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Abstract
Visual tools for communicating physiological risk to low-literacy
informal workers remain scarce. We present a mixed-method study
in which 11 rickshaw pullers were shown aggregated visualizations
of wearable data: one weather marker and three biomarkers derived
from a three-year-long dataset of 100 rickshaw pullers. Using a pre
and post-risk assessment protocol paired with semi-structured in-
terviews, we examine how participants perceive and respond. We
find that visualizations were associated with an upward shift in re-
ported risk ratings across all biomarkers, with relative cardiac cost
(RCC) showing the largest observed shift, though these shifts did
not reach statistical significance at our sample size. Subsequently,
thematic analysis reveals four themes: informal health knowledge,
risks beyond biomarkers, individual recovery strategy, and normal-
ization. Based on this analysis, we propose design considerations
for just-in-time and post-hoc intervention, as well as implications
for wearable computing and interface design for low-literacy popu-
lations.
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1 Introduction1

Wearable Personal informatics devices for managing occupational2

heat stress remain poorly suited to frontline outdoor workers. Exist-3

ing wearable designs (Apple Watch, Fitbit, Oura Ring, etc.) largely4

target white-collar users, producing a mismatch between current5

design assumptions and the realities of field work that demands sus-6

tained, intensive physical exertion [4]. Rickshaw pulling in Dhaka,7

Bangladesh, exemplifies this gap: pullers perform heavy labor out-8

doors across seasons of extreme heat and humidity, yet have little9

access to information about the physiological toll of that exposure.10

Prior work has proposed a Bayesian Belief Network for predict-11

ing key physiological biomarkers of rickshaw pullers from demo-12

graphic, activity, and weather data, coupled with climate-model13

forecasts to project these biomarkers under future climate scenarios14

for Dhaka [11]. The resulting wearable sensing dataset includes15

100 pullers monitored across winter, summer, and monsoon condi-16

tions from 2023 to 2025. Notably, rickshaw pullers in prior work17

have expressed curiosity about the meaning and implications of18

their physiological measurements, highlighting an information gap.19
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The present study investigates this gap by asking the following20

