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Abstract

Feature importance is a technique that helps users understand machine learning models by showing how
much each feature contributed to the model’s predictions. For example, it can be used for housing price pre-
diction to explain why certain features lead to higher or lower prices. Different visualizations are used to con-
vey feature importance to users: standard bar charts, but also advanced waterfall plots and force plots as
provided by SHAP. These advanced visual representations convey more information (e.g., about the additivity
property of the technique). However, this may come at the expense of the figure's simplicity. Both the trade-
off between these properties and the added benefit of these advanced visualizations have yet to be formally
studied. In this paper, we evaluate the effectiveness of three common SHAP visualization types for users to
understand how machine learning-based prediction works in a housing price prediction scenario. Each parti-
cipant answered a set of quiz questions aimed to measure their basic understanding of the feature impor-
tance (the absolute impact of features), the negative or positive impact of features, and the additivity property
of feature importance. By testing whether participants understood these concepts, we assert whether the
advanced visual metaphors are effective in conveying additional information beyond the standard bar chart
visualization. Moreover, we study whether the effectiveness is moderated by personal characteristics, such
as an individual’'s visual familiarity and cognitive skills. Our results from 2 user experiments comprising 546
participants in total show that, despite testing specifically for the properties that waterfall plots emphasize,
bar and waterfall plots perform equally well. Force plots seemed to perform worse, and these results were
independent of the skills and experience of the participants. Therefore, our findings tentatively suggest that
bar charts may be a preferable choice for communicating feature importance due to their simplicity and com-
parable effectiveness.
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Introduction SHAP? (SHapley Additive exPlanations), which quan-
tifies each feature’s contribution to an individual pre-
diction. As an example, such techniques can be used
for housing price prediction to explain why certain
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Figure 1. Three common visualizations of feature importance for a price prediction of a house in the Boston housing

dataset.!

features lead to higher or lower prices. By understand-
ing the importance of features visually, non-expert
users can reason about which property characteristics
(e.g. location, size, or energy efficiency) drive a pre-
dicted price and use this information to support prac-
tical decisions, such as comparing properties,
assessing value, or deciding how much to bid.?
Therefore, feature importance visualizations should be
designed to be understandable and to support con-
crete actions,” even for users who interpret them pri-
marily as intuitive summaries of how input features
influence model outcomes. In practice, these visualiza-
tions are often used by individuals without formal
training in ML or explainable AI (XAI), who rely on
them for understanding and communication rather
than for engaging with their underlying mathematical
foundations. Ultimately, feature importance tech-
niques aim to enable more trustworthy and accounta-
ble use of ML models.

At first glance, these techniques seem like an intui-
tive and simple solution to explain ML models.
However, there are many pitfalls that practitioners
without an Al background can encounter when using
these techniques. For example, the notion of “impor-
tance” relies heavily on the underlying mechanism
used to infer that score, and varies a lot between dif-
ferent techniques. Different techniques may exhibit

different properties, which may not correspond with
the expectations of the users working with these
scores.’

The visualization of feature importance is an impor-
tant aspect of helping users understand models. To
this end, different visualizations are used to convey fea-
ture importance to users. In particular, SHAP expla-
nations are commonly visualized using bar charts,
waterfall plots, and force plots. The most straightfor-
ward approach is to visualize the weights of each fea-
ture using a all bar chart (Figure 1X\). However,
advanced visual metaphors have also been introduced
to convey additional information, such as implicitly
illustrating the additivity property of the technique.
For example, waterfall plots (Figure 1 ) imply a
specific ordering and emphasize additivity by consecu-
tively aligning the bars and connecting them with lines.
Next, another visual approach is the g force plot
(Figure 1)), bundling the positive and negative contri-
butions to either side of the prediction, and implying a
“pushing force” from the base rate threshold toward
the final prediction value.

With the huge popularity of feature importance
techniques for explainability, the use of these visualiza-
tions has quickly become ubiquitous. However, the
effectiveness of these visualizations to help users
understand feature importance has not formally been
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studied. While the advanced visualizations introduce
more information, it is unclear whether the cost of
adding more complexity to the visualizations is out-
weighed by the benefit of the additional information
toward understanding the model. Meanwhile, it is crit-
ical that the validity of visualization techniques is
assessed,®” yet no such assessment exists.

To assert the validity of these feature importance
visualizations, we evaluate the effectiveness of these
visualizations using a realistic housing price prediction
scenario. Each participant is first provided with one of
the two visualizations randomly assigned to them.
Next, they answer a set of multiple-choice questions
aimed at measuring their understanding of (1) the
absolute impact of features; (2) the positive or negative
impact of features; and (3) the additivity property of
feature importance. After answering these questions,
they were prompted to reflect on their experience.
This process is then repeated for a second visualiza-
tion. By testing whether participants understood these
concepts, we can assert whether the advanced visual
metaphors are effective in conveying additional infor-
mation beyond the standard bar chart visualization.
Furthermore, we study whether the effectiveness is
moderated by personal characteristics, such as an indi-
vidual’s visual familiarity and cognitive skills. Finally,
we conclude by providing recommendations on which
visualizations to use for feature importance
visualization.

Background and related work
Explainable Al visualization

In the visualization community, many Visual Analytics
(VA) systems have been proposed to support the
understanding of ML models.® ! We instead focus on
simpler building blocks that such systems are typically
comprised of (for an extensive review of XAI methods,
see Molnar’s book'?). These are easier to evaluate and
test in isolation, and our findings can still be mapped
back to the larger VA systems (e.g.,'> ).

One such building block — and the focus of this
study — is feature importance visualization. Feature
importance in general is the quantitative assignment of
importance or influence to the features used by an MLL
model. A recent survey paper by Chatzimparmpas
et al.® identified this area as a research opportunity for
the visualization community, as only a limited number
of works, such as those by Angelini et al.!® and
Kerrigan et al.,'” have explored steerable and
enhanced global feature importance visualizations,
including Partial Dependence Plots (PDPs), to sup-
port the analysis of complex models and high-
dimensional feature spaces. However, in this study, we

focus on local feature importance, which is concerned
with the influence of features toward a single predic-
tion of a model,'® and only explanations for tabular
data.

