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ABSTRACT

Objectives: Patients increasingly use patient-reported outcomes (PROs) to self-monitor their health status. Vi-

sualizing PROs longitudinally (over time) could help patients interpret and contextualize their PROs. The study

sought to assess hospitalized patients’ objective comprehension (primary outcome) of text-only, non-graph,

and graph visualizations that display longitudinal PROs.

Materials and Methods: We conducted a clinical research study in 40 hospitalized patients comparing 4 visuali-

zation conditions: (1) text-only, (2) text plus visual analogy, (3) text plus number line, and (4) text plus line graph.

Each participant viewed every condition, and we used counterbalancing (systematic randomization) to control

for potential order effects. We assessed objective comprehension using the International Organization for Stan-

dardization protocol. Secondary outcomes included response times, preferences, risk perceptions, and behav-

ioral intentions.

Results: Overall, 63% correctly comprehended the text-only condition and 60% comprehended the line graph

condition, compared with 83% for the visual analogy and 70% for the number line (P¼ .05) conditions. Partici-

pants comprehended the visual analogy significantly better than the text-only (P¼ .02) and line graph (P¼ .02)

conditions. Of participants who comprehended at least 1 condition, 14% preferred a condition that they did not

comprehend. Low comprehension was associated with worse cognition (P< .001), lower education level

(P¼ .02), and fewer financial resources (P¼ .03).

Conclusions: The results support using visual analogies rather than text to display longitudinal PROs but cau-

tion against relying on graphs, which is consistent with the known high prevalence of inadequate graph literacy.

The discrepancies between comprehension and preferences suggest factors other than comprehension influ-

ence preferences, and that future researchers should assess comprehension rather than preferences to guide

presentation decisions.
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health communication
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INTRODUCTION

The potential impact of patient-reported outcomes (PROs),1–5 cou-

pled with policies encouraging their use6–8 and patients’ satisfaction

with them,1,2,5 explains their recent increase in popularity and use

across multiple medical domains. Researchers and administrators

use PROs to assess population-level trends,9–11 whereas clinicians

use PROs to inform individual-level care12 and improve patient-

clinician communication,13–16 which can improve health out-

comes.1–5 As such, the federal financial incentive policy Meaningful

Use stage 3 mandates that healthcare organizations collect PROs.6–

8 Government-sponsored initiatives have promoted electronic PRO

(e-PRO) integration into major health record systems, including

Epic and Cerner,17 and independent e-PRO systems have developed

concurrently.17–21 Increasingly, patients use PROs, independent of

clinician involvement, for self-monitoring and symptom manage-

ment.10,12,21–24 In the future, many more patients will likely receive

their PROs, as transparency increases25,26 and e-PRO systems gain

functionality.27

Although newer and less well researched, e-PRO systems can

learn lessons from older and more well-researched patient-facing

technologies, specifically patient portals. One major lesson is that

displaying raw results, without interpretation or contextualization,

is ineffective.28–30 Without assistance, only the most well-educated

and health-literate patients can effectively interpret raw results. This

causes intervention-generated inequity, a phenomena where well-

intentioned interventions worsen existing health disparities, rather

than reduce them.31–33 To prevent intervention-generated inequity,

e-PRO systems must employ strategies to ensure all patients can in-

terpret their results.

Visualization, defined as representation of information using

graphs or images, is a uniquely effective strategy to improve inter-

pretation and contextualization.34–37 In patient portals and other

applications, visualization has improved patients’ medical decision

making by representing risk,35,38–40 helped patients distinguish be-

tween urgent and nonurgent laboratory test results,36,37,41,42 and en-

hanced understanding of treatment options.35,43–45 PROs, like risk

modeling or laboratory test results, contain quantitative scores and

interpretable ranges. Therefore, the benefits of visualization will

likely apply to PROs. Because current e-PRO systems rarely incor-

porate visualization, any advances have potential for far-reaching

impact, such as improved self-monitoring and better communica-

tion.

Current research on PRO visualization is limited,46–50 and sev-

eral unique challenges remain unsolved. The first challenge is dis-

playing longitudinal changes in PROs, or changes over time.

Previously studied PRO visualizations predominantly used line

graphs to convey longitudinal changes.46–50 Unfortunately, inade-

quate graph literacy is prevalent, comprising around 40% of the

U.S. population.51 Alternative longitudinal visualization strategies

to line graphs remain unexplored. The second challenge is represent-

ing PRO scores. PRO measures vary in scale, and the same score can

have widely different clinical meaning depending on the measure,

hindering interpretation.10 The third challenge is assessing objective

comprehension (ie, “What does this mean?”), rather than proxies

such as subjective comprehension (ie, “Did you understand this?

Yes/no”) or subjective preferences (ie, “Did you like this? Yes/no”).