questions.21

(1) RQ1: Does exposure to aggregated weather and physiologi-22

cal biomarker visualizations (as annotated bar charts) shift23

rickshaw pullers’ perception of heat-related risk?24

(2) RQ2: To what extent can rickshaw pullers who represent low25

literacy groups in society interpret and engage with such26

scientifically grounded visualizations?27

(3) RQ3: How do rickshaw pullers describe their adaptation and28

recovery strategies in relation to heat-related risk?29

In exploring these research questions, we find some relevant30

studies which we summarize in Table 1.31

Liu et al. [8] studied a general USA-based population’s percep-32

tion of binary climate data visualizations spanning eight decades33

of historical data. Unlike the studies below, this work presented ag-34

gregated data, surfacing design considerations for how non-expert35

audiences interpret long-term climate trends. Solano-Kamaiko et al.36

[13] gave home care workers personalized activity-tracking visual-37

izations of their own data. Reflecting on personal data encouraged38

many participants and motivated behavior change. Okolo et al. [9]39

examined how community health workers in rural India perceive40

explainable AI interfaces, concluding that standard XAI methods41

are poorly suited to low-literacy, novice users in the Global South42

and calling for visualizations that avoid color associations, complex43

numerical labels, and multi-image layouts. Most directly related,44

Chaudhary et al. [4] deployed personal informatics sensors with45

strawberry farmworkers in California, presenting each worker’s46

own physiological and work statistics back to them. Despite initial47

enthusiasm, workers normalized their grit, prioritizing earnings48

over health.49

Taken together (Table 1), these studies inform design in three50

ways. First, tools designed for general or higher-literacy users do not51

necessarily transfer to populations with minimal formal education,52

and even within frontline contexts their usefulness varies [4, 13].53

Second, the temporal window of the data shapes how workers54

trust and interpret it. Third, presenting individuals with their own55

longitudinal data risks memory and outlier bias, where anomalous56

readings distort perception. We therefore present (i) bar chart-based57

binary visualizations for ease of understanding and (ii) aggregate58

data drawn from three years of physiological and weather measure-59

ments across the broader rickshaw puller cohort (n=100).60

2 Method61

We conducted a semi-structured interview study in which rickshaw62

pullers in Dhaka were shown visual summaries of physiological and63

weather data drawn from an earlier cohort of 100 pullers [11], and64

rated their perceived heat-related risk before and after exposure to65

those visuals (Figure 1).66

2.1 Visualization Design67

We prepared five visual stimuli (Figure 2). The first served as an68

introduction to the study protocol: a rest–ride–rest schematic (Fig-69

ure 2a) illustrating the three-phase data collection procedure: 5–1070

minutes of rest, a 15–20 minute rickshaw ride covering 1.6 km, and71

a second rest period that each participant in the original cohort72

had undergone [11]. Next, weather context (wet bulb globe tem-73

perature, or “perceived temperature”) and three others for each74

Figure 1: Study protocol overview.

biomarker: skin temperature; relative cardiac cost, or “degree of75

