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ABSTRACT

This study examines the impact of positive and negative con-
trast polarities (i. e., light and dark modes) on the performance
of younger adults and people in their late adulthood (PLA). In a
crowdsourced study with 134 participants (69 below age 60, 66
aged 60 and above), we assessed their accuracy and time perform-
ing analysis tasks across three common visualization types (Bar,
Line, Scatterplot) and two contrast polarities (positive and nega-
tive). We observed that, across both age groups, the polarity that led
to better performance and the resulting amount of improvement var-
ied on an individual basis, with each polarity benefiting comparable
proportions of participants. However, the contrast polarity that led
to better performance did not always match their preferred polar-
ity. Additionally, we observed that the choice of contrast polarity
can have an impact on time similar to that of the choice of visu-
alization type, resulting in an average percent difference of around
36%. These findings indicate that, overall, the effects of contrast
polarity on visual analysis performance do not noticeably change
with age. Furthermore, they underscore the importance of making
visualizations available in both contrast polarities to better-support
a broad audience with differing needs. Supplementary materials for
this work can be found at https://osf.io/539a4/.

Index Terms: People in late adulthood, GerontoVis, data visual-
ization, contrast polarity

1 INTRODUCTION

The visual analysis performance of People in the Late Adulthood
(PLA) development stage [10] may differ than those in early and
middle stages of adulthood development [27]. For instance, in
a recent user study, While et al. [26] found that participants 65
and older took notably more time than younger participants in per-
forming a basic data comparison task across certain combinations
of glanceable visualizations designs and data sizes on a smart-
watch. Prior work in aging and information design suggests several
factors—including age-related physiological changes, generational
gaps in technology literacy, and socio-economic differences—
could contribute to varying performance among individuals at dif-
ferent stages of adult development [7, 16, 27].

In this study, we investigated how visualization contrast polarity
design may impact younger adults’ (YA) and PLA’s performance.
Polarity is commonly divided into positive and negative contrasts.
Positive contrast polarity, also known as light mode, involves dark
foreground objects (e. g., black text) on a light background (e. g.,
white.) Negative contrast polarity, also known as dark mode, in-
volves light foreground objects (e. g., white or light gray text) on a
dark background (e. g., black or dark gray).

Contrast polarity is a non-data-encoding visualization design
choice, which means it does not pertain to the process of select-
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ing effective graphical marks (e. g., area) and perceptual chan-
nels (e. g., shape) for representing data values. Nonetheless, non-
data-encoding visualization design choices can significantly inter-
act with people’s ability to effectively use visualizations. For in-
stance, small axis labels and low contrast can hinder PLA’s ability
to use visualizations [17, 28]. Outside of the context of data visu-
alization, vision research has also shown that positive contrast de-
signs can improve PLA’s accuracy, speed, and endurance of reading
text [19, 20, 23]. Related to visualization, negative contrast may en-
hance performance by reducing glare and brightness, eye strain, and
fatigue. On the other hand, it may hinder performance by dimin-
ishing the clarity and perceptibility of some graphical details [16].
However, we do not know if such conjectures would translate to tan-
gible and measurable differences in PLA’s performance. To fill this
knowledge gap, we conducted a crowdsourced study on Prolific [5]
involving 69 participants below the age of 60 and 66 participants
aged 60 and above in which we explored how contrast polarity im-
pacts visual analysis performance as well as whether these impacts
change with age. We assessed participants’ accuracy and time using
three common visualizations: Bar, Line, Scatterplot, each depicted
using positive and negative contrast polarity.

Overall, we did not find a consistent difference in performance
along the axes of age and contrast polarity. In each age group, there
were participants who performed better with each contrast polar-
ity, however the proportions of each polarity were similar between
and within age groups. This suggests that perhaps no universal rec-
ommendations regarding an “optimal” contrast polarity can be re-
liably made. However, the differences in individual performance
indicate the importance of creating visualizations that support both
polarities and incorporating mechanisms that enable individuals to
customize polarity according to their personal preferences.

2 RELATED WORK

This section discusses topics related to contrast polarity in the con-
text of PLA and data visualization. Contrast polarity is the degree
of contrast between two visual elements, categorized as negative
(light foreground objects on dark background) or positive (dark
foreground objects on light background). This concept has become
more prominent in user interface design and user preferences due to
recent increases in support of both light and dark modes by website
and app developers [8]. Although there are occasionally inverse
versions of these definitions in other existing work, we will use the
aforementioned definition throughout this paper to avoid confusion.

