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Bayesian probabilistic modeling is supported by powerful computational tools like

probabilistic programming and efficient Markov Chain Monte Carlo (MCMC) sampling.

However, the results of Bayesian inference are challenging for users to interpret in

tasks like decision-making under uncertainty or model refinement. Decision-makers

need simultaneous insight into both the model’s structure and its predictions, including

uncertainty in inferred parameters. This enables better assessment of the risk overall

possible outcomes compatible with observations and thus more informed decisions.

To support this, we see a need for visualization tools that make probabilistic programs

interpretable to reveal the interdependencies in probabilistic models and their inherent

uncertainty. We propose the automatic transformation of Bayesian probabilistic models,

expressed in a probabilistic programming language, into an interactive graphical

representation of the model’s structure at varying levels of granularity, with seamless

integration of uncertainty visualization. This interactive graphical representation supports

the exploration of the prior and posterior distribution of MCMC samples. The

interpretability of Bayesian probabilistic programming models is enhanced through the

interactive graphical representations, which provide human users with more informative,

transparent, and explainable probabilistic models. We present a concrete implementation

that translates probabilistic programs to interactive graphical representations and show

illustrative examples for a variety of Bayesian probabilistic models.

Keywords: Bayesian probabilistic modeling, Bayesian inference, probabilistic programming, Markov Chain Monte

Carlo (MCMC), uncertainty visualization, interactive visualization, interpretability

1. INTRODUCTION

Bayesian probabilistic modeling has many advantages; it accounts for and represents uncertainty
systematically; it allows precise incorporation of prior expert knowledge; and the intrinsic structure
of models is well-defined in terms of relations among random variables: the mathematical and
statistical dependencies are explicitly stated. Extremely flexible Bayesian probabilistic models
can be implemented via Probabilistic Programming Languages (PPLs), which provide automatic
inference via practical and efficient Markov Chain Monte Carlo (MCMC) sampling. However,
tasks like decision-making under uncertainty or refinement of models require tools that could
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FIGURE 12 | The interactive probabilistic models explorer of the coal mining disasters model. PyMC3 was used for the models’ specification and inference. (A) The

prior graphical representation. (B) The posterior graphical representation.

model parameters and convergence diagnostics for MCMC
simulations.” This tool, although it exploits interactivity to
customize the visual presentation of the data, it does not offer the
possibility of exploring prior and posterior sample space through
interactive conditioning or any analysis of the model’s graph.
Table 2 provides a comparative summary presentation of all these
tools including the IPME, based on a set of visualization and
analysis criteria in Bayesian analysis.

Some studies in the existing literature have showed that
visual representations of probabilistic data in Bayesian contexts
could facilitate Bayesian reasoning. For example, Sedlmeier

and Gigerenzer (2001) compared two approaches of teaching
Bayesian inference; representation training and rule training.
In the first type of training, people learned how to construct
frequency representations by means of frequency grids and trees,
whereas in the second type of training, people were taught how
to insert probabilities into Bayes’ formula. The results of the
conducted studies showed that representation training had a
higher immediate learning effect and greater temporal stability.

Micallef et al. (2012) showed that visualizations like Euler
diagrams, frequency grids or combinations of both along
with some explanatory text and no numerical information
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FIGURE 13 | The interactive probabilistic models explorer of the coal mining disasters model. PyMC3 was used for the models’ specification and inference. The

updated (A) prior graphical representation, and (B) posterior graphical representation after restricting the switchpoint to values within the interval 1893−1897. The

posterior predictive probability mass function of the number of disasters in year 1890 shifts toward 4. This is reasonable as we assumed with our conditioning that the

regulations changed at a later time.

significantly reduced the errors in the estimation of probabilities
by crowd-source workers, but they stressed the need for more
studies in evaluating visualizations in Bayesian workflows
under real-life decision-making conditions that may address

people of various backgrounds. They also indicated the
potential value of interactive visualizations for Bayesian
workflows. Therefore, we will review the interactive techniques
used in the existing literature for the communication of
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TABLE 2 | Comparative summary presentation of existing Bayesian analysis visualization tools including the IPME.