the heart’s exertion”; and skin conductance level, or “sweat level”.76

Each visualization is a grouped bar chart contrasting two seasons,77

winter versus summer–monsoon, and within each season two ac-78

tivity states, resting and driving, with a triangular marker denoting79

the maximum observed value. Our visualizations are inspired by80

the fact that a binary visual approach helps to better understand81

the perceived impact [8].82

The red threshold lines in each visualization correspond to oc-83

cupationally established risk boundaries. For WBGT, we apply the84

established >31.1°C limit as “High risk of heat-related illness or85

Extreme conditions” [3, 12, 14]. For skin temperature, we use 35°C,86

the upper limit of normal thermoregulatory range, beyond which87

sustained elevation risks driving core temperature to lethal values88

[12, 15]. For relative cardiac cost, the threshold is set at 40%, mark-89

ing the onset of physiological overload and acute cardiovascular90

risk during prolonged exertion in heat [5, 10]. For skin conductance91

level, we use 20𝜇𝑆 , above which sympathetic arousal transitions92

from moderate stress to extreme activation [1, 6, 7].93

2.2 Participants94

We recruited 11 rickshaw puller participants (P1–P11) from Dhaka95

(Table 2) through convenience sampling. Participants ranged in age96

from 33 to 70 years (mean 56.2) and were all male and married. Six97

participants had attended schools up to grade 8, while five reported98

no formal education. Daily income ranged fromUSD 3 to USD 7, and99

reported work hours ranged from 7 to 14 hours per day, with work100

windows spanning as early as 7 AM and as late as midnight. Among101

the participants, 8 of 11 (73%) reported body pain, 3 (27%) reported102

cardiovascular disease, and 1 (9%) reported asthma (Table 2).103

2.3 Study Protocol104

Each participant went through two phases. The first phase repli-105

cated the sensor data collection procedure, which we followed for106

the cohort of 100 rickshaw pullers (see [11] for details). This en-107

sures that the interview participants get familiarized with what108

that cohort of 100 rickshaw pullers had gone through. Both phases109

were conducted in the participants’ local language, Bangla.110

During second phase, the interviewer first oriented the partici-111

pant to the activity using the rest–ride–rest schematic (Figure 2a).112
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Table 1: Comparison of personal informatics studies with low-literacy or frontline worker populations.
Study Subject Group Devices Subject Literacy Data Window Presentation
Liu et al., 2025 [8] General population — — 80 years (1940–2020) Aggregated
Solano-Kamaiko et al., 2025 [13] Home-care workers Fitbit, Oura High School –Master’s 4 weeks (n=20) Individual
Okolo et al., 2024 [9] CHWs iPad Middle School –Master’s Just-in-time (n=35) Patient image
Chaudhary et al., 2025 [4] Farmers Polar HR + tempi.fi Middle School 2 weeks (n=3) Individual
Ours Rickshaw pullers Embrace Plus + Temp & Hum No formal–Elementary 3 years (2023–2025) Aggregated

(a) Introductory stimuli (b) WBGT (c) Skin Temperature (d) RCC (e) SCL

Figure 2: Visual stimuli including the physiological measurements across winter and summer-monsoon seasons, showing
resting state (blue) and rickshaw riding state (yellow). Red dashed lines indicate clinically validated occupational thresholds.