Feature importance visualization

Local feature importance is by far the most popular
explanation technique due to its seemingly simple
interpretation and scalability.'® However, this inter-
pretation of “importance” hinges on the underlying
mechanism used to infer that importance, and can
vary a lot between different techniques.’ This may
result in practitioners having unrealistic expectations
of what these techniques do. Visualization is an
important aspect of helping users understand models
with feature importance. It helps convey the right
message and can put emphasis on certain properties
of the feature importance scores through its visual
encoding. Visualization design choices are known to
strongly affect how viewers perceive magnitude,
order, and causality in charts, as demonstrated by
decades of research on graphical perception and
crowd-sourced evaluation of visual encodings
(e.g‘)zofzz).

Local Interpretable Model agnostic Explanations
(LIME) popularized this feature importance approach
in 2016.>> To generate LIME explanations, we first
sample new observations from around the instance
being explained, and obtain their predictions using the
original model. We then weigh these samples based on
their proximity to the target observation and use them
to construct a linear surrogate model that approxi-
mates the original model. The coefficients of that local
surrogate can be used as feature importance scores
and can be interpreted as the rate of change in pre-
dicted output when changing the feature value (e.g. an
approximate derivative of the model’s outcome func-
tion, or the feature sensitivity).

LIME is typically visualized using a divergent verti-
cal bar chart (such as shown in Figure 13\). It is
important to carefully choose the positive (right) and
negative (left) side, as framing based on the decision
class may be counter-intuitive.>* Bar-based encodings
in particular have well-documented strengths and lim-
itations, including sensitivity to ordering, baseline
choice, and framing effects.?>>2°

SHapley Additive exPlanations (SHAP) was later
introduced® and finds its basis in game theory. Shapley
et al. values®’ find a fair distribution of the score
amongst players in a cooperative game. This technique
can be applied to ML predictions to figure out impor-
tance.”® To address the exponential time complexity of
the original algorithm, modern techniques®?® such as
SHAP use a sampling approach to reduce the number
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of coalitions that need to be compared. Shapley value-
based feature importance can be interpreted as the
proportion of the predicted outcome that can be
explained by the inclusion of a feature in the model
(e.g. feature awrribution).

SHAP values can be visualized as a bar chart (cf.
Figure 1\). However, the authors adopted and popu-
larized additional visualization approaches within
XAI, most notably waterfall (Figure 1) and force-
based plots (Figure 1|). Waterfall plots emphasize
additivity by consecutively aligning the bars and con-
necting them with lines, implying a specific order of
application of the feature importance. One starts from
the base rate (i.e. the expected average prediction from
the model), and iteratively adds the impact of each
feature to end up at the prediction of the model (e.g.
additivity). Alternatively, force plots bundle together
the positive and negative contributions to either side
of the prediction, and imply a “pushing” force from
the base rate threshold toward the final prediction
value (e.g. additivity). Both visualizations enable users
to simulate the prediction and (approximated, simpli-
fied) inner workings of the model. Waterfall plots have
been used in various applications throughout the years
to show how separate data values together lead to a
result (e.g.,.2*>° In the context of XAI, they have also
been used to visualize the feature importance of inher-
ently interpretable GAM models.”! Similarly, force
plots are frequently used in academic studies to pres-
ent feature contributions (e.g.,>> >%).

Feature importance visualizations are typically
introduced along with feature importance technique
as an auxiliary contribution,?* and are rarely studied
in detail. A recent study’> shows that these visualiza-
tions used as defaults in popular XAI methods like
SHAP can be confusing even for users with mathe-
matical or statistical backgrounds and intermediate to
advanced knowledge of ML and model interpretabil-
ity. However, to the best of our knowledge, no formal
evaluation of these visualizations has been carried out
with lay users without an Al background — who may
benefit the most from such explanations>®>’— despite
the ubiquity of these visualizations in XAI literature
and practice.

In this work, we therefore focus on Shapley value—
based explanations, as they are the most widely used
(due to the method’s robust guarantees) and represen-
tative of current explainability practices.>®*°
Additionally, this technique is commonly accompa-
nied by visual encodings that repurpose established
chart types (e.g. waterfall and force plots) for explain-
ing model predictions; however, their effectiveness and
potential interpretation pitfalls in XAI remain under-
explored in this context.

Properties of feature importance

Prior work from Collaris et al.’ outlined several prop-
erties that feature importance techniques can exhibit.
The three properties that are most prominently repre-
sented in feature importance visualizations are “addi-
tivity,” “proportionality” and “actionability.”

Additivity means that the feature importance tech-
nique can be interpreted as a decomposition of the
predicted score of the model over all features, resulting
in one value per feature.? This is explicitly conveyed in
waterfall and force plots, as you are supposed to read
both visualizations as starting from the base rate,
sequentially applying feature contributions, ending up
at the final prediction.

Proportionality results from additivity and implies
that the sum of feature importance values is propor-
tional to the output of the original model. For the
visualization of the technique, this means that the user
can infer the final prediction solely from the feature
importance values. SHAP explanations are propor-
tional, while LIME ones are not.

Actionability means that if a feature is important,
an action (i.e. a small change in feature value) will
affect the model’s score.*! If a visualization conveys
LIME feature importance, this is possible, whereas if
SHAP is used, it is not always possible.

Our goal is to investigate the added value of expli-
citly conveying these properties in feature importance
visualizations and whether these concepts are under-
stood by the readers of these visualizations, regardless
of their background in (X)AI.

Individual/personal differences in XAl

The extent to which feature importance visualization
will be effective will not only depend on the quality
and understandability of the visualization itself, but
also on whether the user of the visualization can
understand it and is willing to spend the cognitive
effort in doing so. Recent work in intelligent tutoring
systems,*? XAL*® and explanations for recommender
systems,***> has shown that personal characteristics
can play an important role in how well an explanation
is understood by a specific user. For example, how
effective and satisfactory a particular level of detail of
an explanation is, can depend on users’ need for cog-
nition*® or visual familiarity.*> Similarly, the need for
explanations in a recommender system was different
among people with high or low need for cognition,
and users’ interactions with the (visual) interface also
depended on the visual literacy of the user.** Similar
to this earlier work, we also expect that the effective-
ness of different visualizations in our study will depend
on users’ cognitive skills and need for cognition, their
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visual familiarity, and how experienced they are with
AL

Research question and hypotheses

Our main goal is to validate the validity of feature
importance visualizations and to provide actionable
recommendations for using certain visualizations to
understand machine learning models. To this end, we
pose the following research questions:

RQ1. How do different visualizations influence the
user’s understanding of feature importance?