ArviZ bayesplot tidybayes shinystan IPME

Visual summaries of parameters Yes Yes Yes Yes Yes

Numerical summaries of parameters Yes No Yes Yes No

PPL/MCMC-algorithm independent input No Yes No No Yes

MCMC diagnostics Yes Yes No Yes No

Predictive test statistics Yes Yes No Yes Yes

Semantic definition of indexing dimensions and coordinates Yes No Yes No Yes

Interactive customization of visual/numerical summaries No No No Yes Yes

Interactive exploration of MCMC sample space No No No No Yes

Graphical analysis of model No No No No Yes

IPME offers unique features that we do not encounter in any other of the existing tools; the interactive exploration of MCMC sample space and the graphical analysis of the model.

various difficult and counter-intuitive concepts including
Bayesian inference.

4.1.2. Interactive Techniques
Exploiting interaction for communicating complex ideas,
methods, and results in science, research, or education is
well-established in the research literature. In this section,
we cover interactive visualization techniques and effects on
comprehension. In particular, there is an extensive literature on
interactive projection of high dimensional data. These occur in
Bayesian models with many parameters in the joint distribution.
For example, Faith (2007) presented a novel general-purpose
method that allowed users to interactively explore the space
of possible views of the high-dimensional data through simple
mouse actions. Sankaran and Holmes (2018) introduced
methods for interactive visualization of hierarchically structured
collections of time series and demonstrated a practical analysis
workflow of the impact of bacteria on human health to better
allocating units in commuter bike-sharing systems based on
these methods.

Other studies focused on the importance of interaction for
comprehension and engagement. For example, Tsai et al. (2011)
created an interactive visualization to help people with limited-
to-no knowledge in Bayesian reasoning in solving conditional
probability problems without prior training. They suggested
that people using the interactive models exhibited higher
accuracy in Bayesian reasoning compared to previous methods.
Hullman et al. (2018) suggested a novel interactive, graphical
uncertainty prediction technique for communicating uncertainty
in experimental results by letting users to graphically predict the
possible effects from experiment replications prior to seeing the
true sampling distribution. The study showed that users were able
to make better predictions about replications of new experiments
through this technique.

Kim et al. (2017) found that graphical elicitation of users’
prior expectations about trends in data and presentation of the
gap between users’ predictions and the visualized data improved
users’ short term recall of the data. This was followed by Kim et al.
(2018), who showed that viewing others’ expectations improves
a user’s ability to remember data when others’ expectations
were reasonably consistent. When users’ expectations were

contradicted, viewing others’ beliefs could prompt users to think
more critically about the data. The results of these studies led to a
new authoring tool for interactively eliciting people’s prior beliefs
[Midwest Uncertainty (MU) Collective, 2019].

A novel interactive reporting method for scientific and
research results brings interaction in the center of attention for
statistical reporting. Dragicevic et al. (2019) presented a new
approach to statistical reporting where readers of research papers
can explore alternative analysis options by interacting with the
paper. The “explorable multiverse analysis reports” allow authors
to report the outcomes of many different statistical analyses and
readers to dynamically change some elements of the analysis
and get new “versions” of the paper based on the new produced
results. This relies on two key concepts that relate to the proposed
interactive probabilistic models explorer.

The first idea is “multiverse analysis” in statistical reporting
(Steegen et al., 2016), where all processed data sets that
are generated from raw data based on different choices of
processing are analyzed to produce a multiverse of statistical
results. This multiverse reveals the fragility of the results across
various processing options. The second point of inspiration for
Dragicevic et al. (2019) was the idea of “explorable explanations”
(Victor, 2011a), which aims at encouraging active reading
through active engagement of the readers with a new form
of interactive narratives (e.g., reactive documents, explorable
examples, contextual information) that could allow readers
dynamically change some elements and get a new “version” of
the narrative.

Victor has also expounded how interaction, simulation and
visualization could be used for simplifying abstract ideas to
provide an intuitive understanding. For example, he suggests the
creation of a high-level mathematical tool that could become
“as ubiquitous as the pocket calculator,” which would transcribe
mathematical problems into software simulations of simple
physical models instead of abstract equations and symbols
(Victor, 2009). He argues that this kind of software could
introduce a new form of practical mathematics that could
“provide a broader context, allowing a deeper understanding
of the problem; easily handle problems which are difficult
or impossible to solve analytically; and be used to actively
create, not just passively understand.” An illustrative example
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was the scrubbing calculator (Victor, 2011b) that interactively
explores parameter spaces of algebraic problems by scrubbing
over numbers until the desired result is reached.

