophysical interactions, amino acid sequence, and sec-
ondary or tertiary structure [RCBB19]. To assess the quality of
the structural fit, several metrics are available. A common met-
ric is the b-factor, which measures the displacement or vibration
of individual atoms around their average position [MDC24]. It is
derived from the attenuation of X-ray scattering. In NMR spec-
troscopy, the amino acid sequence must be known to derive struc-
tures from the NMR spectrum. Uncertainties in these input data
propagate throughout the process. Furthermore, several structures
often satisfy the constraints equally well, resulting in an ensem-
ble of structures that implicitly encodes the distribution of possible
conformations. For cryo-EM, structural modeling involves a long
pipeline. Thousands of molecular images must be acquired, filtered
according to their orientation, and superimposed to improve the
signal-to-noise ratio. These processed images are then combined
into a 3D density map. At each stage of this pipeline, uncertain-
ties propagate from the initial data, and additional uncertainties are
introduced. Finally, as with X-ray crystallography, the structures
must be fitted into the resulting density map. These various sources
of uncertainty are often readily available. Structural databases such
as the RCSB Protein Data Bank (rcsb.org) (PDB) [BWF∗00]
provide b-factors, alternative conformations, and electron density
maps, which serve as direct indicators of measurement uncertainty.

For in silico data acquisition, experimentally resolved structures
are usually used as input data, meaning uncertainties from structure
acquisition propagate through the pipeline. Additional uncertainties
arise during the simulation process. For instance, MD simulations
are highly sensitive to initial conditions. They exhibit chaotic be-
havior, producing apparently random deviations that make single
observations largely irreproducible. Generating ensembles instead
of relying on single simulations can improve reliability and allow

for quantifiable uncertainty estimates [WSC21]. Parameter choices
are crucial not only in simulations but also in other computational
tasks. For instance, in multiple sequence alignment, predictions can
vary widely depending on parameters like gap costs [Ham14].

A common measure for analyzing the distance between con-
formations in an ensemble is the root mean square deviation
(RMSD) [LGV∗20]. It calculates the differences between atomic
positions in individual structures and a reference structure (often
the average structure of the ensemble). If the RMSD is calculated
over a time series centered around a relatively stable average struc-
ture, it is referred to as RMSF. Simulation data are also affected
by systematic errors, such as imperfections in design, execution,
or analysis. A specific example of imperfect design in MD is the
use of certain protein force fields that tend to favor specific sec-
ondary structure types. Recognizing these biases has led to efforts
to develop improved force fields aimed at reducing or eliminating
these systematic errors [WSC21]. Other errors include simplified
model formulations, algorithmic approximations such as a discrete
representation of continuous models, numerical integrators, and ac-
cumulation of rounding errors [RCBB19, WSC21].

As discussed earlier, generating biomolecular data for struc-
ture visualization is a lengthy process, inherently making it sus-
ceptible to the accumulation of uncertainty at each step of the
progress. Uncertainties introduced in one step propagate through-
out the progress, with additional uncertainties potentially being in-
troduced at every subsequent step. This issue is even more severe if
additional QOI are calculated based on the structure, which extends
the pipeline and amplifies the uncertainty [RCBB19]. A prime ex-
ample of this is physicochemical uncertainties. Physicochemical
uncertainties are uncertainties in the physical and chemical proper-
ties of molecules, such as charge distributions, hydrophobicity, and
vdW forces. These properties are crucial for understanding how
molecules interact with each other and their environment. Rasheed
et al. [RCBB19] found that positional uncertainties—more specif-
ically b-factors— seem to propagate to only low uncertainties for
simple quantities (e.g., exposed surface area) but high uncertainties
for complex quantities such as total energy.

Another challenge in further processing is estimation in high-
dimensional discrete spaces, such as secondary structure assign-
ments or sequence alignments. In these problems the number of
solutions is vast—it scales exponentially with the length of the
sequence—resulting in a very small probability for any single so-
lution [Ham14]. Possible ways to make the computations more re-
liable are ensemble methods or marginal probabilities. Marginal
probabilities are unconditional probabilities that are obtained by
integrating the joint probabilities over all possible values of the
other variables in the system. As a result, these marginal prob-
abilities are much larger than the probability of any individual
solution [Ham14]. Base pairing probabilities are an example of
marginal probabilities and serve as a common uncertainty measure
for secondary structures in RNA. It refers to the likelihood that two
nucleotides will form a pair. It sums the probabilities of all confor-
mations in which the two bases form a pair. A similar concept in
sequence alignments is called aligned pairing probabilities.

While positional uncertainty is usually readily accessible for vi-
sualization, other manifestations of uncertainty often require indi-
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rect inference, such as consensus models or confidence scores. Ad-
dressing these challenges remains an ongoing area of research in
uncertainty quantification and visualization.

4.3. Mapping Strategies

Visualizing uncertainty in data is essential for accurately represent-
ing the inherent variability and limitations of the information. Dif-
ferent strategies can be used to map this uncertainty to the visu-
alization, each with its strengths depending on the type of data
and the intended audience and tasks. In this chapter, we discuss
possible mapping strategies for uncertainty in biomolecular data
found in the literature. As mentioned above, a major challenge in
biomolecular UV is that the uncertainty usually needs to be visual-
ized together with other biochemical attributes to allow for a com-
prehensive analysis. We follow the classification by Weiskopf et
al. [Wei22] and primarily distinguish between directly displaying
the uncertainty distribution and visualizing summary statistics.

4.3.1. Visualizing distributions

Direct visualizations of uncertainty distributions can give a
comprehensive overview of the whole uncertainty space. These vi-
sualizations are particularly useful in scenarios where understand-
ing the full range of possibilities is required. While they offer de-
tailed insights into the nature of uncertainty, they also increase
the complexity of the visualizations. Explicit distribution visualiza-
tions represent the distribution directly, with common examples in-
cluding density plots, dot plots, histograms, and violin plots. These
methods are particularly suited for one-dimensional datasets, as the
uncertainty information is often mapped to an additional axis. For
three-dimensional datasets, such as molecular structures, explicit
visualizations typically involve volume rendering. Since an addi-
tional axis is infeasible for these datasets, the distribution is ren-
dered by modifying visual properties, such as adjusting opacity
based on the distribution’s density.

Another approach is to visualize distributions implicitly
by sampling and displaying individual data points, often through
superposition or juxtaposition. Examples include scatterplots,
spaghetti plots, and small multiples. For biomolecular structures,
this is often done via ensemble visualizations that overlay multiple
conformations using abstract forms like cartoon representations.

Closely related to implicit mapping is animation . Animation
for UV leverages temporal changes to convey uncertainty dynam-
ics. For instance, data points can blink or oscillate slightly within
a constrained region, representing uncertainty of position or value.
Similarly, surfaces might expand or contract over time. Hypothet-
ical Outcome Plots [HRA15], which animate samples drawn from
the uncertainty distribution, are a relatively recent example of UV.
Animation relies on familiar visual dynamics without introducing
new encodings. However, it requires time as an additional dimen-
sion, which can make it harder to gain an overview of the data
and may limit the accurate representation of complex distributions.
Pathlines can be employed to create a static representation of
an animation. Although pathlines are not traditionally considered a
mapping for uncertainty, they highlight dynamic behavior. By over-
laying multiple alternative pathlines for the same feature, they are

an alternative form of ensemble visualization. An example of this
technique can be seen in visualizations of forecasting ensembles
for tropical cyclone paths [LPCH19].

4.3.2. Visualizing summary statistics

An alternative to directly displaying uncertainty distributions is the
visualization of summary statistics. These visualizations are more
concise and focus on specific properties of the uncertainty distribu-
tion. While this approach sacrifices some details about the uncer-
tainty, it is often easier to integrate into a visualization and useful
if only certain aspects of the uncertainty are relevant to the task. A
widespread method for representing uncertainty in summary statis-
tics is through ranges . In one-dimensional data, this is typically
done using error bars or confidence intervals. In line charts, confi-
dence bands—regions around a central line—are often used to de-
pict uncertainty intervals. For three-dimensional data, uncertainty
ranges are frequently represented as uncertainty hulls.

Alternatively, visual variables such as size , color , and
density can be modified to represent uncertainty. For exam-
ple, in scatter plots, data points can be made larger when uncer-
tainty is high and smaller when uncertainty is low. In biomolecular
structure visualization, color often represents uncertainty measures,
such as the b-factor, on molecular surface representations. Density
variations can also illustrate uncertainty, for instance, by adjusting
the density of primitives in texturing techniques like stippling or
hatching based on uncertainty levels. In line plots, the frequency of
dashes in a dashed line can be increased or decreased to reflect un-
certainty. MacEachren et al. [MRO∗12] discuss and evaluate sev-
eral visual variables and their utility for representing uncertainty.
Another approach involves using or modifying glyphs to indi-
cate uncertainty. For instance, glyphs have been employed to vi-
sualize vector fields, with their attributes altered to reflect uncer-
tainty [WPL96] or to represent uncertain tensors by adding trans-
parent hulls to the glyphs [GRT19].

Finally, it is possible to use separate visualizations to represent
uncertainty alongside the data visualization. This approach is com-
mon in UV systems. However, this report focuses on UAV and thus
methods that integrate uncertainty information directly into the vi-
sual representation of the data.