RQ2. How does the effectiveness of feature impor-
tance visualizations depend on personal characteris-
tics (e.g. visual familiarity and cognitive skills)? and

RQ3. Does the users’ subjective assessment of the
visualizations align with their performance on the
questions?

We expect that the more complex visualizations (i.e.
force and waterfall plots) are more effective in convey-
ing feature importance to our participants; hence, we
expect to confirm an added benefit for these visualiza-
tions. Next, we expect that more expert users (charac-
terized by higher visual literacy, higher cognitive skills,
and/or experience with AI) will benefit from more
complex visualizations, whereas novice users may pre-
fer simpler visualizations.

Methodology
Use case

As context for our explanations, we used a housing
price prediction use case. In particular, we first built
an ML model to predict the price of a house in
Boston. The algorithm was trained on a dataset’ col-
lected by the U.S Census Service concerning housing
(from the “70s) in the area of Boston, Massachusetts,
based on a set of 12 house features: crime rate, %
residential zone, % industrial zone, Charles River,
NOX concentration, number of rooms, % built
before 1940, remoteness, connectedness, tax rate,
pupil-teacher ratio, and % working class. We used a
gradient boosted trees model (Lightgbm) as the com-
plex model we would like to investigate, and selected
two random houses, A and B, from the dataset to
generate explanations for.

Study design

The study was conducted using a mixed factorial
design. The three different visualizations (bar chart,

force plot, and waterfall plot) were compared both
between and within subjects. Across conditions, all
pairwise combinations of the three visualizations were
tested. Participants were assigned two randomly cho-
sen visualizations, and for each, they were asked to
answer a set of questions on feature importance, con-
sidering the price prediction for a single house (from
two different scenarios: house A and house B). This
pairwise comparison design reduces cognitive burden
compared to multi-way comparisons and enables
clearer relative judgments between visualization alter-
natives.*” Moreover, limiting the number of conditions
per participant helps reduce fatigue and maintain
attention throughout the study.*®

The order of the visualizations shown to the users
was counterbalanced to ensure that we could not only
conduct a between-subjects comparison on the first
presented visualization, but also a within-subject com-
parison between the first and second presented (after
controlling for carry-over effects). Additionally, we
accounted for differences between the two houses
being explained (house A and house B) by swapping
the order of the explained houses for half of the parti-
cipants as well.

The conditions randomly assigned to participants
(both in original order and counterbalanced order)
were:

C1. the all Bar chart and
C2. the ull Bar chart and
C3. and the Force plot and

Force plot;
Waterfall plot;
Waterfall plot.

As the differences between the different visualiza-
tions may be small, and because we also want to check
for individual differences, we selected a relatively large
pool of participants in order to have sufficient statisti-
cal power to draw conclusions from. Based on power
analysis (8 = 0.9, a = 0.05), we need around 288 par-
ticipants to be able to show medium effect sizes in
comparing our three conditions (Power analysis based
on an independent z-test, effect size d = 0.5, alpha cor-
rected for three comparisons between the conditions).
Aiming for sufficient statistical power inherently limits
the number of conditions we can test for, as each new
condition would increase the required number of par-
ticipants by about 100 participants. We therefore
chose to test for the most ubiquitous visualizations for
local explanations first. Later on, we added more con-
ditions in a follow-up study to investigate the design
decisions for these visualizations (see “Follow-up
study” section). For completeness, in all statistical
models reported in the “Results” and “Follow-up
study” sections, the bar chart condition was used as
the reference (baseline) level.
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Table 1. Summary of the main study participant demographics.

Type Answers (count)
Sex Female (165), Male (119), Prefer not to say (0)
Nationality Europe (189), Africa (70), North America (12), South America (5), Asia (7)
(38 total)
Age (years) Time taken (minutes)
50 50
0 0
20 30 50 60 0 17 33 50 67 83
Cognitive skills Visualization familiarity Experience with (X)AI

Study procedure

At the beginning of the study, participants were pre-
sented with an informed consent form that explained
the purpose and procedure of the study. After provid-
ing informed consent, they were presented with a sur-
vey on their cognitive skills, visual familiarity, and
knowledge of Al. Participants were then introduced to
the housing prediction scenario. In particular, they
were told an ML model was trained to predict the
housing price in Boston based on the features. Also, a
description of the 12 features was provided. Next, par-
ticipants moved to the first scenario, in which they
were asked to consider the price prediction for a single
house A. They were shown one type of feature impor-
tance visualization (based on their randomly assigned
condition) and were asked to use the visualization to
answer a set of questions designed to measure their
understanding of the feature importance. After
answering, participants were asked to fill in a survey
on their subjective experience with the visualization.

Next, the participants were presented with the sec-
ond scenario, in which they considered another house,
B, and were shown the second feature importance
visualization from their assigned condition. They again
filled in some questions measuring their objective
understanding, and afterward were asked to reflect on
their subjective experience.

Participants

We recruited participants through the Prolific plat-
form, and restricted candidates to having a sufficient
mastery of the English LLanguage, no visual impair-
ment, and at least a bachelor’s degree. As for the reim-
bursement, participants were paid £3.00 for 25 min of
participation. The median completion time for

participants was 24:57. The study was approved by
the Ethical Review Board of our institutions and com-
plied with GDPR. In total, we ended up with 284
respondents, but had to exclude a few of these from
our analysis due to their failure to respond correctly to
the attention check questions. This resulted in a total
of 267 participants. More details about the participant
sample are shown in Table 1; the full, raw demo-
graphic data collected from participants are available
in the Supplemental material.

Measurements

To evaluate how individual differences play a role in
the effectiveness of visualization techniques (RQ2), we
first measure participants’ personal characteristics
using established sets of questions introduced in prior
work on visual familiarity,*>*° cognitive skills,***%->°
and experience with AI*? (cf. Table 1, last row).

