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Background: SafeBoda is a private transportation company that started providing motorcycle 

taxi services in Kampala in 2015. Prior to the introduction of SafeBoda, motorcycle taxi services 

in Kampala were entirely provided by independent motorcycle taxi drivers with limited formal 

training on road safety and proclivity for risky riding behaviors (e.g., driving without protective 

gear and against traffic). SafeBoda introduced an Uber-like model of motorcycle taxi services 

where it provides road safety training, protective gear, and vehicle maintenance to its drivers. In 

addition, its drivers are expected to adhere to a code of conduct (e.g., respect for traffic 

regulations such as stopping at traffic stops). Penalties for breaking the code of conduct include 

re-training, suspension, or dismissal. We sought to determine whether helmet use, risk of road 

traffic crash (RTC), and riding behaviors differed between SafeBoda and regular (i.e., those not 

enrolled in SafeBoda) motorcycle taxi drivers in Kampala, Uganda.  

Method: We collected demographic and behavioral data from SafeBoda and regular drivers 

using: a) computer-assisted personal interview (CAPI), where 400 drivers were asked about 

their riding behaviors (e.g., helmet and mobile phone use);  b) roadside observation 



questionnaire, where riding behaviors were observed in 3000 boda-boda drivers and their 

passengers along major roads in Kampala; c) text-based/SMS and telephone interview 

questionnaires where occurrence of road traffic crash data was collected from 342 drivers every 

two months for a period of six months; and d) Global Positioning System (GPS) devices where 

movement patterns and riding data were collected from 60 drivers for a period of 24 hours. 

Baseline characteristics were compared between SafeBoda and regular drivers using chi-

square and t-tests. In addition, we used Poisson and generalized estimating equation models 

with robust standard errors to model the effect of the SafeBoda program on helmet use and risk 

of road traffic crash respectively.  

Results: Across all studies, a higher proportion of SafeBoda drivers than regular drivers 

engaged in safe riding behaviors. For instance, helmet use among SafeBoda compared to 

regular drivers was 21 percent points higher (95% CI: 0.15-0.27; p<0.001) based on the CAPI 

and 45 percent points higher (95% CI: 0.43-0.47; p<0.001) based on roadside observation. 

Furthermore, compared to regular drivers, SafeBoda drivers were more likely to report having a 

driver’s license (66.3% vs 33.5%; p<0.001) and a reflective jacket (99.5% vs 50.5%; p<0.001) 

and were less likely to report driving against traffic (4% vs 45.7%; p<0.001) in the past 30 days. 

From the follow-up study of 342 drivers for 6 months, there were 85 crashes (31 in SafeBoda 

and 54 in regular drivers) that occurred during the follow-up. The majority of the 85 crashes (31 

in SafeBoda vs 54 in regular drivers) involved either a collision with another motorcycle (27.1%) 

or a car (63.5%). Speeding (10.6%), faulty brakes (7.1%), and distracted driving (4.7%) were 

the most frequently reported causes of the crashes. Sixty-nine (81.2%) of the crashes resulted 

in injury to the driver and 56 (81.2%) of these driver injuries required a visit to a health facility. 

Of the injuries that required a visit to a health facility, 13 (23.2%) required in-patient care 

(admission). The median hospitalization time for injuries requiring in-patient care (as of the time 

of follow-up) was 3 days with a range from 1 day to 30 days. Over the six-month follow-up 



period, SafeBoda drivers were 39% less likely to be involved in a RTC than regular drivers after 

adjusting for age, possession of a driver’s license, and education (RR: 0.61, 95% CI: 0.39-0.97, 

p=0.04). From the GPS study, we found that GPS devices are acceptable and feasible for 

measuring boda-boda driver movements without any major measurement (e.g., missing data 

and device failure) and logistical (e.g., installation and retrieval of the devices) issues. The GPS 

data showed that boda-boda drivers in the study made an average of 31 trips per day (SD = 

10.4). The median trip was 3.5 km and lasted on average 9.0 minutes (range 3 minutes to 13.8 

minutes). The mean farthest Euclidean distance from the driver’s stage or taxi stand was 5.8 

km. The mean speed on a trip was 22.5 km/h. Driving movements within the city did not seem to 

differ significantly between SafeBoda and regular drivers (they shared similar activity spaces). 

Even where there were differences, these seem to be quite modest. 

Conclusion: The SafeBoda program is associated with increased safe riding behaviors and 

reudced risk of road traffic crash among motorcycle taxi drivers in Kampala. Therefore, the 

promotion and expansion of such programs may lead to a reduction in morbidity and mortality 

due to road injuries. 
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Chapter 1: Introduction 
 

Road traffic crashes kill 1.2 million and injure between 20 million and 50 million persons each 

year. Nearly all (95%) of this injury burden is borne by road users in low and middle income 

countries (LMICs).1-3 Road traffic crashes (RTCs) involving motorized 2-3 wheelers (including 

motorcycles) account for 22% of these deaths.1 Motorcycles are a popular mode of 

transportation in many LMICs because compared to other modes of transportation, they are 

relatively affordable, convenient for short distances, difficult terrain, and poor roads, and are 

efficient for navigating heavy vehicular traffic in many developing cities.4-9 However, despite 

these benefits, motorcycle drivers are involved in a substantial number of RTCs and road traffic 

injuries (RTIs) in LMICs.1-3,10 Africa has the world’s highest rates of road traffic morbidity and 

mortality, with an estimated 65.2 RTIs and 26.6 deaths per 100000 persons.3,11 Among 

motorcycle drivers and their passengers, the injury and death rates in Africa are 16.1 RTIs and 

1.3 deaths per 100000 persons respectively.3 In the past two decades, many studies have 

reported increasing involvement of motorcycle drivers and their passengers in RTCs and RTIs, 

as the number of motorcycles exploded in Africa.3,6,9,12-14 One study in Nigeria reported an 

increase of 3000% in the number of patients with fractured limbs after the introduction of 

motorcycle taxis in Lagos, Nigeria.15 Low helmet use (with estimates ranging from 0% to 89% 

among riders), low percent of riders with driving license, poor road conditions, poor enforcement 

of traffic laws, distracted driving behaviors (e.g., mobile phone use), and limited access to road 

safety trainings have been put forward as the primary drivers of the high incidents of RTC and 

RTI among motorcycle riders.5,6,8,16-23 Unlike in high-income countries where mandatory training, 

licensing, and enforcement of traffic laws have ensured high compliance with use of protective 

gear8,24,25, helmet use is low in Africa. Additionally, training is poor. For example, between 19% 
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and 80% of motorcycle drivers in Africa acquired their training informally from friends and 

peers.18,23 

 In Uganda, motorcycles are primarily used a form of taxi service and are known locally as 

boda-boda.26-28 In the city of Kampala alone, the number of motorcycle taxi drivers is estimated 

to be between 50000 and 80000.27 In line with patterns observed in other LMICs, motorcycle 

taxi drivers in Uganda are known to be involved in risky riding behaviors (e.g., speeding, unsafe 

overtaking, driving under the influence of drugs, and failure to wear protective gear) associated 

with increased risk of RTC and RTI. They are the second largest road user category involved in 

RTCs in Uganda. They were involved in 28.2% of RTCs and represented 23.5% of road traffic 

injuries in 2015.10 According to the 2018 Road Safety Performance Review report, road fatalities 

involving motorcycle taxi drivers doubled between 2011 and 2016.29  

In recent years, road safety-conscious companies such as SafeBoda, UberBoda, and Taxify 

have cropped up to formalize the motorcycle taxi sector in Uganda and to address the issues 

around poor riding behaviors through training and provision of protective gear.30,31 SafeBoda is 

a private transportation company that takes an innovative approach to providing motorcycle taxi 

services using a trained community of drivers in an effort to increase safe riding behaviors and 

reduce crashes and injuries. The company provides multiphase road safety training, helmets, 

vehicle maintenance, and basic first responder training to its drivers. It also provides hairnets to 

passengers who are concerned about contracting skin diseases from a shared helmet.30 In 

addition, SafeBoda drivers are expected to adhere to a code of conduct focused on safe driving 

and customer service. Initially, the training for the drivers was provided by the Uganda Police 

and the Uganda Red Cross Society. However, this has since been transitioned to a team of 

SafeBoda trainers (part of the SafeBoda academy) who were trained by the Global Road Safety 

Partnership and the Uganda Police and Red Cross. Newly recruited drivers are trained on traffic 

signs and symbols, traffic regulations, the SafeBoda code of conduct, emergency response, 
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customer care, and how to use the SafeBoda app.30,32,33 SafeBoda drivers undergo regular 

refresher trainings. As of January 2019, SafeBoda has over 8000 drivers in Kampala.33 Other 

programs working in the same motorcycle taxi service space with SafeBoda include UberBoda, 

Taxify, and Dial Jack. 

Despite the proliferation of these programs in Uganda, there is inconclusive evidence on 

whether road safety programs geared towards motorcycle drivers in LMICs are associated with 

increased safe riding behaviors and reduced incidents of RTC and injuries.2,6,34-36 Moreover, no 

studies have been conducted in Uganda looking at the role of recent start-ups (e.g., SafeBoda, 

Taxify, and UberBoda) on road safety in the motorcycle taxi sector.  

This dissertation set out to determine whether enrollment in the SafeBoda was associated with 

increased safe riding behaviors (e.g., use of helmet while driving) and reduced risk of road 

traffic crash (Figure 1). The dissertation is composed of three chapters as outlined below. 

Chapter 2: We conducted three inter-related cross-sectional studies to determine whether a 

higher proportion of SafeBoda drivers and their passengers engaged in safe riding behaviors 

compared to regular drivers and their passengers. We collected demographic characteristics 

and riding behaviors from 400 motorcycle taxi drivers using a computer-assisted personal 

interview (CAPI). In addition, we observed helmet use in 80 participants from the CAPI study 

and in 3000 drivers and their passengers along purposively selected streets in Kampala. 

Chapter 3: We conducted a cohort study where 342 drivers were followed up and assessed for 

occurrence of road traffic crash via text-based questionnaire and telephone interview every two 

months for a period of 6 months.  In addition, we assessed whether road traffic knowledge 

(based on a score from common road traffic signs and laws) mediated the hypothesized 

relationship between the SafeBoda program and risk of RTC. 



 

4 
 

Chapter 4: We conducted a cross-sectional study to assess the feasibility of using global 

positioning system (GPS) devices to measure movement patterns and riding behaviors in a 

sample of 60 motorcycle taxi drivers drawn from the cohort study in Chapter 3. We also 

assessed in these movement patterns and driving behaviors differed between SafeBoda and 

regular drivers.  

Figure 1.1. Conceptual model to visualize the relationships between the SafeBoda program, driving behaviors, and 
risk of road traffic crash 
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ABSTRACT 

Background SafeBoda is a motorcycle taxi company that provides road safety training and 

helmets to its drivers in Kampala, Uganda. We sought to determine whether SafeBoda drivers 

are more likely to engage in safe riding behaviors than regular drivers (motorcycle taxi drivers 

not part of SafeBoda). 

Methods We measured riding behaviors in SafeBoda and regular drivers through: a) computer-

assisted personal interview (CAPI), where 400 drivers were asked about their riding behaviors 

(e.g., helmet and mobile phone use) and b) roadside observation, where riding behaviors were 

observed in 3000 boda-boda drivers and their passengers along major roads in Kampala. 

Results Across the two cross-sectional studies, a higher proportion of SafeBoda drivers than 

regular drivers engaged in safe riding behaviors. For instance, helmet use among SafeBoda 

compared to regular drivers was 21 percent points higher (95% CI: 0.15-0.27; p<0.001) based 

on the CAPI and 45 percent points higher (95% CI: 0.43-0.47; p<0.001) based on roadside 

observation. Furthermore, compared to regular drivers, SafeBoda drivers were more likely to 

report having a driver’s license (66.3% vs 33.5%; p<0.001) and a reflective jacket (99.5% vs 

50.5%; p<0.001) and were less likely to report driving towards oncoming traffic (4% vs 45.7%; 

p<0.001) in the past 30 days.  

Conclusion The SafeBoda program is associated with increased safe riding behaviors among 

motorcycle taxi drivers in Kampala. Therefore, the promotion and expansion of such programs 

may lead to a reduction in morbidity and mortality due to road injuries. 
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INTRODUCTION 

In Uganda, motorcycle taxis known locally as boda-boda,a are a major form of transportation 

because they are relatively affordable, convenient for short distances, and efficient for 

navigating heavy vehicular traffic.5,7,26-28 In the city of Kampala alone, there are an estimated 

50,000 to 80,000 boda-boda drivers.27 Despite their advantages,  motorcycle taxis are involved 

in a substantial number of road traffic crashes (RTCs) and associated injuries in 

Uganda.4,10,29,37,38 Boda-boda drivers are the second largest road user category involved in 

RTCs in Uganda. In 2015, they were involved in 28.2% of RTCs and represented 23.5% of road 

traffic injuries in Uganda.10 According to the Road Safety Performance Review report, road 

fatalities involving boda-boda drivers doubled between 2011 and 2015 (from 570 deaths to 1170 

deaths).29 Moreover, Mulago, the main national public hospital in Uganda, receives between 10 

and 20 cases of boda-boda related RTCs daily, and spends more than 60% of its annual 

surgery budget on treating trauma from these crashes.27,38,39 Poor riding behaviors such as 

speeding, unsafe overtaking, and low use of protective gear have been found to be associated 

with increased crash and injury risk in this road user group.7,26,29,37,38 One study conducted 

among boda-boda drivers presenting at the emergency unit at Mulago Hospital in Kampala, 

found 57% lower odds of head injury in drivers wearing a helmet during the crash compared to 

those not wearing a helmet.38 Yet, despite this evidence, helmet use among boda-boda drivers 

and their passengers in Kampala is low. For instance, a 2011 roadside observation study of 

12189 boda-boda drivers and passengers found helmet use of 30.8% and <1% respectively.26 

In recent years, private companies such as SafeBoda and Taxify have cropped up to formalize 

the boda-boda sector and to address the issues around poor riding behaviors through training 

and provision of protective equipment.31,40 SafeBoda is a road safety-conscious private 

                                                             
a This term originally referred to bicycle taxis that operated at the Uganda-Kenya border. However, it is now a generic 
term for bicycle and motorcycle taxis in East Africa. In present use, boda-boda increasingly refers to motorcycle taxis. 
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company founded in 2015. It currently provides motorcycle taxi services in Kampala using a 

trained community of drivers. The company provides multiphase road safety training, two 

helmets (for driver and passenger), and vehicle maintenance to its drivers in an effort to 

increase safe riding behaviors and reduce crashes and injuries. The company also provides 

hairnets to encourage helmet use in passengers concerned about contracting skin diseases 

from a shared helmet.40 SafeBoda currently has over 5000 drivers in Kampala.  

There is contradictory evidence on whether programs such as SafeBoda that provide protective 

gear and training to motorcycle drivers in low-and middle-income countries are associated with 

increased safe riding behaviors and reduced incidents of RTC and injuries.2,6,34-36 Therefore, we 

sought to determine whether drivers enrolled in the SafeBoda program were more likely to 

engage in safe riding behaviors than regular drivers in Kampala, Uganda. In this study and 

throughout this paper, regular drivers refer to boda-boda drivers who were not identified as part 

of the SafeBoda program. At the time this study commenced, SafeBoda was the only company 

of its kind operating in Kampala. Since that time, additional companies (i.e., UberBoda, Taxify, 

and Dial Jack) have started to provide similar services in the city. 

METHODS 

We conducted two cross-sectional studies to measure safe riding behaviors (e.g., helmet use) in 

SafeBoda and regular drivers in Kampala.  