4.4. Biomolecular specifics and commonalities

The visualization of uncertainty in biomolecular structural data is
challenging due to its inherently three-dimensional nature and di-
verse representation possibilities. Molecular structures can be de-
picted using a variety of representations, including cartoon and sur-
face renderings. Additionally, the data are investigated at different
levels of granularity, ranging from quantum-physical to mesoscale
models. Moreover, ensembles, which capture a range of conforma-
tional states, are crucial for biomolecular structure visualization.
However, there is also a need to present scalar uncertainty values.
Furthermore, visualizations frequently integrate uncertainty data
with other physicochemical properties. While this combination of
challenges is specific to biomolecular structures, there also exist
commonalities with other domains. Here, we highlight two selected
domains to showcase commonalities with biomolecular UV.
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An example of a domain where uncertainty visualization is
crucial is earth sciences. In climate science, UV is widely used
to represent uncertainty and variability in climate model projec-
tions. Ensemble data is highly relevant to both earth sciences and
biomolecular data. Techniques such as ensemble data visualiza-
tion can reveal the spread of variable values in a sequence of
model runs, resulting in an improved understanding of model un-
certainties [PWB∗09]. Furthermore, uncertainty visualization can
influence decision-making in weather forecasting. Studies suggest
that some visualization techniques enhance the interpretation and
utilization of forecast uncertainty [NJT08]. In ocean simulations,
Raith et al. [RSG21] identified and measured various uncertain-
ties and presented a visualization approach that integrates these
uncertainties for depicting ocean eddies. This approach enhances
ocean dynamic perception by facilitating a general depiction of un-
certainty in detecting eddies, as demonstrated in a case study of
the Red Sea. In contrast to biomolecular data, the uncertainty vi-
sualizations for earth sciences often display the uncertainty in 2D
visualizations such as maps.

In medical visualization, however, 3D representations are com-
mon: In multimodal medical data visualization, several techniques
are employed to encode different types of information onto sur-
faces [LSBP18]. The organic surface shapes here have similar ge-
ometric properties to some molecular representations such as the
SES. Furthermore, medical visualization fuses heterogeneous data
to preserve user trust. In addition to color-based encoding, multi-
modal data visualization relies on illustrative techniques [LBSP14,
LP16, LVPI18]. The challenge of displaying a diverse set of data
is similar to biomolecular structure visualization, where multiple
physicochemical features must be represented simultaneously. A
specific example of illustrative visualization for multimodal med-
ical visualization is PelVis [SLK∗17], where illustrative visualiza-
tion is applied for oncologic pelvic surgery to minimize the risk
of autonomic nerve damage and subsequent postoperative com-
plications. The technique incorporates patient-specific MRI data
and an anatomical atlas. The uncertainty was coded and evaluated
on the surface using various techniques such as isolines or grid-
based encodings. Subsequently, similar techniques were applied
to biomolecular surface data [SLK∗22, SMCL24]. Similarly, fre-
quently used techniques for biomolecular structures are sometimes
also applied to medical data. Uncertainty hulls—one of the earliest
forms of uncertainty visualization for biomolecules [RJ99]—have
also been applied to medical data [GWHA18]. Meanwhile, some
techniques lack direct counterparts in biomolecular visualization,
such as probabilistic animation methods developed for illustrating
uncertainty in medical volume rendering [LLPY07]. These meth-
ods use probabilistic transfer function models to highlight uncer-
tain regions, aiding in tasks like tissue classification and diagnosis.
Given their application in medical visualization, it could be valu-
able to investigate their potential for biomolecular visualization.

5. Taxonomy

Next, we specify our scope and selection process (Section 5.1) and
detail our classification schema (Section 5.2).

5.1. Scope

We focus on publications that introduce or adapt UAV in the field
of biomolecular structure visualization. The online libraries that we
searched were the ACM Digital Library, IEEEXplore, Computers
& Graphics (ScienceDirect) and the Eurographics Digital Library,
as well as PubMed. Searches in the individual libraries were con-
ducted using combinations of the search terms:

• Biomolecule | Molecule | Protein
• Uncertainty | Ensemble | Flexibility | Probability | Density
• Visualization

The first part of the search was intended to find works that
consider molecular data. In the second part, we searched for ap-
proaches that deal with uncertainty. As uncertainty is not a unique
term and comes with many synonyms, we also search for the re-
lated terms ensemble, flexibility, probability, and density. The pur-
pose of the last part was to find approaches that include a visual
component. To be considered in our report, a publication needs
to deal with UAV of spatial or sequential molecular data. With
this restriction, we exclude more general UV approaches such as
graph visualization or heatmaps, where biomolecular data is only
one possible application area. The publication also needs at least
one UAV image.

Even though our search terms include related terms like flexibil-
ity, publications need to visualize uncertainty (see Section 4). For
example, concepts like allosteric response—the change of a pro-
tein shape or activity as a result of the binding of a molecule at a
site other than the active site—are also often referred to as protein
flexibility, but the visualization of allosteric response is not a vi-
sualization of uncertainty and thus not included in our survey. In
addition to our primary search methods, we employed a recursive
citation analysis strategy. More specifically, we identified relevant
papers referenced within the sources we had already reviewed. By
tracing citations backward, we aimed to uncover additional relevant
but previously unconsidered publications. In total, we identified 71
publications that met our selection criteria, including 10 follow-up
works, resulting in 61 distinct projects.

5.2. Classification schema

Our classification schema consists of three main dimensions:
molecule type, manifestation of uncertainty, and mapping strat-
egy, see Figure 1. For the molecule type dimension, we catego-
rize molecules into small molecules , proteins , and nucleic
acids . In Section 3.1, we addressed carbohydrates and lipids as
additional, distinct molecule types. While our schema could be ex-
panded to include these categories, to the best of our knowledge, no
research on UAV specific to these molecule types exists. We discuss
reasons for this gap in Section 9. In visualizations where multiple
molecules interact, we classified the visualization based on the type
of the primary molecule—the molecule that serves as the focus of
the visualization.

There are many potential manifestations of uncertainty in
biomolecular data. For this report, we classify the manifesta-
tions of uncertainty into five major categories: positional uncer-
tainty , uncertainty in secondary structure , uncertainty in
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Table 1: Overview of relevant literature grouped according to molecule type. The following properties are encoded in the table:
Molecule Type (Mol.): Small Molecule , protein , nucleic acid .
Manifestation of Uncertainty (Manif.): Positional , secondary structure , physicochemical , interacting molecules , cavities .
Mapping Strategy (Mapping): Explicit , implicit , animation , pathline , range , size , color , density , glyphs .
Task: Analyze , compare , integrate , overview .
Software (Soft.): Available , not available , not available anymore .
Evaluation (Eval.): None, case study (Case), expert interview (EI), Prelim. survey (Prelim.), Percep. study (Percep.), user study (User).
* If authors published follow-up work to their papers, we treated them as one method and only cited the first publication in the table.

Reference Mol. Manif. Mapping Task Soft. Eval.

[RJ99] None
[BH02] Case

[SBH02] Case
[KCL∗13] Case
[WH17] Case

[SUS∗21] EI, Case

[GMO89] Case
[FTPG90] Case
[ZKB95] Case
[KBW96] None

[KS97] None
[TLR∗01] Case

[LV02] None
[LKCW04] Case
[HCZP06] Case
[BGB∗08] EI
[DMR08]* Prelim.
[DLB08] Case
[KBE09] None
[MWT10] None
[AMA∗12] Case
[BPG12] EI

[LBBH12] Case
[HKOW14] Case
[BJG∗15] EI, Case

[OSK∗15]* Percep.
[SS15] Case

[BLMG∗16] Case
[MS16] Case

[RCBB16b]* Case
[KFS∗17] EI, Case

Reference Mol. Manif. Mapping Task Soft. Eval.

[KJB∗17] Case
[VBJ∗17] EI, Case

[AKCL18]* EI
[BGB∗18]* Case
[SSK∗18] EI, Case
[VHG∗18] EI
[JFB∗19] EI, Case

[BRHB20] Case
[DCS20] Case
[FJK∗20] EI, Case
[KRH20] EI, User

[MRW∗21] Case
[SFS∗21] EI, Case
[ST21] Case

[SLK∗22]* Percep.
[BHP∗23] Case

[CP23] Case
[PF23] Case

[FTB∗24] Case
[SMCL24] Percep.
[SBB∗24] EI, Case

[GLB∗08] None
[SHAM09] None

[AJ13] Case
[EKK∗14] Case
[LCT19] Case
[XZF20] Case
[IW24] Case

[BJ96] Case
[SFL∗21]* Case

physicochemical properties , uncertainties concerning interact-
ing molecules , and uncertainties concerning biomolecular cavi-
ties . We addressed the sources of positional uncertainty in Sec-
tion 4. Many sources of biomolecular structure data, such as struc-
tural files from the PDB [BWF∗00], include positional uncertainty
data such as the b-factor or a set of possible molecular conforma-
tions. As a result, positional uncertainty is generally easy to access,
and many uncertainty visualizations focus on this manifestation.
As discussed in Section 4, positional uncertainties can propagate
through subsequent modeling and computations, often compound-
ing with other types of uncertainty to form more complex mani-
festations. Although some manifestations—such as uncertainties in
secondary structure—ultimately derive from positional uncertain-

ties, it is important to distinguish between them. Simply presenting
raw positional uncertainty data does not sufficiently address many
of the specific questions related to secondary structure. Given the
need for distinction, we have identified our categories to capture
different aspects of uncertainty in biomolecular structures. We se-
lected key categories with properties central to UV research that
are particularly relevant to scientists studying biomolecular struc-
tures. The chosen categories are not exhaustive but offer a practical
framework for understanding and analyzing uncertainty. Additional
categories could be introduced if the need arises in future research.
Not all types of uncertainty apply universally across biomolecule

types. Secondary structure uncertainties are relevant to proteins and
nucleic acids, as these larger biomolecules form repetitive struc-
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tural elements or motifs. Small molecules are too small and com-
pact to exhibit secondary structures. Cavities are predominantly rel-
evant to proteins, where they are critical for functions such as lig-
and binding. While nucleic acids can form cavities in certain con-
texts, they are less common and less studied than in proteins. Small
molecules are generally too small to form proper cavities, though
they may exhibit indentations.