The relationship between subjective proxies and objective compre-

hension is unknown, and subjective comprehension may be inaccu-

rate. The fourth challenge is evaluation in the real-world–like

setting. Previous studies were conducted in laboratory-based set-

tings,46–50 which have fewer distractions and may prompt partici-

pants to spend more time scrutinizing visualizations than they

would normally.52

In this study, we aimed to assess hospitalized patients’ objective

comprehension (primary outcome) of text-only, non-graph, and

graph visualizations that display longitudinal changes in PROs.

Given the known benefits of visualization and the known low levels

of graph literacy, our primary hypothesis was that non-graph visual-

izations would help patients comprehend their longitudinal changes

in PROs significantly better than would text-only and graph visual-

izations. We evaluated 2 non-graph visualizations that exploited dif-

ferent cognitive mechanisms: (1) visual analogies and (2) number

lines. As a secondary outcome, we assessed subjective preference to

observe its correlation with objective comprehension.

MATERIALS AND METHODS

Study design
Between January and May 2019, we recruited a purposive sample of

40 hospitalized heart failure patients diverse on age, gender, and

race from an inpatient cardiac unit at a large urban hospital. We

recruited heart failure patients because heart failure is prevalent53,54

and requires rigorous symptom self-management.55 We assessed

baseline characteristics, then each participant viewed 4 visualization

conditions: (1) text-only, (2) text plus visual analogy, (3) text plus

number line, and (4) text plus line graph (Figure 1). We counterbal-

anced, or systematically randomized the order and information con-

tained in each condition, to control for potential order effects

(Supplementary Appendix 1).56 The primary outcome was compre-

hension, assessed using the International Organization for Standard-

ization Method for Testing Comprehension (ISO 9186).57

Secondary outcomes included response times, preferences, risk per-

ceptions, and behavioral intentions. Additionally, we captured qual-

itative information related to the visualization components, such as

colors, graphics, and text. The Weill Cornell Medicine Institutional

Review Board approved the study.

Visualizations
We selected conditions based on effective visualization concepts

reported in the literature.37,42,46–49,58 A visual analogy systemati-

cally compares 2 concepts using a graphic, one familiar (“the ana-

log,” a graphic) and the other unfamiliar.59–62 For example, the gas

gauge (Figure 1B) serves as an analog for physical function, and

compares decreasing function with “running out of gas.” A line

graph displays the relationship between 2 variables, measured on 2

respective axes, and connects individual points using lines. Here, we

display the relationship between PRO score and time (Figure 1D). A

number line, unlike a graph, displays one variable on one axis.

Here, the number line displays the PRO score (Figure 1C). The text-

only condition (Figure 1A) does not contain any graphics, and serves

as a control.

A professional visual designer adapted each concept to PROs

and created the designs. Each condition displayed the score (eg,

“8 out of 10”), the clinical interpretation (eg, “high”), and the date

(eg, “today”). Side-by-side comparison of the current and previous

score was provided. A header was used to textually interpret the

change (“better,” “worse,” “same,” “about the same”). We

included the header based on previous research that brief text inter-

pretations combined with visualizations perform better than either

alone.49,58,63 A red-yellow-green color scheme represented meaning,
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where green indicates good, red indicates bad, and yellow indicates

in-between. We visualized Patient-Reported Outcome Measurement

Information System (PROMIS) constructs, specifically fatigue, de-

pression, and physical function.64,65 PROMIS is a standardized and

broadly applicable set of PRO measures. We choose each visualiza-

tion condition partly because of its potential generalizability to nu-

merous PROMIS and PRO constructs.

Scores
We displayed scores as a number out of 10. This is in direct contrast

with previous work, which typically displayed scores as raw or T-

scores.46–49 To translate T-scores into base-10 scores, we first deter-

mined the minimally important difference (MID), defined as the

smallest clinically meaningful change in T-score. As a conservative

heuristic, PROMIS recommends an MID of 5 for all patients.66 This

is a general recommendation and potentially less relevant for specific

disease populations. Therefore, researchers have developed disease-

specific MIDs.66,67 Based on our own clinical data68,69 and previ-

ously reported MIDs,67 we selected an MID of 2 for heart failure

patients, which we then used for conversion to base-10. As an exam-

ple, Figure 2 demonstrates how we converted T-scores to base-10

scores for PROMIS physical function in heart failure patients.

Our rationale for base-10 conversion is as follows. First, few

patients possess familiarity with statistical concepts like T-scores.70

Second, research has indicated that patients comprehend base-10

scores.71 Third, base-10 scores may represent change more effec-

tively than base-100 scores,72 especially when mapped nonlinearly

to clinical severity as described above. For example, movement from

7 of 10 to 5 of 10 is a much higher percentage change than move-

ment from 40 of 100 to 36 of 100. However, both movements repre-

sent the same severe and clinically important change from New

York Heart Association (NYHA) functional class II to NYHA func-

tional class III heart failure.69 Fourth, each unit change in base-10

score represents clinically meaningful change, while each unit

change in T-score does not.66 For example, movement from 7 of 10

to 6 of 10 indicates worsening physical function, while movement

from 40 of 100 to 39 of 100 does not.