Finally, Victor (2011c) highlights the importance of a “ladder
of abstraction.” By moving between levels of abstraction starting
from the lower one that indicates a concrete working system
and stepping down to the higher one that indicates abstract
equations or aggregate statistics, the system designers’ intuition
and their design develop “side-by-side.” Victor (2011c) argues
that interaction in this iterative process of exploring a system
design is an essential element to move around the “ladder
of abstraction.”

4.2. Contributions
The interactive probabilistic models explorer of Bayesian
probabilistic programming models that is suggested in
this work was heavily influenced by these ideas, concepts,
visualizations and tools. In this section we will provide an
overview of the contributions of this novel representation of
probabilistic models in the field of Bayesian modeling, reasoning,
and visualization. We will also discuss how the interactive
probabilistic models explorer could enhance the interpretability
of Bayesian probabilistic programming models in terms of
informativeness, transparency, and explainability of the model to
humans, and finally, the potential of more trust into the model.

The IPME is an extension of the Kruschke-style diagram
(Kruschke, 2015), where MCMC samples from the prior
and posterior distributions are integrated into a visualization
of parameter distributions. This seamlessly integrates the
inference results with the structural representation in a single
compact representation with varying levels of abstraction
to provide modelers and decision-makers with a powerful
visualization tool. This increases the informativeness of a Bayesian
probabilistic model.

We provide a generic framework to transform PPLs into
an interactive probabilistic models explorer. A probabilistic
programming model, expressed as PPL source, can be too
abstract for a user to understand or too difficult to allow model
validity checks during the model specification process. The
proposed interactive graphical representation provides a broader
overview of a model’s structure. Modelers can at a glance observe
the structure of themodel and the specifications of its parameters.
Variable granularity makes the IPME adaptable to users’ needs,
skills and experience. The IPME increases transparency of the
model’s structure by balancing levels of visual abstraction to avoid
potential overwhelming of the users.

The most important feature of the interactive probabilistic
models explorer is interaction. This includes sub-setting,
indexing/plate dimension selection and prior/posterior
comparisons. Users can restrict the prior or posterior space
by selecting ranges for individual parameters, can slice inference
across indexing dimensions and they can quickly compare prior
and posterior beliefs. Users can interactively create projections
on the 2D plane of a high-dimensional entity that consists of
the model’s parameters, their indexing dimensions, and the
prior and posterior MCMC samples. Users can explore this
multiverse of different views of the model’s inference results
(Steegen et al., 2016). In this way, the proposed interactive

graphical representation increases the transparency of the
model’s inference results and observed data.

The interactive graphical representation could be seen
as a Bayesian “scrubbing calculator” (Victor, 2011b). Users
can iteratively update the restrictions of the sample space
based on one or more parameters/indexing dimensions until
they reach certain levels of uncertainty for a parameter
or prediction of interest. This explorability allows the
investigation of the sensitivity of the distribution about any
parameter or the predictions of the model as the “multiverse
analysis” in statistical reporting suggests (Steegen et al., 2016).
Although Bayesian reasoning requires reasoning about joint
distributions and conditional probabilities, which are usually
prone to misconceptions and biases (Tversky and Kahneman,
1974; Koehler, 1996), the IPME avoids the abstraction of
distributions and numerical probabilities by allowing “explorable
explanations” (Victor, 2011a). Users develop an intuitive
understanding of the mechanics of the Bayesian inference
through active engagement. The proposed interactive graphical
representation increases the explainability of the model to
the users.

The IPME tool integrates visualizations to present prior and
posterior predictive checks as part of a Bayesian workflow. Prior
predictive checks could provide evidence of the consistency of
the model with the domain expertise and posterior predictive
checks could provide evidence of the degree that the model is
rich enough to capture the essentials of the true data generating
process according to Betancourt (2018). This is very important
in cases where trust in models inference is questionable and
modelers or decision-makers need evidence that the assumptions
made led to a model that works as expected. The interactive
probabilistic models explorer could enhance the trust of the users
in the model’s inference results.