The third dimension of our classification schema, mapping strat-
egy, categorizes approaches primarily into two groups: visualizing
uncertainty distributions and visualizing summary statistics. For a
more detailed breakdown, we subdivide the visualization of distri-
butions into four categories: explicit and implicit displays,
animation , and pathline visualization. Summary statistics
can be further divided into displays of ranges , glyphs , and
the visual attributes size , color , and density . These finer-
grained categories are not exhaustive and may evolve as research
in biomolecular structure visualization progresses. We especially
anticipate additional visual attributes as the field advances.

In addition to these main classification dimensions, we docu-
mented common tasks supported by the visualizations, the avail-
ability of an implementation of the methods, and the evaluation
strategy of the proposed methods. We defined four abstract task
types to generalize the often highly specific purposes of these vi-
sualizations and help readers identify suitable methods. The an-
alyze task encompasses cases where details of the uncertainty
data need to be clearly visible. This may involve identifying regions
where uncertainty falls within a specific value range or compar-
ing uncertainty values at different positions within a molecule. The
compare task focuses on comparing different molecules, explic-
itly excluding ensemble visualizations of multiple molecular con-
formations. The integrate task applies when uncertainty needs
to be considered alongside other information. For example, this
could mean simultaneously examining electrostatic potential and
positional uncertainty, requiring both properties to be displayed to-
gether to facilitate an assessment of their combined effects. Finally,
the overview task enables a broad understanding of uncertainty
at a glance, ensuring that the molecule and its associated uncer-
tainty are visible in a static form without user interaction.

To assist readers in choosing an appropriate UAV, we estab-
lished a clear requirement: a visualization method qualifies for a
specific task attribute only if the molecule’s UAV directly supports
that task. Auxiliary visualizations—such as heat plots within larger
frameworks—are insufficient. Additionally, a method must either
present an example visualization demonstrating the task or explain
how it supports it.

In the following chapters, we review publications that discuss
molecular UV. Table 1 lists all the considered methods and classi-
fies them according to our schema.

6. Small Molecules

While the methods discussed in this section are illustrated with
small molecules, they are not inherently restricted to them. Certain
techniques, particularly those that rely on ball-and-stick representa-
tions, may not be optimal for larger molecules, though theoretically,
they could still be used. On the other hand, methods employing

volume visualization should be more readily applicable to various
types of biomolecules.

Explicit In 1999, Rheingans and Joshi were the first to write
a publication explicitly about molecular UV [RJ99]. They proposed
three options for visualizing molecules with positional uncertainty
(Figure 2). Two methods are based on a likelihood volume com-
puted from the ensemble. The likelihood volume stores the prob-
ability of an atom being at each voxel. They gave two options
for visualizing this volume. The first volume visualization extracts
transparent isosurfaces from the volume and renders them on top
of the opaque ball-and-stick visualization (Figure 2b). The other
volume visualization method renders the volume directly, resulting
in a cloud-like appearance (Figure 2c). The third method super-
poses each conformer in the ensemble using its ball-and-stick rep-
resentation. Each conformation can either be rendered opaquely, or
semi-transparently (Figure 2a) so that more certain regions appear
opaque while uncertain regions appear more transparent.

Schmidt-Ehrenberg et al. [SBH02] used direct volume render-
ing (DVR) or opaque isosurfaces to display likelihood volumes.
They focused on metastable conformations, which are states in
which the molecule stays for a long time. Therefore, they visual-
ized several metastable conformations of a molecule at once, while
also displaying the likelihood volume for each of the metastable
conformations separately.

Implicit Best and Hege [BH02] let users cluster groups of
atoms into ellipsoids in their application to reduce clutter and thus
ease the detection of conformational changes. Additionally, they
blended several time frames of a molecular simulation to facilitate
detecting large changes. Similar to the implicit mapping proposed
by Rheingans and Joshi [RJ99], Sabando et al. [SUS∗21] visual-
ized chemical compound similarity by layering semi-transparent
visualizations of individual conformations. They added an op-
tion to invert the opacity. As a result, more uncertain parts of the
molecule can be highlighted by appearing more opaque.

Ranges Knoll et al. [KCL∗13] defined the interval between
the chemical bond radii and the vdW radii as an uncertainty interval
over a charge density distribution. They rendered the molecules in
black using the ball-and-stick representation. Then, they overlaid a
visualization of an electron density volume. They used DVR with a
custom transfer function. In most of their examples, they used two
peaks for displaying the isolevel of chemical bonds in blue and the
isolevel corresponding to the vdW radii in red. In their paper, they
focused on molecular interfaces rather than biomolecules. Due to
using the ball-and-stick representation, their visualization is suited
to small molecules rather than larger biomolecules.

Size Wagner and Himmel [WH17] used color and size to en-
code the RMSD between two molecular structures in a modified
ball-and-stick representation. The sphere color indicates the atom
pair’s absolute RMSD. The sphere size is proportional to the rela-
tive contribution of the atom pair to the total RMSD.

The methods developed for small molecules generally provide
overview visualizations of uncertainty. They indicate the presence
of uncertainty in the molecule and give a rough sense of its magni-
tude. However, apart from the combined color and size coding by
Wagner and Himmel [WH17], making more detailed judgments is
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Figure 6: Stacked semi-transparent surfaces display the spatial
probability density of the molecule [KBE09]. Reprinted with per-
mission from IEEE Transactions on Visualization and Computer
Graphics, © 2009 IEEE. Not covered by the article’s Creative
Commons license.

likely challenging. These methods also do not facilitate compare or
integrate tasks.

7. Proteins

Proteins are the most extensively studied biomolecules for UV,
with visualizations available for all types of uncertainty manifes-
tations and mappings according to our schema. Similar to small
molecules, many methods for UV apply to other biomolecule types.
Nonetheless, certain techniques are specific to proteins, such as the
visualization of secondary structures or cavities.

7.1. Positional

Explicit As early as 1989, Goodsell et al. [GMO89] started
visualizing distributions of molecules rather than exact atom po-
sitions. They employed volume rendering with various transfer
functions to visualize volumetric molecular data, including elec-
tron density and electrostatic potential. Specifically, they proposed
three transfer functions. One generates a cloud representation, and
the other two generate surface representations. The cloud repre-
sentation assigns higher opacities to higher densities, resulting in
more transparent uncertain areas. One of the surface representa-
tions combines several opaque isosurfaces with different layers be-
coming visible when using a clipping plane. The other representa-
tion consists of stacked transparent isosurfaces that become more
opaque as the densities in the volume increase. Lee and Varsh-
ney [LV02] proposed another isosurface method: the fuzzy molec-
ular surface, an uncertainty-aware version of the SES. They ren-
dered several stacked semi-transparent surfaces to create this fuzzy
surface. In contrast to most other methods, Lee and Varshney did
not compute their surfaces from volume data. Given the coordinate
data of the molecule, they computed p-probability spheres for each
atom. These p-probability spheres are the smallest spheres that con-
tain the atom center with probability p. They selected several levels
of p for rendering the fuzzy surface. For each p, they extended all
p-probability spheres by the probe radius. Then, for each p, they

computed and rendered a semi-transparent SES-style surface. The
fuzzy molecular surface appears blurry compared to the molecular
surface without uncertainty representation. Krone et al. [KBE09]
also used nested shells of semi-transparent molecular surfaces to
show the positional uncertainty of proteins (Figure 6). They calcu-
lated the spatial probability density from simulation data on a reg-
ular grid. Next, they generated and rendered surfaces correspond-
ing to different probability ranges by placing virtual atom spheres
within the probability grid and computing a SES for each range.
Layers with higher uncertainty were rendered more transparently
than those with lower uncertainty. Hu et al. [HCZP06] used DVR
to visualize 3D volume data generated by quantum mechanics sim-
ulations of proteins. Punjani and Fleet [PF23] developed 3DFlex, a
motion-based neural network for determining the structure and mo-
tion of proteins from cryo-EM data. The models’ latent variables
describe the possible deformations of the molecule. They visual-
ized several isosurfaces along one latent dimension ranging from
minus to plus one standard deviation.

Similar to methods developed for small molecules, explicit dis-
tribution visualizations provide overviews of the uncertainty. Lee
and Varshney [LV02] additionally demonstrate that additional data
attributes can be visualized on the molecular surface using color.

Implicit Closely related to the direct visualization of the
distribution are ensemble visualizations. In this implicit repre-
sentation, individual molecular conformations are superposed to
represent the continuous distribution. In 1997, Kelley and Sut-
cliffe. [KS97] proposed the online database OLDERADO that fa-
cilitates viewing an ensemble of molecular conformations and the
most representative conformation in separate windows. The con-
formations were displayed using the stick representation. Lai et
al. [LKCW04] visualized ensembles using sticks, ribbons, or car-
toon representations. The web server MOBI [MWT10] visualizes
NMR ensembles of proteins and encodes the residue mobility in
color. Heinrich et al. [HKOW14] presented a visualization system
for visualizing intrinsically disordered regions (IDRs). They com-
bined parallel coordinates with ensemble visualization. Brushing
and linking between the parallel coordinates and the ensembles en-
ables better inspection and analysis of the proteins. Melvin and
Salsbury [MS16] specifically selected conformations to be super-
imposed to create more manageable ensemble visualizations. One
of their proposed selection criteria was frames lying within one
standard deviation of the median. To additionally minimize visual
clutter, they used a focus-and-context technique: They displayed
one representative conformation opaque, the others transparently,
resulting in a cloud or shadow-like visualization (Figure 7).

While all ensemble visualizations provide overviews of the data,
the methods often appear cluttered. To reduce clutter, Melvin and
Salsbury [MS16] introduced initial improvements. The additional
use of color [MWT10] and the brushing capabilities introduced by
Heinrich et al. [HKOW14] further support analysis tasks. Most en-
semble visualization methods can also use color to incorporate ad-
ditional data into the visualization.