For each biomarker, the interviewer (1) defined and explained the113

concept and its risk threshold in plain Bangla, then (2) asked the114

participant to rate the perceived risk of that biomarker on a five-115

point scale, anchored by a fan speed-regulator analogy where 1116

denotes no risk, and 5 denotes extreme risk. The interviewer (3)117

then presented the corresponding visualization, walking through118

the rest/ride and seasonal comparisons and the threshold crossings,119

and (4) asked the participant for a second rating on the same scale.120

Finally, (5) for each of the four biomarkers, the interviewer used121

a common set of open-ended, semi-structured questions. The ques-122

tions consist of whether the sensation (heat, skin temperature,123

cardiac exertion, or sweating) felt tolerable during work and, if not,124

when and why; which season it felt most severe in; whether it was125

felt more during rest or while riding; how long into a ride the sensa-126

tion typically began and how long it persisted; what the participant127

did in response; and whether those measures felt sufficient.128

Each interview lasted approximately 24 minutes (SD ± 5 min-129

utes). All experimental protocols were reviewed and approved by130

the authors’ Institutional Review Board (IRB) in accordance with131

relevant ethical guidelines and regulations. Interviews were con-132

ducted by one of three interviewers who are also the authors, with133

at least two interviewers typically present during the session. Prior134

to participation, each participant was briefed on the study objec-135

tives, their right to withdraw at any time without consequence, and136

the expected duration of their involvement. Oral informed consent137

was obtained (considering participants’ lack of formal education)138

from all participants before data collection began. In addition to139

standard fare for the rickshaw trip, participants received separate140

compensation for their time participating in the interview.141

2.4 Analysis142

We record each participant’s pre-exposure rating, post-exposure143

rating, their difference, and relevant descriptive statistics (e.g., me-144

dian, IQR, mean, and standard deviation) for all four biomarkers,145

allowing us to examine whether viewing the visualizations shifted146

perceived risk and in which direction. Besides, to assess whether147

pre/post risk ratings differed for each biomarker, we conducted148

one-sided Wilcoxon signed-rank tests, testing the hypothesis that149

post-visualization ratings were stochastically greater than pre-150

visualization ratings. This non-parametric test was chosen given151

the ordinal 1–5 rating scale and small sample size. Tests were run152

per biomarker on paired participant ratings.153

Then, three authors perform Thematic Analysis on the translated154

English transcripts, following the six steps described by Braun and155

Clarke in Thematic Analysis [2]. First, we apply semantic coding,156

i.e., codes that directly reflect the participants’ observations, keep-157

ing the analysis grounded in their accounts. Each interview is stored158

as a separate docx structured as a sequence of interviewer–rickshaw159

puller exchanges, and during coding, we highlight each relevant160

segment and record its code inline beside the corresponding line.161

Wemaintain a codebook as a spreadsheet in which rows correspond162

to participants and columns to codes, marking the presence or ab-163

sence of each code for each interview. The three authors then met164

to examine patterns of similarity across the codebook and extract165

distinctive, representative themes. This process yielded 28 codes166

and 4 themes, which we present in the following subsection.167

3 Findings168

Figure 3 presents pre and post-visualization risk ratings across all169

four biomarkers for the ten participants with complete data (P1 ex-170

cluded). SCL and RCC received consistently high pre-visualization171

ratings, reflecting participants’ immediate bodily familiarity with172
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Table 2: Demographic Profile of Participants
P1 P2 P3 P4 P5 P6 P7 P8 P9 P10 P11