Computer-assisted personal interview (CAPI) study: We recruited 400 drivers (200 

SafeBoda and 200 regular drivers) between October and December 2017 from boda-boda 

stages across Kampala. A stage is a location where a boda-boda driver is generally stationed 

when not out driving a passenger or looking for one.  

Study size: We used helmet use as the primary outcome to calculate the study sample size. 

Previous studies had reported helmet use between 18% and 30% among boda-boda drivers in 
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Uganda.26,38 We assumed that 30% of regular drivers wore a helmet in Kampala. With a type I 

error rate of 0.05 using a χ2 test, we needed a sample of approximately 400 boda-boda drivers 

to have 80% power to detect a prevalence ratio (PR) of 1.45 in helmet use comparing SafeBoda 

and regular drivers.41 We used a purposive and convenience sampling method (i.e., targeting 

areas with boda-boda stages with at least one SafeBoda driver) to recruit participants for the 

study. This method had previously been used to recruit boda-boda drivers in Kampala.5 We 

recruited a maximum of 4 drivers from each stage by enrolling the first 4 to give consent to be in 

the study. We limited the number recruited from each stage to avoid overrepresentation of any 

one stage in the study. Drivers were eligible to participate if they were 18 years or older, able to 

communicate in English or Luganda (a widely spoken language in Uganda), and had been 

working as a boda-boda driver for at least six consecutive months at the time of recruitment. 

The choice of six months was to help us to collect covariate information such as past crash 

history.  

Data collection: Consenting drivers were administered a 15-minute questionnaire (Figure S1) in 

a reasonably quiet location near the recruitment stage. The questionnaire contained questions 

on demographic and personal characteristics (e.g., age, education, income, years of boda-boda 

experience, and hours worked per day) and on riding behaviors (e.g., helmet use, possession of 

a driver’s license and reflective vest, and alcohol and mobile phone use).  A complete list of the 

variables in the questionnaire can be found in the supplementary materials (Figure S1).  

The exposure (SafeBoda status) was ascertained through self-report and/or by observing 

presence or absence of a SafeBoda branded jacket at the time of the interview. The primary 

outcome (frequency of helmet use in the past 30 days) was measured through self-report and 

was categorized in the analysis as “yes” for always, “no” for other responses). All variables were 

measured through self-report or direct observation.  
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The CAPI questions were derived from previous studies and discussions within the study 

team.5,6,13-16,21 The questionnaire was available in English and Luganda. 

Spotter observation study: In order to validate the self-reported helmet use from the CAPI study, 

we observed actual helmet use on leaving the boda-boda stage in 20% of the drivers in the 

CAPI study. Every 2nd CAPI study participant to be interviewed at each stage was systematically 

selected and observed for helmet use as they left the stage following the interview. Recruitment 

was continued until the sample size of 80 drivers was reached. Participants did not know they 

would be observed.  

Roadside observation study: We collected data on SafeBoda status and helmet use and 

other riding behaviors (e.g., mobile phone use while driving and passenger helmet use) from 

3000 boda-boda drivers along purposively selected streets in Kampala. Streets were selected 

based on traffic volume and to be representative of the five administrative divisions of Kampala 

(i.e., Rubaga, Kawempe, Kampala Central, Nakawa, and Makindye). SafeBoda status was 

straightforward to ascertain as SafeBoda drivers wear brightly colored orange reflective jackets 

inscribed with the company’s logo. Regular boda-boda drivers were distinguished from other 

motorcyclists (i.e., non-boda-boda motorcyclists) by the smaller size of their motorcycle (engine 

size of 100-125 cc) and their demeanor (e.g., looking around for customers). We collected data 

on the first boda-boda driver to pass through the lane nearest to the study’s observation point. 

This was done at two-minute intervals. If no boda-boda driver drove past the observation point 

during the first 30 seconds of the two-minute interval, no observation was made until the next 

interval. To capture both peak and non-peak hours, we collected data at each observation point 

for two peak hours (between 7 am and 9 am or 4 pm and 7 pm) and two non-peak hours 

(between 10 am and 3 pm) in one day. To minimize the risk of double counting, each selected 

street was observed in one travel direction, which was chosen by the flip of a coin. 
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Analysis: All analyses were conducted in the statistical package R (version 3.5.1).42 We used 

Pearson’s chi-square with continuity correction (for categorical variables) and Student’s t-tests 

(for continuous variables) to compare outcomes (e.g., helmet ownership and past crash history) 

between SafeBoda and regular drivers. We then compared the proportion of helmet use by 

SafeBoda and regular drivers from the two studies. We used the EpiStats package in R to 

assess differences in proportions of self-reported helmet use, observed helmet use, and road 

traffic crashes between SafeBoda and regular drivers.43 Other riding behaviors (e.g., alcohol 

use before driving and driving on pedestrian walkways) were analyzed as proportions.  

Lastly, we ran a Poisson regression model to estimate the PR to assess whether being in the 

SafeBoda program was associated with increased self-reported helmet use while adjusting for a 

minimum set of potential confounders determined a priori. The minimum set of confounders 

(age, education, and driver’s license) came from a directed acyclic graph of hypothesized 

variable relationships (informed by theory and evidence from existing injury literature). We opted 

to use a Poisson model instead of a logistic model due to helmet use not being a rare outcome 

in the boda-boda population. We used robust standard errors in the Poisson model to account 

for any violation of the distribution assumption that the variance equals the mean. 

Sensitivity analysis: To examine the adequacy of the covariate adjustment model, we used 

another approach (propensity score matching) to control for confounding of the SafeBoda-

helmet use association. The matched exposure sets were created using the MatchIt package in 

R.44 Due to limitations in the MatchIt package, this analysis used only observations with 

complete data. We included in the matching, the exposure and variables believed to be 

associated with the exposure and outcome (i.e., age, education, and driver’s license). A Poisson 

regression model adjusting for these confounders was then used to compare matched pairs of 

SafeBoda and regular drivers. 
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We conducted a second sensitivity analysis to assess how robust our self-reported helmet use 

data were against potential outcome misclassification due to social desirability bias. We imputed 

observed helmet use for drivers with self-reported helmet use but who were not observed in the 

spotter observation study (internal validation group). We took advantage of the relationships 

between observed helmet use, self-reported helmet use, SafeBoda status, and relevant 

covariates (e.g., age) in the validation group to impute the missing observed helmet use for 

drivers not in the validation group.45,46 The mice package in R was used for the multiple 

imputation process.47 We used a logistic regression model for monotone missing data to impute 

the missing observed helmet use.45,48 Upon completion of the imputation process, we generated 

a single PR comparing imputed observed helmet use in SafeBoda and regular drivers by 

pooling the PRs from 10 imputation rounds (using a Poisson model). We compared this PR to 

the PR from the naïve (self-reported) and spotter observation analyses. All models adjusted for 

the same set of covariates.  

Ethical approval and consent: Approval for the study was granted by University of 

Washington, Makerere University, and the Uganda National Council for Science and 

Technology. Participants in the CAPI study provided verbal consent to be interviewed and were 

compensated for their time. 

RESULTS 

Among 200 SafeBoda and 200 regular drivers who completed the CAPI, compared to regular 

drivers, SafeBoda drivers had more boda-boda experience, were more educated, and made 

more money per week (Table 1).  
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Table 1 Comparison of baseline characteristics of SafeBoda and regular boda-boda drivers in Kampala (CAPI study) 

Characteristic SafeBoda drivers 
N = 200 

Regular drivers 
N = 200 

P value 

 n (%) or mean (SD) n (%) or mean (SD)  
Age (years) 33.5 (7.2) 32.1 (7.0) 0.05 
Education (years) 8.4 (3.7) 8.0 (3.6) 0.25 
Weekly net income (in USD) 25.05 (14.19) 23.16 (12.33) 0.16 
Number of trips per day 18.3 (7.9) 18.6 (7.7) 0.65 
Hours worked as boda-boda per 
day 

12.6 (2.2) 12.2 (2.0) 0.03 

Has a driving license 132 (66.3%) 67 (33.5%) <0.001 
Has other job 64 (32%) 76 (38.0%) 0.25 
Used a phone while driving in 
past 30 days 

39 (19.5%) 92 (46%) <0.001 

Alcohol use in past 2 hours before 
driving in past 30 days 

4 (12.1%) 26 (41.3%) 0.007 

Had a road traffic crash in past 6 
months 

43 (21.5%) 67 (33.5%) 0.01 

Own a helmet 198 (99%) 185 (92.5%) 0.003 
Helmet cost (in USD) 27.47 (9.95) 10.02 (7.06) <0.001 
Has a reflective jacket 199 (99.5%) 101 (50.5%) <0.001 
Has ever received a road safety 
training 

198 (100%) 146 (74.1%) <0.001 

Has driven on a pedestrian 
sidewalk in past 30 days 

14 (7.0%) 91 (45.5%) <0.001 

Has driven towards oncoming 
traffic in past 30 days 

8 (4.0%) 91 (45.7%) <0.001 

Carried more than one passenger 
in past 30 days 

18 (9.1%) 156 (78.4%) <0.001 

Years working as a boda-boda 
driver 

7.0 (4.2) 6.3 (4.1) 0.10 

Note: Continuous variables are reported as mean with standard deviation (in parenthesis), while categorical variables 
are reported as count with percent (in parenthesis). Some observations have missing data. 

In the roadside observation study of 3000 boda-boda drivers in Kampala, 49 (1.6%) were 

identified as SafeBoda drivers and 2951 (98.4%) were classified as regular drivers (Table 2). 

Only 57% of the drivers were observed to carry a passenger, of which 9% carried more than 

one passenger (none among SafeBoda and 9.5% among regular drivers). About two-thirds of 

the passengers carried were male and this was similar in both SafeBoda and regular drivers. A 

small percentage of drivers (1.2%) were observed to engage in distracted driving behavior by 

using their phone while driving (6.1% among SafeBoda vs 1.2% among regular drivers). 
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Table 2 Characteristics of boda-boda drivers in Kampala (roadside observation study) 

Characteristic SafeBoda drivers 
N = 49 

Regular drivers 
N = 2951 

 n (%) n (%) 
Division of Kampala   

Kampala Central 23 (46.9%) 794 (26.9%) 
Nakawa 12 (24.5%) 805 (27.3%) 

Makindye 10 (20.4%) 569 (19.3%) 
Kawempe 3 (6.1%) 313 (10.6%) 

Rubaga 1 (2.0%) 470 (15.9%) 
Carried a passenger 
during observation 

35 (71.4%) 1689 (57.2%) 

Carried more than 
one passenger 

0 (0.0%) 161 (9.5%) 

Driver observed to be 
using their mobile 
phone 

3 (6.1%) 34 (1.2%) 

Sex of first boda-
boda passenger 

  

Female 13 (37.1%) 622 (36.8%) 
Male 22 (62.9%) 1067 (63.2%) 

First passenger wore 
a helmet 

8 (22.9%) 11 (0.7%) 

First passenger 
helmet was correctly 
strapped 

6 (75%) 8 (72.7%) 

Note:  a) Categorical variables are reported as count with percent (in parenthesis). Data exclude  
missing observations. b) Adjusting for division did not significantly change observed difference in  
helmet use in SafeBoda and regular drivers (PR: 1.81 vs 1.76) 
 
Helmet use: We compared the proportion of helmet use in boda-boda drivers, as measured by 

self-report and direct observation. Of the 400 drivers who reported their frequency of helmet use 

in the 30 days before the study, 88% (95% CI: 84.3%-90.9%) reported always using a helmet 

while driving, compared to 69.6% (95% CI: 58.1%-79.2%) observed to use a helmet during the 

spotter observation of 80 participants in the CAPI. In the roadside observation study of 3000 

boda-boda drivers, we observed helmet use by 56.0% (95% CI: 54.2%-57.8%) of drivers. 

Observed helmet use among passengers was very low at 1.1% (95% CI: 0.69%-1.8%). 

Across the two studies, a higher proportion of SafeBoda drivers used a helmet while driving 

than did regular drivers (Table 3). The difference in the proportion of helmet use between 

SafeBoda and regular drivers was 0.21 (95% CI: 0.15-0.27; p<0.001) in the CAPI study and 

0.45 (95% CI: 0.43-0.47; p<0.001) in the roadside observation study. From the roadside 

observation, the difference in the proportion of helmet use between passengers carried by 
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SafeBoda drivers and passengers carried by regular drivers was 0.22 (95% CI: 0.08-0.36; 

p<0.001). 
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Table 3 Proportion of helmet use for SafeBoda and regular drivers and passengers: results from two approaches 

 
Approach 

SafeBoda Regular 
Driver Passenger Driver Passenger 

n (N) Proportion  
(95% CIs) 

n (N) Proportion  
(95% CIs) 

n (N) Proportion  
(95% CIs) 

n (N) Proportion  
(95% CIs) 

Self-reported 
(CAPI) 

197 (200) 0.99 (0.95, 1.00) - - 155 (200) 0.78 (0.71, 0.83) - - 

Spotter 
observation 
(CAPI) 

24 (25) 0.96 (0.78, 1.00) - - 31 (54) 0.57 (0.43, 0.70) - - 

Roadside 
observation 

49 (49) 1.00 (0.91, 1.00) 8 (35) 0.23 (0.11, 0.41) 1630 (2951) 0.55 (0.53, 0.57) 11 (1689) 0.007 (0.003, 0.012) 
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Upon covariate adjustment for potential confounders (Figure S2), SafeBoda drivers were 1.22 

times more likely to use a helmet while driving than regular drivers (95% CI: 1.14-1.31; p<0.001) 

in the CAPI study (Table 4). Adjustment for confounding with propensity score matching gave 

similar results (PR: 1.21, 95% CI: 1.11-1.32; p<0.001). There were 129 matched exposure pairs 

from a dataset of 394 participants (Figures S3-S5). 

Table 4 Adjusted prevalence ratios (PRs) for self-reported helmet use comparing SafeBoda and regular drivers 

 PR (covariate adjustment) PR (propensity score matching) 
Regular boda-boda driver 1.00 1.00 
SafeBoda driver  1.22 (1.14-1.31) 1.21 (1.11-1.32) 

Note: Adjusted for age, education, and possession of a driver’s license  

Other riding behaviors: Compared to regular drivers, SafeBoda drivers were more likely to 

self-report other safe riding behaviors in the CAPI study. They were more likely to report having 

a driver’s license (66.3% vs 33.5%; p<0.001) and a reflective jacket (99.5% vs 50.5%; p<0.001). 

Moreover, they were less likely to report talking on the phone while driving (19.5% vs 46%; 

p<0.001), driving towards oncoming traffic (4% vs 45.7%; p<0.001), and carrying more than one 

passenger (9.1% vs 78.4%; p<0.001) in the past 30 days (Table 1). From the roadside 

observation, SafeBoda drivers were more likely to be carrying a passenger (71% vs 57%; p = 

0.07), less likely to be carrying more than 1 passenger (0% vs 9.5%; p = 0.10), and more likely 

to be observed using a mobile phone while driving (6.1% vs 1.2%; p = 0.01) (Table 2). 

Road traffic crashes: Compared to regular drivers, SafeBoda drivers were less likely to report 

having been involved in a road traffic crash in the six months prior to the CAPI study (RR: 0.64, 

95% CI: 0.46-0.89; p = 0.007). The majority of the 110 reported crashes involved either a 

collision with another motorcycle (27.3%) or a car (53.6%). Speeding (38.2%), making an illegal 

turn (30.9%), and driving towards oncoming traffic (17.3%) were the most frequently mentioned 
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causes of the reported crashes. Among those who reported a crash, 89 (80.9%) were injured2 

and 81% of these injuries required a visit to a health facility.  