To evaluate the effectiveness of different visualiza-
tions for feature importance, users were presented with
a type of visualization (bar charts, force plot, or water-
fall plot) designed for showing the feature importance
of the prediction model for housing prices. Using the
visualization, they were asked to answer nine feature
importance questions.

The mentioned visualizations can be seen as a pro-
gression from simple to more complex, where each
step introduces additional information in the form of
(1) the positive and negative aspects of the correlation
to the prediction, and (2) explicitly representing the
additivity property (i.e. the combined effect results in
the prediction). This is illustrated in Figure 2. To eval-
uate whether this additional information in the visuali-
zations is understood by our participants (RQ1), we
crafted performance questions in three categories:
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Figure 2. From simple to more complex feature importance visualizations by adding (1) the positive and negative
aspects of the correlation to the prediction and (2] explicitly representing the additivity property [(i.e. the combined effect

results in the prediction).

e Two questions designed for measuring users’
basic understanding of the feature importance
(e.g. “Which of the following statements is correct?
The feature X is among the top three most 1mpor-
tant contributors to the predicted house price.”);

e Four questions for measuring users’ under-
standing on positive and negative impact of fea-
tures (e.g. “Which of the following statements is
correct? The feature X has a positive/negative
impact on the predicted house price.”); and

® Three questions for users’ understanding on
additivity (e.g. “Features X and Y have a com-
bined effect on the house price of...”).

The order of these performance questions was ran-
domized for each participant to further avoid carry-
over/learning effects. The objective effectiveness of the
visualizations was measured with task correctness and
response time on these questions.

After the performance questions, we also measured
participants’ subjective experience (RQ3), again using
established sets of questions introduced in prior
research on perceived informativeness***'™>> and
effectiveness.’’>>°%>7 These were answered on a five-
point Likert scale. The performance and experience
questions were then repeated for the second visualiza-
tion from the condition assigned to the participant.

See the Appendices of this paper for the full list of
questions asked in our study. The code and all materi-
als required to replicate our study are provided in the
Supplemental material.

Results
Objective-measure questions (RQ1)

To study how the different visualizations support user
understanding, we first compare the participants’ per-
formance on the three types of questions (basic under-
standing, positive and negative impact of features, and
understanding of additivity), which were distributed
across nine quiz questions for each visualization.
Figure 3 shows that, on average, correctness was high-
est for the basic understanding questions (Q1 and
Q2), and lower for the other questions, with surpris-
ingly low scores for Q6 and Q8 (discussed in detail in
the “Discussion” section). We note that across the
questions, we see the lowest scores for the force plot,
whereas bar and waterfall plots seem to score quite
similarly.

To test for differences in understanding between
visualizations, we applied multilevel models on the
correctness score per question, testing the effects of
the visualization, type of question, type of house, and
order of visualizations on user correctness (since user
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Figure 3. Mean scores for the nine questions across the
three visualizations.
Error bars are one standard error of the mean.

correctness is binary for each question, logistic regres-
sion is used for the multi-level model. The model is fit
with a binomial generalized linear mixed model by
maximum likelihood with Laplace Approximation). As
we have nine questions per visualization and partici-
pants assessed two visualizations, we have a total of 18
observations. We considered the questions per ques-
tion type (basic, positive/negative, additivity) rather

than per individual question to focus on the added
information between the different visualizations.

Inspecting initial regression models, we find signifi-
cant effects of the different visualization types, with
some differences across different types of questions
and some effects of order, and no differences between
the house predictions. We present the results of the
final model that includes the order, as (small) learning
effects show interesting differences across the visuali-
zations. In this final model (see Table 2), the baseline
is the bar chart visualization and the basic question
type. The effect of order is centered, such that the
main effects of the conditions are averaged across the
two orders (the second visualization is positive).

Force plot performs worse than the other two
visualizations. In Figure 4, we show the correctness
per question type and across scenario order for each of
the three visualizations. Inspecting the regression and
the figure, we observe two strong effects. First,
positive/negative and additivity question types
score lower in correctness than the basic questions
Bposeg = — 2-18,p<.001 and By = — 1.98,p<.001),
suggesting these questions were more difficult for

Table 2. Multilevel logistic regression on correctness per visualization, question type, and order.

Visualization Question type Order Correctness
[Intercept) - - 1.94 (0.17)"
force - - —0.74 (0.21)™
waterfall - - 0.09 (0.23)

- pos/neg - -2.18 (0.18)™"
- additivity - ~1.98 (0.19)"
- - second 0.89 (0.34)*
force pos/neg - 0.74 (0.24)*
waterfall pos/neg - 0.03 (0.25)
force additivity - 0.37 (0.25)
waterfall additivity - 0.21 (0.26)
force - second —0.57 (0.45)
waterfall - second 0.91 (0.48)

- pos/neg second —0.96 (0.36)"
- additivity second -1.16 (0.37)"
force pos/neg second 0.91 (0.48)
waterfall pos/neg second 1.48 (0.51)"
force additivity second 1.37 (0.50)™
waterfall additivity second 1.37 (0.52)"
AIC 5811.6

BIC 5934.6

Log Likelihood —2886.8

Num. obs. 4794

Num. groups: userid 267

Var: userid (Intercept) 0.87
Marginal/Conditional R? 0.138/0.320

The order is centered and is positive for the second visualization shown.

***p<0.001; *p<0.01; *p<0.05.
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Figure 4. Correctness for each visualization across the
three types of questions and order.

The force plot performs worse than the other two visualizations
(especially for Basic and Additive questions), especially when the
force plot was shown first.

participants. Between the three visualizations, espe-
cially for the first scenario, we find that the force plot
scores lower than the bar chart. This holds especially
for both the basic and additive questions, and to a les-
ser extent for the pos/neg question types. This is sup-
ported by the regression model that shows a main
effect of force plot (B = — 0.74,p <.001), reflecting
that for the basic questions (baseline), the force plot
does worse. However, the positive effect
Blorceposneg = 0.74,p<.01)  counteracts this effect
(This effect is additive to the main effect of B,,,.) for
the pos/neg questions, whereas the effect
Blorce:additiviy = 037, n.s.) is small and not siginficant,
and thus not counteract the negative effect of force for
additivity questions. In Figure 4, we see that these dif-
ferences do not appear for the second scenario: in gen-
eral performance goes up for the second scenario

(Bsecona = 0.89,p<.01) and further interactions of sec-
ond with force and pos/neg
(ijrce:pos/neg:second = 091,])06) and

 orcespos /neg:second — 0-91,p<.01) show the lower perfo-
mance in the first scenario of force plots, disappears in
the second scenario, suggesting some learning from
the first to the second scenario. Note that participants
who get a force plot in the second scenario have seen a
bar chart or a waterfall plot in the first scenario, and
perhaps encountering these other visualizations helps

them better understand the force plot.