While research at the intersection of data visualization and con-
trast polarity is limited, vision studies have explored its effects
on reading speed and accuracy (e. g., [12]), perceptual closure
(e. g., [24]), visual acuity (e. g., [25]), and low vision (e. g., [21]).
Piepenbrock et al. [20] found that positive contrast designs im-
proved visual acuity and proofreading for both older and younger
adults, suggesting that increased ambient light might enhance vi-
sual capabilities without sacrificing perceived contrast. Notably,
their study differed from ours in task type, setting, and participant
demographics. Our study was crowdsourced and involved visual
analysis tasks on computer screens, while they focused on identify-
ing the orientations of Landolt C optotypes in a dark laboratory with

https://osf.io/539a4/


(a) Positive, Bar Chart

                          
  
  
  
  

62 64 66 68 70 72 74 76 78 80 82

Width

80

100

120

140

160

180

200

220

240

260

280

300

320

340

H
or
se
po
w
er
(H
P)

(b) Positive, Line Chart (c) Positive, Scatterplot (d) Negative, Bar Chart (e) Negative, Line Chart (f) Negative, Scatterplot

Figure 1: Example study stimuli, combinations of visualization (Bar Chart, Line Chart, Scatterplot) and contrast polarity (positive, negative).

controlled lighting. Sethi and Ziat [23] concluded that older adults’
preference for positive contrast was based on minimizing mental fa-
tigue while younger adults preferred negative contrast based on aes-
thetics. Outside academia, contrast design standards primarily stem
from organizations like the World Wide Web Consortium [6], of-
fering guidelines generally applicable to data visualization despite
focusing on text and color blocks. Industry vendors have also pro-
vided contrast design recommendations for app interfaces [1, 2, 3],
although their effects on PLA’s performance remain unexplored.

3 STUDY DESIGN

3.1 Stimuli

We utilized a version of the software created for an online study
by Saket et al. [22] that was graciously provided by the original
authors, making a small number of modifications to fit our study.
First, we only used the Bar Chart, Line Chart, and Scatterplot visu-
alizations to keep the scope of the study manageable. For similar
reasons, we then reduced the set of tasks to two options: Find Clus-
ters, where participants counted the number of groups depicted in
a visualization, and Characterize Distribution, where participants
described the spread of the data in a visualization. This resulted in
a total of 24 stimuli per task, based on 4 different data subsets and
questions per combination of the 3 visualization types and 2 con-
trast polarities. Beyond the changes stated here, the content of the
stimuli otherwise matched that of the original software [22].

The color palettes for both contrast polarities were from IBM’s
Carbon Design System [1]; the hexadecimal value of background
hues in positive and negative contrast polarity were #F4F4F4
and #262626 , respectively, while the foreground hues were
#002D9C and #4589FF , respectively. We also checked that
the stimuli followed existing digital design guidelines for PLA,
such as a minimum contrast ratio of 4.5:1 between foreground and
background objects as per Web Content Accessibility Guidelines
(WCAG) [4]. Figure 1 provides examples of our study stimuli.

3.2 Participants and Procedure

We used the Prolific [5] crowdsourcing platform to recruit 135 US-
based participants; 69 were YA (below age 60) and 66 were PLA
(60 and older). All participants were required to have an approval
rate of 98% or higher and to use a desktop computer to maintain a
more consistent screen size. Participants started the study by filling
out a questionnaire with basic demographic data (e. g., age, gen-
der). We also asked about aspects such as education level, visualiza-
tion familiarity, visions condition (e. g., colorblindness), preferred
contrast polarity on electronic devices, use of electronic devices to
track activity and health, and use of any accessibility tools (e. g.,
screen readers). We only observed a small impact on performance
by visualization familiarity, otherwise finding no impact by demo-
graphic factors (more details in the supplemental materials). Next,
each participant completed 24 trials. Each trial included a visu-
alization accompanied by a four-alternative forced-choice (4AFC)
question. The order of trials was randomized and counterbalanced,
and we collected participants’ accuracy (correct/incorrect) as well
performance time (seconds) per trial. The study took participants
between 20 and 40 minutes, and each was paid $13.