Sensitivity analysis: Compared to the effect size based on self-reported helmet use (PR = 

1.22), we found higher PRs comparing SafeBoda and regular drivers based on observed helmet 

use. Using the spotter observation data, SafeBoda drivers were 61% more likely to use a helmet 

while driving than regular drivers (PR: 1.61, 95% CI: 1.26-2.04). Results from the multiple 

imputation were similar (PR: 1.60, 95% CI: 1.53-1.67) but with narrower confidence intervals.  

DISCUSSION 

Our findings suggest that drivers in the SafeBoda program were not only more likely to wear a 

helmet while driving but they were also more likely to engage in other safe riding behaviors such 

as wearing a reflective vest, and less likely to engage in risky behaviors such as driving towards 

oncoming traffic. However, observed mobile phone use while driving was higher in SafeBoda 

compared to regular drivers, although the observed number was quite small.  

One mechanism that may explain the observed higher rate of safe driving behaviors and helmet 

use among SafeBoda drivers, is the possibility that the SafeBoda program may be recruiting 

more safety conscious drivers. However, other plausible mechanisms for the observed findings 

include the program’s provision of road safety training and protective equipment to its drivers 

and the sense of community among SafeBoda drivers. Not only are the SafeBoda drivers 

provided with two helmets and a reflective vest, they are also trained to view themselves as a 

community and to look out for each other as they drive. They seem more likely to follow traffic 

regulations than regular boda-boda drivers because of their training but also because they know 

other SafeBoda drivers are watching them. The observed higher helmet use in SafeBoda 

                                                             
2 Injury was defined as any wound or bruise from a road traffic crash regardless of whether treatment was sought. 
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passengers may be because helmets are provided by the program, whereas regular boda-boda 

passengers would need to purchase their own. In addition, messages urging helmet use appear 

on passenger phone screen when ordering for a SafeBoda via their app. However, the higher 

helmet use could also be because SafeBoda passengers are more safety conscious.  

Our sensitivity analyses seem to support the possibility of outcome misclassification from social 

desirability bias. We found a higher PR for observed helmet use in the sensitivity analyses than 

in the primary analysis. However, a model with an interaction term for the exposure (SafeBoda) 

and misclassified outcome (self-reported helmet use) was not statistically significant. In addition, 

the similar PRs for the spotter observation and multiply imputed data likely point to missingness 

at random in our data. This discrepancy in self-reported and observed helmet use has been 

previously reported in other settings.16,49,50 

Our findings corroborate those of previous investigators that found generally low helmet use and 

frequent high-risk driving behaviors among regular boda-boda drivers in Kampala.5,26,38 Similar 

to a 2011 roadside observation study by Roehler and colleagues in Kampala and a 2017 study 

by Bachani et al. in Kenya, we found low helmet use (1.1%) in boda-boda passengers.16,26 

However, unlike Roehler et al., we found a much higher observed helmet use in boda-boda 

drivers in our roadside observation study (56% versus 31%).26 This discrepancy could be due to 

differences in our sampling approaches or to an increasing trend of helmet use over time 

(especially with the advent of programs such as SafeBoda).  

This study has some limitations. First, we relied on self-report for the majority of the variables in 

the analysis. This may have introduced bias in our study estimates. We attempted to control for 

this potential bias, in both the design and analytic phases, by including direct observation 

studies and conducting sensitivity analyses. Second, the numbers of SafeBoda drivers and 

passengers observed during the roadside observation study were quite small. This has 
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implications on the precision and generalizability of our findings. In addition, since we did not 

use probability sampling for the CAPI study, the generalizability of our findings to the whole 

boda-boda population in Kampala might be limited. However, it was not possible to use 

probability sampling due to the lack of a sampling frame for boda-boda stages in Kampala and 

the study’s focus on stages with at least one SafeBoda driver. 

Third, there is a possibility for selection bias if boda-boda drivers recruited from stages are 

systematically different from those riding on the streets. However, we found similar results (i.e., 

more road safety consciousness in SafeBoda drivers) in both the CAPI and roadside 

observation studies. Lastly, there was potential to misclassify non-boda-boda motorcyclists (i.e., 

courier and delivery drivers and drivers of personal motorcycles) as regular boda-boda drivers 

during the roadside observation study. This could lead to an attenuated association given that 

non-boda-boda motorcyclists generally have higher rates of helmet use than regular drivers. 

However, we believe there was little potential for misclassification of non-boda-boda 

motorcyclists as regular boda-boda drivers because regular boda-boda drivers in Kampala have 

a unique profile, including the types of the motorcycle they use and their behavior on the road. 

Another related misclassification limitation was the difficulty in identifying whether or not a 

driver’s or a passenger’s helmet was correctly strapped during the roadside observation study. 

We attempted to mitigate this limitation by using two observers during the study.  

CONCLUSION 

Our findings suggest that the SafeBoda program is associated with increased usage of helmets 

for both drivers and passengers and also with other safe behaviors such as not riding with more 

than one passenger. Given these findings, we believe SafeBoda and similar programs that 

recently joined the boda-boda industry (e.g., Taxify and UberBoda) may be worth scaling up in 

order to accelerate adoption of safe riding behaviors among boda-boda drivers. 
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What’s already known on the subject 

• Helmets reduce risk of head injury during a crash. 

• Helmet use is low among boda-boda drivers in Uganda. 

What this study adds 

• Helmet use estimates after introduction of the SafeBoda 

program. 

• Helmet use estimates from two measurement approaches. 

• Safe riding behaviors disaggregated by type of boda-boda 

driver. 



 

22 

 

Data sharing statement: The data that support the findings of this study are available from the 

corresponding author, [KM], upon reasonable request. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

23 

 

Chapter 3: Motorcycle taxi program is associated with reduced risk of road traffic crash 
among motorcycle taxi drivers in Kampala, Uganda 
 

Kennedy Muni1*, Olive Kobusingye2, Charlie Mock1,3,4, James P Hughes5, Philip M Hurvitz6, 

Brandon Guthrie1,3 

 

 

1Department of Epidemiology, University of Washington, Seattle, WA, USA 

2Department of Disease Control and Environmental Health, Makerere University, Kampala, 

Uganda 

3Department of Global Health, University of Washington, Seattle, WA, USA 

4Department of Surgery, University of Washington, Seattle, WA, USA 

5Department of Biostatistics, University of Washington, Seattle, WA, USA 

6Department of Urban Design and Planning, University of Washington, Seattle, WA, USA 

 

 

 

*Address correspondence to: Kennedy Muni, Department of Epidemiology, 1959 NE Pacific 

Street, Health Sciences Bldg, F-262, Box 357236, Seattle, WA 98195. Tel.: 206-543-1065; E-
mail: muni82@uw.edu 

 

  



 

24 

 

ABSTRACT 

SafeBoda is a transportation company that provides road safety training and helmets to its 

motorcycle taxi drivers in Kampala. We sought to determine whether risk of road traffic crash 

(RTC) was lower in SafeBoda compared to regular (non-SafeBoda) motorcycle taxi drivers 

during a 6-month follow-up period. We collected participant demographic and behavioral data at 

baseline using computer-assisted personal interview, and occurrence of RTC every two months 

using text messaging and telephone interview from a cohort of 342 drivers. There were 85 

crashes (31 in SafeBoda and 54 in regular drivers) during follow-up. Over the six-month follow-

up period, SafeBoda drivers were 39% less likely to be involved in a RTC than regular drivers 

after adjusting for age, possession of a driver’s license, and education (RR: 0.61, 95% CI: 0.39-

0.97, p=0.04). These findings suggest that the SafeBoda program results in safer driving and 

fewer RTCs among motorcycle taxi drivers in Kampala.  

Key words: crash, injury, boda-boda, road safety  
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INTRODUCTION 

Motorcycles are a popular mode of transportation in many low-and middle-income countries 

(LMICs) such as Uganda because they are relatively affordable, convenient for short distances 

and poor roads, and are efficient for navigating heavy traffic in many developing cities.4-9 

Despite these benefits, motorcycles are involved in a substantial number of road traffic crashes 

(RTCs)3  and injuries in LMICs.1-3,10 In the past two decades, many studies have reported 

increasing involvement of motorcycle drivers and their passengers in RTCs, as the number of 

motorcycles exploded in Africa.3,6,9,12-14 

In Uganda, motorcycle taxis, known locally as boda-boda, are a major form of transportation.26-28 

In the city of Kampala alone, the number of boda-boda drivers is estimated to be between 

50,000 and 80,000.27
 Boda-boda drivers are the second largest road user category involved in 

RTCs in Uganda. They were involved in 28.2% of RTCs and represented 23.5% of road traffic 

injuries in 2015.10 According to the 2018 Road Safety Performance Review report, road fatalities 

involving boda-boda drivers doubled between 2011 and 2016.29 Risky riding behaviors such as 

speeding, unsafe overtaking, driving under the influence of drugs, failure to wear protective gear 

(e.g., helmet and reflective jacket), driving towards oncoming traffic, and distracted driving (e.g., 

mobile phone use) are believed to account for the high crash and injury rates in this road user 

group.5-8,16-23,29,37,38 Other factors include limited training for boda-boda drivers, poor road 

conditions, poor vehicle conditions (e.g., faulty brakes and bad tires) and weak enforcement of 

traffic regulations (e.g., on driver licensing) by the police.5,6,8,16-23,29   

In recent years, road safety-conscious companies such as SafeBoda and Taxify have cropped 

up to formalize the boda-boda sector in Uganda and to address the issues around poor riding 

                                                             
3 RTCs are defined here as incidents where a motorcycle taxi driver collided with another vehicle (e.g., car, 
motorcycle, and bicycle), pedestrian, animal, or stationary object (e.g., tree or pole). Injury is defined as any wound or 
bruise due to a road traffic crash involving a motorcycle taxi driver on a public road. 
 



 

26 

 

behaviors through training and provision of protective gear.30,31
 SafeBoda is a transportation 

company that takes an innovative approach to providing motorcycle taxi services using a trained 

community of drivers in an effort to increase safe riding behaviors and reduce crashes and 

injuries. The company provides multiphase road safety training, helmets, vehicle maintenance, 

and basic first responder training to its drivers. It also provides hairnets to passengers who are 

concerned about contracting skin diseases from a shared helmet.30 Initially, the training for the 

drivers was provided by the Uganda police and the Uganda Red Cross Society. However, this 

has since been transitioned to a team of SafeBoda trainers (part of the SafeBoda academy) 

who were trained by the Global Road Safety Partnership and the Uganda police and Red Cross. 

Newly recruited drivers are trained on traffic signs and symbols, traffic regulations, the 

SafeBoda code of conduct, emergency response, customer care, and how to use the SafeBoda 

app.30,32,33 SafeBoda drivers undergo regular refresher trainings. As of January 2019, SafeBoda 

has over 8000 drivers in Kampala.33 At the time this study commenced, SafeBoda was the only 

company of its kind operating in Kampala. Since that time, additional companies (e.g., 

UberBoda, Taxify, and Dial Jack) have started to provide similar services in the city.  

There is inconclusive evidence on whether road safety programs geared towards motorcycle 

drivers in LMICs are associated with increased safe riding behaviors and reduced incidents of 

RTC and injuries.2,6,34-36 Moreover, no studies have been conducted in Uganda looking at the 

role of recent start-ups (e.g., SafeBoda, Taxify, and UberBoda) on road safety in the motorcycle 

taxi sector. Therefore, we sought to determine whether the risk of self-reported RTC is lower in 

SafeBoda drivers than in regular drivers. In addition, we wanted to determine whether road 

traffic knowledge mediates the hypothesized relationship between the SafeBoda program and 

risk of RTC. In this study and throughout this paper, regular drivers refer to boda-boda drivers 

who were not identified as part of the SafeBoda program. 
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MATERIALS AND METHODS 

We recruited 342 drivers (171 SafeBoda and 171 regular drivers) between October 2017 and 

January 2018 from boda-boda stages across the five administrative divisions of Kampala. A 

stage is a location where a boda-boda driver is generally stationed when not out driving a 

passenger or looking for one. The majority of the drivers (n=330) included in this study were 

recruited from a separate cross-sectional study on safe riding behaviors conducted by our team 

in Kampala.51  

Sample size, sampling methodology, and recruitment 

We estimated that 15% of regular boda-boda drivers would have a RTC during the 6-month 

follow-up period. Since there were no estimates on this measure from previous studies in 

Uganda, this estimate was based on police reports. According to the 2015 police report, boda-

boda drivers were involved in 28.2% of all RTCs in Uganda that year.10 We assumed that over a 

6-month period, the risk of involvement in RTC would be 15%, about half of the 28.2% reported 

for boda-boda drivers for 2015. Therefore, with a type I error rate of 0.05 using a χ2 test, we 

needed a sample of approximately 342 drivers (accounting for 15% attrition) to have 80% power 

to detect a risk ratio of RTC of 0.35 comparing SafeBoda drivers to regular drivers.52 We used a 

purposive and convenience sampling method (i.e., targeting areas with boda-boda stages with 

at least one SafeBoda driver) to recruit boda-boda drivers to the study. This method has 

previously been used to recruit boda-boda drivers in Kampala.5 We recruited a maximum of 4 

drivers from each stage by enrolling the first 4 who were willing to consent to be in the study. 

This limit was used to avoid overrepresentation of any one stage in the study. Drivers were 

eligible to be in the study if they were 18 years or older, able to communicate in English or 

Luganda (a widely spoken language in Uganda), and had been working as a boda-boda driver 

for at least 6 consecutive months at the time of recruitment. The choice of 6 months was to help 

us to accurately ascertain covariate information such as past crash history. In addition, 
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consenting drivers must have had a functioning mobile phone. This was to facilitate the 

collection of RTC and injury data via text messaging and a telephone interview (for those who 

reported a crash and/or injury). We asked participants to provide a secondary contact number to 

facilitate easy follow-up in the event of the participant losing their phone, incapacitation, or 

death.  

Data collection 

We collected data using four tools: a) computer-assisted personal interview (CAPI) 

questionnaire, b) road traffic knowledge questionnaire, c) SMS/text-based questionnaire, and d) 

telephone interview questionnaire. 

CAPI questionnaire 

Eligible and consenting drivers were administered a 15-minute questionnaire (Figure S1) in a 

reasonably quiet location near the recruitment stage. The questionnaire was available in English 

and Luganda and contained questions on demographic and personal characteristics (e.g., age, 

education, income, years of boda-boda experience, and hours worked per day) and on riding 

behaviors (e.g., helmet use, possession of a reflective vest, and alcohol and mobile phone use).  

A complete list of the variables in the questionnaire can be found in the supplementary materials 

(Figure S1). 

The exposure (SafeBoda status) was ascertained through self-report and/or by observing 

presence or absence of a SafeBoda branded jacket at the time of the interview. All variables 

were measured through self-report or direct observation. The CAPI questions were derived from 

previous studies and discussions within the study team. Previous studies in sub-Saharan Africa 

have successfully used self-report to collect similar data.5,6,13-16,21 
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Road traffic knowledge questionnaire 

In addition to the CAPI, we administered a 10-item knowledge questionnaire of common traffic 

signs and laws (taken from the Uganda Highway Code) to all cohort participants (Figure S2). 

Each item in the knowledge questionnaire had an equal score (10 points) for a total possible 

score of 100. 

SMS/text-based questionnaire 

We collected data on occurrence of RTC and/or injury via a text message every two months. 

We used a reputable company with experience in bulk text messaging in Uganda to facilitate the 

data collection process.53 Enrolled participants received a text message on their 60th, 120th, and 

180th day of follow-up asking: “In the past 2 months, were you involved in a road traffic crash 

while driving your motorcycle? In the past 2 months did you sustain any injury from a road traffic 

crash while driving your motorcycle?” Participants were requested to respond either “yes” or 

“no” by text message. After 24 hours, participants with ambiguous responses and those who 

had not responded to the text message were followed up via a telephone call to their primary 

and secondary contact numbers. For participants reported as incapacitated or dead, data on 

any RTC or injury during the two-month interval were collected from the secondary contact or 

boda-boda peers from the participant’s stage. Given the possibility of multiple occurrences of 

RTC in the two-month interval, data were only collected for the most recent occurrence of RTC 

(i.e., one crash per interval for participants who reported a crash in an interval). 