Participants
We included participants 21 years of age or older, who spoke En-

glish, were diagnosed with heart failure according to the electronic

health record, and were willing and able to provide informed con-

sent. We excluded patients with severe cognitive impairment such as

clinically diagnosed dementia and patients with major psychiatric

illness such as active psychosis. The exclusion criteria were limited

to improve generalizability. We purposively balanced the participant

pool based on age, gender, and race. We aimed for an appropriate

distribution of 4 generation groups (Millennials, Generation X,

Boomers, and Silent Generation), as recommended by the Pew Re-

search Center.73 Generation group is more informative of social

context and personal history than an arbitrary biological age cate-

gory. We also aimed for adequate sampling of racial minorities

(20% Latino, 20% Black) and gender (50% women). Participants

were compensated $25 for their time.

Procedures
The research coordinators identified new cardiac admissions from

the electronic health record, and clinicians confirmed eligibility and

an active heart failure diagnosis through chart review. After written

informed consent, the coordinator guided each participant through

the study protocol, typically 30 to 60 minutes in duration. First, the

coordinator collected demographic information and important

covariates related to comprehension. Second, the coordinator

assessed comprehension for each condition as per ISO 9186. Finally,

the coordinator assessed secondary outcomes (preferences, risk per-

ceptions, and behavioral intentions). A second coordinator audio-

recorded each session using a Memorex digital voice recorder, dis-

Figure 1. Visualization conditions: (A) text-only; (B) text plus visual analogy; (C) text plus number line; (D) text plus line graph.
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cretely assessed response times, and concurrently captured quantita-

tive data using REDCap (Research Electronic Data Capture) on an

Apple iPad. We conducted individual interviews in 2 rounds, each

with 20 people, and modified visualizations to eliminate potential

confounding between rounds. A technical document that contains

additional details on the design, modifications, randomization, and

procedures is available as Supplementary Appendix 1. The recruit-

ment protocol is available as Supplementary Appendix 2.

Measurements
Participants completed a baseline questionnaire to assess demo-

graphics, socioeconomic status, technology experience, cognitive

status, health literacy, subjective numeracy, graph literacy, and heart

failure severity. Demographics included age, generation, gender,

race, and ethnicity. Socioeconomic status included education, finan-

cial resources, insurance status, and disability status. Technology ex-

perience included possession of an email address, computer

ownership, smartphone ownership, Internet access, and Internet use

based on our previously published questionnaire.29,74 We assessed

cognitive status using the Montreal Cognitive Assessment

(MoCA).75 We screened for inadequate health literacy using the 3-

item health literacy screen.76 We assessed numeracy using the 3-item

subjective numeracy scale.77–80 We assessed graph literacy using the

4-item graph literacy scale.51,81 Finally, we assessed heart failure se-

verity using the NYHA functional classification questionnaire.82

Comprehension, response times, and preferences

We adapted ISO 9186 for verbal administration as previously de-

scribed.83 In brief, the coordinator verbally primed participants to

the desired granularity of responses, then asked participants to ex-

plain each visualization’s meaning. If the response was incomplete

or incorrect, the coordinator could only say “tell me more,” which

prevented them from biasing the response. We considered the re-

sponse correct if the participant correctly stated the direction of

change (“better,” “worse,” or “the same”). A second coordinator

recorded response time, defined as the time (in seconds) between the

participant hearing the prompt and giving their response. After

the participant responded, the coordinator probed for additional

information by asking participants to indicate components of each

visualization used for comprehension, and by asking for preferences.

Risk perceptions and behavioral intentions

The coordinator showed a single visualization, dependent on what

conditions the participant had adequately comprehended (Figure 3).

In each case, the single visualization displayed the same severely

worsening symptom burden. Participants completed the 3-item sub-

jective risk perceptions questionnaire,43,84–86 which assessed the per-

ceived likelihood, seriousness, and concern for the worsening

symptom burden. Then, the coordinator assessed behavioral inten-

tions by asking “how likely would you be to do something in

response?” as derived from ISO 9186.57,86 The coordinator asked

participants to describe any intended actions, and probed for the ra-

tionale behind each action or nonaction. For both subjective risk

perceptions and behavioral intentions, responses were recorded on a

Likert-type scale (1: Not at all, 2: Slightly, 3: Moderately, 4: Very,

5: Extremely). After removing the visualization from view, the coor-

dinator asked participants the 2-item objective risk perceptions

questionnaire,71,78,87 which contained 1 gist and 1 verbatim recall

question. Gist recall required remembering the direction of change

(ie, worsening), whereas verbatim recall required remembering the

amount of change (ie, from 8 to 3).