4 DATA ANALYSIS AND RESULTS

To begin our data analysis, we first evaluated participants’ work
quality by checking their score on an easy-to-answer “test” ques-
tion to ensure they were not replying to questions randomly, re-
moving any participants who failed the test. These questions, pro-
vided about halfway through the experiment, would (1) introduce
and show a data visualization, presenting the user with only two
options to select (True or False) and (2) directly ask the user to se-
lect True. Incorporating such test questions with obvious answers
in crowdsourced studies is a common approach for flagging pos-
sible random performance and is consistent with the original soft-
ware [22]. In total, we removed 8 YA and 7 PLA who failed this
test. We also filtered out 9 YA and 7 PLA who indicated that they
used accessibility tools/features on their computers, as we could
not control for their impact on performance. This resulted in a final
participant pool of 52 YA and 52 PLA. Lastly, we used a Hampel
filter to remove any trials with times more than 3 median absolute
deviations from the median for a given age group [18], as we ob-
served some very large outliers (some up to 10 minutes) that we
could not reasonably explain. In the rest of this section we present
the findings of our data analysis, organized by accuracy and time;
note that we observed similar patterns for both the Find Clusters
and Characterize Distribution tasks (more details available in the
supplemental materials), so we have merged their results.

4.1 Initial Analysis Method

A preliminary analysis of participants’ mean performance (avail-
able in the supplemental materials) indicated a lack of evidence for
contrast polarity having any effect on performance for either age
group at both the overall and per-visualization levels. However, it
appeared plausible that this result was partly due to an underlying
structure of some participants performing well with one contrast
polarity and poorly with another, resulting in their overall perfor-
mance “evening out” when calculating the bootstrapped means and
confidence intervals. Motivated by this observation as well as re-
cent work emphasizing the impact of individual differences on per-
formance [14], we focused our analysis at the individual level to see
if contrast polarity was more impactful for some participants than
others and if the impact was consistent with age.

4.2 Further Analysis Methods

To investigate how contrast polarity may impact the ability to per-
form visual analysis tasks, we calculated each participant’s mean
performance across all trials for each of the contrast polarities. We
then calculated the percent difference between their two averages
for a given metric (e. g., accuracy), which we will define as the
ratio between two measurements’ absolute difference and their
mean. In other words, for measurements m1 and m2 the percent
difference would be |m1−m2|

1
2 (m1+m2)

. This method is more robust than

signed differences, as it is scaled per participant, symmetric (i. e.,
order of m1 and m2 does not matter), and stays measured in their
original units [15]. We took those percent differences (one per
participant per metric) and analyzed them in the following ways.
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Figure 2: Bootstrapped average ( Mean ) percent differences for
YA and PLA resulting from each design factor (contrast polar-
ity, visualization) and for each metric (accuracy, time). Confidence
intervals are Bonferroni-corrected for 4 comparisons.

Does the Impact of Contrast Polarity Shift with Age? First, to
measure whether the individual impacts of contrast polarity change
with age, we calculated the average and standard error (SE) of
percent differences for both time and accuracy for each age group.
This entailed aggregating a group’s percent differences for one
metric into a single vector and generating 10000 bootstrapped sam-
ples (with replacement) that were subsequently used for calculating
the mean and a 95% confidence interval (CI) for each design. We
compared the impact of contrast polarity on each age group using
interval analysis [13]. This approach is a non-parametric method
in which the percentage of CI overlap is used to characterize the
strength of differences between two groups. An interval overlap
percentage (IOP) less than or equal to 0 is interpreted as strong
evidence of a difference, while 0 < IOP < 0.5 is categorized as
weak evidence and IOP ≥ 0.5 is deemed insufficient evidence.
As a non-parametric method that does not rely on assumptions of
normality or equal variance, IOP provides a more nuanced inter-
pretation of data differences, categorizing them into meaningful
levels of evidence compared to the binary output (significant,
not significant) of methods such as the t-test and ANOVA [11].
Furthermore, we used Bonferroni-corrected intervals to minimize
the possibility of Type-I errors due to multiple comparisons,
widening the CIs and reducing the probability of observing strong
evidence of differences when several conditions are compared [9].
These results are labelled CONTRAST POLARITY in Figure 2 and
reported in Section 4.3 and Section 4.4.

Is Contrast Polarity as Impactful as Visualization? To contextu-
alize the impact of contrast polarity as a non-data encoding, we
compared its percent differences with those caused by visualization
type, a data encoding known to affect performance [14, 22].
Because we used three visualizations, we averaged the percent
differences between each pair and calculated bootstrapped con-
fidence intervals (Figure 2, VISUALIZATION) for comparison.
Visualization type had a noticeably greater impact on accuracy for
both age groups. However, the distributions of percent differences
for time were similar for both visualization and polarity across age
groups, indicating comparable impacts on performance.