Age 60 70 65 33 65 45 45 54 45 69 67
Education Gr.1 Gr.8 Gr.3 Gr.4 NA Gr.1 Gr.5 NA NA NA NA
Marital status M M M M M M M M M M M
Income/day (USD) 5–6 5–6 5–6 6 4–5 5–6 6–7 4–5 5–6 3–4 7
Work hours/day 7 13 8 10–11 11 7 11 10 9 9 14
Work window 8–15 8–24 7–15 9–22 11–22 8–15 9–20 12–22 9–18 8–17 7–21
Meals/day 3 2 2 3 2 3 2 3 3 3 3
Sleep hours/day 6 4 4 8 3–4 8 7 7–8 8 5–6 6
Smoking ✓ × ✓ × ✓ × × × ✓ × ×
CVD × ✓ × × ✓ × × × × ✓ ×
Asthma × × × × × × × × × ✓ ×
Body Pain ✓ ✓ × ✓ ✓ ✓ × ✓ ✓ ✓ ×

sweating and cardiac strain. WBGT and skin temperature showed173

greater variability, with several participants initially assigning mod-174

erate ratings. Table 3 reports descriptive statistics and one-sided175

Wilcoxon signed-rank results for each biomarker. Variance nar-176

rowed after visualization for WBGT, skin temperature, and espe-177

cially RCC (SD dropping from 1.0 to 0.6), suggesting the visualiza-178

tion brought participants toward a shared assessment rather than179

simply raising ratings on average. SCL was the exception on every180

measure: already at the ceiling before visualization (median 5), it181

showed negligible mean shift, a slight increase in variance, and the182

weakest Wilcoxon signal (𝑝 = .564), consistent with Theme 2’s find-183

ing that sweat is the most immediately self-perceptible biomarker184

and therefore the least informative to visualize. None of the four185

shifts reached statistical significance (𝑝 < .05), considering the186

small sample size; RCC came closest (𝑊 = 0.0, 𝑝 = .059), aligning187

with its largest mean shift and greatest variance reduction.188

In the subsequent sections, we present the qualitative findings189

from our thematic analysis alongside the quantitative risk rating190

outcomes from Figure 3.191

3.1 Theme 1: Perception of Extreme Heat Relies192

on Multiple Educational Factors193

Rickshaw pullers in Dhaka endure extreme ambient heat for 8–10194

hours a day, making them among the city’s most heat-vulnerable195

outdoor workers.196

Knowledge of external heat sources. Beyond ambient heat, par-197

ticipants identified radiant heat from paved roads, engine exhaust,198

and direct solar radiation as compounding stressors, and several199

highlighted the rickshaw itself, whose metal frame, seat, and han-200

dlebars grow too hot to handle. P9 noted: “Sometimes the handle201

of the rickshaw, the seat and the paddle get so heated that you can’t202

sit in the rickshaw anymore.” Traffic congestion was a particularly203

acute amplifier; P3 captured the combined effect: “When I get stuck204

in traffic, there is heat from the vehicle engines, heat rising from205

the paved road, and heat from above. At that time, only by God’s206

protection do we survive.”207

Health knowledge: intuitive awareness alongside misinformation.208

Despite little or no formal education, participants held practical209

health knowledge accumulated through fellow workers and passen-210

gers. P6 articulated a clear strategy: “After resting, drinking water,211

eating biscuits, and sitting in the shade, I feel better.” P8 showed212

awareness of cardiac vulnerability, noting that “since we work so213

hard, we don’t even realize when heart problems develop.” Yet this214

P2 P3 P4 P5 P6 P7 P8 P9 P10 P11

WBGT
Pre 5 2 3 3 5 3 3 3 4 5
Post 4 3 4 3 5 4 3 4 5 5

-1 +1 +1 0 0 +1 0 +1 +1 0