Telephone interview questionnaire 

For participants who reported a crash and/or an injury in the SMS/text-based questionnaire, we 

conducted a follow-up telephone interview to collect more detailed data on the reported 

RTC/injury (e.g., location of crash, severity of injury, and hospitalization). For non-responders or 
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participants reported as incapacitated or dead, the same follow-up procedures outlined for the 

SMS/text-based questionnaire were followed. 

Analysis 

All analyses were conducted in the statistical package R (version 3.5.1).42 We used Pearson’s 

chi-square with continuity correction (for categorical variables) and Student’s t-tests (for 

continuous variables) to compare baseline variables (e.g., helmet use, net weekly income, and 

age) between SafeBoda and regular drivers and to identify correlates of RTC during the follow-

up period. For the correlates, RTC was defined as one crash per participant at any interval 

during the 6-month follow-up period. 

We used generalized estimating equations (GEE) models to test whether the SafeBoda 

program was associated with lower risk of road traffic crash during the six months of follow-up. 

The adjusted model included a minimum set of potential confounders (age, education, and 

possession of a driver’s license) selected from a causal diagram of hypothesized variable 

relationships. For the GEE models, we assumed exchangeable covariance structure (i.e., 

uniform correlations cross time), which we thought was reasonable for our data. Nonetheless, to 

minimize the risk of invalid inference from a misspecified covariance model, we fitted models 

using robust standard errors. The unadjusted and adjusted models were fitted using the gee 

package in R.54 We conducted an additional GEE analysis by including a lagged RTC variable 

as a predictor to investigate whether having a crash in a previous 2-month interval was 

associated with crash risk in a subsequent interval.  

We used the mediation package in R to estimate the total, direct, and indirect effects of the 

SafeBoda program-RTC relationship in the mediation analysis. The mediation package uses the 

counterfactual (potential outcomes) framework that allows the decomposition of the total effect 

into direct and indirect effects even in the presence of interaction and non-linearity.55 We fit two 
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regression models with cluster robust standard errors to estimate the various effects: a linear 

model for the effect of the SafeBoda program on knowledge score, adjusting for age, education, 

and possession of a driver’s license; and a Poisson model for the effect of the SafeBoda 

program on RTCs, conditioning on knowledge score, age, education, and possession of a 

driver’s license. The RTC variable was defined as the total number of crashes that occurred 

during the 6-months of follow-up. The mediation package allowed us to use a Markov Chain 

Monte Carlo approach to conduct 1000 simulations in order to estimate the average direct and 

indirect effects by averaging over each possible exposure and confounder values. 

Since we collected exposure/SafeBoda program data only at baseline, we conducted an 

intention-to-treat (ITT)-like analysis, without regard for cross-overs that may have occurred 

during the follow-up period. 

Sensitivity analyses 

Our GEE analysis assumed missingness to be completely at random (MCAR). We ran a 

multiple imputation model using variables associated with RTC (e.g., age, education, history of 

road safety training, years of boda-boda experience, and possession of a driver’s license). We 

used the mice package in R to impute missing data.47 We imputed missing RTC data for 

participants lost to follow-up as well as any missing data in the other variables in the analytic 

model (i.e., age, education, and possession of a driver’s license). The outcome (RTC) was 

modeled using logistic regression. All models used 10 imputation rounds and 30 iterations. We 

re-ran the GEE models using the imputed data. This was to gauge how robust our findings were 

to the MCAR assumption. We then compared the pooled risk ratio from the imputation to the 

estimate from the complete case analysis.  
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We conducted two additional sensitivity analyses: a) we assumed everyone that was lost to 

follow-up had a RTC in the intervals in which they were lost, b) we assumed everyone that was 

lost to follow-up did not have a RTC in the intervals in which they were lost.  

Ethical approval and consent 

Approval for the study was granted by University of Washington, Makerere University, and the 

Uganda National Council for Science and Technology. Participants provided verbal consent to 

be interviewed and were compensated for their time.  

RESULTS 

We enrolled a total of 342 boda-boda drivers in our cohort, among whom the mean age was 

32.8 years, mean weekly net income was 23.5 US dollars, and mean years of working in the 

boda-boda sector was 6.7 years. In addition, the 342 boda-boda drivers had a mean of 8 years 

of schooling and the majority (86.4%) reported previously attending a road safety training. The 

drivers worked a mean of 12.4 hours and made 18.5 trips per day. Overall, 89.2% of the drivers 

reported always wearing a helmet while driving in the past 30 days although 96% said they 

owned a helmet which they had had for a mean of 15 months. The most frequently observed 

helmet type was full-face (68.5%). The majority of boda-boda drivers (73.3%) took less than 10 

weeks from learning to drive to carrying a passenger. Sixty-three percent learned how to drive 

through a friend, relative or peer. 

Among the 171 SafeBoda and 171 regular drivers who completed the CAPI questionnaire, 

compared to regular drivers, SafeBoda drivers had more years of boda-boda experience, were 

more educated, and made more money per week (Table 1).  For instance, at enrollment 

compared to regular drivers, SafeBoda drivers were more likely to report safe riding behaviors 

(e.g., they were more likely to report having a driver’s license (65.9% vs 34.5%, p<0.001) and 

wearing a reflective jacket (100% vs 49.1%, p<0.001). They were also less likely to report 
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having been involved in a road traffic crash in the 6 months prior to their enrollment in the study 

(RR: 0.68, 95% CI: 0.48-0.97, p = 0.03). Detailed results comparing safe riding behaviors at 

enrollment and occurrence of road traffic crashes, injuries, and hospitalizations 6 months prior 

to enrollment in SafeBoda and regular drivers are reported elsewhere.51  

Table 1 Comparison of baseline characteristics of SafeBoda and regular boda-boda drivers in Kampala 

Characteristic SafeBoda drivers 
N = 171 

Regular drivers 
N = 171 

Age (years) 33.3 (7.1) 32.4 (7.3) 

Education (years) 8.2 (3.7) 8.0 (3.6) 

Weekly net income (in USD) 24.4 (13.5) 22.6 (12.4) 

Number of trips per day 18.0 (8.1) 19.0 (7.9) 

Hours worked as boda-boda per day 12.6 (2.3) 12.1 (1.9) 

Has a driving license 112 (65.9%) 59 (34.5%) 

Has other job 60 (35.1%) 67 (39.2%) 

Used a phone while driving in past 30 days 34 (19.9%) 84 (49.1%) 

Alcohol use in past 2 hours before driving in past 30 days 3 (11.1%) 22 (41.5%) 

Reported always using a helmet in past 30 days 169 (98.8%) 136 (79.5%) 

Own a helmet 169 (98.8%) 158 (92.4%) 

Helmet cost (in USD) 27.6 (10.5) 10.1 (7.5) 

Has a reflective jacket 171 (100%) 84 (49.1%) 

Has ever received a road safety training 169 (100%) 124 (72.9%) 

Has driven on a pedestrian sidewalk in past 30 days 12 (7.0%) 74 (43.3%) 

Has driven towards oncoming traffic in past 30 days 7 (4.1%) 78 (45.6%) 

Carried more than one passenger in past 30 days 16 (9.4%) 134 (78.4%) 

Years working as a boda-boda driver 7.1 (4.4) 6.4 (4.3) 

Note: Continuous variables are reported as mean with standard deviation (in parenthesis), while dichotomous 

variables are reported as count with percent (in parenthesis). Some observations have missing data. 

Risk of road traffic crash during the 6-month follow-up period 

At the first follow-up, 337 (98.5%) drivers provided data on occurrence of RTC during the initial 

2 months of follow-up. At 4 months, follow-up was successful for 334 (97.7%) drivers and at 6-

months, 330 (96.5%) drivers completed follow-up. Over the course of the study, 12 (3.5%) 

drivers were lost to follow-up. There were 24 RTCs during the first 2 months of follow-up, 32 

RTCs during the next 2 months of follow-up, and 29 RTCs during the last 2 months of follow-up. 

Overall, 69 unique RTCs (i.e., only one crash per driver for those who reported a crash during 

the follow-up) occurred over the entire follow-up period. Two drivers reported having 3 RTCs 
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during the follow-up period (i.e., one RTC during each 2-month interval) and 14 drivers reported 

having at least 2 RTCs during the follow-up period (Figure S3).  

Based on the unadjusted GEE model, there was a 43% lower risk of RTC during the 6-months 

of follow-up among SafeBoda compared to regular drivers (RR: 0.57, 95% CI: 0.36-0.89, p = 

0.02) (Table 2). After adjusting for potential confounders (i.e., age, possession of a driver’s 

license, and education), SafeBoda drivers were 39% less likely to be involved in a road traffic 

crash than regular drivers during the 6 months of follow-up (RR: 0.61, 95% CI: 0.39-0.97, p = 

0.04).  

Table 2 Crude and adjusted RTC risk associated with the SafeBoda program (results from the GEE & mediation 
models) 

 Unadjusted 

model (95% 

CI) 

Adjusted model 
(95% CI)* 

Imputed 

unadjusted 

model (95% CI) 

Imputed 

adjusted 

model (95% 
CI)* 

Adjusted mediation 
model (95% CI)* 

Risk ratios (RR) Risk difference 
(RD) 

Type of 

boda-boda 

driver 

Regular Ref Ref Ref Ref Ref 

SafeBoda 0.57 (0.36-

0.89) 

0.61 (0.39-0.97) 0.55 (0.35-0.87) 0.62 (0.39-

0.98) 

-0.04 (-0.08, -0.01) 

* adjusted for age, education, and driver’s license 

 

Types of crashes, severity of injuries, and hospitalization during the 6-month follow-up 

period 

The majority of the 85 crashes (31 in SafeBoda vs 54 in regular drivers) reported during the 

follow-up period involved either a collision with another motorcycle (27.1%) or a car (63.5%). 

Speeding (10.6%), faulty brakes (7.1%), distracted driving (4.7%), and slippery surface (4.7%) 

were the most frequently mentioned causes of the reported crashes. For the 85 crashes, 69 

(81.2%) resulted in injury to the driver and 56 (81.2%) of these driver injuries required a visit to a 
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health facility. Of the injuries that required a visit to a health facility, 13 (23.2%) required in-

patient care (admission). The median hospitalization time for injuries requiring in-patient care (at 

the time of data collection) was 3 days with a range from 1 day to 30 days.    

Correlates of road traffic crash during the 6-month follow-up period 

Occurrence of road traffic crash during the follow-up period was statistically significantly 

associated with age, ever use of alcohol, driving into oncoming traffic in the past 30 days, 

number of years working as a boda-boda driver, having had a crash in the 6 months prior to 

enrollment in the study, and ownership of a reflective vest. However, having had a crash in a 

previous 2-month interval was not statistically significantly associated with a crash risk in a 

subsequent interval (RR: 1.17, 95% CI: 0.58-2.35, p = 0.66), although the study was 

underpowered to detect such an association.  

Mediation analysis 

The mean road traffic knowledge score for all drivers was 86.3 (87.7 for SafeBoda vs 84.8 for 

regular drivers), with a statistically significant mean difference of 2.9 points (95% CI: 0.5-5.3, 

p=0.02). However, we did not find evidence of a statistically significant mediation effect of road 

traffic knowledge on risk of road traffic crash (Table 3). The effect of the SafeBoda program over 

the 6 months of follow-up through pathways involving road traffic knowledge was an increase of 

1.36 crashes per 1,000 drivers (95% CI: -0.002 to 0.010) in SafeBoda drivers compared to 

regular drivers (p = 0.53), while the effect through pathways other than road traffic knowledge 

was a reduction of 43.0 crashes per 1,000 drivers (95% CI: -0.084 to -0.010, p = 0.03). The total 

effect of the SafeBoda program on risk of RTC (irrespective of pathway) was a reduction of 41.6 

crashes per 1,000 drivers compared to regular drivers (95% CI: -0.081 to -0.010s, p = 0.03).  
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Table 3 Summary of results from the mediation analysis 

 Mediation (RD scale, 95% CI) 

Average direct effect, ζ -0.0430 (-0.0840, -0.0100)  

Average indirect effect, δ 0.0014 (-0.0023, 0.0100)  

Total effect, τ -0.0416 (-0.0806, - 0.0100) 

 

Sensitivity analyses 

Compared to the effect size based on the complete case analysis (adjusted RR: 0.61, 95% CI: 

0.39-0.97, p = 0.04), we found a similar estimate for risk of RTC (adjusted RR: 0.62, 95% CI: 

0.39-0.98, p = 0.04) from the multiply imputed data (Table 2). Models assuming all participants 

lost to follow-up either had a RTC or did not have a RTC in the intervals in which they were lost, 

found similar effect estimate (data not shown). Moreover, we found little missingness (Table 4) 

in our data (i.e., 1.5% for RTC in the initial 2 months of follow-up, 2.3% at 4 months, and 3.5% 

at 6 months).  

Table 4 Reasons for dropout from the study among participants lost to follow-up 

Reason for dropout from study Number (%) 
Left the country or study area 4 (33.3%) 

Died from non-study-related causes 2 (16.7%) 

Could not be reached/not found at the stage 6 (50%) 

Total 12 

 

DISCUSSION 

Our findings suggest that drivers in the SafeBoda program are not only more likely to engage in 

safe riding behaviors (e.g., wearing a helmet and a reflective vest while driving and not carrying 

more than one passenger at a time), but also have fewer RTCs than regular drivers. 



 

37 

 

There are multiple mechanisms that may explain the observed higher frequency of safe driving 

behaviors and reduced risk of RTC among SafeBoda drivers. Plausible mechanisms include the 

self-selection of more safety conscious drivers into the SafeBoda program, the provision of road 

safety training, bike maintenance, and protective equipment by the program to its drivers, the 

program’s code of conduct that includes penalties (e.g., re-training, suspension, and dismissal) 

for unsafe driving behaviors, and the sense of community among SafeBoda drivers.  SafeBoda 

drivers undergo a rigorous road safety training and are trained to view themselves as a 

community of drivers that self-regulate as they drive. Anecdotal evidence indicates that they are 

more likely to stop at traffic stops than regular boda-boda drivers, not only because they are 

trained to obey traffic regulations but also because they know other SafeBoda drivers are 

watching them (there are penalties for drivers reported to have engaged in unsafe behaviors 

(e.g., running a traffic stop) and poor customer care. In this study, we investigated how one of 

these mechanisms (changes in road traffic knowledge due to road safety training) might impact 

occurrence of road traffic crashes but were unable to find evidence that the effect of the 

SafeBoda program is mediated through traffic safety knowledge. It is plausible this null result is 

due to the relatively high road traffic knowledge score for regular drivers (84.8). A high 

proportion (73%) of regular boda-boda drivers reported having received road safety training in 

the past (which might explain the high knowledge score), however, these trainings seemed to 

have had limited effect on their riding behaviors and risk of RTC. 