Does One Contrast Polarity Have a Greater Impact? To under-
stand whether either contrast polarity led to more dramatic changes
in performance (i. e., larger percent differences), we calculated
bootstrapped confidence intervals (CIs) for accuracy and time after
splitting the data per age group into those who performed better
with each contrast polarity, shown in Figure 3. When comparing
across both polarities and age groups, the confidence intervals in
the figure almost completely overlap, indicating that both polarities
can lead to similar performance improvements regardless of age.

Is One Contrast Polarity More Frequently Advantageous? To
determine if each contrast polarity benefited similar amounts of
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Figure 3: Bootstrapped average ( Mean ) percent differences for
YA and PLA , with participants grouped by their better-
performing contrast polarity for each metric (accuracy, time). Con-
fidence intervals are Bonferroni-corrected for 4 comparisons.
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Figure 4: Proportions of participants who performed best with posi-
tive (YA , PLA ) and negative contrast polarity (YA , PLA ),
and those who performed equally well with both . Participants are
filtered across increasing maximum threshold values of percent dif-
ference (y-axis), with data grouped by metric (accuracy, time) and
age group. A dashed line at y = 50% is provided for reference.

people, we calculated the ratio of participants with higher average
performance for each polarity, categorized by age group and metric
(accuracy or time) and depicted as a proportion plot for varying
percent differences in Figure 4. A greater number of YA had their
best accuracy with negative contrast, while a similar proportion of
PLA had their best accuracy with positive contrast. However, for
time, the distribution was roughly equal for both age groups. This
suggests that each age group has a different contrast polarity more
often suited for greater accuracy, while similar proportions of each
group can achieve greater speed with either polarity.

Do People Prefer Their Best-Performing Contrast Polarity? To
investigate whether participants preferred the contrast polarity that
they performed best with, we also analyzed how participants’ pre-
ferred contrast polarity (as per the pre-study questionnaire) com-
pared with their empirically-best contrast polarity (higher average
accuracy or lower average time), shown in Figure 5. Overall, we
noticed disagreement between the two, indicating that what partic-
ipants prefer may not actually be what they are best-suited to use,
perhaps due to general familiarity or other outside factors [23].

4.3 Accuracy

The percent differences in accuracy caused by contrast polarity for
PLA ranged from 0 to 2.0 (µ = 0.26), while YA’s ranged from 0
to 0.96 (µ = 0.22). Approximately 92.3% of PLA and 88.4% of
YA had a percent difference less than or equal to 0.5. Approx-
imately half of PLA had a percent difference less than or equal
to 0.22, while about half of YA were less than or equal to 0.18.
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Figure 5: The number of YA who preferred each contrast polar-
ity (positive , negative , or no preference ) as well as PLA
who preferred each contrast polarity (positive , negative , or
no preference ), grouped by the contrast polarity (negative = NC,
positive = PC, equal performance) with which they achieved their
best performance (accuracy, time). Bars where the preferred po-
larity matches the best-performing polarity are marked with an *.

The IOP analysis between confidence intervals of percent differ-
ences for PLA and YA found insufficient evidence of differences
(IOP ≥ 0.5), indicating that the strength of contrast polarity’s ef-
fect on accuracy does not noticeably change with age. CIs for
percent differences for participants who had higher accuracy with
each of the contrast polarities showed insufficient evidence of dif-
ferences (IOP ≥ 0.5) both between contrast polarities and between
age groups, indicating that both contrast polarities can lead to sim-
ilar improvements, and that this trend is not impacted by aging.

Similar proportions of PLA achieved higher performance with
each contrast polarity (48.1% positive, 38.5% negative, 13.5%
equal), while there was a slightly larger disparity for YA (30.7%
positive, 55.8% negative, 13.5% equal). Compared to time, we ob-
served a larger portion of participants in both age groups achieving
equal performance between contrast polarities, i. e., a percent dif-
ference of 0, which may be a result of time measurements having
a larger range of values than accuracy based on limited trials. The
interval analysis found strong evidence of differences (IOP < 0)
between percent differences in accuracy based on contrast polar-
ity and visualization in both age groups, indicating that partici-
pants generally experienced larger differences in accuracy due to
the choice of visualization. This indicates that visualization choice
has a more pronounced impact on accuracy than contrast polarity,
which stays consistent in late adulthood.