Pathlines Dabdoub et al. [DMR08,DRSR15] drew pathlines
that trace the movement of individual atoms in the molecule over
time (Figure 8). Their preliminary study showed that pathline visu-
alizations can help to understand molecular motion. However, their
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(a) Standard deviation as shadows.

(b) Standard deviation as clouds.

Figure 7: Ensemble visualization using focus and context to reduce
visual clutter [MS16]. Reprinted with permission from Journal of
Molecular Graphics and Modelling, © 2016 Elsevier. Not covered
by the article’s Creative Commons license.

examples focused on relatively small molecules. Using this tech-
nique for larger molecules or over many time frames might lead to
a cluttered appearance.

Ranges An alternative option for displaying uncertainty in-
formation is summary statistics. Here, instead of visualizing the
distribution directly, uncertainty statistics—most often scalar un-
certainty measures—are derived and subsequently displayed using
a variety of metaphors. Most similar to the explicit visualization
of the uncertainty distribution is displaying ranges. Many of the
direct distribution visualizations mentioned earlier feature multi-
ple layers of stacked isosurfaces. The techniques we classify as
range visualizations are similar but only display one or two iso-
surface layers. If two isosurfaces are displayed, the inner surface
usually corresponds to the surface as it would be displayed with-
out uncertainty information. The outer layer then visualizes the un-
certainty measure. However, the boundaries between the explicit
and the ranges mapping categories are fluid, and the distinction
based on a fixed number of layers is inherently flexible. An exam-
ple of a method that uses only one layer is the work of Burnett and
Johnson [BJ96]. They developed ORTEP-III, a program display-
ing thermal ellipsoids for crystal structures. These ellipsoids rep-

Figure 8: Pathline visualization for MD. Reproduced from Dab-
doub et al. [DRSR15], licensed under CC BY 4.0. No changes were
made.

resent the anisotropic thermal motion of atoms, with their size and
shape reflecting the average atomic displacement in different direc-
tions. This approach enables the visualization to support both anal-
ysis and overview tasks. However, for larger molecules—because
of the atomic-level depictions—the visualizations can become in-
creasingly difficult to interpret. In contrast, Kniesel et al. [KRH20]
used transparency to visualize an inner and outer surface. For a
density dataset of amyloid-beta fibrils, they rendered two isosur-
faces with a semi-transparent outer hull and an opaque inner sur-
face. This enables overview visualizations even for these larger
molecules. Maack et al. [MRW∗21] also used a semi-transparent
hull in their visual analytics approach to visualize positional uncer-
tainty in molecules (Figure 4b). The hull’s position can be adjusted
by a scaling factor accessible to the user. In addition, the system in-
cludes a previously developed visualization view [MGH19] that in-
dicates the potential changes in the dihedral angles along the back-
bone of the molecule, considering potential changes in the position
of the underlying molecule—an uncertainty-aware version of the
Ramachandran plot. In addition to supporting the overview task,
the use of color enables analysis and the integration of additional
data. The authors also demonstrated a side-by-side comparison of
a molecule with and without mutations. The differences in this vi-
sualization are primarily highlighted through color-coded surfaces.

Animation Fisher et al. [FTPG90] visualized positional un-
certainty by rendering a consensus surface of the two maximally
displaced protein surfaces. The color of the surface varied over
time, according to changes in the electrostatic field. As a second
visualization option, the electrostatic potential was color-coded on
the protein surface, and the electrostatic field was indicated with
arrows. With this method, animation makes changes visible over
time. This method inherently integrates multiple types of data and
enables some level of analysis. However, it is the only method in
the collected literature that does not offer an overview at a glance.
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(a) Two types of explicit distribution visualization highlight
the potential impact of glycans on a protein surface. Repro-
duced from Besançon et al. [BWR∗20], licensed under CC BY
4.0.

(b) Distribution of ligand trajectories with the
backbone width of the protein encoding po-
sitional uncertainty [JFB∗19]. Image cour-
tesy of Katarína Furmanová, used with per-
mission. Not covered by the article’s Creative
Commons license.

(c) DVR of the distribution of small
molecules around a reference struc-
ture [SFL∗21]. Image courtesy of Robin
Skånberg, used with permission. Not
covered by the article’s Creative Commons
license.

Figure 9: Distribution visualizations for molecules interacting with a protein.

Size In contrast to range mappings, which indicate parame-
ters of the distribution, methods that use size mapping are less re-
stricted. Rather than directly mapping distribution attributes, size-
based methods may, for instance, use size to convey that larger val-
ues correspond to higher uncertainty. Koradi et al. [KBW96] devel-
oped the visualization software MOLMOL. Positional uncertainty
can be either displayed by the superposition of several conform-
ers or by varying the tube radius of a backbone presentation. Wider
tubes have higher positional uncertainty. This particular size encod-
ing is often called sausage or putty representation. An example of
the sausage representation is the depiction of the protein backbone
in Figure 9b. Scott and Straus [SS15] used ensemble visualization
and the sausage metaphor in a combined visualization. Since the
color channel remains available for encoding different properties,
these techniques support the integrate task alongside the overview
task. Their suitability for analysis or comparison tasks is unclear,
as no evaluations or example applications are demonstrating their
effectiveness in these contexts.

Color A very popular option for displaying summary statis-
tics is the use of color. There is no standard color mapping for un-
certainty. Relatively common are blue-white-red colormaps. How-
ever, this colormap is also strongly associated with electrostatic po-
tential. Another popular option, the red-green color map, is prob-
lematic for people with color-vision deficiencies. Some of the
methods discussed previously use color as an additional mapping
method. Here, we discuss methods that primarily use the color at-
tribute. In 1995, Zachmann et al. [ZKB95] used texture mapping to
map molecular flexibility to the SES. Thorpe et al. [TLR∗01] used
constraint theory to compute protein flexibility and colored their
proteins according to this flexibility measure. Falk et al. [FTB∗24]
proposed a visual framework to support model building from
cryo-EM density maps. It facilitates the verification and validation
of 3D atomic models constructed from these maps. Several qual-
ity measures are displayed as a heat map, and for spatial analysis,
a user-selected measure can be mapped onto a 3D representation
of the model. While the visual mapping of uncertainty data is rela-
tively simplistic, verification of 3D models has traditionally relied
on tabular views or simple line graphs. This approach represents an
important step forward in supporting model building.

Color encodings offer the advantage of providing detailed depic-
tions of uncertainty, making them generally well-suited for analysis
and comparison tasks. While the two methods specifically men-
tioned in this section did not explicitly demonstrate a compari-
son example, side-by-side displays are typically feasible for such
tasks [MRW∗21]. Additionally, color helps provide an overview of
the data. However, since the color encodes uncertainty information,
it cannot represent other attributes. As a result, the methods are not
suitable for integrate tasks.

Density Similar to color mapping, different textures can en-
code uncertainty. One advantage of using non-color-based textures
is that they can be combined with color to represent multiple at-
tributes. For example, color could be used for a primary attribute
like electrostatic potential, while texture could represent a sec-
ondary attribute such as uncertainty. Sterzik et al. [SMCL24] eval-
uated the perception of three illustrative texture maps (stippling,
hatching, and triangles) with varying primitive density (Figure 4c).
They conducted crowdsourced perceptual evaluations and provided
approximately perceptual uniform reparameterizations for the den-
sity values. Sterzik et al. [SLK∗22, SLK∗23] proposed the use of
stylized feature lines to encode uncertainty in biomolecular visual-
izations (Figure 10). They modified the line attributes blur, sketchi-
ness, dashing, width, and grayscale (color value) to represent differ-
ent levels of uncertainty. Additionally, they conducted two crowd-
sourced studies to evaluate the effectiveness of these line variables
in distinguishing uncertainty values. Among the attributes tested,
they identified line width as particularly suitable for effectively dis-
tinguishing between different levels of uncertainty.

In contrast to color-based methods, these illustrative techniques
inherently allow for the integration of additional data. Otherwise,
they should support the same tasks as color encodings. However,
their effectiveness for specific tasks compared to other encodings
has yet to be evaluated.

Glyphs Glyphs are another less common mapping metaphor.
Bryden et al. [BPG12] used arrow glyphs to display larger mo-
tions of molecular groups. They visualized the results of normal
mode analysis to illustrate molecular flexibility by summarizing
groups of atoms into larger groups and visualizing the groups’ mo-
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Figure 10: Line attributes encode positional uncertainty. From left to right: blur, sketchiness, dashing, width, grayscale (color value).
Adapted from Sterzik et al. [SLK∗23], licensed under CC BY 4.0.

tions with arrow glyphs. Although these larger motions may not
strictly represent uncertainty, the glyphs’ attributes can encode the
fitting model’s error and the group’s rigidity. These properties help
in judging the reliability of the motion model. They visualized the
error in their fitting model with error bars around the glyphs. The
error levels were discretized into three levels: small errors, medium,
and larger errors. The respective encodings were no error bars,
small error bars, and large error bars. Additionally, they added a
stripe pattern to the arrows to encode the rigidity of the molecu-
lar group. The stripe pattern also had three discrete levels: com-
pletely colored, dense stripes, and sparse stripes, from low to high
nonrigid energy (Figure 4a). Bedoucha et al. [BRHB20] incorpo-
rated these glyphs into their visual analytics tool for normal mode
analysis. Additionally, atomic fluctuations were indicated by color
mapping. In addition to supporting overview and analysis tasks,
glyphs enable the integration of additional data by adding sepa-
rate visual elements to the representation. However, since they are
placed at discrete positions—and in the methods discussed here,
rather sparsely—they can only convey detailed information at spe-
cific points. This makes them unsuitable for tasks that require a
continuous representation of uncertainty across all positions.