Skin Temp.
Pre 2 3 5 5 5 5 4 3 4 4
Post 2 5 5 5 5 4 4 5 4 5

0 +2 0 0 0 -1 0 +2 0 +1

RCC
Pre 5 4 4 5 4 2 5 3 5 5
Post 5 5 5 5 5 5 5 3 5 5

0 +1 +1 0 +1 +3 0 0 0 0

SCL
Pre 4 5 5 5 4 5 3 5 4 4
Post 3 5 5 5 5 5 3 5 5

-1 0 0 0 +1 0 0 0 +1

1  No risk 2  Low 3  Moderate 4  High 5  Extreme

Figure 3: Risk ratings (1–5) assigned by each participant.
Scale: 1=No Risk, 2=Low, 3=Moderate, 4=High, 5=Extreme.

Table 3: Descriptive statistics of risk ratings.
Biomarker n Pre Post Mean Δ̄ Wilcoxon-Test

Median (IQR) Mean (SD) Median (IQR) Mean (SD) W p

WBGT 10 3 (3–4.8) 3.6 (1.1) 4 (3.2–4.8) 4.0 (0.8) 0.4 3.5 0.103
Skin Temp. 10 4 (3.2–5) 4.0 (1.1) 5 (4–5) 4.4 (0.9) 0.4 1.5 0.194
RCC 10 4.5 (4–5) 4.2 (1.0) 5 (5–5) 4.8 (0.6) 0.6 0.0 0.059
SCL 9 5 (4–5) 4.4 (0.7) 5 (5–5) 4.6 (0.9) 0.1 2.0 0.564

knowledge was inconsistently reliable: P2 had internalized a mis-215

applied instruction, “It is not right to drink saline (ORS) in a healthy216

body,” while P4 read exertion-induced palpitations as gastric dis-217

comfort, self-medicating with antacids.218

3.2 Theme 2: Risk Factors Beyond Biomarkers219

Beyond the sensor-based markers, interviews surfaced a richer pic-220

ture of occupational risk that our sensing measures do not capture.221

Frequency and timing of extreme heat. Participants universally222

agreed that heat risk concentrates in summer and monsoon, with223

winter posing minimal danger, though estimates of extremely hot224

days per month varied widely, from 7–8 days (P3) to a whole month225

(P9). This likely reflects differences in individual adaptation thresh-226

olds rather than disagreement about conditions. They associated227

the worst heat with specific Bangla-calendar months, spanning228

Boishakh through Bhadra (April–September), i.e., pre-monsoon229

through early autumn. Within a day, a consistent peak window ran230

from roughly 10 AM to 3 PM; at the trip level, onset of significant231

discomfort during a 20-minute ride was reported variably, between232

3 and 10 minutes.233

Passenger interaction as an additional risk factor. A risk not cap-234

tured by any biomarker is the physical and psychological pressure235

of passenger interaction. Demands for faster speeds introduce both236

exertion and emotional stress, elevating cardiac load and hastening237

heat-related deterioration. P3 described the effect: “If someone says238

‘pull a little harder,’ and I pull the rickshaw a bit harder, then my239

heart starts beating fast.” P7 noted that carrying two passengers240

made sweat drying impossible. These interactions are unpredictable241

and fall outside the puller’s control, a structural source of risk any242

intervention must acknowledge.243

3.3 Theme 3: Recovery Approaches Vary by244

Biomarker and Economic Conditions245

Participants’ ability to recover from heat-related strain was shaped246

by two intersecting forces: the recovery strategies available and the247

economic constraints.248

Natural and self-managed recovery. Participants relied primarily249

on natural, low-cost interventions, favored precisely because they250

require no expenditure: resting in shade, sitting under trees, and251

catching natural wind were the most common first-line responses.252
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Beyond passive rest, they described active routines, drinking water253