4.4 Time
The percent differences in time due to contrast polarity for PLA
ranged from 0.01 to 1.12 (µ = 0.34), while YA’s ranged from 0.0
to 0.93 (µ = 0.32). Around 80.8% of PLA had a percent differ-
ence less than or equal to 0.5 compared to 73.1% of YA. Approx-
imately half of PLA and YA had percent differences less than or
equal to 0.29 and 0.23, respectively. The interval analysis compar-
ing percent differences in time between YA and PLA based on con-
trast polarity found insufficient evidence of differences (IOP≥ 0.5),
suggesting that the strength of contrast polarity’s impact on visual
analysis time does not noticeably change with age. We further ob-
served insufficient evidence of differences in percent differences for
each polarity, both between and within age groups. This indicates
that both contrast polarities can lead to similar time improvements,
and that this trend is consistent with increasing age.

Compared to accuracy, the proportions of participants achiev-
ing better response times with each contrast polarity were much

closer, with 44.2% of PLA and 53.8% of YA excelling with posi-
tive contrast whereas 55.8% and 44.2%, respectively, excelled with
negative contrast. Noticeably fewer participants had equal perfor-
mance with both polarities, with no PLA and only 1 younger adult
(1.9%) achieving a percent difference of 0. The interval analysis
found insufficient evidence (IOP ≥ 0.5) in percent differences be-
tween visualization type and contrast polarity for both age groups.
This suggests that contrast polarity is roughly as impactful on per-
formance time as visualization type, regardless of age.

5 DISCUSSION AND FUTURE WORK

Our results indicate that, for both YA and PLA, negative and pos-
itive contrast polarity are similarly capable of improving user per-
formance. Moreover, contrast polarity can be just as impactful as
visualization choice when time is an important design considera-
tion. Thus, we recommend that practitioners offer both positive
and negative contrast color palettes of visualizations when possi-
ble, perhaps as a universally-helpful personalization feature.

Our results differ from those reported by Piepenbrock et al. [20],
which observed better reading performance using positive contrast
polarity; our findings, on the other hand, point to both contrast po-
larities supporting similar improvements in accuracy and time (in
similar proportions) for visual analysis tasks. However, both our
study and their study observed results that were consistent across
YA and PLA. The disparities between the two studies’ findings in
terms of a “better” contrast polarity may indicate a difference in
how it impacts reading versus how it impacts visual analysis.

Our findings regarding preference versus performance differ
from Saket et al. [22], who observed that user preferences for visu-
alization type correlated with visualizations that improved perfor-
mance. This might be because contrast polarity preferences, unlike
those for visualization type, are impacted by broader aspects of the
user experience such as phone menus and app designs. Since this
preference is likely decided outside of a visualization context, it
may not correspond with visualization performance. Additionally,
users may not realize how contrast polarity, a non-data encoding
only affecting color, is affecting their performance, whereas the im-
mediate impact of the choice of visualization type, a data-encoding,
on performance is more noticeable (e. g., trying to use a Pie chart to
assess correlation) and is thus more aligned with preferences.

These results also illustrate the importance of carefully choosing
data analysis methods. Participants in our study experienced visu-
alization stimuli with both positive and negative contrast, allowing
the possibility for some to achieve noticeably higher performance
with one than the other; simply calculating averages and performing
interval analysis to find differences led to the misleading initial con-
clusion that contrast polarity had no effect on performance. Analyz-
ing the data at an individual level and focusing on changes in per-
formance illustrated the nuanced, varied impacts that each contrast
polarity can have, consistent with recent work cautioning against
design recommendations based on the “average observer” [14].

Future work can investigate the impact of other non-data-
encoding design choices, such as graph stroke width and shape,
graph orientation, and gridlines, and existing accessibility technolo-
gies, such as screen readers, on the performance of YA and PLA, as
well as how their impact compares to those of data encodings.

6 CONCLUSION

This work presents the results of a crowdsourced study investigat-
ing the impact of contrast polarity on the graphical analysis perfor-
mance of younger adults as well as people in late adulthood. We
found that positive and negative contrast polarities can each posi-
tively impact performance (and in equal measure) across both age
groups. Furthermore, we observed strong evidence that contrast
polarity has an impact on response times similar to the choice of
visualization, suggesting its worthiness as a customization feature.
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