Our findings corroborate those of previous investigators that found safer riding behaviors and 

reduced risk of RTCs and injuries among motorcycle drivers who have undergone road safety 

training.5,6,34,56,57 For example, an evaluation of a road safety program (the Asia-Pacific Honda 

Safety Riding Program) in Thailand, reported 29% lower odds of road traffic injuries in the 

trained group of motorcycle drivers compared to the controls (who did not receive road safety 

training).34 Similarly, an evaluation of the Tukbodabike program (a boda-boda-led training 
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initiative in Western Kenya) found  6% lower incidence of RTCs among trained drivers 

compared to untrained ones.6 Other studies have however found no evidence of reduced risk of 

RTCs and injuries upon undergoing road safety training.2,35,36  

Our study has some limitations. First, we relied on self-report for the majority of variables in the 

analysis, including the main outcome (road traffic crash) and confounders (e.g. possession of a 

driver’s license). This may have introduced measurement error into our study estimates, 

especially if social desirability bias in reporting occurrence of road traffic crash differed in 

SafeBoda and regular drivers. It is possible that SafeBoda drivers may be less likely to report a 

RTC compared to regular drivers. Moreover, reporting of RTCs may be biased towards more 

serious crashes (with less serious crashes being unreported), so our estimates are likely to be 

underestimates. The fact that 81.2% of those who had a crash were injured reinforces this 

possibility. However, reliance on self-reports was unavoidable because there are currently no 

comprehensive national crash and injury registries in Uganda.  

Second, since we did not use probability sampling to recruit participants into the study, the 

generalizability of our findings to the whole boda-boda population in Kampala might be limited. 

However, it was not possible to use probability sampling due to the lack of a sampling frame for 

boda-boda stages in Kampala and the study’s focus on stages with at least one SafeBoda 

driver. 

Third, we conducted an intent-to-treat analysis without regard for cross-overs that may have 

occurred during the follow-up period. Given that the SafeBoda program expanded dramatically 

during the study period (i.e., from about 1,200 drivers at the time of recruitment to over 4,000 

drivers at the time the follow-up period ended), it is plausible that some regular drivers in our 

cohort may have become SafeBoda drivers during the follow-up (however, we did not collect 

any data on cross-overs). This would bias our findings towards a null association especially if a 



 

39 

 

large number of regular drivers crossed over to the SafeBoda program during the follow-up 

period.  

Lastly, our mediation analysis relied on the potential outcomes framework and required that 

certain causal inference assumptions be met in order to identify the true causal effect. (e.g., well 

defined intervention, no unmeasured exposure-outcome confounders, no unmeasured 

mediator-outcome confounders, and no unmeasured exposure-mediator confounders). These 

assumptions may be too strong to apply to a multi-component intervention such as the 

SafeBoda program and a dataset from an observational study. 

Despite these limitations, our findings suggest that the SafeBoda program is associated with 

increased safe riding behaviors and reduced risk of road traffic crash among boda-boda drivers. 

The reduced risk of RTCs was shown both in terms of past and future risk of RTC with similar 

magnitude (at least 30% reduction) and the association was robust to sensitivity analyses. 

Given these findings, we believe the model of the SafeBoda and other similar programs (e.g., 

Taxify and UberBoda) should be used to inform injury prevention policy (especially around 

training and licensing of boda-boda drivers). In addition, our findings show that these programs 

may be worth scaling up in order to accelerate adoption of safe riding behaviors in boda-boda 

drivers in Uganda and globally. 
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ABSTRACT 

Background SafeBoda is a motorcycle taxi company that provides road safety training and 

helmets to its drivers in Kampala, Uganda. Evidence is needed about the effect of such 

programs on actual driving behaviors. We conducted an exploratory naturalistic study to assess 

the feasibility of using global positioning system (GPS) devices to measure movement patterns 

and driving behaviors (e.g., time spent riding, speed, total distance traveled) in a sample of 

motorcycle taxi drivers in Kampala. In addition, we sought to determine if these patterns and 

behaviors differ between SafeBoda and regular (not part of SafeBoda) drivers. 

Methods We measured driving behaviors in 60 SafeBoda and regular drivers using a computer-

assisted personal interview and a GPS device (where the driving patterns for each driver were 

recorded in 1 second intervals over a 24-hour period as the driver went about his daily travels). 

Trip summaries and heat maps were generated from point and segment data and GPS 

coordinates using PostGIS and the statistical package R. 

Results We found that GPS devices can be used for measuring motorcycle taxi driver 

movements without any major measurement issues (e.g., missing data and device failure) and 

logistical problems (e.g., installation and retrieval of the devices). The GPS data showed that 

motorcycle taxi drivers in the study made an average of 31 trips per day (SD = 10.4). The 

median trip was 3.5 km and lasted on average 9.0 minutes (range 3.0 minutes to 13.8 minutes). 

The mean farthest distance (Euclidean) of a trip from the driver’s stage or taxi stand was 5.8 

km. The mean speed on a trip was 22.5 km/h. Measured driving behaviors did not differ 

noticeably between SafeBoda and regular drivers and the two groups of drivers appeared to 

share similar activity spaces within the city. 
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Conclusion Use of GPS devices for measuring driving patterns in motorcycle taxi drivers is 

feasible and provides another alternative to self-reports for measuring driver movements and 

driving behaviors. 
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INTRODUCTION 

Motorcycles are a popular mode of transportation in many low-and middle-income countries 

(LMICs) such as Uganda because, compared to other vehicular transportation modes, they are 

relatively affordable, convenient for short distances and poor roads, and are efficient for 

navigating heavy traffic in many developing cities.4-9 Despite these benefits, motorcycles are 

involved in a substantial number of road traffic crashes (RTCs) and injuries in LMICs.1,3,10  

In Uganda, motorcycle taxis, known locally as boda-boda, are a major form of transportation.26-28 

In Kampala, the capital city of Uganda, the number of boda-boda drivers is estimated to be 

between 50,000 and 80,000, although this is likely an underestimate.27
 Many boda-boda drivers 

engage in risky driving behaviors (e.g., wrongful overtaking, driving on pedestrian walkways, 

and driving against traffic).7,29,37,38 However, in recent years, road safety-conscious companies 

such as SafeBoda, uberBoda, and Taxify have cropped up to formalize the boda-boda sector in 

Uganda and to address issues related to poor driving behaviors through training and provision 

of protective gear.30,31,58
 SafeBoda is a transportation company that provides motorcycle taxi 

services using a trained community of drivers in an effort to increase safe driving behaviors and 

reduce crashes. The company provides multiphase road safety training, helmets, and vehicle 

maintenance to its drivers.30 Initially, the training for drivers was provided by the Uganda Police 

and the Uganda Red Cross Society. However, this has since transitioned to a team of SafeBoda 

trainers (part of the SafeBoda academy) who were trained by the Global Road Safety 

Partnership and the Uganda Police and Red Cross. Newly recruited drivers are trained on traffic 

signage, traffic regulations, the SafeBoda code of conduct, emergency response, customer 

care, and how to use the SafeBoda app.30,32,33 SafeBoda drivers undergo regular refresher 

trainings. As of January 2019, SafeBoda has over 8000 drivers in Kampala.33 At the time this 

study commenced, SafeBoda was the only company of its kind operating in Kampala. Since that 
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time, additional companies (e.g., uberBoda, Taxify, and Dial Jack) have started to provide 

similar services in the city.  

Global positioning system (GPS) uses a constellation of satellites to determine the position of a 

ground receiver, which may be a standalone GPS device, a smartphone or any device with a 

GPS chipset.59 Although GPS devices have been widely used to document movements patterns 

in both animals and humans,59-63 their use to measure driving behaviors in motorcycle drivers 

has been limited, especially in low-and middle-income settings.63-66 Historically, data on driving 

behaviors (which are important for understanding risk behaviors for RTCs and therefore 

informing interventions) in this road user group have been collected via self-reports. However, 

as GPS-enabled devices, particularly smartphones, become more readily affordable and 

available in low-resource settings, their use for collection of travel data, is becoming an 

interesting area of investigation. Moreover, use of GPS devices might help overcome 

measurement error issues associated with social desirability bias, non-validated tools, and  

literacy and language limitations inherent in self-report data in road safety research in low-

resource settings.61  

To the best of our knowledge, there has been only one published study that utilized GPS 

devices to measure driving behaviors among boda-boda drivers in Uganda.65 However, similar 

studies have been conducted in other settings.64,66 In their study in Uganda, Evans and 

colleagues used GPS devices and field interviews to understand boda-boda use in Kampala 

especially its role as a form of transportation and livelihood in the city.65 However, the study had 

limited focus on road safety and did not investigate how driving patterns might differ by type of 

boda-boda driver, and provided very little detail on study logistics with respect to GPS 

measurement (e.g., device types, sampling interval, post-processing). Therefore, we sought to 

conduct an exploratory naturalistic study to assess the feasibility of using GPS devices to 

measure movement patterns and driving behaviors (e.g., time spent driving, speed, total 
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distance traveled) in a sample of boda-boda drivers in Kampala. Additionally, we sought to 

determine if these patterns and behaviors differ between SafeBoda and regular boda-boda 

drivers. Naturalistic studies allow the unobtrusive use of a recording device to collect data on 

driver behavior and vehicular and environmental characteristics.61 In this study and throughout 

this paper, regular drivers refer to boda-boda drivers who were not identified as part of the 

SafeBoda program. 

METHODS 

Sample size, sampling methodology, and recruitment 

We recruited 60 drivers (30 SafeBoda and 30 regular drivers) between April 2018 and May 2018 

from boda-boda stages across the five administrative divisions of Kampala (i.e., Kampala 

Central, Nakawa, Kawempe, Rubaga, and Makindye). A stage is a location where a boda-boda 

driver is generally stationed when not out driving a passenger or looking for one. All the 60 

drivers included in this study came from a separate cross-sectional study on safe driving 

behaviors conducted by our team in Kampala.51 The original study used a purposive and 

convenience sampling method (i.e., targeting areas with boda-boda stages with at least one 

SafeBoda driver) to recruit boda-boda drivers to the study. This method has previously been 

used to recruit boda-boda drivers in Kampala.5  

For this study, we used stratified random sampling to recruit the 60 study participants. The 

boda-boda stages from the original study were stratified by the five administrative divisions of 

Kampala and then from each division, four stages were randomly selected for inclusion in the 

study. Once the stages were selected, all boda-boda drivers in each stage (between 1-4 boda-

boda drivers) who had participated in the original study were asked if they would be interested 

in participating in the GPS study.  
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In addition to the eligibility criteria from the original study (i.e., participants must be 18 years or 

older, able to communicate in English or Luganda [a widely spoken language in Uganda], and 

had been working as a boda-boda driver for at least 6 consecutive months at the time of 

recruitment), participants consenting to the GPS study had to be willing to have the GPS device 

on them while driving their motorcycle for the study duration of 24 hours. 

Data collection 

We collected data using two instruments: a) a computer-assisted personal interview (CAPI) 

questionnaire, and b) a GPS device. Both instruments were pretested before actual data 

collection started. 

CAPI questionnaire 

Participants who consented to the GPS study were previously administered a 15-minute 

questionnaire (Figure S1) as part of a cross-sectional study on safe driving behaviors among 

boda-boda drivers in Kampala, Uganda.51 The questionnaire was available in English and 

Luganda and contained questions on demographic and personal characteristics (e.g., age, 

education, income, years of boda-boda experience, and hours worked per day) and on driving 

behaviors (e.g., helmet use, possession of a reflective vest, and alcohol and mobile phone use).  

A complete list of the variables in the questionnaire can be found in the supplementary materials 

(Figure S1). The CAPI questions were derived from previous studies and discussions within the 

study team. Previous studies in sub-Saharan Africa have successfully used self-report to collect 

similar data.5,6,13-16,21  

GPS devices 

We used a commercial GPS device (QStarz BT-Q1000XT Bluetooth Data Logger GPS 

Receiver, Taipei, Taiwan) to record driver movement data in 1 second intervals as the driver 
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went about their daily travels. The GPS devices were pre-programmed to record spatial and 

temporal variables (e.g., date, time, distance, latitude, longitude, and speed) as well as a variety 

of data quality variables (e.g. number of satellites (NSAT) and horizontal dilution of precision 

(HDOP)).67-69 The movements of each participant were stored in the form of a trajectory which is 

defined as an ordered sequence of spatio-temporal positions (coordinates and timestamps).67 

Data were collected in Kampala over 7 weeks between April 2018 and May 2018 for a duration 

of about 24 hours per participant. Data collection was restricted to 24 hours because effective 

device memory was limited by the high frequency of collected data. Participants were instructed 

to put the GPS device in their jacket or trouser pocket and to drive normally for the entire 

duration of data collection. In addition, they were instructed to turn off the device when the 24 

hours of recording elapsed. A research assistant called the participant 10-30 minutes before the 

end of the data collection period to remind him to turn off the device. Upon completion of data 

collection, the device was retrieved from the participant, and the GPS data downloaded (using 

the QTravel utility program that came with the devices) as comma-separated values (CSV) files, 

which were uploaded to a PostgreSQL/PostGIS database in preparation for processing and 

analysis.  

Data processing 

We conducted data processing70 in PostgreSQL 11.2/PostGIS 2.5.1 and in the statistical 

package R.71-73 Two different approaches (manual and algorithm-driven) were used to prepare 

the data for analysis, one using a manual, interactive approach using desktop GIS software, and 

the other using an automated approach using R scripts.  

Manual approach: Two members of the study team jointly visually reviewed each participant’s 

trajectory in QGIS to identify locations that appeared to be clustered points consistent with 

stops.74 Clusters of points consistent with a stop were removed in order to select points that 
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were part of trips (to facilitate calculation of trip characteristics such as mean trip speed). The 

team systematically identified clusters/data points for removal as follows: a) records for periods 

of inactivity (i.e., when GPS points appeared to be clustered around the boda-boda driver’s 

home or stage), b) apparent clusters of records around a location indicating lack of 

movement/longer stops (e.g., stopped for a lunch break), and c) outliers or values that seem 

implausible (e.g., instantaneous speed greater 100 km/h).  

Algorithm in R: We used a rule-based approach (algorithm) to stratify the continuous stream of 

GPS data into “stops” and “trips”.75 Stops were defined as relatively stationary clusters of points 

with low speed (i.e., <5 km/h). Any records that were not contained within a stop group were 

considered to be trips (regardless of whether there was a passenger involved). The algorithm 

processed the raw data as follows: 

1. Flag records as being “slow” or “fast” (i.e., part of a stop or a trip) using a default cut-

point of 5 km/h. This cut-off was chosen after discussions within the study team about 

what might constitute a reasonable lower speed threshold for boda-boda drivers on a 

trip. 

2. Re-mark as “stop” those records that were greater than 5km/h but in a small set of 

temporally contiguous records (default threshold of 10 records) interspersed between 

groups of slow records. These records were likely the result of artifacts in the data due to 

errors in positioning or drivers moving relatively quickly for very short bursts. 

3. Flag groups of temporally contiguous slow records (default threshold of 45 seconds) as 

being a “stop”. The duration of 45 seconds was selected based on the study authors’ 

knowledge of boda-boda movements in Kampala and visual inspection of the data. 

4. Re-scan for “fast”/trip groups with duration less than 3 minutes (180 seconds) and 

recode as “stops”. The study team made the decision to have 3 minutes as the minimum 
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threshold for trip time to accommodate stops at traffic lights. We conducted a sensitivity 

analysis that assessed how our decisions on the thresholds above might have impacted 

the trip summary findings.  

Trip data summaries: We measured the distance (Euclidean) for each GPS point to the 

respective driver’s stage using the PostGIS ST_Distance function with inputs being the GPS 

and stage point geometries (coordinates). Measurements were taken in meters using UTM zone 

36 N (EPSG code 32636). We converted the point data to trip segments by creating a linestring 

between each temporally-sequential pair of records within a trip. For each segment, speed was 

calculated as distance/duration. Segments were aggregated by trip identifier for calculation of 

total duration and distance per trip. The R code used for data processing and analysis can be 

found in the supplementary materials (Figure S2). 

Analysis 

All analyses were conducted in PostgreSQL 11.2 (with PostGIS 2.5.1) and the statistical 

package R (version 3.5.2).42,72,73 For the CAPI data, we used Pearson’s chi-square with 

continuity correction (for categorical variables) and Student’s t-tests (for continuous variables) to 

compare variables (e.g., time spent working as a boda-boda driver per day, helmet use and past 

crash history) between SafeBoda and regular boda-boda drivers. 