Statistical analysis
Quantitative

We conducted descriptive and inferential statistical analyses in SAS

version 9.4 (SAS Institute, Cary, NC) and R version 3.3.3 (R Foun-

dation for Statistical Computing, Vienna, Austria). A professional

service transcribed the audio recordings verbatim. Two independent

raters scored the transcribed comprehension responses as per ISO

9186 (“correct” or “incorrect”). We conducted 1 round of inter-

rater reliability, and found high initial agreement between raters

(Cohen’s kappa¼0.74). The study team met to review, discuss, and

arrive at consensus for the comprehension scoring. To assess

whether comprehension differed between conditions, we used the

Cochran Q test and McNemar exact tests. We used the Benjamini-

Figure 2. Base-10 conversion chart for Patient-Reported Outcome Measurement Information System physical function in heart failure. NYHA: New York Heart As-

sociation.
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Hochberg procedure for multiple comparisons correction as appro-

priate for non-independent tests.

To assess whether response times and preferences differed be-

tween conditions, we used repeated measures analysis of variance

and Fisher’s exact tests, respectively. We conducted bivariate analy-

ses to assess whether each baseline characteristic differed between

participants with high overall comprehension (>2 conditions com-

prehended) and low overall comprehension (�2 conditions compre-

hended). Nominal variables were compared using chi-squared tests

or Fisher’s exact tests, while ordinal and numerical variables were

compared using Wilcoxon rank-sum tests.

Qualitative

Transcripts were imported into Dedoose 8.0.35 (SocioCultural Re-

search Consultants, Manhattan Beach, CA) for thematic analysis.

First, 2 researchers with training in qualitative methods indepen-

dently used inductive open coding to identify all emerging themes

and subthemes. To ensure quality, the researchers met frequently

to discuss. Disagreements were resolved by discussion with the

study team, and the study team reviewed the final coding dictio-

nary. Then, 2 researchers independently coded all transcripts using

codes corresponding to the dictionary. We conducted 1 round

of inter-coder comparison queries in Dedoose (Cohen’s

kappa¼0.64). To enhance confirmability, we shared summaries

with the research coordinators for their confirmation or revisions

to interpretation, and we triangulated results with the quantitative

data.

RESULTS

Table 1 presents the baseline characteristics. Overall, participants

had an average age of 61.3 6 12.5 years (range, 34-85) and were

22% women, 23% Black, 52% White, and 38% Latino. 45%

reported an education level of high school or less, and 55% screened

positive for inadequate health literacy, comparable with the U.S.

mean.76 On average, participants scored 12.2 6 4.7 out of 18

(range, 3-18) on subjective numeracy, comparable with the U.S.

mean.78 Most (88%) had cognitive impairment (MoCA score <26).

On average, participants scored poorly on graph literacy (mean 1.1

6 1.1 out of 4), and 37% did not answer any graph literacy items

correctly.

Comprehension, response times, and preferences (Table 2)

Overall, 63% correctly comprehended the text-only condition and

60% comprehended the line graph condition, compared with 83%

for the visual analogy and 70% for the number line (P¼ .05) condi-

tions, consistent with our primary hypothesis. Participants compre-

hended the visual analogy significantly better than the text-only

(P¼ .02) and line graph (P¼ .02) conditions. Participants did not

comprehend the number line significantly better than the text-only

(P¼ .61) or line graph (P¼ .42) conditions. An additional table that

contains every pairwise comparison is available in Supplementary

Appendix 3.

Response times were lowest for the least comprehended condi-

tion (line graph: mean 7.8 6 4.8 seconds), and highest for the most

comprehended condition (visual analogy: mean 9.1 6 5.8 seconds).

Response times did not significantly differ between conditions

(P¼ .69).

Overall, only 1 (2%) participant preferred the text-only condi-

tion, whereas 31% preferred the visual analogy, 41% preferred the

number line, and 26% preferred the line graph (P¼ .006). Three

(8%) participants did not comprehend any conditions (Table 3). Of

participants who comprehended at least 1 condition, 14% preferred

Figure 3. Visualizations for assessing risk perceptions and behavioral intentions: (A) text-only; (B) text plus visual analogy; (C) text plus number line; (D) text plus

line graph.
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Table 1. Baseline characteristics

Comprehension P Value

Variable Overall (n¼ 40) Low (n¼ 15) High (n¼ 25)

Demographics

Age (mean 6 SD) 61.3 6 12.5 63.5 6 9.5 59.9 6 14.0 .38

Generation (n, %) .27

Silent generation 8 (20) 3 (20) 5 (20)

Baby boomer 21 (52) 10 (67) 11 (44)

Generation X 10 (25) 2 (13) 8 (32)

Millennial 1 (3) 0 (0) 1 (4)

Female gender (n, %) 9 (22) 3 (20) 6 (24) .77

Race (n, %) .46

Asian, multirace, or other 9 (23) 2 (13) 7 (28)