Hardly any difference between bar chart and waterfall
plot. For the first scenario, our model does not show
any significant difference between the waterfall plot and
bar chart, as all effects that include the waterfall plot
(which is compared against the baseline model for the
bar chart) are non-significant. In other words, even
though the waterfall plot adds information, especially

o S~ = Bar chart Force plot Waterfall plot
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Figure 5. Response time (in seconds) for each
visualization across question types.

We see (1) basic questions took longer with force plots, and (2)
additivity questions took slightly longer than the other question

types.

with respect to additivity, it does not improve perfor-
mance compared to the bar chart. We do observe a few
significant effects in the second scenario of waterfall for
pOS/neg (Bwateljfall:pos/neg:second = 1~37al7< 01) and addiv-
lty questions (Bwate;fall:addivity:second = 137’1’ <.01).
Together with the negative pos/neg and additivity effects
for the second scenario (B /neg:second = —-96,p<.01
and By /negisecond = —-96,p <.01) these reflect that the
waterfall seems do slightly better than the bar chart for
these two questions types, as can also be seen in
Figure 4, again reflecting a small learning effect in the
second scenario.

Small differences in response times. We ran similar
multilevel linear regressions on response time and
found only small differences. Figure 5 shows that, in
general, responses were slower for the additivity ques-
tions, which was supported by the strong effect of the
additivity term in the model. Moreover, the model
showed a significantly longer time for basic question
times for the force plot, but not for the two other ques-
tion types.

Personal traits play no major role (RQ2)

We measured visual and cognitive skills, as well as Al
knowledge, at the start of the study. We included these
skills in the multilevel regressions but did not find
strong, significant effects of any of them. Visual skills
and Al knowledge did not affect correctness, either
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Cognitive skills

Waterfall
I -0.198 (.058)%*+

'

Informativeness

—)-  COrrectness

-0.036 (.012)**

Figure 6. Structural equation model showing how the
visualizations affect informativeness and total correctness
score, in relation to personal characteristics (cognitive
skills).

Standard errors are indicated in-between brackets, and
significance with: **p<0.001; **p<0.01; *p<0.05.

overall or for any of the individual visualizations.
Cognitive skills did show some small but inconsistent
interactions with some visualization or question types.
As these effects were small and not consistent, we do
not report on these in more detail here. We did not
find any evidence that more complex visualizations
(e.g. waterfall plot) resonated better with participants
with higher visual or cognitive skills.

We expected personal characteristics to affect which
visualizations are more effective (e.g. more expert users
preferring more complex visualizations), but we found
surprisingly little difference between visualizations.
This means that our recommendations apply to all
users regardless of visual literacy, cognitive skill, or
experience with Al

Subjective experiences (RQ3)

After showing each visualization, we also measured
users’ experience in terms of the perceived informa-
tiveness and effectiveness. To analyze how these relate
to personal characteristics and to the number of cor-
rect responses, we ran a Confirmatory Factor Analysis
(CFA) to test how the separate questions combine into
their underlying factors. The CFA showed good con-
vergent validity of all factors, personal characteristics,
as well as informativeness and effectiveness. However,
we found that informativeness and effectiveness were
very highly correlated (»>0.9), thus lacking discrimi-
nant validity. As we are primarily interested in how
informative the visualizations were, we continued with
the informativeness measure and dropped the effec-
tiveness measure. The CFA showed excellent fit after
excluding Q5 of the informativeness measure and Q6
of the cognitive skill measure.

Bar —
Waterfall I
Force I
-2 -1 0 1
Informativeness

Figure 7. Distribution of the estimated factor score for
perceived informativeness (based on Likert-scale
questions) for each visualization type.

We then related informativeness to visualization
conditions, the total proportion of correct answers,
and the three personal characteristics in a path model.
Starting with a fully saturated model, we found that
only cognitive skills related significantly to informa-
tiveness, and visual skills and Al experience did not
relate to any other factors. Excluding these other per-
sonal characteristics, the resulting path model (see
Figure 6) showed an adequate fit: x*(50) = 93.855,
p = 0.0002, RMSEA = 0.039 (90%CI = [0.027,0.051]),
CFI = 0.993, TLI = 0.990.

As in the earlier analyses, we chose the bar chart
visualization as the baseline: the effects of the waterfall
and force plots are compared against the bar chart.
The path model shows that compared to the bar chart,
the force plot is indeed perceived to be less informa-
tive, whereas the waterfall plot is not significantly dif-
ferent. The violin plots of the factor scores of
informativeness (see Figure 7) indeed confirm that the
force plot receives lower scores. Although the bar
charts also seem to get somewhat higher and less nega-
tive responses than waterfall plots, these differences
were not significant in our path model
(B =—0.083,p = 0.349). Higher cognitive skills posi-
tively affect perceived informativeness; in other words,
people who score higher on cognitive skills perceive
any visualization as more informative (We also investi-
gated potential moderation of cognitive skills on the
effect of visualization type on informativeness (e.g. do
people with high cognitive skills find a more complex
visualization more informative than people with a
smaller reported cognitive skill?). We did not find any
evidence of such moderation in our data.).

Most interesting is how the visualizations and infor-
mativeness relate to the proportion of total correct
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answers. We find that higher perceived informativeness
is related to increased correctness scores, showing that if
people perceive a visualization as more informative, they
also tend to score better. The waterfall plot does not
impact the correctness score (relative to the bar chart),
but the force plot shows lower correctness scores, as in
our earlier objective performance analysis. However,
this analysis shows that this is the result of two separate
pathways: a direct effect of force plot on correctness
(B =—10.047,p = .024) and an indirect effect mediated
by informativeness (8 = — 0.015,p = 0.010; The total
negative effect of force plot on correctness is significant
(B =—10.062,p = .003).). In other words, part of the
lower correctness of the force plot is explained by the
force plot being less informative than the bar chart.