We summarized trip data for each driver using a combination of point and segment data. For 

each trip the following summary statistics were calculated: 

1. start timestamp 

2. end timestamp 

3. duration in seconds 
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4. minimum, maximum, mean, standard deviation of distance to stage 

5. minimum, maximum, mean, standard deviation of segment speed 

6. duration above 50 km/h 

We then compared trip data by driver type (i.e., SafeBoda and regular drivers) using Student’s t-

test (for characteristics of the driver such as number of trips and total distance covered per day) 

and generalized estimating equations (GEE) models with a Gaussian link (for characteristics 

associated with trip such as trip duration and trip speed which are clustered within driver). We 

used the gee package in R for fitting the GEE models.54  

Heat maps: Using the recorded GPS coordinates (longitude and latitude), we generated heat 

map rasters using the kde2d function in the R package MASS.76 Heat maps were created 

separately for all GPS points as well as stratified by driver type. Data were resampled to 1-

minute intervals to decrease processing time. The heat maps allowed visualization of which 

areas of Kampala were most frequented by the boda-boda drivers in the study. 

Additionally, we created a heat map of speeding hotspots using data with speeds greater 50 

km/h, the legal speed limit for urban and built areas in Uganda.   

Activity space with kernel density estimator (KDE) analysis: The sp.kde function from the R 

package spatialEco was used to generate a kernel density estimator for each driver’s GPS data, 

scaled from 0 to 1 with the “standardize = TRUE” option.77 The cells within the 95% probability 

distribution were converted to polygons for areal measurement (i.e., to make an estimate of the 

activity space for each driver’s points for the measured day). These areas, which represent 

driving “activity space” were used to test for differences (using Student’s t-test) in activity space 

between SafeBoda and regular drivers.78  
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Sensitivity analysis: To gauge the robustness of our algorithm in consistently differentiating 

stops and trips, we performed a sensitivity analysis using 700 runs of the algorithm with different 

speed and time thresholds/parameters for one randomly selected study participant. Variation in 

mean number of trip and stop records flagged and mean trip speed across the different 

parameter combinations was then assessed qualitatively and statistically (using coefficient of 

variation). Equality of the coefficients of variation in trip speed by parameter combination was 

assessed using the Feltz and Miller asymptotic test in the cvequality R package.79-81  

Ethical approval and consent: Approval for the study was granted by University of 

Washington, Makerere University, and the Uganda National Council for Science and 

Technology. Participants in the study provided verbal consent and were compensated for their 

time. 

RESULTS 

From the CAPI questionnaire, the mean age was 32.3 years, mean weekly net income was 25.6 

US dollars, and mean years of working in the boda-boda sector was 6.1 years. The majority 

(88.3%) of the 60 drivers in the study reported previously attending a road safety training. The 

drivers worked a mean of 12.2 hours and made 17.6 trips per day. SafeBoda drivers generally 

had more years of boda-boda experience, were more educated, and made more money per 

week (Table 1). Detailed results from the CAPI study are reported elsewhere.51 
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Characteristic SafeBoda drivers 

N = 30 

Regular drivers 

N = 30 

 n (%) or median (IQR) n (%) or median (IQR) 

Age (years) 30.5 (8.0) 32.0 (8.8) 

Education (years) 9.0 (5.0) 7.0 (4.0) 

Weekly net income (in USD) 28.6 (14.3) 17.1 (16.4) 

Number of trips per day 20.0 (5.0) 13.5 (10.0) 

Hours worked as boda-boda per day 12.0 (2.0) 12.0 (3.0) 

Has a driving license 14 (46.7%) 8 (26.7%) 

Has other job 13 (43.4%) 10 (33.3%) 

Used a phone while driving in past 30 days 7 (23.3%) 18 (60%) 

Alcohol use in past 2 hours before driving in past 
30 days 

0 (0.0%) 5 (41.7%) 

Had a road traffic crash in past 6 months 8 (26.7%) 12 (40%) 

Own a helmet 30 (100%) 29 (96.7%) 

Helmet cost (in USD) 28.6 (0.0) 8.6 (5.5) 

Has a reflective jacket 30 (100%) 16 (53.3%) 

Has ever received a road safety training 30 (100%) 23 (76.7%) 

Has driven on a pedestrian sidewalk in past 30 
days 

4 (13.3%) 13 (43.3%) 

Has driven towards oncoming traffic in past 30 
days 

2 (6.7%) 12 (40%) 

Always used a helmet while driving in past 30 days 30 (100%) 23 (76.7%) 

Carried more than one passenger in past 30 days 1 (3.4%) 25 (83.3%) 

Years working as a boda-boda driver 5.0 (5.5) 4.0 (3.0) 

Note: Continuous variables are reported as median` with interquartile range [IQR] (in parenthesis), while categorical 

variables are reported as count with percent (in parenthesis). Some observations have missing data. 

Table 1 Comparison of baseline characteristics of SafeBoda and regular boda-boda drivers in Kampala 

 

Maps of manual versus algorithm processing 

Overall, the manual and algorithm approaches appear to have processed the data similarly (i.e., 

flagged records that were part of a stop or a trip similarly). For instance, of the 88518 GPS 

records for the participant’s data used in the sensitivity analysis, the manual approach identified 
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26445 points as part of potential trips compared to 20982 points identified by the algorithm. 

Figures 1 and 2 illustrate how a selection of records from one study participant were processed 

by the two approaches. Figure 1 shows the unprocessed records with a large cluster of points in 

the southwest corner of the map. It is not apparent to the eye (i.e., looking at the cluster) which 

points are associated with each other as a trip or a stop. However, in Figure 2, we can observe 

the outcome from the manual and algorithm processing. Compared to the algorithm approach, 

the manual approach seemed to have failed to flag certain clusters of records as part of a stop 

(circled in red). Moreover, it has removed some data points that were consistent with being part 

of a trip (circled in green). Conversely, the algorithm approach seemed to have classified some 

parts of trips as stops (circled in black). With the algorithm, trips of relatively short duration (less 

than 3 minutes) may have been misclassified as part of a stop. 

 

Figure 1: An original (unprocessed) map showing clustered points particularly in the SW area of the map   



 

55 

 

 

 

Figure 2: Manually processed (left): note apparent stops that were not manually removed (circled in red), apparent 

trips that seem to be removed (circled in green); algorithmically processed (right): note apparent trip that was 

removed (circled in black) 

 

Trip summary findings from the algorithm approach 

Results from the GPS data showed that boda-boda drivers in the study made a median of 30.5 

trips (IQR: 14.5 trips) per day with a minimum of 1 trip and a maximum of 52 trips. The median 

trip length was 3.5 km (IQR: 1.1 km) with the shortest trip being 1.1 km and the longest being 

6.4 km. A typical trip lasted on average 9.0 minutes (range from 3.0 minutes to 13.8 minutes). 

The median distance (Euclidean) traveled from the stage was 5.1 km (IQR: 3.3 km) with a 

minimum and maximum median distance from the stage of 4.2 km and 6.2 km respectively. The 

median speed on a trip was 22.5 km/h (IQR: 2.2 km/h). A typical boda-boda driver covered a 

median distance of 115.4 km (IQR: 52.4 km) per day. The median total time spent on trips was 

4.9 hours (IQR: 1.8 hours) per day. 

On average, SafeBoda drivers traveled shorter distances from their stage compared to regular 

drivers. Conversely, regular drivers made fewer trips per day and covered less distance per day 
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than SafeBoda drivers. However overall, driving movements within the city were similar for 

SafeBoda and regular drivers (Table 2). 

Characteristic SafeBoda drivers Regular drivers P value 

Mean trip distance from the stage (km) 4.5 (2.6-6.3) 5.2 (4.4-5.9) 0.20 

Minimum trip distance from the stage (km) 3.5 (1.7-5.4) 4.2 (3.4-5.0) 0.24 

Maximum trip distance from the stage (km) 5.4 (3.6-7.2) 6.1 (5.4-6.9) 0.19 

Mean speed (km/h) 22.8 (21.2-24.4) 22.1 (21.4-22.8) 0.12 

Number of trips 32 30 0.46 

Mean trip length (km) 3.5 (2.7-4.2) 3.6 (3.3-4.0) 0.41 

Mean distance covered per day (km) 110 108 0.85 

Number of hours spent driving (hours) 4.7 4.7 0.95 

Mean trip duration (minutes) 8.9 (7.3-10.4) 9.4 (8.8-10.1) 0.20 

Note: Variables are reported as mean with 95% CIs in parenthesis where applicable 

Table 2 Driving behaviors in SafeBoda and regular drivers  

 

Heat maps of SafeBoda and regular driver routes and trajectories 

Qualitatively, the heat maps showed a high concentration of SafeBoda trips in the center of the 

city with most trips around Kampala Central and Makindye Divisions. Trips by regular drivers 

seem diffused over a wider area (Figure 3). However, our kernel density estimator analysis 

showed a slighter larger activity space for SafeBoda compared to regular drivers although this 

difference in mean activity space was not statistically significant (Figure 4). 
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Figure 3: Kernel density estimates heat maps of boda-boda trip trajectories. Left: SafeBoda drivers; right: regular 

drivers 

Activity space analysis 

The overall mean of activity space was 5.45 km2 (SD 5.34), and for SafeBoda drivers the mean 

was slightly larger (6.27 km2, SD = 5.85), and smaller for regular drivers (4.63 km2, SD 4.73). A 

box plot of the activity space area by driver type is shown in Figure 4. Student’s t test results 

indicated no significant difference in activity space between SafeBoda and regular drivers (p = 

0.24). 
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Figure 4: Box plot of activity space for SafeBoda and regular drivers 

 

Heat map of speeding hotspots for all boda-boda drivers 

The heat map of trip segments where drivers were going at greater than 50 km/h showed 

scattered speeding hotspots across Kampala (Figure 5). These hotspots seem to generally align 

with major streets (e.g., Kira road, Kampala road, and Jinja Road) in the city. Although multi-

lane, these roads are within built-up areas and drivers are expected to respect the 50 km/h 

speed limit. There seem to be some locations where SafeBoda drivers exceeded the speed 

limit, but regular drivers did not and vice versa, although it should be acknowledged that their 

general mobility patterns differ. 
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Figure 5: Kernel density estimates heat map of speeding hotspots (i.e., GPS points with speed > 50km/h); left: all data; middle: 
SafeBoda; right: regular drivers 

 

Sensitivity analysis 

Across the 700 parameter combinations used in the sensitivity analysis (only one study 

participant), the range of mean trip speed was from 21 km/h to 26.3 km/h and the range of time 

spent in trips was from 2.7 minutes to 6.9 minutes. The mean speed and trip duration (for all 

study participants) using default parameters (the ones used for the primary analysis) was 22.9 

km/h (range from 21.0 km/h to 26.3 km/h) and 9.0 minutes (range from 3.0 minutes to 13.8 

minutes).  

Qualitatively, mean trip speed did not seem to vary much (median speed of 22.6 km/h; IQR: 

1.63 km/h) by parameter combination (Figure 6). In addition, varying one algorithm parameter 

while holding others constant did not seem to affect mean trip speed (Figures S3-S6). However, 

the Feltz and Miller asymptotic test showed that the coefficients of variation in trip speed were 

not equal for each parameter combination (p<0.001). The mean coefficient of variation for trip 

speed across the 700 parameter combinations was 0.52, suggesting a slightly greater level of 

dispersion around mean trip speed across the different parameter combinations. 

While variation in algorithm parameters had little effect on trip speed, we found a marked effect 

on trip duration (Figure 7 and Figures S7-S10). In terms of number of GPS records identified as 
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part of a trip or a stop, there was some variation by parameter combination with a median of 

21712 records (IQR: 2932.3 records) identified as a part of a trip and 66806 records (IQR: 

2932.3 records) identified as part of a stop.   

 

Figure 6: Mean speed across all sensitivity runs (vertical line at selected parameter combination) 
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Figure 7: Histogram of total hours spent in trips across sensitivity runs (vertical line at selected parameter 

combination) 

DISCUSSION 

In this study, we explored the feasibility of using GPS devices to measure and characterize 

driving patterns of boda-boda drivers in Kampala. Our findings indicate that GPS tracking in 

boda-boda drivers is feasible and resulted in high-resolution data that can be used to investigate 

actual driving behaviors. Of the analysis we conducted, we found that on average boda-boda 

drivers did not travel more than 7 km from their stage, with trips out of the stage lasting on 

average 9 minutes. Crude measures such as number of trips taken, distance traveled, and 

average speed did not differ significantly between SafeBoda and regular drivers. Moreover, their 

heat maps and activity spaces seem to point to shared work environment and passenger 

destinations. While our sensitivity results showed an estimate for mean trip speed that was 

robust to changes in the algorithm parameters, the estimated time spent in trips varied across 

parameter combinations especially when the threshold for what constituted a minimum trip time 

was large. 
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Compared to the self-report results from the CAPI questionnaire, boda-boda drivers in the study 

seemed to have underreported the number of trips they made per day (17.6 in the self-reports 

versus 31 from the GPS data). Furthermore, while boda-boda drivers self-reported “working” on 

average 12.2 hours per day, the GPS data showed that only 4.7 hours per day were spent 

actively driving in trips. The discrepancy in self-reported and algorithm-determined number of 

trips maybe explained by several factors. For instance, drivers may have understood a trip as 

starting from their stage, therefore any trips due to trip chaining (i.e., additional trips before 

return to the stage) would not be reported by the driver but captured by the algorithm. In 

addition, drivers may have counted as “trips” only those trips that involved carrying a passenger 

while the algorithm recorded all trips including those without a passenger (e.g., when returning 

from dropping off a passenger). In essence, the GPS device and self-report may be measuring 

different things. Secondly, the discrepancy could be due to measurement error especially in the 

self-reported outcome. One benefit of the GPS device is that it is objective and therefore any 

systematic errors would be non-differential between the groups being compared. 

Our findings collaborate those by Evans et al. in their study of boda-boda drivers in Kampala. 

We found a similar high concentration of boda-boda trips within central Kampala.65 However, 

compared to Evans et al., we found a slightly higher mean trip distance (3.5 km versus 3.04 km) 

and very different mean speed (22.5 km/h versus 10.0 km/h) and mean trip duration (9.0 

minutes vs 18 minutes). These differences could be due to how the two study groups coded 

trips and analysed their data, however Evans et al. provided limited information in their 

manuscript on how their measurement and analysis of trip data were done. 

