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Figure 1: Results of (a) data perturbation, and (b) causality perturbation, on counterfactual (

), and correlation ( ), guidance mea-

sures, characterized by percent change in the guidance values, and by changes in suggested variable rank order.

Abstract

Guidance methods are often employed in visual analytics systems to help users navigate complex datasets and discover mean-
ingful insights. Guidance based on correlation is a common method that can steer users towards closely related variables.
However, recent work has shown that guidance based on counterfactual subsets can more effectively capture and surface causal
relationships. In this work we further explore these guidance methods by characterizing their performance by systematically
introducing perturbations in both the data points generated from a ground truth causal graph, and the causal relationships in
the graph itself. Our results indicate that while both guidance types exhibit similar sensitivity to global data point perturbations,
counterfactual guidance can better capture perturbations affecting only a single dimension, and more effectively reflect changes
in causal link strengths, indicating an improved ability to capture narrow data changes and causal relationships.

1. Introduction

Guidance techniques are often used in visual analytics to sug-
gest interesting data subsets, relationships, or views [CGM™16],
with correlation-based guidance the most widely used method,
e.g., [BHT20]. Recently, guidance based on counterfactual subsets,
rooted in causal inference, has emerged as an alternative [WBG25].
Counterfactual guidance enables the examination of “what-if”” sce-
narios, assessing how an outcome might change if certain fac-
tors were different, relying on creating counterfactual data subsets
based on the similarity of user-defined data subsets to certain ex-
cluded data. This approach aims to effectively capture causal rela-
tionships rather than relying on statistical associations.
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Although this initial previous work demonstrated the concep-
tual differences between the two approaches, along with some of
the advantages of counterfactual guidance, more work is necessary
to fully characterize them. Real-world data is often noisy, incom-
plete, or subject to shifts over time. Furthermore, the underlying
causal structures of the data may not be perfectly known or stable.
Therefore, understanding how these different guidance types react
to variations in the data and the underlying causal model is crucial
for VA system designers and analysts relying on such guidance.

This poster addresses this gap by empirically evaluating and
comparing the performance characteristics of counterfactual and
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correlation guidance under controlled perturbations. We utilize syn-
thetic datasets generated from known causal graphs, enabling us to
precisely manipulate both the resulting data points and the under-
lying causal relationship strengths. Our findings highlight the dis-
tinct behaviors of correlation and counterfactual guidance, demon-
strating the ability of counterfactual guidance to capture narrow
data changes as well as larger structural changes, shedding light on
when and how different guidance types might be more appropriate.

2. Guidance Computation

We briefly introduce how correlation and counterfactual guidance
are typically conceptualized and computed. For the purpose of this
study, we assume the user filtered the dataset based on some initial
variables of interest. In practice, a guidance value is computed for
each non-filter variable in a dataset to determine which variables
may be most useful to explore in the context of the filter variables.
The data subsets were computed via point- and set-based similarity.
For more details, please see the employed Co-op library [WBG24].

Correlation Guidance aims to
identify variables that exhibit
strong linear or monotonic asso-
ciations within the dataset. It is
computed by measuring the cor-
relation coefficients between the
user-filtered data subset /N and
the excluded subset EX. Figure 2: Relations of the
Counterfactual Guidance employed data subsets.
leverages principles from causal inference to provide insights
based on “what-if” questions, using the user-filtered subset IN
as reference, and calculating a counterfactual subset CF from
EX whose data points are similar to /N based on the other
variables in the data. The remainder of the data points, EX — CF,
is termed REM. The guidance value is calculated by measuring the
similarities between IN, CF, and REM.

3. Method

Following prior work [WBG25], we randomly generated 20 causal
graphs, each consisting of 20 data variables, where 19 variables
were assigned a random causal strength in [0, 1] to the last out-
come variable. These graphs provide ground truth for the causal
relationships and enable controlled manipulations. We synthesized
20 datasets using continuous Gaussian 2D distributions with these
causal graphs via CausalSynth [WWBG24]. To simulate real-world
user behavior, we generated random filters based on randomly se-
lecting one to five of the dataset variables to create an IN subset for
each dataset, and computed the original guidance values for both
correlation and counterfactual approaches.

Remainder (EX- CF)

Data perturbation was performed by randomly selecting a per-
centage of data points for the discrete steps [1%, 5%, 10%, 20%,
50%] methods, and randomizing the values of those points for spec-
ified variables. Two scopes were used for variable specification.
We calculated the proportional data using simple random sampling
from all data points. One-dimensional perturbations were applied
only for a single randomly selected variable. All-dimensional per-
turbations were applied independently to all variables in the dataset.

Causality perturbation reduced the causal link strengths of the
causal graphs, simulating changes in the underlying causal struc-
ture. We varied the same percentage changes applied to the causal

link strengths from 1% to 50%. We also employed two perturbation
scopes; Single-Link perturbation was applied only to the strength
of a single randomly selected causal link in the causal graph, All-
Links perturbations were applied simultaneously to the strengths
of all causal links in the graph.

Each of the 20 perturbations was performed 50 times. For each
perturbation we compared the guidance value computed for each
variable to the guidance computed from the corresponding origi-
nal dataset. We measured changes in guidance value by the ab-
solute difference of the computed values, and changes in rank
order by the relative differences of guidance ranking offset dis-
tance [WBG25,RY98]. We discuss changes in guidance values for
one-dimensional and single-link perturbations, and changes in both
guidance values and rank orders for all-dimensional and all-link
perturbations.

4. Results

One-Dimensional Data Perturbation (Figure 1 (a)): The coun-
terfactual (CF) guidance values changed more obviously than the
correlation ( ) guidance values even with low percentages of
perturbed points. This highlights the ability of CF guidance to cap-
ture data changes for specific dimensions.

All-Dimensional Data Perturbation (Figure 1 (a)): For both
methods, the magnitude of changes in guidance values generally
increased with the percentage of perturbed points. This suggests
that both methods are similarly capable of detecting global noise or
shifts distributed across the entire dataset. But for the rank orders,
we observed that CI had fewer changes, especially for smaller per-
turbation percentages. This may imply that guidance can ro-
bustly infer causal relationships in the presence of noise.

Single-Link Causality Perturbation (Figure 1 (b)): We found
similar observations to those for the one-dimensional data perturba-
tion. The guidance values changed more obviously, indicating
potential ability to identify the impact of specific changes in causal
graphs, which guidance may possible miss.

All-Links Causality Perturbation (Figure 1 (b)): guidance
largely preserved the relative rank order of the causal links based on
their influence, however the guidance values changed significantly
to reflect the altered strengths. guidance, however, exhibited
greater changes with a larger variance in guidance values, even for
low percentage perturbations, and was more prone to altering the
rank order of variable pairs. These findings imply that CF guidance
better adapts to the new underlying causal strengths while main-
taining the guidance ranking.

5. Conclusion

Our results indicate that guidance can capture more nuanced
data characteristics than guidance when faced with both
narrow data perturbations and changes in the groundtruth causal
graphs. This suggests that in scenarios where understanding causal
strengths or detecting changes in specific variables is important,
guidance offers advantages over traditional -based approaches.
However, the analysis is not comprehensive; future work investi-
gate more generalized insights.
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