Our last contribution is the development of a Python package
that automates the creation of interactive probabilistic models
explorers from PPLs. This is a unified tool that could become
a valuable tool for users of any PPL. We offer this tool to
the research community with the hope of fulfilling an existing
gap in the field of Bayesian probabilistic programming models
and with the hope of raising valuable feedback and possibly
contribution for improving its design and features, and extending
its functionalities.

The interactive probabilistic models explorer aims at shedding
light to the abstraction of the PPL code and the conditional
probabilities of Bayesian inference by actively engaging users
in exploring the inference results and developing an intuition
about the inherent possibility space of the model’s parameters
and predictions. The interactive probabilistic models explorer
allows users to move around the “ladder of abstraction” (Victor,
2011c) starting from an abstract representation of PPL code and
climbing up to a multiverse of concrete fully-expandable views of
inference results in the pursuit of a profounder understanding of
the model and the inference.

4.3. Future Work
The IPME tool could be further extended and elaborated with
new functionalities to improve aspects like the navigation of the
DAG or users’ flexibility in customization of visual presentation
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of inference results and predictive test statistics. For example,
interaction could be used to highlight parent nodes when
user is interacting with a specific node or user sub-setting of
coordinates of interest for indexing dimensions of big sizes
could be enabled to narrow down the options in drop-down
menus of indexing dimensions and make navigation of data
easier. More visual primitives (Box plots, CDF plots, quantile
dot plots etc.) or more predictive test statistics could be included
in a list of pre-implemented features for users to select from
and enable customization according to users preferences and
scenario requirements. Another future extension of this tool
could incorporate recommendations of sets of “interesting”
parameters based on the scenario to provide, for example, some
sort of guidance through decision-making tasks.

The most important future extension of this work that we
could see is a closed-loop system, where the user interaction will
play a leading role in closing the loops between the user interface
and the rest of the components in a typical inference system;
the observed data, the model, and the inference. A closed-loop
system where the loop is closed between the user interface and
the inference allows for retrieval of more inference data possibly
in subsets of the sampling space, update of the priors, or even
disbelief of the presented data. A closed loop between the user
interface and the data would allow new data in the model and
updated inference results according to the new observations,
whereas between the user interface and the model would allow
update and refinement of the model. We see a great potential of
users’ interactivity in closed-loop systems and believe that this is
the future in probabilistic programming.

4.4. Conclusions
We have presented a generic pipeline for transforming a
probabilistic programming model and associated sample-based
MCMC inference results into a standardized format that can
then be automatically translated into an interactive probabilistic
models explorer, a novel representation of Bayesian probabilistic
models that fuses structural and distributional display. We
developed an initial tool that renders these interactive
graphical representations from standard PPL definitions.
This representation aims at a threefold representation effort; the
representation of a collapsible tree-like structure of the model’s
variables and parameters to reveal internal levels of statistical
or mathematical dependencies among them; the representation
of each inferred parameter as a node that presents graphically
the marginal prior or posterior distribution of the inferred
parameter’s MCMC samples; the representation of the observed
variables through prior or posterior predictive distributions
of the model’s predictive samples. Appropriate uncertainty
visualization techniques are used to graphically represent the
marginal distributions.

The added value of this representation lies in the interaction.
We support slicing on indexing dimensions or forming
conjunctive restrictions on parameters by interacting with
distribution visualizations. Each user interaction with the
explorer triggers the reestimation and visualization of the model’s
uncertainty based on the users’ preferences. This closed-loop
exchange of responses between the user and the explorer

allows the user to gain a more intuitive comprehension of
Bayesian model.

The interactive probabilistic models explorer provides at-a-
glance communication of a probabilistic program’s structure
and uncertainty of latent parameters, and allows interactive
exploration of the multi-dimensional prior or posterior MCMC
sample space. The representation was designed with the
principles of enhancing informativeness, transparency and
explainability and ultimately, the potential of increasing trust
in models. Probabilistic programming languages have made
sophisticated statistical methods available to the mainstream,
but the user interface lags behind. We see enormous potential
in interactive exploration models that support the elicitation,
validation and presentation of Bayesian probabilistic models.
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