7.2. Secondary structure

Implicit Three papers use ensembles to compare secondary
structures. Kocincová et al. [KJB∗17] introduced a system for com-
paring the secondary structures of protein ensembles. This system
integrates a traditional 3D ensemble view with two views directly
comparing secondary structure elements. The comparison views
consist of superimposed and juxtaposed sequences. The secondary
structure elements are depicted using conventional symbols: arrows
for beta-sheets, spirals for alpha helices, and lines for coils. Al-
though the superimposed and juxtaposed views are presented in a
flattened 2D format, they retain and encode some information about
the mutual orientation of corresponding elements through angles
relative to the horizontal line. Chen and Porter [CP23] also dis-
played juxtaposed alignments of protein sequences with symbols
encoding the secondary structure elements. The sequences are col-
ored by conservation score, b-factor, or a user-defined measure.

Both methods explicitly support comparison. The approach by
Kocincová et al. [KJB∗17] preserves some orientation information
in the 2D view, whereas Chen and Porter [CP23] completely flatten

the sequences. However, Chen and Porter’s color coding enables
quantitative judgments of scalar uncertainty measures.

Schulz et al. [SSK∗18] utilized juxtaposed sequences to compare
secondary structure assignments generated by different methods. If
a consensus sequence is available, it is displayed as a single se-
quence. In cases of assignment uncertainty, multiple sequences are
stacked over each other. To further represent uncertainty, they intro-
duced a combination of geometric distortions and transparency in
their cartoon representations. The ribbons and tubes used to depict
secondary structure elements are distorted using sine or triangle
functions, with the frequency and amplitude reflecting the degree
of uncertainty (Figure 5). Additionally, different structural predic-
tions (e.g., helix, sheet, or coil) can be overlaid using screen-door
transparency, where more probable structures appear more opaque.
They also demonstrated the application of their distortion technique
to illustrate positional uncertainty in a backbone tube representa-
tion. Their tool is the only existing one in the collected literature
for comparing different secondary structure assignment methods,
but they also demonstrate use cases for other types of uncertainty,
particularly positional uncertainty.

Color The tool Aquaria [OSK∗15] uses homology model-
ing, a method that predicts a 3D structure of a protein based on
its similarity to known structures (templates). The tool generates
a structural model by aligning the input sequence with these tem-
plates, assuming that similar sequences will adopt similar struc-
tures. The model is colored based on two attributes: The secondary
structure element determines the hue, while the degree of conversa-
tion between the most relevant and the input structure is indicated
by muting the colors. Highly conserved regions are brightly col-
ored, unconserved regions are drawn in black, and inserted parts
are colored gray. All other related structures are displayed in a 2D
view as sequences of rectangles, colored according to the above-
mentioned scheme, giving an overview of all sequences. Hein-
rich et al. [HKO15] evaluated this color mapping in a crowdsourced
study. They found a significant correlation between the perceived
quality of images and the alignment quality.

Vázquez et al. [VHG∗18] developed a visual analysis tool for
protein-ligand interactions that represents both positional and sec-
ondary structure uncertainties. The protein is depicted as a circular
arrangement of its residues, with the ligand optionally displayed
at the center. Positional uncertainty can be incorporated by adding
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bars to the residues, where height and color encode the RMSF. Ad-
ditionally, intra-molecular hydrogen bonds are visualized as rib-
bons connecting the respective residues, with ribbon color indicat-
ing bond persistence. While this is a highly abstracted structural
visualization, we include this edge case in our survey due to its sim-
ilarity to some of the few existing examples of UAV for RNA (see
Section 8.1). To mitigate the limitations of such an abstracted rep-
resentation, the authors incorporated a separate 3D structure view;
however, this view does not include an uncertainty visualization.

7.3. Physicochemical

Rasheed et al. [RCBB16b, RCBB19] developed a statistical frame-
work to quantify uncertainties for user-defined QOI, such as the
Poisson-Boltzmann potential. They proposed visualizing these un-
certainties through DVR or color mapping. Furthermore, ligand
binding probabilities were visualized by mapping colors onto the
protein surface and the ligand. In a preprint [RCBB16a], they also
introduced a method to visualize positional uncertainty using vec-
tor glyphs. At each atomic position, three arrow glyphs represent
the variability in the atom’s location, with the glyph lengths indi-
cating the magnitude of the uncertainty. While some other methods
take physicochemical properties into account, this is the only one
with a clear focus on them. The proposed visualizations support
analysis, comparison, and overview tasks.

7.4. Cavities

While the previously discussed methods visualized manifestations
of uncertainty that concerned the whole molecule, the following
paragraph discusses methods developed for displaying uncertainty
for biomolecular cavities.

Color Ashford et al. [AMA∗12] visualized uncertainties con-
cerning molecular pockets. The probability of an atom or residue
belonging to a pocket is color-mapped to the surface, thereby sup-
porting analysis and overview tasks.

Implicit Lindow et al. [LBBH12] proposed several visualiza-
tions for the dynamics of protein cavities and tunnels. They com-
puted residence probabilities for every point on a regular grid and
visualized these probabilities as iso-surfaces. The residence proba-
bility was defined as “the proportion of time in which the point is
inside a cavity”. Additionally, they used two types of 2D ensemble
visualizations. A line graph showed topological changes in chan-
nels and cavities. Each component—the network of paths through
the molecule that defines a single cavity or channel—was rendered
as a single polyline. If splits or merges of the components occurred
during the simulation, the lines split or merged respectively. A sec-
ond line graph showed the extension of the components over time.
In this graph, the positions and widths of the lines represent the
location and extent of the path component along a user-defined di-
rection. As the lines in this graph could overlap, they were drawn
semi-transparently and blended. While the spatial uncertainty vi-
sualization only gives an overview of the data, the additional tools
can be used for analysis tasks.

Byška et al. [BJG∗15] provide an overview visualization of the

time-dependency of tunnel bottlenecks. The bottleneck shape is vi-
sualized as a contour, and several time steps are overlaid to gen-
erate an ensemble visualization. The contours are colored accord-
ing to the time step at which they occurred. They also indicated
the surrounding amino acids with bars arranged radially around
the contours based on their positions. The color of the bars indi-
cates the amino acids’ physio-chemical properties. Because it is
common for amino acids to be replaced by other amino acids over
time, individual bars for each amino acid were placed next to each
other. The bar height indicates the number of time steps an amino
acid was part of the tunnel boundary. The bottlenecks were aligned
such that the surrounding amino acids overlapped the most. The
AnimoAminoMiner [BLMG∗16], a follow-up work, visualizes the
tunnel width along its length, presenting multiple time steps as an
ensemble. A second view enables exploration of the amino acids
surrounding the tunnel. While both methods by Byška et al. pro-
vide highly abstracted structural representations, we included them
in this review due to the limited number of works on uncertainty
visualizations for tunnels.

Both methods are integrated into the analysis tool Caver Ana-
lyst [JBB∗18]. The first method by Byška et al. is especially useful
when the primary focus is on the tunnel’s bottleneck. Otherwise,
the time dependency of the entire tunnel can be examined using
the AnimoAminoMiner [BLMG∗16] or the method by Lindow et
al. [LBBH12]. All three methods employ abstracted 2D structural
representations; however, the approach by Lindow et al. [LBBH12]
additionally incorporates a 3D visualization.

7.5. Interacting molecules

Next, we discuss methods that incorporate uncertainty measures
for molecules interacting with a visualized protein. Most methods
described below focus on the distribution of smaller molecules sur-
rounding the main molecule.

Color Alharbi et al. [AKCL18, AKCL19a, AKCL19b] visu-
alized protein-protein and protein-lipid interactions. They aggre-
gated the number of contacts with another protein or a lipid dur-
ing a simulation for each protein and showed the results using
color-coding on an abstract representation of the protein (a cylin-
der). Similarly, Duncan et al. [DCS20] mapped contact frequen-
cies of different lipids onto the surface of membrane proteins us-
ing color. The framework ProLint [ST21] uses a similar technique
but allows for the selection of different metrics for the distribution,
such as total contacts or longest contacts. Additionally, ProLint al-
lows visualization of the lipid distribution via isolevels. Schatz et
al. [SFS∗21] computed the contact probability for a ligand across
the molecular surface by aggregating how often a ligand of a certain
type is in contact with a point on the molecular surface. A color-
coding shows likely contact points. In addition, they presented the
Compressed Ligand Interaction Sequence Diagram, which shows
the contact probabilities, the RMSF, and other values per residue.
Krone et al. [KFS∗17] also used color-coding of the surface to show
uncertainty. They introduced Molecular Surface Maps: map projec-
tions of molecular surfaces that give an occlusion-free overview of
colored contact points on the surface. They demonstrated their ap-
proach for several properties, including the protein’s b-factor and
the contact probabilities for water. The methods in this section ap-
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ply to different scenarios but share the same underlying technique.
Color is used to map a scalar uncertainty value related to interacting
molecules onto the molecular surface. This provides an overview of
the data and supports analysis tasks.

Ranges In the collected literature, only one paper specifically
focused on protein-protein interactions. Furmanová et al. [FJK∗20]
developed a visual analysis tool for large ensembles of multi-body
protein complexes. The tool features a 3D view in which the dis-
tribution of secondary proteins around a primary protein is repre-
sented using an isolevel hull. This approach helps reduce visual
clutter that would arise from directly displaying the full ensemble
of possible configurations. Additionally, individual protein com-
plexes can be explored in an exploded view, where contact frequen-
cies are mapped to the surface using color. Beyond structural repre-
sentations, the tool includes non-structural views that provide fur-
ther uncertainty mappings, such as interaction frequency heatmaps.