Follow-up study

After studying these newly introduced feature impor-
tance visualizations, we considered the design choices
made for the visualizations we studied. For the first
study, we stayed as close to the designs provided in the
SHAP library to test a realistic use case. However, cer-
tain design decisions in those visualizations seem a bit
counterintuitive. For example, the use of red for posi-
tive and blue for negative is opposite from the com-
monly used divergent color maps from ColorBrewer®
and may cause mistakes. Next, waterfall plots are read
from bottom to top to follow the addition from base
rate to prediction, which may be counterintuitive
(uncommon for visualizations and for many cultures
in general). Finally, force plots place the positively
contributing features on the left, whereas in all other
visualizations, they are displayed on the right. This
may be circumvented by changing the visual metaphor
from “pushing” to “pulling” against the base rate.

The first goal of this follow-up study was to investi-
gate whether these simple, yet logical design choices
impacted participant performance. To this end, we
conducted a follow-up study with two alternative
visualizations to the waterfall and force plots, as shown
in Figure 8. A second goal of the follow-up study was
to see if we replicate the results and if with more data,
we might be able to check for individual differences.
The study was otherwise identical to the previous
study, with the same baseline, setup, and questions.

We invited 300 more participants through Prolific,
matching similar demographics to the first study. Of
these, 279 passed the attention check and were ana-
lyzed for the follow-up study. More details about the
participant sample are shown in Table 3; as in the orig-
inal study, the full, raw demographic data collected
from participants are available in the Supplemental
material.

Main findings

Initial analyses reveal that results for the alternative
designs are very similar to the original study, showing
similar differences between the tested visualization
types. The redesigned force and waterfall plots do not
result in notable improvements in correctness, neither
at the per-question level nor across the first and sec-
ond visualizations (see Figure 9).

To test for any differences, we ran a similar multile-
vel logistic regression to predict correctness, combin-
ing the data of the two studies, and adding a predictor
variable that indicated whether this was for the follow-
up study with the alternative design or not. The model
only shows a few additional effects for the design alter-
native. First, a negative main effect of the design alter-
native (B yjernarive = — -46,p <.05) showed that across
the board, people did a bit worse, which is mostly
reflected in the lower scores for the basic questions, as
can be seen in Figure 10. We also observe an effect of
Byos/neg:atiernative = 0-52,p<.05), which registers that
the positive/negative questions were answered a bit
better (relative to the basic questions) than in the orig-
inal study. The figure also suggests that the force plot
is not performing much worse, different from the orig-
inal study. The evidence for this in the regression
model is, however, weak; the effect of
Blorceatiernaive = 0-49,p <.1) is positive but not signifi-
cant, and there are no other significant interactions
with the force plot. Apart from these effects, we find
two (small) interactions with order, showing that the
additive questions do better in the second scenario
(Badditivity:second:Alternative = 13,[7 < 05) However, this
does not hold true for the force plot, as the effect is
counteracted by
(berce:additivity:secand:Alternative == 159’1) < 05) Overall,
the design alternative shows only small differences
from the original study, indicating that the alternative
designs did not result in significantly better (or worse)
performance. This reinforces the result from the first
study that the new feature importance visualizations
do not seem to help users understand aspects of fea-
ture performance any better than standard bar chart
visualizations.

The role of individual differences

Given that the alternative design choices show very
few differences compared to the original study, we can
combine the two studies, which allows us to have more
power to check the effect of visual and cognitive skills
and Al knowledge. We first redid the structural equa-
tion model analysis as described in the previous sub-
section and found very similar results. Different from
the original study, we now also find a small but
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(a) Waterfall plot updated to read from top to bottom (base rate to final prediction).
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(b) Force plot updated such that positive impact appears right of the axis.
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Figure 8. Updated visualizations with alternative designs: (a) Waterfall plot updated to read from top to bottom (base
rate to final prediction), and (b) force plot updated such that positive impact appears right of the axis.
Note. The figure is shown for illustrative purposes only and is not intended for reading individual features or their values.

interesting effect of Al knowledge: whereas Al knowl-
edge positively influences informativeness, it also
negatively influences total correctness, showing that
those having more Al knowledge perform slightly
worse on the tasks. These two effects have opposite
pathways in terms of the influence of Al knowledge on
correctness. An analysis of the direct and indirect
effect shows that the total indirect effect is small but
positive (8 = 0.007,p <.05), but the direct effect of
knowledge on correctness is much stronger
(B =—.029), resulting in a total negative effect
(B =—0.023,p <.05). In other words, more Al knowl-
edge improves informativeness, which increases cor-
rectness somewhat, but overall, AI knowledge seems
to result in lower performance.

We further analyzed the role of individual differ-
ences on performance for the combined data, and as
in the original study, we only found small effects.
Both visual skills and Al knowledge did not signifi-
cantly moderate any of the relations: that is, it was
not the case that people with higher visual skills
were better at understanding particular types of
visualizations, or did better on specific types of
questions. Given that we have a large sample size of
546 participants, this shows that these (self-
reported) individual differences do not have sub-
stantial effects on how people understand and inter-
pret the visualizations.

Only for cognitive skills, we found some small
moderation effects. We ran a multilevel regression
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Table 3. Summary of the participant demographics for the follow-up study.