Black or African American 10 (25) 5 (33) 5 (20)

White or Caucasian 21 (52) 8 (53) 13 (52)

Hispanic or Latino origin (n, %) 10 (25) 5 (33) 5 (20) .42

Socioeconomic status

Education (n, %) .02a

High school graduate or less 18 (45) 10 (67) 8 (32)

Some college or bachelor’s degree 17 (43) 5 (33) 12 (48)

Graduate degree 5 (12) 0 (0) 5 (20)

Financial resources (n, %) .03a

Not enough 17 (43) 10 (67) 7 (28)

Enough 18 (45) 4 (27) 14 (56)

More than enough 5 (12) 1 (7) 4 (16)

Insurance status (n, %) .41

Medicare 24 (60) 10 (67) 14 (56)

Medicaid 17 (43) 5 (33) 12 (48)

Employer 11 (28) 3 (20) 8 (32)

Disability status (n, %) .57

Physical disability 13 (33) 4 (27) 9 (36)

Hearing-related disability 1 (3) 0 (0) 1 (4)

Eyesight-related disability 6 (15) 2 (13) 4 (16)

Other disability 8 (20) 3 (20) 5 (20)

No disability 19 (48) 8 (53) 11 (44)

Technology experience

No email address (n, %) 8 (20) 5 (33) 3 (12) .10

No Internet access (n, %) 3 (7) 2 (13) 1 (4) .39

Computer ownership (n, %) .82

Desktop 11 (28) 4 (27) 7 (28)

Laptop 22 (55) 7 (47) 15 (60)

Tablet 15 (38) 10 (67) 5 (20)

Smartphone 34 (85) 13 (87) 21 (84)

Does not own computer 6 (15) 2 (13) 4 (16)

Internet use per day (n, %) .71

<30 minutes 18 (45) 8 (53) 10 (40)

30 minutes to 5 hours 13 (33) 4 (27) 9 (36)

>5 hours 9 (23) 3 (20) 6 (24)

Cognitive status

MoCA score (mean 6 SD)b 20.0 6 5.5 15.7 6 5.4 22.3 6 4.2 <.001a

Cognitive impairment (n, %) .01a

Mild (MoCA <26) 18 (45) 4 (27) 14 (56)

Moderate (MoCA <18) 8 (20) 6 (40) 2 (8)

Severe (MoCA <10) 1 (3) 1 (7) 0 (0)

Did not complete 8 (20) 4 (27) 4 (16)

Health Literacy

Inadequate health literacy score (n, %) 22 (55) 12 (80) 10 (40) .32

Numeracy

Subjective numeracy score (mean 6 SD)c 12.2 6 4.7 10.6 6 5.7 13.1 6 3.9 .11

Graph literacy

Short graph literacy score (mean 6 SD) 1.1 6 1.1 0.83 6 0.9 1.23 6 1.1 .32

Short graph literacy score (n, %) .39

Excellent (4/4 correct answers) 1 (3) 0 (0) 1 (4)

(continued)
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a condition that they did not comprehend. Specifically, 11% who

preferred the line graph did not comprehend it, 27% who preferred

the number line did not comprehend it, and none who preferred the

visual analogy did not comprehend it.

More than half (63%) of participants satisfied criteria for high

overall comprehension (>2 conditions comprehended) (Table 3),

and the remaining 38% had low comprehension (�2 conditions

comprehended). A comparison of baseline characteristics between

high and low comprehension groups is presented in Table 1. Low

comprehension was associated with worse cognition (MoCA score

15.7 low vs 22.3 high; P< .001), lower education level (P¼ .02),

and fewer financial resources (P¼ .03). MoCA scores significantly

differed among participants who did and did not understand the line

graph (P¼ .02), number line (P¼ .03), and text-only (P¼ .04) con-

ditions, but not the visual analogy (P¼ .11).

The major components of each visualization, and which compo-

nents participants used for comprehension, are described in Supple-

mentary Appendix 3. Overall, participants most often relied on

graphics or scores, and much less often on textual interpretations.

About half (51%) used 2 or more components to aid their compre-

hension.

Risk perceptions and behavioral intentions

The majority (67%) had correct gist recall (general impression), but

only 10% had correct verbatim recall (specific numerical). The ma-

jority (70%) perceived that the illness got worse, but only 46% per-

ceived it as serious and only 54% reported being worried. However,

Table 1. continued

Comprehension P Value

Variable Overall (n¼ 40) Low (n¼ 15) High (n¼ 25)

Good (3/4 correct answers) 2 (6) 1 (8) 1 (4)

Fair (2/4 correct answers) 9 (25) 1 (8) 8 (35)

Poor (1/4 correct answers) 10 (29) 5 (42) 5 (22)

Very poor (0/4 correct answers) 13 (37) 5 (42) 8 (35)

Heart failure severity

NYHA functional class (n, %) .74

II 10 (25) 4 (27) 6 (24)

III 14 (35) 6 (40) 8 (32)

IV 16 (40) 5 (33) 11 (44)

Categorical variables reported as n (%). Continuous variables reported as mean 6 SD. Percentages exclude missing data. For non-exclusive variables (insurance

status, disability status, computer ownership), we report P values for exclusive comparisons only (employer vs nonemployer insurance, disability vs none, com-

puter ownership vs none).