Bhati et al. [BHP∗23] displayed ligand occupancy using a wire-
frame isovalue surface. The method is similar to some of the
explicit distribution visualizations discussed below; however, the
wireframe representation can sometimes obscure the underlying
surface, and only a single isolevel is provided, making a detailed
assessment of the uncertainty distribution difficult. Nevertheless,
the method offers an initial overview of the ligand distribution.

Distribution visualizations Besançon et al. [BGB∗18,
BWR∗20, BGB∗20] focused on a specific class of carbohydrates:
n-glycans. They mapped the carbohydrates’ distribution to the sur-
face of the protein, either directly by adding up the opacities of indi-
vidual glycan conformations or by abstracting and drawing contour
lines for the distribution. Both versions of the visualization can be
seen in Figure 9a. This method falls somewhere between scalar and
distribution visualizations. Like color-based approaches, it maps
uncertainty to color on the surface. At the same time, similar to
distribution visualizations, it represents the uncertainty distribution
without first converting it into scalar values for each point on the
molecular surface. As with most other distribution visualizations,
it is well suited for gaining an overview of the data, but finer details
may not be sufficiently visible for analysis purposes.

Bidmon et al. [BGB∗08] presented a method to extract and vi-
sualize the most likely paths of solvent molecules near a protein
cavity. They first collected the paths of all solvent molecules that
enter a user-defined area of interest during the simulation. Simi-
lar paths are clustered, and the results are shown as tubes, with
the tube’s thickness indicating the number of clustered paths. That
is, paths with a higher probability were more prominent than less
likely ones. The tubes were color-coded to show the direction of
movement, and users could filter clusters with a low probability.
Vad et al. [VBJ∗17] developed a system for exploring water tra-
jectories for MD simulations of proteins. Their system also visu-
alizes trajectories that can optionally be smoothed. Additionally,
the water molecule distribution can be visualized explicitly with
density isosurfaces. Since directly visualizing all trajectories of the
interacting molecules leads to a highly cluttered display, both meth-
ods [BGB∗08, VBJ∗17] rely on simplified representations. Further
evaluation is necessary to determine their drawbacks and benefits.
Durrieu et al. [DLB08] explicitly visualized the water molecule dis-
tribution in a protein complex through DVR. Jurčík et al. [JFB∗19]

developed a visual analytics tool for the analysis of ligand trajecto-
ries for MD simulations. The tool offers a 3D view with two uncer-
tainty encodings (Figure 9b). Firstly, they visualize the distribution
of ligand trajectories based on a voxel grid. The voxel grid is com-
puted by counting the number of trajectories for each voxel. Each
voxel is visualized by a sphere whose size and color correspond to
the local density value. Secondly, the protein’s flexibility is encoded
in the backbone width (sausage plot). Skånberg et al. [SFL∗21] de-
veloped a similar visualization for exploring the spatial relations
between atomic structures. The distribution of the small molecules
is determined by providing an internal frame of reference for a
meaningful aggregation of results. For this purpose, the reference
structure (large molecule) is assumed to be a rigid object. The small
molecules are aggregated over time and molecular category. The
method includes two options for displaying the distribution of the
small molecules. The distribution could be displayed with two iso-
surfaces: a high-density opaque surface and a low-density trans-
parent surface. Alternatively, the distribution was visualized with
DVR and color coding. For this type of visualization, a cutting
plane was used to reveal the core of the distribution (Figure 9c).
Because molecules are not rigid bodies, Skånberg et al. introduced
a shape variation plot to assess whether the rigid-body assumption
is approximately true. The plot’s barycentric shape space includes
three dimensions: linear, planar, and spherical. In this shape-plot,
rigid molecules only cover a small area, while flexible molecules
cover a larger area. The method applies to broader applications, and
the reference structure is not limited to a particular molecule type,
e.g., reference structures in the paper included a protein, DNA, and
small molecules. In VIAMD [SHYL23], these visualizations are
embedded in a more comprehensive visual analysis tool for MD.

An alternative representation of uncertainties was chosen in the
visual analytics application InVADo by Schäfer et al. [SBB∗24],
which allows docking data to be analyzed and explored. To in-
vestigate the docking probability at a binding site, docked ligand
molecules were first clustered. Parts of the molecular surface that
are close to one of these cluster positions are highlighted by color
and opacity to indicate probable binding sites. The number of pos-
sible interactions can also be color-mapped onto the protein sur-
face to show the spatial probability of an interaction. This can be
done for different interaction types (i.e., physico-chemical proper-
ties). The possible distributions of hydrogen bonds are shown as
cone glyphs connected to the participating protein atom. InVADo
also offers non-spatial visualizations to show the uncertainty of the
docking results: The distribution of docking scores (which indicates
the probability of the corresponding docking event) per cluster is
shown as a box plot and by color in a segmented heatmap. The fre-
quency of different interactions within a cluster is shown as a bar
chart to allow users to analyze the most likely interaction.

8. Nucleic Acids

Most papers about nucleic acids focus on visualizing RNA. Only
two papers specifically visualized DNA.

8.1. RNA

All papers concerning RNA encode secondary structure uncer-
tainties by using color . The secondary structure of RNA
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molecules—specifically, the alignment of bases—is commonly vi-
sualized by displaying only the most probable alignments. The
bases are represented by their corresponding letters and arranged
so that paired bases are positioned close to each other. Additionally,
paired bases are often connected by lines to indicate their interac-
tions. ViennaRNA [GLB∗08]—a toolkit for prediction and analysis
of RNA secondary structures—incorporates basic UV by providing
the option to color the bases according to their base pairing prob-
abilities (Figure 3a). CentroidFold [SHAM09] is a web server that
offers a similar visualization option. Beyond these simple uncer-
tainty visualizations, which support basic overview and analysis
tasks, there are also methods based on rainbow diagrams that fa-
cilitate comparison tasks. Rainbow diagrams consist of a sequence
of base pairs written in a single row with bows connecting paired
bases. RNABows [AJ13] enhance rainbow diagrams with uncer-
tainty information by encoding the base pair probabilities in the
bows’ width and lightness. Improbable pairings are connected with
thinner and lighter lines and are thus less visible than probable pair-
ings. Additionally, RNABows offers the possibility to compare two
sequences by plotting them back to back. Léger et al. [LCT19]
adapted RNABows by using a circle as the foundation for plotting
the sequence (see Figure 3b). Several sequences are compared by
plotting their respective circles next to each other. This allows for
the comparison of more than two sequences, but the association
between them is not as clear as in RNABows [AJ13]. Irving and
Weeks [IW24] proposed the tool RNAvigate to compare base pair
predictions from several studies. They adapted rainbow plots and
colored the bows according to the number of studies that predicted
a specific pairing. Additionally, minimum free energy (MFE) pair-
ings were indicated below the sequence in gray.

8.2. DNA

Ertl et al. [EKK∗14] visualized the ion density near a strand of
DNA in a nanopore using nested semi-transparent surfaces. Since
the DNA is negatively charged, positive ions are likely to be close
to the DNA (see Figure 11). That is, the different isosurfaces il-
lustrate different density ranges or ion probabilities. Different se-
quential colors (blue, green, yellow) are assigned for better dis-
criminability of the nested surfaces. In addition, users can visualize
the pathlines of the ions. Xie et al. [XZF20] proposed a technique
for uncertainty-aware DNA visualization. Their tool PyShifts fa-
cilitates comparisons between experimentally measured and com-
puted chemical shifts. These shifts provide information on the con-
formational states of biomolecules and can be used to model their
secondary and tertiary structures. The magnitude of the difference
in measured and computed shifts is encoded in the size of the sphere
drawn at a nucleus position. The color of the sphere indicates the
sign of the difference. The methods for visualizing DNA are more
generic than for the proposed methods RNA and could also be ap-
plied to other types of biomolecules.

9. Discussion

In the following, we will discuss patterns and trends of UV tech-
niques for biomolecular structures. Figure 12 shows a parallel sets
plot [KBH06] of the distribution and correlation of the collected lit-
erature’s attributes along our schemas main dimensions. In the visu-

Figure 11: An example for uncertainty visualization showing the
probability density of ions around DNA [EKK∗14].

alization, the dimensions—molecule type, manifestation, and map-
ping—are represented with consistent total contributions across
layers. However, papers often vary in the number of applicable
categories per dimension. We distribute each paper’s contribution
equally among the applicable categories within a given dimension.
For example, if a paper employs three mapping strategies, each
mapping receives a proportional width of 1/3 of the paper’s total
contribution. Conversely, a paper with only one mapping allocates
its full contribution to that mapping. This strategy ensures that each
paper contributes equally to the total width per dimension.

9.1. Molecule Type

The field of uncertainty-aware biomolecular structure visualization
clearly emphasizes proteins, with the vast majority of published
papers focusing on this type of biomolecule. This is not a major
concern for small molecules , as most alternative methods are
readily applicable. Small molecules lack unique uncertainty man-
ifestations, ensuring that existing approaches are generally appli-
cable without significant adaptation. However, the representation
of nucleic acids is also limited, especially for DNA. This is a
more significant issue since nucleic acids have unique visualization
needs—for example, for base pairing probabilities—that necessi-
tate the development of specific uncertainty visualizations. Inter-
estingly, except for the paper by Ertl et al. [EKK∗14] on DNA,
and the more general framework applicable to a broad range of
molecules proposed by Skanberg et al. [SFL∗21, SHYL23], the
majority of papers on nucleic acids stem from domain experts
in bioinformatics and related fields, rather than from the visual-
ization research community. Carbohydrates and lipids are simi-
larly underrepresented. There are some works concerning carbo-
hydrates [BGB∗18, BWR∗20, BGB∗20] and lipids [DCS20, ST21].
However, they are primarily concerned with protein interactions
and thus sorted into the protein category of our schema. This focus
is somewhat expected, as the visualization of individual carbohy-
drates or lipids tends to hold limited interest. Instead, the primary
relevance lies in their interactions with other molecules, such as
proteins, or, in the case of lipids, their collective behavior within
larger molecular assemblies like membranes.