This study has some limitations. First, we did not have a gold-standard with which to validate 

the processing techniques we used in our analysis. For instance, it was not possible to 

differentiate definitively between stops and trip episodes, especially in situations of short trips or 

trip chaining with brief stops, such as to pick up or drop off passengers and stops at traffic lights 
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or jams.82 With the manual approach, there was a potential risk of selection bias from 

inadvertent removal of actual trip data especially near locations with high concentration of GPS 

points (e.g., the driver’s stage and home). Moreover, at a smaller scale, what appear to be 

single points may become evident as stops when zoomed to a larger scale. For this reason, the 

manual editing approach was quite problematic because it required much time spent zooming in 

and out, and true stops could have easily been missed, leading to misclassification bias. The 

algorithm approach was also prone to misclassification bias especially in misclassifying shorter 

trips as stops. In certain situations, the algorithm readily excluded from trips points that 

appeared to the eye to be part of a moving trip. While there is no reason for us to suspect that 

any misclassification bias would be different in SafeBoda and regular drivers, the overall effect 

could likely be an underestimation of time spent on trips (and therefore time exposed to a risk of 

road traffic crash).  Although our sensitivity analyses showed that the parameters we selected 

seemed reasonable for the purposes of this study, selecting an optimal set of parameters for 

differentiating trips and stops, would be best done using field observations rather than through 

software simulations. Second, our study was not able to capture hard stops, swerves, very rapid 

speed changes, and other micro-level risky driving behaviors that would have been better 

captured with more sensitive devices such as accelerometers. While at the crude level, we did 

not find evidence of differences in riding patterns between SafeBoda and regular drivers, an 

examination of more precise and targeted measures (e.g., speed through an intersection and 

riding against traffic) may be needed to determine whether rider safety training results in safer 

driving among boda-boda drivers. Third, we collected data only for one driving day, which has a 

few implications: (1) collected data do not necessarily represent typical driving behavior or 

weather/traffic conditions, (2) subjects may have altered their driving behavior because they 

knew they were being observed. Lastly, our study did not collect qualitative data to augment the 

GPS data.  
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Despite these limitations, our findings suggest that GPS devices can be used to measure boda-

boda driver driving patterns in Uganda. Future research in this area should explore using more 

sensitive devices such as accelerometers to measure finer variations in driving behaviors, 

consider collecting data from the same participants over several days, and employ a mixed 

study approach to get both objective GPS data and qualitative data from study participants 

about their daily experiences as boda-boda drivers in Kampala, as well as their reactions to the 

use of the GPS devices.64,65 If combined with qualitative interviews, GPS devices can provide 

important sources of data on where boda-boda frequently travel in Kampala and how they 

navigate their work days. This could be useful for road safety planning and enforcement.  
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Chapter 5: Conclusions 
 

In this dissertation, we report findings from five inter-related studies we conducted to assess 

whether driving behaviors and risk of road traffic crash differed between SafeBoda and regular 

drivers. In the first set of three studies, we found that a lower proportion of SafeBoda drivers 

engaged in driving behaviors associated with increased risk of road traffic crash and injury 

compared to regular drivers. For instance, compared to regular drivers, helmet use while driving 

in SafeBoda drivers was 21 percent points higher (95% CI: 0.15-0.27; p<0.001) based on the 

CAPI and 45 percent points higher (95% CI: 0.43-0.47; p<0.001) based on roadside 

observation. Furthermore, from the cohort study, we found that SafeBoda drivers were 39% less 

likely to be involved in a RTC than regular drivers after adjusting for age, possession of a 

driver’s license, and education (RR: 0.61, 95% CI: 0.39-0.97, p=0.04). Lastly, from the GPS 

study, we found that GPS devices are acceptable and feasible for measuring boda-boda driver 

movement in Kampala. 

While these were observational studies (with the attendant limitations about making causal 

inference), we believe our findings have several important implications for the boda-boda sector 

in Uganda. First, despite almost universal helmet ownership (both self-reported and observed), 

reported and observed helmet use while driving was found to be considerably lower in regular 

drivers than in SafeBoda drivers. It seems despite owning a helmet, regular drivers seem not 

interested in wearing it while they are driving. Future studies need to find out why regular drivers 

are not using their helmets and whether future interventions on helmet use in this group need to 

focus on awareness campaigns, enforcement, or helmet design. Second, despite the chaos of 

road traffic in Kampala where even the most careful of drivers is not safe from being involved in 

a road traffic crash, we were still able to find a large reduced risk of road traffic crash in 

SafeBoda drivers compared to regular drivers. We were not able to determine how the 
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SafeBoda program was able to exert its effects on safe driving behaviors and risk of road traffic 

crash. The provision of protective gear and road safety training seemed to have not been the 

main mediating factors given the universal helmet ownership and null mediation results we 

found. Two other possible mediators include the strict SafeBoda code of conduct and self-

selection of road safety-conscious drivers into the SafeBoda program. Future studies would 

need to explore these potential mechanisms in order to identify the components that may be 

targeted for road safety interventions.  

Our studies had several limitations as previously discussed. Some of these limitations can be 

addressed by additional analyses using the current data or in future studies. For example, while 

we found a median hospitalization time of 3 days, this is likely an underestimate given that the 

recorded time was censored at the time of data collection. A future study could consider using 

survival analysis approaches to provide a more accurate estimate of median hospitalization 

time. In addition, future studies in motorcycle taxi drivers could include a qualitative component 

to the GPS study (to understand the driver’s experiences with the device) or include new 

players in the motorcycle taxi sector such as uberBoda and Taxify. 

In conclusion, although there is contradictory evidence in the published literature on the 

effectiveness of road safety training programs targeting motorcycle drivers, we found evidence 

that the SafeBoda conferred protective effects on its drivers. These effects might not be due to 

road safety training but due to other components of the SafeBoda program such as the code of 

conduct and its attendant consequences including remedial training, suspension, and dismissal 

(depending on the nature and context of the offense committed).  
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Figure S2 Directed acyclic graph of the relationship between SafeBoda and helmet use 

This figure shows variable relationships (based on theory and existing injury literature) among 

the exposure (SafeBoda program), primary outcome (self-reported helmet use), and several 

covariates (e.g., age, education, and past crash history). 
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Figure S3 Summary of matched sets 
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Figure S4 Histograms showing distribution of propensity scores 
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Figure S5 Summary of distribution of propensity scores using “jitter” 
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Figure S2 Sample R code from processing and analysis of the GPS data 

# setups 

library(here, verbose = FALSE) 

library(RPostgreSQL) 

library(sqldf) 

library(tcltk) 

library(lubridate) 

options(stringsAsFactors = FALSE) 

 

# pull parameters from the params.R file 

projectdir <- here::here() 

scriptsdir <- file.path(projectdir, "tools") 

datadir <- file.path(projectdir, "data") 

source(file.path(projectdir, "params.R")) 

password <- scan("~/.pgpasswd", what = "character", quiet = TRUE) 

 

# db --------------------------------------------------------------------- 

# db connection function 

# assumes we are only using one database for the project, with dbname = projectname and 

connection = "dbconn" 

connectDB <- function(dbname=mydbname, host="localhost", port=5433){ 

    # read the password file 

    if(!exists("dbconn")){ 

        #message(dbname, " not connected") 

        dbconn <- dbConnect(dbDriver("PostgreSQL"), dbname = mydbname, host=host, password 

= password, port=port) 

        message(dbname, " now connected as dbconn") 

        return(dbconn) 

    } 

    if(exists("dbconn")){ 

        connectionIsCurrent <- isPostgresqlIdCurrent(dbconn) 

        #message(connectionIsCurrent) 

        if(!connectionIsCurrent){ 

            message("establishing connection to ", dbname) 

            dbconn <- dbConnect(dbDriver("PostgreSQL"), dbname = mydbname, host=host, 

password = password, port=port) 

            #message(dbname, " now connected") 

        } 

        return(dbconn) 

    } 

} 
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# db connect --------------------------------------------------------------------- 

# connect to the db 

dbconn <- boda <- connectDB(dbname="boda") 

 

# sqldf options for Postgres 

mypassword <- scan("~/.pgpasswd", what = "character", quiet = TRUE) 

options(sqldf.RPostgreSQL.user = Sys.getenv("username"), 

        sqldf.RPostgreSQL.password = password, 

        sqldf.RPostgreSQL.dbname = mydbname, 

        sqldf.RPostgreSQL.hostname = "localhost", 

        sqldf.RPostgreSQL.port = 5432) 

 

 

mvExists <- function(conn, schemaname, mvname){ 

    sql <- sprintf( 

"SELECT count(*) > 0 as mvexists 

FROM pg_catalog.pg_class c 

     LEFT JOIN pg_catalog.pg_namespace n ON n.oid = c.relnamespace 

WHERE c.relkind IN ('v','s','') 

      AND n.nspname !~ '^pg_toast' 

  AND c.relname ~ '^%s$' 

  AND n.nspname ~ '^%s$';", mvname, schemaname) 

    dbGetQuery(conn = conn, statement = sql)$mvexists 

} 

 

tExists <- function(conn, table_schema, table_name){ 

    sql <- sprintf("select count(*) = 1 from information_schema.tables where table_schema = '%s' 

and table_name = '%s';", table_schema, table_name) 

    dbGetQuery(conn = conn, sql)[1,1] 

} 

 

 

# read in the GPS data 

 

library(lubridate) 

library(here) 

library(sqldf) 

library(RPostgreSQL) 

library(RSQLite) 

library(sf) 

 

projectdir <- here::here() 

source(file.path(projectdir, "tools", "setup.R")) 
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gps.dir <- file.path(projectdir, "data", "gps") 

gpsfiles <- sort(list.files(gps.dir, "*.csv$", full.names = TRUE, recursive = TRUE)) 

files_ids <- data.frame(fname = gpsfiles, id = gsub(".csv", "", tolower(do.call(c, 

lapply(strsplit(gpsfiles, split = "_"), function(x) x[2]))))) 

files_ids <- files_ids[order(files_ids$id),] 

 

 

maketablestructure_gps <- function(conn = dbconn, schema){ 

    sql <- " 

    DROP TABLE if exists xxxSCHEMAxxx.gps cascade; 

    CREATE TABLE xxxSCHEMAxxx.gps 

    ( 

      id text, 

      wave text, 

      index integer, 

      rcr text, 

      utc_date text, 

      utc_time text, 

      ms integer, 

      valid text, 

      height_m double precision, 

      speed_kmh double precision, 

      heading double precision, 

      dsta integer, 

      dage integer, 

      pdop double precision, 

      hdop double precision, 

      vdop double precision, 

      nsat_used text, 

      sat_info text, 

      distance_m text, 

      nsat_view text, 

      time_gps timestamp with time zone, 

      time_gps_std timestamp with time zone, 

      jdaya_gps date, 

      gps_src text, 

      latitude double precision, 

      longitude double precision, 

      the_geom_4326 geometry(POINTM, 4326), 

      the_geom_xxxSRIDxxx geometry(POINTM, xxxSRIDxxx), 

      gid serial 

    ); 

    alter table xxxSCHEMAxxx.gps add primary key (gid); 

    create index idx_gps_id_wave on xxxSCHEMAxxx.gps using btree(id, wave); 
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    create index idx_gps_id on xxxSCHEMAxxx.gps using btree(id); 

    create index idx_gps_time_gps_std on xxxSCHEMAxxx.gps using btree(time_gps_std); 

    create index idx_gps_the_geom_4326 on xxxSCHEMAxxx.gps using gist(the_geom_4326); 

    create index idx_gps_the_geom_xxxSRIDxxx on xxxSCHEMAxxx.gps using 

gist(the_geom_xxxSRIDxxx); 

    create index idx_gps_src on xxxSCHEMAxxx.gps using btree(gps_src); 

    create index idx_gps_id_wave_time on xxxSCHEMAxxx.gps using btree(id, wave, 

time_gps_std); 

    " 

 

    # substitute for the correct SRID 

    sqlx <- gsub("xxxSCHEMAxxx", schema, gsub("xxxSRIDxxx", mysrid, sql)) 

    O <- dbGetQuery(conn = conn, statement = sqlx) 

} 

 

 

make_child_tables <- function(schema){ 

    for(i in 1:nrow(files_ids)){ 

        fname <- files_ids$fname[i] 

        id <- files_ids$id[i] 

        message(i, " of ", length(gpsfiles), " (", basename(fname), ")") 

        sqli <- sprintf("create table %s.gps_%s ( 

                        check (id = '%s'::text) 

        ) inherits (%s.gps);", schema, id, id, schema) 

        O <- dbGetQuery(conn = dbconn, statement = sqli) 

        O <- dbGetQuery(conn = dbconn, statement = sprintf("create index idx_gps_%s on 

%s.gps_%s using btree(id);", id, schema, id)) 

        O <- dbGetQuery(conn = dbconn, statement = sprintf("create index idx_gps_%s_geom4326 

on %s.gps_%s using gist(the_geom_4326);", id, schema, id)) 

        O <- dbGetQuery(conn = dbconn, statement = sprintf("create index 

idx_gps_%s_geom32636 on %s.gps_%s using gist(the_geom_32636);", id, schema, id)) 

    } 

 

    tsql0 <- " 

drop function gps_insert_trigger; 

CREATE OR REPLACE FUNCTION gps_insert_trigger() 

RETURNS TRIGGER AS $$ 

BEGIN" 

 

    for(i in 1:nrow(files_ids)){ 

        id <- files_ids$id[i] 

        if(i==1){ 

            tsql0 <- sprintf("%s\n 

            IF ( NEW.id = '%s' ) THEN 
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            INSERT INTO %s.gps_%s VALUES (NEW.*);", tsql0, id, schema, id) 

        } else { 

            tsql0 <- sprintf("%s\n 

            ELSIF ( NEW.id = '%s' ) THEN 

            INSERT INTO %s.gps_%s VALUES (NEW.*);", tsql0, id, schema, id) 

        } 

 

    } 

 

    tsql0 <- sprintf("%s\n 

        END IF; 

        RETURN NULL; 

END; 

$$ 

LANGUAGE plpgsql;", tsql0) 

 

    cat(tsql0, file = "/tmp/tf.sql") 

 

} 

# read in the GPS file 

qstarz.to.db.afile <- function(fname, conn, schema, overwrite = FALSE){ 

    violation <- FALSE 

    message(sprintf("   processing in %s ....", fname)) 

    # id and wave number, get from params.R 

    id <- tolower(unlist(strsplit(basename(fname), split="[[:punct:]]"))[fnchunk.nameparts$id]) 

    wavenum <- unlist(strsplit(basename(fname), split="[[:punct:]]"))[fnchunk.nameparts$wave] 

 

    # wave 

    wave <- ifelse(wavenum==1, "baseline", 

        ifelse(wavenum==2, "post1", 

               ifelse(wavenum==3, "post2", NA))) 

 

    # do records for this exist? 

    hasrecs <- dbGetQuery(conn = conn, statement = sprintf("select count(*) > 1 as hasrecs from 

%s.gps where gps_src = '%s';", schema, fname))$hasrecs 

 

    # if records exist 

    if(hasrecs){ 

        # if we don't want to overwrite 

        if(!overwrite){ 

            message("   not overwriting data for ", fname) 

            return(invisible()) 

        } else { 
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            O <- dbGetQuery(conn = conn, statement = sprintf("delete from %s.gps where gps_src = 

'%s';", schema, fname)) 

        } 

    } 

 

    # zero size? 

    if(file.info(fname)$size == 0){ 

        message("   BAILING! ", fname, " is size zero.") 

        return(invisible()) 

    } 

    # read data 

    gps <- read.csv(fname, as.is=T, strip.white=T) 

    # if there are fewer than 100 records then bail 

    if(nrow(gps) < 100){ 

        message("   BAILING! only ", nrow(gps), " records in ", fname) 

        return(invisible()) 

    } 

    # column names 

    colnames(gps) <- gsub("_$", "", tolower(gsub("[[:punct:]]", "_", colnames(gps)))) 

    # sat info column 

    colnames(gps)[grep("sat_info", colnames(gps))] <- "sat_info" 

    # drop null records 

    gps <- gps[grep("-", gps$utc_date, invert=T),] 

    # reformat lat & long 

    gps$latitude <- ifelse(gps$n_s=="S", -gps$latitude, gps$latitude) 

    gps$longitude <- ifelse(gps$e_w=="W", 0 - gps$longitude, gps$longitude) 

    # some points are not valid 

    gps <- gps[gps$valid != "NO FIX",] 

    # add the subject ID 

    gps <- data.frame(id, wave, gps) 

    # does this meet specification? 

    if(any(grepl("altitude", names(gps)))){ 

        violation <- TRUE 

        colnames(gps)[grep("altitude", colnames(gps))] <- "height" 

        colnames(gps)[grep("track_id", colnames(gps))] <- "rcr" 

        gps$nsat_used <- "NA/NA" 