MoCA: Montreal Cognitive Assessment; NYHA: New York Heart Association; SD, standard deviation; n, number.
aSignificant at an exploratory P value of .05.
bMoCA score is out of 30.
cSubjective numeracy score is out of 18.

Table 2. Comprehension, response times, and preferences

Variable Text-Only Text þ Visual Analogy Text þ Number Line Text þ Line Graph P Value

Primary outcome

Comprehension (n, %) 25 (63) 33 (83) 28 (70) 24 (60) .05a

Secondary outcomes

Response times (mean 6 SD) 8.1 6 4.6 9.1 6 5.8 8.1 6 5.3 7.8 6 4.8 .69

Preferences (n, %) 1 (2) 12 (31) 16 (41) 10 (26) .006a

Categorical variables reported as n (%). Continuous variables reported as mean 6 SD. Percentages exclude missing data. SD, standard deviation; n, number.
aSignificant at P¼ .05. All pairwise comparisons reported in Supplementary Appendix 3.

Table 3. Comprehension, risk perceptions, and behavioral inten-

tions

Variable Overall

(n¼ 40)

Comprehension

Overall comprehension (n, %)

4/4 conditions comprehended 15 (38)

3/4 conditions comprehended 10 (25)

2/4 conditions comprehended 8 (20)

1/4 conditions comprehended 4 (10)

0/4 conditions comprehended 3 (8)

Risk perceptions

Gist recall (n, %) 26 (67)

Verbatim recall (n, %) 4 (10)

Subjective risk perceptions (n, %)

Likelihood of illness getting worse (very or extremely) 27 (70)

Seriousness of illness getting worse (very or extremely) 18 (46)

Concern about illness getting worse (very or extremely) 22 (54)

Behavioral Intentions

Intention to act (very or extremely) (n, %) 32 (82)

Intended action (n, %)a

Show to healthcare provider 25 (78)

Attempt to self-manage 3 (10)

Search the Internet 2 (6)

Go to the hospital 2 (6)

Categorical variables reported as n (%). Percentages exclude missing data.

HF: heart failure; n, number.
aDenominator is those who intended to act (n¼ 32).
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82% intended to act in response to the visualization. When asked to

describe intended actions, 78% who intended to act reported intent

to show their healthcare provider, 10% reported intent to self-

manage, 6% reported intent to search the Internet, and 6% reported

intent to go to the hospital.

Qualitative analysis

Table 4 describes the main themes from patient interviews. 24

participants (60%) mentioned that color indicated or enhanced the

visualization’s meaning. Participants associated the following words

with red: high, severe, worse, danger, inappropriate, not good at all,

Table 4. Qualitative analysis

Category Theme Evidencea Example quotesb

Colors Colors indicate or enhance meaning E “Red is danger. Yellow is ok. Green is great.” (4)

“The colors are universal and provide information, like from good to

bad.” (5)

Colors used to describe symptom status S “He’s improved on his fatigue level; it’s green.” (28)

“He’s in the red here, and he’s in the green here.” (36)

Colors reminiscent of everyday objects S “The colors help a lot. It’s like the [traffic] light on the street here.” (21)

“It’s very similar to a traffic light, red, yellow, green, obviously green

means positive.” (6)

Colors imply need for action S “You need red for when something is high and should be paid attention

to.” (37)

“Red is used to warn people; it means seek physical help or medical

attention.” (5)

Visual

analogies

Visual analogies easy to understand or use S “It’s more understandable. It’s very easy on the eyes, and very easy on the

brain.” (10)

“It makes more sense. It’s easy to move [the needle] around in your head.”

(38)

Visual analogies reminiscent of everyday

objects

S “You’re always seeing this chart, since you were a kid, when you cook or

drive.” (11)

“I grew up with dials; I’m used to them, so I think they are better.” (38)

Visual analogies support cognitive analogies L “You don’t have as much gas as you used to; [your body] is not working

like it used to.” (12)

“You look at the gauge, and you can see you’re running out of heart func-

tion here.” (12)

Components Single component used for comprehension E “I just used the top box, I didn’t really need the rest of the picture.” (19)

“I was just looking at the scores, not the pictures or colors.” (33)

Multiple components used for comprehen-

sion

E “Numbers, colors, lines . . . everything is helpful in its own cohesive

way.” (32)

“Everything helped me figure it out . . . if you can read, everything you

need is right here.” (14)

Different components reinforce one another E “You can see [the answer] right away; you can go by the numbers or by

the color.” (34)

“I could go back up here and say, does this correlate with that. And it

does.” (38)

Different people will use different compo-

nents

L “It’s a wise choice to leave everything in, because some people don’t read

completely.” (26)

“Many people don’t deal with numbers so when you see this [picture] it’s

better.” (11)

Context Need explicit instructions for action S “Instead of just leaving him with some basic random score . . . do some-

thing to guide him.