Type Answers (count]
Sex Female (157), Male (121), Prefer not to say (1)
Nationality Europe (153), Africa (85), North America (17), South America (11),
(47 total) Asia (10), Australia (2)
Age (years) Time taken (minutes)
60 I 70
il | | — (, ||I..
20 30 40 50 60 70 20 60 100 140
Cognitive skills Visualization familiarity Experience with (X)AI

60 I 70 I 150
0 _--II I. g —— | . 0
1 2 3 4 5 1 2 3
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Figure 9. Correctness for each visualization across the
three types of questions, for the original and alternative
designs.

model as before on correctness, with cognitive skill,
visualization type, and question type as predictors
(and their interactions). This model attempts to
model the differences we can observe in Figure 11.
Overall we do not observe a main effect of cognitive
skills (Bogrign = — 0.32,p = .16), but we observe an
interaction of cognitive skill with question type addi-
tivity (Beogrighaddirive = 0-60,p <.01), counteracted by
another interaction with waterfall visualization
(BcogHigh:waterfall:udditive - 765p < 05) and a non-
significant but directionally similar effect for the
force visualization (B ,emigh forceaddiive = — -00,p = 0.075).
The figure also shows a somewhat better perfor-
mance for additivity questions for high compared to
low skills in the bar graph, whereas this effect is
weaker for force and even turns around for the water-
fall plots. This effect mostly shows that better cogni-
tive skills do not necessarily lead to better
performance for some visualizations (and sometimes
even to lower).
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Figure 10. Updated structural equation model combining
the first/original and follow-up studies.
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Figure 11. Correctness for each visualization across the
three types of questions, comparing low and high cognitive
skills per condition.

Discussion

In this work, we have performed an extensive user eva-
luation of commonly used SHAP visualizations, mea-
suring both the (objective) performance of users’



14

Information Visualization 00(0)

understanding of the plots, as well as their (subjective)
perceptions. Our large sample size allows us to test for
the potentially small differences and to do adequate
tests of individual differences, such as cognitive skills,
visual familiarity, and Al knowledge.

As we noted in the previous section, the main dif-
ference between the three visualizations is that partici-
pants perform worse using the force plot, and the bar
chart and waterfall plot lead to similar performances.
This is an interesting observation, as these two plot
types convey different information. The bar chart only
reflects the values directly, whereas the waterfall plot
includes the aspect of additivity, where the visual rep-
resentation emphasizes that importance scores can be
combined to obtain the prediction. As such, one could
argue that the waterfall plot should be more helpful in
answering additivity questions. One explanation for
the lack of improved performance using a waterfall
plot could be its associated cognitive load, where the
positive effect of the added data is negated by the load
associated with this added information.

In our first experiment, we intentionally evaluated
the default SHAP visualizations, as these represent
what users most commonly encounter in practice. In
the follow-up study, we also tested modified versions
of the force and waterfall plots to reduce design-
specific factors; however, these variations did not lead
to measurable performance improvements. The three
visualizations differ not only in their metaphor but also
in low-level design properties, such as orientation and
spatial layout. In particular, the force plot uses a hori-
zontal arrangement, whereas the bar and waterfall
plots use a vertical layout. This may have introduced a
confounding factor, as participants might have been
more familiar with vertically oriented bar-like charts
or found horizontal encodings harder to parse.
Therefore, the observed performance differences
between the force plot and the other two conditions
may partially reflect layout effects rather than the
visualization metaphor alone.

We also noted that the correctness of Q6 and Q8
was especially low compared to the rest of the ques-
tions. Q5 and Q6 (“What happens to the predicted house
price if feature X increases?”) were meant to test the
positive/negative property, but they also relate to the
actionability property: can you infer what would hap-
pen to the prediction if you change the feature value?
We find that 91% of participants expected the predic-
tion to increase or decrease based on the feature
importance. However, you cannot infer this from
(Shapley-based) feature importance alone. We expect
participants may have inferred what would happen
through common sense (e.g. if the crime rate goes up,
surely it negatively affects the housing price). This is a
big problem as it conflates the expected causal

relationship in the real world with the correlational
inner-workings of the model. These results match with
prior work that showed that users may expect action-
ability from a feature importance method even if it
does not exhibit this property.’

As for Q8, there were many more answer options
(multiple selections out of all features) compared to
other questions (four multiple-choice answers), which
may have affected the absolute correctness score. We
also asked for the “minimal set” of features that puts
the house price above a certain value to ensure only
one correct answer exists, but this may have been
missed by many of our participants. We checked all
answers again manually and found that 52% of partici-
pants would have been correct if we had neglected the
“minimal set” requirement from the question, compa-
rable to the other questions of the same type. Note
that we also ran our analyses excluding Q6 and QS8,
but did not find any substantial differences in our
model results that would affect our main findings and
interpretations.

Limitations

To be able to evaluate these visualizations in isolation,
we made choices in the study design that have implica-
tions. First, we tested only one type of regression task,
but feature importance can also be used for classifica-
tion. While classification involves probabilities or dis-
crete labels rather than continuous values, we expect
the interpretation of the tested visualizations to remain
largely similar. Therefore, we do not expect this to
affect the results much, but we cannot rule it out
either.

Furthermore, we only tested one type of scenario,
namely predicting housing prices. This provided con-
text makes the questions more manageable for
novices, but may affect our results and generalizability.
However, the tested visualizations and quiz tasks focus
on general properties of feature importance explana-
tions (ranking, sign of contribution, and additivity),
which are not specific to housing data and commonly
appear across domains.

Next, in our study, we assumed that feature impor-
tance provides accurate explanations of the model.
Although feature importance is widely used and a
trusted explanation technique, explanation techniques
can fail or have low fidelity to the reference model.
The visualizations we evaluate in this paper do not
incorporate the uncertainty associated with the tech-
nique, and as such, may lead to unexpected or incor-
rect conclusions about the model.

Lastly, we tested for our participants’ understanding
of feature importance as a proxy for the quality of their
understanding of the model itself. If users do not fully
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understand the properties of the explanation, they may
be misled or draw incorrect conclusions. However, this
is only part of what makes a good explanation, and as
such, there are several avenues for future research.

Future work

This paper has provided a quantitative look at the
comparison between feature importance visualizations.
A natural extension of our work would be to look
closely into how people read and interpret plots
through qualitative methods. Using techniques such as
eye tracking and think-aloud protocols, we could gain
deeper insights into how visualizations are read and
interpreted, and might shed more light on the similar-
ity of the results we observed between bar charts and
waterfall plots.

The visualizations in this study concerned the
explanation of model predictions without conveying
any kind of uncertainty. Feature importance explana-
tions from SHAP are approximations and may not
always represent the model faithfully. None of the
visualizations encompasses such information, and
including this uncertainty is an interesting direction
for visualization research.