The focus on proteins aligns with the emphasis in the do-
main sciences. Historically, and to a lesser extent even today, pro-
teins have been a primary focus of research [Cam02, BBD∗22].

© 2025 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.



20 of 28 A. Sterzik, C. Gillmann, M. Krone, & K. Lawonn / Uncertainty-Aware Visualization of Biomolecular Structures

Mapping
Explicit Implicit Ranges Size D. G. A. P.Color

Molecule

Manifestation
Interacting Physi.CavitiesSecondary

Nucleic AcidProtein Small

Figure 12: Parallel sets plot illustrating the relationships between molecule types, manifestations, and mappings in the collected literature.
For proteins, all manifestations and mappings are represented, while far fewer combinations have been explored for nucleic acids and small
molecules. Abbreviations: Physi. (Physicochemical), D. (Density), G. (Glyphs), A. (Animation), P. (Pathline).

This focus can be attributed to several factors, such as the avail-
ability of structural data. Proteins, for example, are generally easier
to crystallize than RNA because RNA is more flexible [MSAC15].
Additionally, proteins play a central role as functional molecules
within cells [AHJ∗22]. However, this focus has gradually shifted
over time, particularly as RNA is no longer viewed primarily as
a messenger molecule [MM14]. Moreover, advancements in tech-
niques like cryo-EM have enabled the visualization of larger molec-
ular systems, such as membranes. This has expanded the scope of
research beyond small, pharmaceutically relevant molecules and
proteins to include a broader range of biomolecules and larger
structural scales, such as entire membranes or large molecular
complexes [RCC∗18]. However, uncertainty-aware approaches for
larger-scale (e.g. mesoscale) and multiscale molecular visualiza-
tions remain largely unexplored. Some progress has been made in
related areas, such as the dynamics of membrane systems. For ex-
ample, Chavent et al. [CRG∗14] employed pathlines, arrow glyphs,
and streamlines to visualize lipid flow in membrane systems. As
structural biology has advanced in recent decades, the visualization
research community needs to address the growing complexity of
larger datasets and more intricate molecular systems.

9.2. Manifestation of Uncertainty

Uncertainty in molecular visualization appears in several forms, de-
pending on the molecule or system studied. A primary focus has
been on positional uncertainty . As discussed in Section 4.2, po-
sitional uncertainty information is readily available and typically
one of the first manifestations of uncertainty considered. Unsurpris-
ingly, the majority of visualization methods focus on positional un-
certainty. Additionally, methods developed for one molecule type
are often transferable to others when investigating positional un-
certainty. Furthermore, positional uncertainty influences most other
properties investigated for biomolecules and propagates, affecting
uncertainty measures for other manifestations as well. Physico-
chemical properties are another area of interest, with visualiza-
tions typically using generic methods like direct distribution rep-
resentations. While these techniques are broadly applicable, they
are not tailored to specific properties, which may limit their effec-
tiveness in some contexts. Interactions with other molecules
are an important but underexplored topic in UV. If interactions
were addressed, existing work primarily focused on proteins and
mainly addressed interactions with small surrounding molecules,
such as water. However, many other types of interactions require
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appropriate uncertainty visualizations, including but not limited to
protein-protein, protein-ligand, nucleic acid-protein, ligand-nucleic
acid, and membrane interactions. Progress is being made in vi-
sualizing these other types of interactions, as shown by the vi-
sual analysis tool developed by Furmanová et al. [FJK∗20] for
large ensembles of multi-body protein complexes. However, the
topic remains largely underexplored. As computational power in-
creases and imaging techniques improve, research has shifted to-
wards studying more dynamic and complex molecular systems,
highlighting the need for further development in this area. For sec-
ondary structure uncertainties , visualization efforts for RNA
have primarily focused on base-pairing probabilities. These visu-
alizations are either quite basic—such as color mapping applied
to existing 2D structure representations—or limited to linear se-
quence visualizations. Comprehensive 3D visualizations for RNA
secondary structure uncertainties are entirely missing. Addition-
ally, visualizations of conformational spaces are absent, highlight-
ing a significant gap in capturing the full scope of structural vari-
ability. UAV for biomolecular cavities in proteins has also re-
ceived little attention. Part of it is likely due to cavities being a
relatively specialized manifestation of uncertainties. Existing tools
for visualizing cavities often rely on rather abstract 2D represen-
tations for uncertainty. This is unsurprising, as cavities are inher-
ently complex due to their dependence on positional uncertainty
and physicochemical properties. Thus, it is crucial to properly eval-
uate existing methods to determine whether they successfully aid in
making these complex phenomena understandable and whether the
proposed abstract mappings are appropriate.

9.3. Mapping

In visualizing molecular structure uncertainty, explicit and implicit
mapping of distributions, along with the use of attributes like color,
are the most commonly employed techniques. Ensemble visualiza-
tions are particularly popular, which is unsurprising given that
many imaging methods and simulations produce a set of confor-
mations. This makes ensemble visualizations a natural choice for
representing uncertainty. Similarly, explicit distribution visual-
izations often directly depict electron density maps or the distribu-
tion of physicochemical properties, providing another straightfor-
ward approach. Additionally, color mapping is very common
because it is simple, implemented in standard visualization soft-
ware, and easy to apply.

Despite these established approaches, other techniques remain
relatively unexplored. For example, animation is not used to vi-
sualize uncertainty in biomolecules, except for one of the earliest
papers on the subject [FTPG90]. A possible reason for this is that
biomolecules are inherently dynamic structures, and animations are
typically expected to represent molecular motion rather than un-
certainty. While animations that incorporate subtle motion, such as
wiggling, are sometimes used in molecular science communication,
a proper and systematic investigation of the possibilities of using
animation to visualize uncertainty is still lacking. Another underex-
plored mapping strategy is glyphs . While Bryden et al. [BPG12]
introduced glyph-based approaches, these techniques have not been
widely adopted. This leaves considerable potential for glyphs to be
utilized, especially in static visualizations or for science communi-

cation. Similarly, other static representations of dynamics like path-
lines , motion lines, or motion blur are rarely used and remain
largely unexplored for depicting uncertainty in molecular systems.

An example of motion blur for molecular dynamics visualiza-
tion can be found in the paper by Eschner et al. [EMW23], who
used motion blur to guide attention in molecular dynamics visual-
izations. Spalvieri et al. [SML∗22] illustrated molecular motion us-
ing motion blur for a DNA strand in their paper on collaborations
with designers for improving molecular visualization. Another ex-
ample result of such a collaboration was the temporal visualiza-
tion of a membrane protein that serves as an ion channel through
the membrane barrier; abstracted, semi-transparent 2D visualiza-
tions of the channel’s key constriction were superimposed to form
a single 2D image, similar to the contour line approach of Byška
et al. [BJG∗15]. This type of collaboration can inspire new ideas
for molecular UV. Recently, research has explored alternative vi-
sual attributes for uncertainty mapping, such as density in illus-
trative textures [SMCL24] and different line attributes [SLK∗23].
These methods can display summary statistics while leaving the
color channel open for other properties. However, we believe there
is still significant potential for further exploration of alternative at-
tributes, particularly through collaboration with design experts.

We classified the mapping strategies into two main categories:
visual representations of the uncertainty distributions and visual
representations of summary statistics. The distribution visualiza-
tions are particularly useful for comprehending the uncertainty in-
herent to biomolecules, which often translates to understanding the
potential conformational space that a given molecule can occupy.
Summary statistics can typically be easily integrated into exist-
ing visualizations, offering uncertainty information in a less obtru-
sive way while providing only aggregated data. However, currently
available distribution visualizations are often very cluttered and dif-
ficult to comprehend.

Efforts in related areas could serve as inspiration for more ad-
vanced techniques. Liu et al. [LLBP12], for example, used Gaus-
sian mixture models to represent a data distribution per voxel in a
volume. Probabilistic rendering could then be used to visualize un-
certainty. For dynamic rendering, the volume is displayed by sam-
pling the distributions at each frame, where areas of higher uncer-
tainty appear as increased flickering compared to regions of lower
uncertainty. For static images, samples can be integrated in screen
space, producing more blurring in areas with higher uncertainty.

Another area that has received little attention is the uncertainty-
aware comparison of similar molecules. Comparisons of similar
structures—such as wild types and mutated structures— are highly
relevant. Another potential application for such comparative vi-
sualizations is ensembles of MD trajectories, which Belghit et
al. [BSD∗24] identified as one of the main challenges for MD vi-
sualization. Nevertheless, UV for such comparisons remain scarce.
In existing work, several structures were either displayed by di-
rect overlay—that is, as an ensemble—or as side-by-side visual-
ization. Kocincová et al. [KJB∗17] proposed a more advanced ap-
proach by combining the typical ensemble view with juxtaposed or
superposed 1D representations of protein secondary structures.

Uncertainty mapping in biomolecules could benefit from more
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abstract or illustrative visualization techniques, an area that re-
mains largely untapped. While abstraction approaches do not allow
for precise judgments of the level of uncertainty, they can repre-
sent broad categories of uncertainty, as illustrated by Strothotte et
al. [SMI99] for ancient architectural reconstructions. To our knowl-
edge, Sorger et al. [SMK∗16] are the only authors to have pre-
sented a paper using abstraction in an uncertainty-related context
for biomolecules. They interpolate between different states of bi-
ological mesoscale models at varying levels of detail by applying
an abstraction technique. The model with the higher level of de-
tail is abstracted until it has a resolution similar to that of the less
detailed model. At this level of detail, the models can be interpo-
lated and subsequently reverse-transformed to the original level of
abstraction. Thus, while this approach does not utilize abstraction
to highlight regions of higher uncertainty within the same image,
the concept could also be applied to UV. Additional approaches for
creating abstract or illustrative visualizations of biomolecules ex-
ist for other purposes. Parulek et al. [PJR∗14] use seamless visual
abstraction for increasing rendering performance. Van der Zwan et
al. [vLBI11] use continuous illustrative abstraction for focus and
context and to guide attention. Thus, while methods for illustration
and abstraction exist, their utility for UV is still unexplored.