Tell him when he needs to see the doctor because his score is dropping.” (5)

Need more information on “why” and

“how”

S “What events happened in between that caused the change? I want to

know.” (28)

“It doesn’t tell me where I improved, what part of my body improved.” (2)

Visualization needs more description L “It would help if there were labels such as severe and moderate on the

color scheme.” (13)

“Add a qualifier to explain that although [the symptom] stayed the same

it’s still low.” (37)

Text Bigger and more contrast is better S “Nice big print here, so I could see it. I could see this without my glasses

on.” (12)

“The text has to be dark; more contrast. So I can see it better.” (23)

E: extensive evidence (�15 mentions); S: substantial evidence (5-14 mentions);
aL: limited evidence (2-4 mentions). Cutoffs calculated based on sample size.
bThe parenthesized number is the participant’s study identifier.
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warning, hot, blood, and negative. They associated with yellow:

moderate, middle, okay, appropriate, and so-so. Finally, they associ-

ated with green: low, improvement, good, great, outstanding, really

good, and positive. 9 participants (23%) used color to describe

symptom status directly, saying “[the symptom] is in the red” or

even “[the symptom] is red.”

Participants found visual analogies especially easy to understand,

and reminiscent of familiar everyday objects like dials or gauges.

Participants used multiple and varied components to comprehend

each visualization, consistent with our quantitative results. Some

participants wanted additional information, such as explicit instruc-

tions for further action based on their results. Although we

employed appropriate text sizes as per National Institute on Aging

recommendations, 4 participants (10%) reported it could be bigger.

DISCUSSION

Patients increasingly use PROs for self-monitoring and symptom

management. Unfortunately, few e-PRO systems interpret or con-

textualize PROs for patients. Visualization is a known and effective

strategy for better interpretation. Our results suggest that non-graph

visualizations, specifically visual analogies, enhance patients’ com-

prehension of longitudinal PROs, compared with text-only or

graphs. The results support using visualizations rather than text to

display longitudinal PROs, but caution against relying on graphs.

Additionally, we found discrepancies between objective comprehen-

sion and subjective preferences, which suggests factors other than

comprehension influence preferences, possibly aesthetics. Finally,

our results emphasize the importance of first impressions and deci-

sion support for comprehension and subsequent health decision

making.

Visual analogies substantially outperformed the text-only and

graph conditions on objective comprehension. By definition, visual

analogies systematically compare 2 concepts, one familiar (“the ana-

log”) and the other unfamiliar.59–62 Visual analogies employ differ-

ent cognitive mechanisms than data graphics such as number lines

or graphs,59 and research indicates that analogies centrally support

the human brain’s conceptualization of abstractions.88 Analogies

help humans construct mental models or cognitive representations

of abstract concepts, by basing them upon concrete physical experi-

ences or objects.59,61,62,88 We observe this phenomenon in our par-

ticipants’ language, such as “he’s running out of heart function”

(12). Analogies can especially help novices, or persons without pre-

existing mental models.59,61,89 This may explain their effectiveness

here, as many of our participants had cognitive impairment or lim-

ited education. Future research should explore familiar,62,90 appro-

priate,59,62 and effective61 visual analogies for conveying symptom

information.

We found discrepancies between objective comprehension and

subjective preferences. One in 7 participants (14%) preferred a visu-

alization that they did not comprehend over one they did. This is

consistent with previous research that physicians and patients pre-

ferred design features not associated with accurate quantitative

judgements.91,92 Given our results and the previous evidence for dis-

crepancies, future studies should measure objective comprehension

directly. This includes user-centered and participatory design re-

search, which may inappropriately conflate subjective preferences

with efficacy. Our results suggest that, alongside comprehension, vi-

sual aesthetics may influence preferences. Almost all participants

preferred conditions with graphics or colors, important components

of aesthetics,93 and more participants mentioned color than any

other feature. Future work should explore how aesthetics influence

preferences and potentially comprehension as well.

While non-significant, the least comprehended condition had the

shortest response times, and the most comprehended condition had

the longest response times. One possible explanation is that people

may judge their ability to interpret visuals before actually interpret-

ing them.94 If the visualization looks too complex, people do not at-

tempt to interpret it, regardless of their actual cognitive capacity.

This results in a shorter response times. Recent research revealed

that people form first impressions of visual complexity within the

first 17 milliseconds,94 which influences their intention to interact.