In this work, we have exclusively focused on visuali-
zations for Jocal explanations concerning a single pre-
diction. Based on our power analysis, extending the
study to include additional visualization types would
not have been feasible without substantially increasing
the required sample size. As a result, we deliberately
limited the scope of the study. Future work could
extend our methodology to global visualizations (e.g.
beeswarm plots, decision plots, and heatmaps) pro-
vided by the SHAP library. Future work could also
replicate our study across different application
domains (e.g. healthcare or finance) and prediction
tasks (e.g. classification) to further assess the general-
izability of our findings.

Finally, while our study focuses on SHAP, similar
trade-offs between expressiveness and cognitive sim-
plicity arise in other XAI methods that communicate
feature attributions or importance. We hypothesize
our results generalize to other feature importance
techniques (e.g. LIME, GAM), but future work could
more rigorously investigate the differences between,
and applicability to explanation approaches.
Moreover, hybrid visualization designs may be promis-
ing, for example: combining the simplicity of bar
charts with optional additivity cues through progres-
sive disclosure. Such designs may be particularly bene-
ficial in scenarios where users need to understand how
a prediction is constructed rather than only compare
feature rankings.

Conclusion

We analyzed different visualizations used to convey
feature importance to users, including standard bar
charts, but also advanced visual metaphors such as
waterfall plots and force plots. These advanced visual
representations convey more information (e.g. about
the additivity property of the technique), but the added
benefit from these encodings is poorly understood and
has not yet been formally studied.

In this work, we tested specifically for the aspects
that advanced visualizations added over standard bar
chart visualizations through 2 user experiments with
546 participants. We studied both subjective and objec-
tive measures, but contrary to our initial hypotheses,
found no evidence that these visualizations helped users
understand aspects of feature performance any better;
not in terms of objectively measured performance on
the questions, nor completion time, nor subjective
informativeness. In fact, the force plot was consistently
worse in our testing. At least for local explanations, our
findings lead us to recommend avoiding force plot
visualizations for feature importance.

While bar and waterfall plots showed little differ-
ence in performance, we found no evidence that the
arguably more complex waterfall visualization provides
any benefit. We also experimented with waterfall and
force plots with a modified design. We hypothesized
that these may improve performance in the study, but
our results did not reveal a difference in performance
either. Hence, we would tentatively suggest using bar
charts to convey feature importance.

We did expect personal characteristics to affect
which visualizations are more effective (e.g. more
expert users preferring more complex visualizations),
but we found surprisingly little difference between the
studied visualization types. This means that our rec-
ommendations apply to all users regardless of visual
literacy, cognitive skill, or experience with Al.
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Appendices

Questions for individual differences

Visual familiarity perceived informativeness [five-point
Likert scale)

I am competent when it comes to graphing and
tabulating data.

I frequently tabulate data with computer
software.

I have graphed a lot of data in the past.

I frequently analyze data visualizations.

Cognitive skills perceived informativeness [five-point
Likert scale)

I would prefer complex to simple problems.

I like to have the responsibility of handling a sit-
uation that requires a lot of thinking.

Thinking is not my idea of fun. (Reversal)

I would rather do something that requires little
thought than something that is sure to challenge
my thinking abilities. (Reversal)

e I really enjoy a task that involves coming up with
new solutions to problems.

¢ I would prefer a task that is intellectual, difficult,
and important to one that is somewhat impor-
tant but does not require much thought

Experience with Al and XAl
¢ How much do you know about artificial
Intelligence or machine learning algorithms?
Choices:

— I have no knowledge of AI or ML
algorithms
— T have heard of Al or ML algorithms
— I know basic concepts in Al or ML
algorithms
— Thave used Al algorithms or ML algorithms
before
— I have demonstrated expertise in Al or ML
algorithms
e How much do you know about regression algo-
rithms? Choices:
— I have no knowledge of regression
algorithms
— I have heard of regression algorithms
— I know basic concepts of regression
algorithms
— I have used regression algorithms before
— I have demonstrated expertise in regression
algorithms
e How much do you know about Explainable AI?
Choices:
— I have no knowledge of it
— Ihave heard of it
— I know basic concepts of it
— I have used it before
— I have demonstrated expertise in it
e If applicable, briefly describe the Explainable
Al techniques you have heard of or used. (open
question).

Questions for objective measures

The questions in this section were randomized to pre-
vent learning effects.

Basic understanding
Q1. Which of the following statements is correct?
(Multiple-choice, four options following the template:
“The feature X s the most important contributor to the
predicted house price.”)
Q2. Which of the following statements is correct?
(Multiple-choice, four options following the template:
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“The feature X is among the top three [most/least]
important contributors to the predicted house price.”)

Positive/negative impact

Q3. Which of the following statements is correct?
(select all that apply; Multiple-choice with two correct
answers, four options following the template: “The fea-
ture X has a positive | negative impact on the predicted
house price.”)

Q4. Which of the following statements is correct?
(Multiple-choice, four options following the template:
“The feature X 1s the first / second / third most impor-
tant positive / negative contributor to the predicted house
price.”)

Q5. Which features would increase the predicted
housing price if they were not considered by the
model? (Select all that apply; Multiple choice out of
four random features.)

Q6. What happens to the predicted house price if
the feature X increases? Choices:

® The predicted housing price will increase
® The predicted housing price will decrease
® The predicted housing price will stay the same
®  You cannot tell
Additivity

Q7. Features X and Y have a combined effect on
the house price of: (Multiple choice of four different
price ranges.)

Q8. Select a minimal set of features that, if consid-
ered by the model, would put the housing price
above § price: (Multiple-choice, check boxes for all fea-
tures in the dataset.)

Q9. Select a feature combination so that they put
housing price above $ price. (Multiple-choice, check
boxes for four features in the dataset.)

Questions for subjective measures

Perceived informativeness [five-points Likert scale]

e The visual explanation was informative.

e This visual explanation had sufficient detail of
how the prediction model works.

e The visual explanations provided enough infor-
mation for me to understand how the prediction
model works.

e The visual explanation provided me with suffi-
cient information to answer the questions.

e The visual explanations were not relevant for
the questions I was given. (Reversal)

Perceived effectiveness [five-points Likert scale)

® ] could easily follow the visual explanation to
arrive at an answer to the question.
The visual explanations were useless. (Reversal)
The explanations were actionable, that is,
they helped me know how to answer the
questions.
I could better answer the questions with the
help of visual explanations.