or lemonade, wiping the body with a wet towel, eating biscuits,254

and consuming oral rehydration salts (ORS). P4 described a typical255

mid-trip sequence: “If it feels too hot, I pull over and rest. I drink256

water, eat something. . . If I drink lemonade and saline, it helps relieve257

body weakness.” Seasonal intensity shaped perceived necessity; P9258

found electrolyte balance obligatory in the hottest months: “During259

summer, I have to consume saline to stay healthy.”260

Economic barriers to full recovery. Despite knowing what would261

help, participants frequently could not access better recovery re-262

sources for financial reasons. Nutritious options, e.g., coconut water,263

pomegranate and orange juice, milk, were consistently identified264

as desirable but unaffordable. P8 was direct about the structural265

reality: “Eating well is a benefit, but we don’t get those things. We266

sweat and sleep anyway.” The pressure to maximize earnings within267

limited hours further undermines rest, producing a chronic tension268

between physical need and financial necessity. P3 articulated the269

trade-off plainly: “The risk doesn’t go away. Even if I think I would270

wait to fully recover, I won’t get any work done. So even if there’s a271

little problem in the body, I go back to work.” P3 described how a272

short trip expands into sustained exertion: “If I take a trip to Mo-273

hammadpur (a destination), it’s not just twenty minutes. If there is274

traffic, it can take an hour. . . I cannot rest, because the trip can extend275

for hours.” Even brief rest offers only transient relief (P6: the body276

“cools a little, but later it heats up again” ).277

3.4 Theme 4: Normalizing Occupational Risk278

Across participants, normalization operated through physiological279

adaptation and cognitive-economic normalization.280

Physiological heat adaptation. A subset of participants described281

robust heat tolerance, attributing their endurance to long occupa-282

tional exposure. P3, who worked through midday without reported283

exhaustion, framed this in terms of providence: “By Allah’s mercy,284

I can work a lot during noon. . . after one trip I get another, and even285

with that effort, I don’t get exhausted.” For others, tolerance had been286

built incrementally; P2, who found extreme heat uncomfortable but287

not unbearable, had developed a consistent post-exertion routine288

of wiping down and washing with water when available.289

Normalization through limited awareness. For several partici-290

pants, heat had been so absorbed into the texture of daily work that291

it no longer registered as a discrete hazard. P1 rated his own RCC292

risk as only moderate because he had no known heart condition:293

“It would have been a problem if there had been damage”, treating the294

absence of identifiable harm as proof of safety, a pattern that dis-295

counts chronic risk. P8 reduced seasonal variation to unremarkable296

routine: “It feels hot in the summer, cold in the winter, that’s it.” In297

both cases, normalization served as a cognitive shortcut that made298

continued work psychologically sustainable while marginalizing299

accurate risk appraisal.300

Normalization through economic necessity. For others, normal-301

ization was less a perceptual failure than a rational adaptation to302

circumstances offering no alternative. P2 stated the logic plainly:303

“Even if you can’t stand it, you have to endure it.” P5 came closest to304

naming the constraint, trailing off mid-explanation: “I want to (take305

a break). But even if I want to —” The unfinished sentence is itself306

revealing: the barrier to rest is not motivation but the conditions of307

informal labor that make rest economically punishing.308

4 Discussion309

Weorganize this discussion aroundwhat our findings show,whether310

they can be trusted given our study design, why the visualizations311

were effective, what these findings suggest for future systems, and312

how far the results generalize.313

4.1 Interaction with Visualization314

Visualization produced a net positive shift in risk ratings (Figure 3).315

Among the markers, SCL’s low average delta is consistent with it316

being the most immediately and viscerally perceptible biomarker:317

participants already rated it high before seeing any data, leaving lit-318

tle room for upward revision. RCC’s large delta reflects the opposite319

dynamic: cardiac strain during exertion is harder to self-monitor320

precisely, making the aggregate data genuinely informative. RCC321

also showed the most consistent directional shift among partic-322

ipants (Wilcoxon signed-rank,𝑊 = 0.0, 𝑝 = .059, Table 3), the323

closest of the four biomarkers to conventional significance, suggest-324

ing cardiac strain is one of the biomarkers for which visualization325

is most impactful.326

Together, these patterns support a broader design principle: vi-327

sualizations of physiological risk are most impactful for indicators328

that are real but not easily self-perceived, and least impactful where329

the risk is already legible through direct physical experience.330

4.2 Interviewer Effects on Visualization331

These risk-rating shifts, however, cannot be attributed solely to the332

visualization. Our study does not include a control condition, and333

our design cannot fully separate the effect of the visualization itself334

from that of the interviewer’s verbal explanation that accompa-335

nied it. The reported shifts reflect the combined effect of both. We336

treat visualization-plus-explanation as the intervention unit under337

this study, rather than claiming to isolate the visualization’s inde-338

pendent contribution. Besides, three interviewers conducted the339

sessions, which introduces a further source of variability beyond340

the visualization itself. This limitation reflects a structural trade-off341

common to work with low-literacy, frontline worker populations342

[4, 8, 9].343

4.3 Visualization Explainability344

A key finding of this study is that well-designed, low-text visual-345

izations of wearable data can communicate physiological risk to346

participants with little or no formal education, provided the visual347

grammar is explained at the outset. Even participants who could348

not read independently were able to interpret bar heights, threshold349

lines, and iconographic cues once the interviewer introduced the350

legend. The pre- and post-ratings in Figure 3 provide direct evi-351

dence: shifts occurred across all four biomarkers. These results are352

consistent with prior work cautioning against complex numerical353

labels and multi-layered color schemes for low-literacy users [9].354

However, comprehension of the visualization varied clearly across355

visual elements. The rest-ride-rest schematic and the blue/yellow356

color coding were understood immediately, with no participant357

requiring repeated explanation. The threshold line and maximum-358

value marker were also understood, with several participants cor-359

rectly identifying when a value fell above or below the danger line360

without needing repeated clarification. Some biomarker icons were361

less immediately legible, e.g., the icon for cardiac exertion required362
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the interviewer to add a concrete analogy, comparing rickshaw363