A related concept is positive reinforcement, which might encourage

participants to continue interacting with their health information,

even when complexity increases. Future research should explore

how first impressions and positive reinforcement may impact

patients’ interactions with health technologies.

Our behavioral intentions results echo previous research on dis-

playing health information through patient portals.28–30 Most par-

ticipants (82%) intended to act, but many expressed uncertainty

about how to act. The majority (78%) chose to “show their health-

care provider” to aid their decision, and responses varied dramati-

cally from “search the Internet” to “go to the hospital.” This

underscores patients’ need for health decision support. Compre-

hension is a necessary first step toward better decision making, but

it is insufficient. This is consistent with previous research that vi-

sual features which improve quantitative reasoning differ from fea-

tures that alter behavior or intentions,92 and that simply displaying

information is insufficient to modify behavior.28–30 Future studies

should explore strategies to connect comprehension with healthy

actions, and bridge the gap between interpreting and using health

information.

Given the known prevalence of low graph literacy,51 as well as

the known cognitive impairment found in hospitalized patients,95–99

our participants’ low graph literacy did not surprise us. Addition-

ally, we found that the text plus line graph had nearly equivalent

comprehension to the text-only condition (60% vs 63%; P¼1.000).

Given these results, communicators should not assume line graphs

will be better comprehended than text. This is consistent with previ-

ous research that graphs may require more effortful cognitive skills,

and patients’ interpretations of graphs depend on their expertise and

familiarity.92 The cognitive burden of graphs is especially concern-

ing in hospitalized patients, who arguably have the greatest need to

comprehend their health information, yet frequently have cognitive

limitations due to stress or illness. The cognitive impairment in our

sample (84%) is consistent with previous research describing cogni-

tive impairment (62%-80%) in hospitalized populations,95–100 and

most patients with mild-to-moderate cognitive impairment still

make their own healthcare decisions.101 Future work on displaying

health information should therefore include hospitalized patients

and consider cognitive status.

The importance of conducting this study in the real-world–like

setting cannot be understated. In the controlled laboratory-based

setting, participants can review their health information at their

leisure, without distractions. In the real-world setting, participants

may experience competing priorities or distractions. The reality in

the clinical and home environment is that most patients will not

sit for an hour and read hospital materials. Instead, they will

briefly review materials, and either understand them or not. This

“immediate” comprehension is likely different from comprehen-

sion after careful consideration in a controlled setting, with

greater emphasis on rapid communication and easy learnability.
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In our study, we found participants paid greatest attention to visu-

als, and much less attention to additional information cues, like

text. This somewhat contradicts the recent informatics literature

suggesting more information cues always improves interpreta-

tion.58,102 The contradiction may result from evaluating real-

world “immediate” comprehension versus laboratory-based

“extended” comprehension. More research is needed to explore

“immediate” comprehension.

Limitations
Our visualizations compared PRO results at 2 time points for sim-

plicity. Results may not generalize to 3 or more time points, particu-

larly unevenly spaced ones.103 The number line did not perform as

well as expected, potentially due to formatting. In the future, the fol-

lowing formatting strategies may improve number line performance:

(1) vertical rather than horizontal comparison of 2 number lines, (2)

showing 2 time points on 1 number line rather than 2 separate num-

ber lines. We assessed comprehension for 3 symptom constructs:

physical function, depression, and fatigue. Results may not general-

ize to other symptom constructs, and certain constructs may require

unique visualizations. Future work should offer patients a broader

variety of visualizations and strategies for interpreting results.

Our sample demonstrated high levels of cognitive impairment

(84%), consistent with being hospitalized.95–99 Given the urgent in-

formation needs of hospitalized patients, and their exclusion from

previous studies, our inclusion of hospitalized, cognitively impaired

participants is an important strength. However, results may not gen-

eralize to non-hospitalized, non-cognitively-impaired populations.

Expert review, and not a previously validated phenotyping algo-

rithm, was used to identify heart failure patients. Our participants

represented a wide range of demographics; however, a broader sam-

ple, including non-English speakers, could further increase our gen-

eralizability. Many potential participants were unavailable during

recruitment or declined to participate, and findings may differ in

non-participants, although our purposive sampling strategy pre-

vented differential attrition based on age, gender, and race. Future

work should evaluate objective comprehension in a larger sample,

to determine whether each non-significant trend is an artifact or re-

ality, particularly for the number line.

CONCLUSION

Often, electronic systems display longitudinal PROs to patients

without contextualizing or interpreting them. We found that visual

analogies can enhance patients’ comprehension of longitudinal

PROs, compared with text-only or graph interpretations. The results

support using visualizations rather than text to display longitudinal

PROs, but caution against relying on graphs. Additionally, we found

discrepancies between comprehension and preferences, which sug-

gests factors other than comprehension influence preferences. Future

researchers should assess comprehension rather than preferences to

determine efficacy.
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