9.4. Software Availability

In general, the availability of software for uncertainty-aware
biomolecular structure visualizations is poor. For only half of the
projects (30 out of 61), software was provided to reproduce the
visualizations. Only 25 projects are still available. This presents
a significant issue, as the importance of UV is frequently empha-
sized in the literature [Joh04,BHJ∗14,PKH21]. However, the mere
development of these methods is insufficient for their adoption. To
ensure usability, practitioners must have access to these tools. Ide-
ally, new approaches should be integrated into widely used visual-
ization frameworks such as PyMOL [Sch], VMD [HDS96], and
ChimeraX [PGH∗21]. At a minimum, reproducible source code
should be provided to support broader use and validation.

However, some mappings are available in standard molecular
renderers and widely used. Color mapping of scalar uncertainty
values, such as the b-factor, is generally accessible and frequently
applied. Simple ensemble visualizations are also common. The
sausage metaphor, which varies the tube radius of the backbone
based on uncertainty, is available in many renderers. DVR and
isolevel extraction of probability distributions are also widely sup-
ported. Additionally, some renderers include options for displaying
glyphs, such as motion vectors for NMA. However, the availability
of more advanced methods or solutions for less common manifes-
tations of uncertainty is often poor.

9.5. Evaluation

A significant gap is the evaluation of proposed methods. Most
methods are assessed primarily through case studies. When the
authors are not domain experts, expert interviews often supple-
ment the evaluations. While case studies are valuable for demon-
strating that a method can offer advantages over traditional visu-
alization techniques, they are rarely sufficient for a comprehen-

sive evaluation. Only five methods were subjected to more rig-
orous quantitative evaluations, such as user studies or perceptual
studies. This lack of empirical evaluation complicates informed
decision-making about UV methods. A deeper understanding of the
strengths and weaknesses of different approaches is generally nec-
essary for choosing an appropriate method for a specific problem.

9.6. Techniques Across Domains

Taxonomies for UV often classify methods based on the dimen-
sionality of the data [PWL97, BAOL12, BHJ∗14]. Most methods
discussed in reports on general UV focus on 1D or 2D data.
Biomolecular structure data is inherently 3D. In visualizations of
uncertain 1D or 2D data, uncertainty is often represented by in-
corporating additional dimensions. However, this approach is typ-
ically impractical for 3D, as all available spatial dimensions are
already utilized. Therefore, alternative uncertainty mappings must
be used. That being said, many other metaphors used for un-
certainty in lower-dimensional data can be adapted for 3D data.
For example, error bars for point estimates in 1D become error
bands in 2D and hulls in 3D. This adaptability means metaphors
from general taxonomies can often inform biomolecular struc-
ture UV. Some metaphors proposed in the literature, though not
yet applied to biomolecular structures, could also be explored for
biomolecular structure data. Examples include blinking or oscil-
lation [PWL97,BHJ∗14], sonification [PWL97,BAOL12], and sur-
face displacement or bumps [PWL97,BHJ∗14]. For example, Grig-
oryan and Rheingans [GR04] render noisy surfaces by representing
a surface as a collection of points displaced based on the uncer-
tainty of the structure. This technique could be directly adapted for
molecular surfaces. Thus, biomolecular structure visualization can
benefit from techniques and insights from other disciplines. Con-
versely, the reverse holds also true: Many methods developed for
uncertainty-aware biomolecular structure visualization are not lim-
ited to this domain and can be applied to related fields, such as
material science, chemical engineering, and nanotechnology. Fur-
thermore, disciplines that rely on 3D models with inherent uncer-
tainty, such as medical imaging, face similar challenges and could
benefit from shared approaches. Ensemble data, one of the most
common forms of uncertain biomolecular structure data, are an es-
sential part of many other fields such as meteorology, climatology,
astrophysics, high-energy physics, and oceanography [WHLS19],
suggesting opportunities for cross-disciplinary collaboration and
method transfer. UV for biomolecular structures is an active area of
research, supported by the extensive availability of data and its im-
portance to the life sciences. Developing visualization techniques
for this domain enhances the interpretation of biomolecular data
and provides insights applicable to more general UV challenges,
including the visualization of ensembles and uncertain 3D data.

10. Research Directions

In the previous chapter, we explored trends and outlined various
challenges in the field. Here, we narrow our focus and highlight a
few areas we consider the most important for future research.

Complex and Multiscale Systems Advances in imaging tech-
nologies enable the visualization of increasingly complex systems.
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While some approaches exist for visualizing systems of interact-
ing molecules, such as protein-ligand interactions, there is signif-
icant room for improvement. UAV for even larger systems, such
as mesoscale structures or visualizations spanning multiple scales,
remain largely unexplored. Methods that work well for small to
medium-sized molecular structures often become cluttered or im-
practical when applied to more complex systems. This highlights
the need for approaches that can effectively manage the scale and
complexity of these data. A potential solution is adopting more ab-
stract and illustrative visualization techniques. These approaches
could offer clearer, more interpretable visualizations while address-
ing the unique challenges of complex molecular systems.

Conformational Space While there is already a substantial
amount of literature visualizing the conformational space, the prob-
lem remains challenging, particularly for larger molecules, as ex-
isting techniques often become cluttered and difficult to interpret.
Initial efforts to enhance these visualizations were undertaken by
Melvin et al. [MS16], who employed focus and context, as well
as a deliberately selected subset of conformations, to reduce visual
complexity. Nevertheless, easily comprehensible visualizations of
the entire conformational space remain scarce. Similar to the vi-
sualization of complex systems, the volume and complexity of
the data can be overwhelming. However, the multidimensional na-
ture of conformational spaces introduces additional challenges. As
with complex systems, abstraction and illustrative techniques of-
fer promising solutions. Simplified representations that emphasize
key states or transitions could enhance clarity, while interactive
tools for exploring specific regions of the conformational land-
scape could improve usability. Alternatively, animations—similar
to HOPs [Hul16]—could dynamically represent conformational
changes, reducing the need to convey all information within a sin-
gle, static visualization.

Comparison Techniques Comparing molecular configurations
and their uncertainties typically involves side-by-side visualiza-
tions or simple overlays. These methods are effective for small
datasets but become impractical as the number of molecules in-
creases. Overlays face challenges similar to visualizing confor-
mational space, such as becoming cluttered and difficult to inter-
pret. This issue is especially problematic when comparing dynamic
molecules. Ensembles of molecular dynamics (MD) simulations
have become crucial for addressing the lack of reproducibility in
individual simulations [WSC21]. However, MD ensembles gener-
ate vast amounts of data, requiring new visualization techniques
capable of handling this complexity without overwhelming users.
This challenge was also highlighted by Belghit et al. [BSD∗24].
This scalability problem is not limited to biomolecular systems; it
also affects broader ensemble visualization methods [WHLS19].
Advancements in both fields could offer mutual benefits, leading to
better solutions for visualizing large, complex datasets.

Nucleic Acids Despite being the focus of numerous current
research topics [WEFC21, BJZ∗22, WD23], nucleic acids are of-
ten underrepresented in terms of specialized UV techniques. Cur-
rent visualizations primarily focus on base pair probabilities and
rely on relatively simple methods. While these approaches provide
some insight into nucleic acid structure, they are limited in scope

and fail to capture the full complexity of these molecules. Compre-
hensive 3D visualizations, which could provide a more complete
representation of nucleic acid structures, are largely absent. Addi-
tionally, visualizing the conformational space of nucleic acids re-
mains a significant gap despite its importance for understanding
molecular dynamics, interactions, and function.

Evaluation UV techniques for biomolecular structures are not be-
ing evaluated rigorously enough. For example, it is crucial to deter-
mine which methods are most intuitive for viewers, how effectively
they support the inference of quantitative values, and whether they
accurately represent the conformational space of biomolecules.
Since humans often reason in non-intuitive ways when interpret-
ing uncertainty [PKH21], it is essential to rigorously evaluate un-
certainty visualizations to ensure they effectively support accurate
understanding and decision-making. Evaluating UV methods is in-
herently challenging [Hul16], even for simple 1D and 2D visualiza-
tions. Incorporating and evaluating uncertainty in the context of 3D
biomolecular structure visualizations is even more complex. How-
ever, addressing this gap is essential. It will enable practitioners to
choose the most suitable methods for specific problems, identify
shortcomings in existing techniques, and drive the development of
new methods that better meet the demands of UAV.

11. Conclusion

In this report, we presented UAV approaches for biomolecular
structures, classifying the methods along three primary dimensions:
molecule type, manifestation of uncertainty, and mapping strategy.
While these methods demonstrate strategies for representing uncer-
tainty for individual molecules, they often fall short of addressing
the demands of modern biomolecular research. The constantly in-
creasing size and complexity of biomolecular datasets require visu-
alization techniques that scale effectively and remain interpretable.
Current approaches frequently appear cluttered even for small to
medium-sized molecules, making them unsuitable for larger sys-
tems such as mesoscale data or ensembles of dynamic structures.
These gaps highlight the need for innovative visualization strate-
gies that can handle the complexity and scale of modern biomolec-
ular data. Advancing UAV methods is essential for improving
how researchers interpret and interact with complex biomolecular
data, enabling clearer insights and more informed decision-making.
Given the parallels to other domains, such as general uncertainty
and ensemble visualization, advancements in UAV for biomolec-
ular structures are likely to have a broader impact, benefiting the
entire field of UAV.
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