pulling to running on a treadmill, before participants interpreted it364

correctly.365

4.4 Potential Design Considerations366

Our analysis surfaces potential design considerations in four differ-367

ent aspects.368

Just-in-Time Interventions. The irregular, passenger-driven struc-369

ture of rickshaw work means that mid-ride alerts are largely im-370

practical, as pullers cannot stop while a passenger is aboard, and371

income pressure means even empty-rickshaw breaks are perceived372

as costly. The more viable window is the natural pause between373

rides, when a puller has just dropped a passenger and is momen-374

tarily free. A just-in-time system could use this window to prompt375

one of three categories of recovery action that participants already376

practice: hydration and nourishment (water, ORS, lemon water,377

or food such as biscuits or fruit), rest and cooling (shade-seeking,378

sitting under trees, or slow movement to catch wind), or hygiene379

(wiping sweat). Because these behaviors are already part of pullers’380

daily routine, the intervention need not introduce new habits. Con-381

sidering financial constraints, prompting a puller to purchase juice382

or take a 30-minute break without acknowledging affordability or383

scheduling uncertainty will be ignored or resented. Infrastructure-384

level solutions, e.g., public water points, shaded rest stops near385

busy intersections, are more equitable entry points than personal386

device recommendations that presuppose smartphone ownership387

or discretionary spending.388

Post-Hoc Reflection. Our visualization sessions demonstrate that389

post-hoc reflection on aggregate physiological data can shift risk390

perception meaningfully, even in participants with no formal ed-391

ucation and no prior exposure to biomarker concepts (Figure 3,392

for RCC, Δ̄ = 0.6). This form of intervention does not require real-393

time sensing or connectivity. A periodic session (monthly or yearly394

e.g., early summer) in which a community health worker presents395

cohort-level data using the low-literacy visualization format we396

developed could serve as a scalable awareness tool. In Bangladesh,397

where rickshaw pullers represent a significant portion of the ur-398

ban informal workforce, such sessions could be integrated into399

existing government occupational health policy. Our visualization400

format requires no literacy, no personal device, and no ongoing401

infrastructure, making it a low-cost policy-level intervention.402

Implications for Interface Design. Beyond intervention timing,403

our findings point to concrete interface design choices. First, icon-404

based, binary visuals were interpretable by participants who could405

not read independently. This pattern extends beyond low-literacy406

contexts: binary visuals are also effective for general audiences [8].407

Second, a threshold-anchored reference point per marker was like-408

wise sufficient for participants to identify risk, arguing for minimal,409

single-metric encodings over multi-value dashboards. Third, we410

grounded an abstract severity scale in a familiar physical anal-411

ogy, a fan speed regulator, suggesting that unfamiliar biometric412

concepts may transfer better through familiar, everyday referents413

than through numerical or Likert-style scales. Finally, participants414

needed an interviewer to introduce this visual grammar before they415

could interpret it unaided. Future interfaces should budget for an416

onboarding step rather than assume users can interpret visuals417

without guidance.418

Implications for Wearable Computing. This onboarding require-419

ment points to a broader implication: personal informatics research420

has largely assumed a model in which the wearer directly views421

their own data on a device. Our findings instead suggest a model422

in which wearable-derived value is delivered later, in aggregate,423

and through a human intermediary, without requiring the end user424

to own or operate a device, useful for populations facing literacy,425

connectivity, or device-ownership constraints. Furthermore, our426

study offers visualizations and thresholds for a population largely427

absent from wearable sensing and ubiquitous computing literature.428

4.5 Generalizability429

We expect these findings to generalize along two axes. First, by430

design approach: the effect should extend beyond heat stress to431

any domain where workers face measurable environmental risk,432

literacy is limited, and individual data is impractical, making aggre-433

gate, threshold-anchored, icon-supported visualizations a broadly434

applicable strategy. Second, by occupation: the coping strategies we435

document, e.g., hydration and shade-seeking, are shared by workers436

in structurally similar conditions, such as construction, farming,437

and gig delivery, who face the same interplay of exertion, financial438

pressure, and irregular schedules.439

5 Limitations440

This study has several limitations. Our sample of 11 participants,441

while sufficient for qualitative thematic analysis, limits the general-442

izability of the quantitative risk rating shifts. Besides, participants443

were recruited from a single urban area in Dhaka, which may not444

reflect the experiences of rickshaw pullers in smaller cities or ru-445

ral settings. Additionally, interviews were conducted in a single446

session, meaning the long-term effect of visualization on behavior447

change, as opposed to immediate perception shift, remains un-448

known. Most importantly, we treat the study as exploratory and449

hypothesis-generating rather than confirmatory. The qualitative450

themes are the study’s primary contribution, reflecting thematic451

outcomes across a homogeneous participant group, while the quan-452

titative shifts are observed signals that motivate future work.453

6 Conclusion454

Rickshaw pullers in Dhaka can meaningfully interpret aggregated455

physiological risk data with some guidance, and exposure to such456

data is associated with a shift in reported risk perception, though457

this shift did not reach statistical significance at our sample size. Our458

thematic analysis shows that normalization, financial constraints,459

and the structural unpredictability of participants’ informal labor460

mediate this perception. Further, we discuss the possibility of three461

design considerations (just-in-time, post-hoc, and designing inter-462

face) for low-literacy outdoor workers.463

Going forward, there is scope for future work to formalize these464

observations by asking participants to rank or score each visual465

element individually, isolating which components most reliably466

transfer information. Besides, future work with a larger sample size467

can examine whether the effects described in this study hold up468

over repeated or longitudinal sessions.469
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