        # drop unnecessar columns 

        gps$g_x <- gps$g_y <- gps$g_z <- NULL 

        # add "placeholder" columns 

        gps$dsta <- gps$dage <- gps$pdop <-gps $vdop <-gps $hdop <- gps$distance_m <- NA 

    } 

    # reformat height, speed, distance, nsat used, nsat view: remove units from values and add 

to field names 

    gps$height <- as.numeric(sub("M", "", gps$height)) 
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    colnames(gps)[grep("height", colnames(gps))] <- "height_m" 

    gps$speed <- as.numeric(sub("km/h", "", gps$speed)) 

    colnames(gps)[grep("speed", colnames(gps))] <- "speed_kmh" 

    # sometimes distance was strangely named and formatted. 

    if(any(grepl("^distance$", colnames(gps)))){ 

        gps$distance <- sub(" M", "", gps$distance) 

        colnames(gps)[grep("^distance$", colnames(gps))] <- "distance_m" 

    } 

    # split nsat into view and used 

    colnames(gps)[grep("nsat", colnames(gps))] <- "nsat_used" 

    gps$nsat_used <- gsub(" ", "", gps$nsat_used) 

    gps$nsat_view <- gps$nsat_used 

    gps$nsat_used <- unlist(strsplit(gps$nsat_used, "\\/"))[1] 

    gps$nsat_view <- unlist(strsplit(gps$nsat_view, "\\/"))[2] 

    if(violation){ 

        gps$nsat_used <- gps$nsat_view <- NA 

    } 

    # handle timestamps: create a single UTC full timestamp 

    gps$time_gps <- with_tz(as.POSIXct(sprintf("%s %s", gps$utc_date, gps$utc_time), 

format="%Y/%m/%d %H:%M:%S", tz="UTC"), "PST8PDT") 

    # round time to 1 minute 

    gps$time_gps_std <- floor_date(gps$time_gps, unit = "1 min") 

    # date, transition at 3 AM 

    gps$jdaya_gps <- as.Date(gps$time_gps - 3 * 60 * 60, tz = timezone) 

 

    # drop records from 1980 

    gps <- gps[format(gps$time_gps, "%Y")!="1980",] 

    # source 

    gps$gps_src <- fname 

 

    # drop junk columns 

    gps$local_date <- gps$local_time <- gps$n_s <- gps$e_w <- NULL 

 

    # drop trailing underscore on column names 

    colnames(gps) <- gsub("_$", "", colnames(gps)) 

    gps$secs <- as.numeric(gps$time_gps) 

 

    gps_sf = st_as_sf(gps, coords = c("longitude", "latitude", "secs"), dim = "XYM", crs = 4326, agr 

= "constant") 

    gps_sf$latitude <- st_coordinates(gps_sf$geometry)[,"Y"] 

    gps_sf$longitude <- st_coordinates(gps_sf$geometry)[,"X"] 

    # wkb columns for writing to PostGIS 

    # WGS84 

    gps_sf$the_geom_4326 <- st_as_binary(gps_sf$geometry, hex = TRUE, EWKB = TRUE) 
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    # projected 

    gps_sf$the_geom_proj <- st_as_binary(st_transform(gps_sf$geometry, mysrid), hex = TRUE, 

EWKB = TRUE) 

    colnames(gps_sf)[grep("the_geom_proj", colnames(gps_sf))] <- sprintf("the_geom_%s", 

mysrid) 

    gps_sf$geometry <- NULL 

    gps$gid <- NULL 

 

    assign("gps", gps, envir = .GlobalEnv) 

 

    # 

 

    # write to database 

#    O <- dbWriteTable(conn = conn, name = c("gps", "gps"), gps_sf, row.names = FALSE, 

overwrite = FALSE, append = TRUE, field.types = NULL, factorsAsCharacter = TRUE, binary = 

TRUE) 

    O <- dbWriteTable(conn = conn, name = c(schema, "gps"), gps_sf, row.names = FALSE, 

overwrite = FALSE, append = TRUE, field.types = NULL, factorsAsCharacter = TRUE, binary = 

TRUE) 

 

    # return a data frame of the GPS 

    return(gps_sf) 

} 

 

# push many GPS CSV files to the database 

qstarz.to.db.allfiles <- function(conn = dbconn, gpsfiles = gpsfiles, schema, overwrite = FALSE, 

where=""){   #WHERE valid='DGPS' AND hdop < 5", verbose=F){ 

    if(overwrite){ 

        maketablestructure_gps(conn = conn) 

    } 

    for(i in 1:length(gpsfiles)){ 

        fname <- gpsfiles[i] 

        message(i, " of ", length(gpsfiles), " (", basename(fname), ")") 

        x <- qstarz.to.db.afile(fname = fname, conn = conn, schema = schema, overwrite = 

overwrite) 

    } 

} 

 

# make GPS segments between points 

gps.segments <- function(conn = dbconn){ 

    sql <- " 

    drop table if exists xxxSCHEMAxxx.gps_segments; 

    create table xxxSCHEMAxxx.gps_segments as 
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    with g as (select *, row_number() over(order by wave, id, time_gps) as xid from 

xxxSCHEMAxxx.gps order by wave, id, time_gps) 

    , g1 as (select * from g) 

    --join by lag 

    , j as (select g.id, g.wave, g.time_gps as time_gps_0, g1.time_gps as time_gps_1, 

st_makeline(g.the_geom_xxxSRIDxxx, g1.the_geom_xxxSRIDxxx) as geom from g left join g1 on 

g.wave = g1.wave and g.id = g1.id and g.xid = g1.xid - 1) 

    --calculate time lag, length 

    , f as (select *, extract(epoch from time_gps_1 - time_gps_0) as duration_s, st_length(geom) 

as length_m from j) 

    --calculate MPH, exclude links that were more than 10 minutes 

    --select *, (length_ft / 5200) / (duration_s / 3600) as mph_gis from f where duration_s < 600 

    select * from f; 

    --spatial index 

    create index idx_gps_segments on xxxSCHEMAxxx.gps_segments using gist(geom);" 

 

    sqlx <- gsub("xxxSCHEMAxxx", schema, gsub("xxxSRIDxxx", mysrid, sql)) 

 

    O <- dbGetQuery(conn = conn, statement = sqlx) 

} 

 

 

 

# an RLE based function for getting "trips", creates a vector with trip numbers 

 

# some "diff" values 

z <- c(30,29,30,31,200,30,29,33,80,20,500,30,29,35,70,900) 

# construct the vector using as.numeric( 

f.rle <- function(x, tol=150){ 

    # recode to ones and zeros based on tolerance. 1 part of a run, 0 if after a big time gap 

    x.recode <- ifelse(x<tol,1,0) 

    # make a RLE object 

    x.rle <- rle(x.recode) 

    # was the last value 0? If so that means the last record was obtained after a long gap. 

    last.rle.val <- x.rle$values[length(x.rle$values)] 

    if(last.rle.val==0){ 

        x.rle$values[length(x.rle$values)] <- 2 

    } 

    # which RLE values are zeros? 

    which.zeros <- which(x.rle$values==0) 

    # and which are ones? 

    which.ones <- which(x.rle$values>0) 

    # which positions come after the zeros? 

    after.zeros <- which.zeros + 1 
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    # add 1 to the lengths that came after the zeros (increase the "run" lengths by 1) 

    x.rle$lengths[after.zeros] <- x.rle$lengths[after.zeros] + 1 

    # pull out only the "run" lenghts 

    x.rle$lengths <- x.rle$lengths[which.ones] 

    # make a sequence of run values 

    x.rle$values <- seq(1:length(x.rle$lengths)) 

    inverse.rle(x.rle) 

} 

 

 

# "create table gps.grid as (SELECT row_number() over() as gid, 

(ST_PixelAsPolygons(ST_AddBand(ST_MakeEmptyRaster(30000,30000,483681,10315,5000), 

'8BSI'::text, 1, 0), 1, false)).geom as geom); 

# 

# CREATE OR REPLACE FUNCTION ST_CreateFishnet( 

#         nrow integer, ncol integer, 

#         xsize float8, ysize float8, 

#         x0 float8 DEFAULT 0, y0 float8 DEFAULT 0, 

#         OUT "row" integer, OUT col integer, 

#         OUT geom geometry) 

#     RETURNS SETOF record AS 

# $$ 

# SELECT i + 1 AS row, j + 1 AS col, ST_Translate(cell, j * $3 + $5, i * $4 + $6) AS geom 

# FROM generate_series(0, $1 - 1) AS i, 

#      generate_series(0, $2 - 1) AS j, 

# ( 

# SELECT ('POLYGON((0 0, 0 '||$4||', '||$3||' '||$4||', '||$3||' 0,0 0))')::geometry AS cell 

# ) AS foo; 

# $$ LANGUAGE sql IMMUTABLE STRICT; 

# 

# SELECT row_number() over() as gid, * 

# FROM ST_CreateFishnet(6, 6, 5000, 5000, 434350, 10315) AS cells; 

# 

# create table gps.grid as SELECT row_number() over() as gid, * FROM ST_CreateFishnet(9,10, 

5000, 5000, 434350, 10315) AS cells; 

# update gps.grid set geom = st_setsrid(geom, 32636); 

# alter table gps.grid alter COLUMN geom set data type geometry(polygon, 32636); 

# 

# create table gps.lines as select id, st_makeline(the_geom_32636 order by 

index)::geometry(linestring, 32636) group by id order by id; 

# 

# 

# SELECT create_parent('public.events', 'created_at', 'time', 'daily'); 

# 
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# " 

# 

# 

# 

# 

# " 

# CREATE OR REPLACE FUNCTION measurement_insert_trigger() 

# RETURNS TRIGGER AS $$ 

# BEGIN 

#     IF ( NEW.logdate >= DATE '2006-02-01' AND 

#          NEW.logdate < DATE '2006-03-01' ) THEN 

#         INSERT INTO measurement_y2006m02 VALUES (NEW.*); 

#     ELSIF ( NEW.logdate >= DATE '2006-03-01' AND 

#             NEW.logdate < DATE '2006-04-01' ) THEN 

#         INSERT INTO measurement_y2006m03 VALUES (NEW.*); 

#     ... 

#     ELSIF ( NEW.logdate >= DATE '2008-01-01' AND 

#             NEW.logdate < DATE '2008-02-01' ) THEN 

#         INSERT INTO measurement_y2008m01 VALUES (NEW.*); 

#     ELSE 

#         RAISE EXCEPTION 'Date out of range.  Fix the measurement_insert_trigger() function!'; 

#     END IF; 

#     RETURN NULL; 

# END; 

# $$ 

# LANGUAGE plpgsql; 

# "" 

 

# an example of the speed threshold algorithm 

 

library(here) 

library(sqldf) 

library(RPostgreSQL) 

library(sqldf) 

library(sf) 

 

projectdir <- here::here() 

source(file.path(projectdir, "tools", "setup.R")) 

 

# write one GPS data set to the db 

db_process <- function(){ 

    source('/projects/boda/tools/qstarz_to_postgis_partition.R') 

    maketablestructure_gps(conn = dbconn, schema = "algo") 

    make_child_tables(schema = "algo") 
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    qstarz.to.db.allfiles(conn = dbconn, gpsfiles = gpsfiles, schema = "algo", overwrite = FALSE) 

    #qstarz.to.db.afile(fname = "/projects/boda/data/gps/safeboda/0002_CS0001.csv", conn = 

boda, schema = "algo") 

} 

 

# create a table to hold trip numbers 

mtt <- function(){ 

    O <- dbGetQuery(conn = dbconn, statement = "drop table if exists algo.trips; 

        create table if not exists algo.trips (id text, time_gps timestamptz, trip boolean, tripnum 

integer); 

        create index idx_trips_id on algo.trips using btree (id); 

        create index idx_trips_time_gps on algo.trips using btree (time_gps); 

        create index idx_trips_tripnum on algo.trips using btree(tripnum);") 

} 

 

 

# id="cs0065"; speed_thresh = 5; fast_rec_count_thresh = 10; slow_rec_count_thresh = 45; 

fast_is_slow_rec_count_thresh = 180 

f_algo <- function(id, speed_thresh = 5, fast_rec_count_thresh = 10, slow_rec_count_thresh = 

45, fast_is_slow_rec_count_thresh = 180, plot_out = FALSE, write.db = FALSE){ 

    message("#####\nprocessing ", id) 

    x <- dbGetQuery(conn = dbconn, statement = sprintf("select index, time_gps, speed_kmh 

from algo.gps where id = '%s' order by time_gps;", id)) 

    #record parameters 

    x$params <- sprintf("%s;%s;%s;%s", speed_thresh, fast_rec_count_thresh, 

slow_rec_count_thresh, fast_is_slow_rec_count_thresh) 

 

    # encode speed threshold 

    x$speed_gt_thresh <- ifelse(x$speed_kmh > speed_thresh, TRUE, FALSE) 

 

    # RLE to get slow/fast chunks 

    rle0 <- rle(x$speed_gt_thresh) 

 

    # recode chunks that were fast but with fewer than 10 records as being slow -- may require 

some fiddling to get the interval right 

    rle0$values <- ifelse(rle0$values & rle0$lengths < fast_rec_count_thresh, FALSE, rle0$values) 

 

    # expand 

    x$trip1 <- pass1 <- inverse.rle(rle0) 

 

    # now there should be some larger chunks of slow, so redo the RLE 

    rle1 <- rle(pass1) 

 

    # if there are any chunks that are slow and shorter than 45 s recode those as fast 
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    rle1$values <- ifelse(!rle1$values & rle1$lengths < slow_rec_count_thresh, TRUE, 

rle1$values) 

 

    # expand 

    x$trip2 <- pass2 <- inverse.rle(rle1) 

 

    # if there are any chunks that are fast and shorter than 3 minutes, recode them as stops 

    rle2 <- rle(pass2) 

    rle2$values <- ifelse(rle2$lengths & rle2$lengths < fast_is_slow_rec_count_thresh, FALSE, 

rle2$values) 

 

    # expand 

    x$trip3 <- pass3 <- inverse.rle(rle2) 

 

    # trip numbers 

    rlex <- rle(pass1) 

    rlex$values <- ifelse(rlex$values, cumsum(rlex$values), NA) 

    x$tripnum1 <- inverse.rle(rlex) 

 

    rlex <- rle(pass2) 

    rlex$values <- ifelse(rlex$values, cumsum(rlex$values), NA) 

    x$tripnum2 <- inverse.rle(rlex) 

 

    rlex <- rle(pass3) 

    rlex$values <- ifelse(rlex$values, cumsum(rlex$values), NA) 

    x$tripnum3 <- inverse.rle(rlex) 

 

    if(plot_out){ 

        plotter(x, id) 

    } 

 

    # update the db 

    if(write.db){ 

        message("writing to db") 

        x2 <- data.frame(id, time_gps = x$time_gps, trip = x$trip3, tripnum = x$tripnum3) 

        O <- dbGetQuery(conn = dbconn, statement = "drop table if exists pg_temp.gpsalgo;") 

        O <- dbWriteTable(conn = dbconn, name = c("pg_temp", "gpsalgo"), value = x2, row.names 

= FALSE) 

        sql <- sprintf("delete from algo.trips where id = '%s'; 

        insert into algo.trips select * from pg_temp.gpsalgo on conflict do nothing;", id) 

        O <- dbGetQuery(conn = dbconn, statement = sql) 

    } 

 

    return(x) 
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} 

 

f_algo.many <- function(plot = TRUE, write.db = TRUE){ 

    # get the algo.gps IDs 

    gpsids <- dbGetQuery(conn = dbconn, statement = "select distinct id from algo.gps order by 

id;") 

    for(i in gpsids$id){ 

        #message(i) 

        x <- f_algo(id = i, plot_out = plot, write.db = write.db) 

    } 

    message("updating GPS data with trip ids") 

    O <- dbGetQuery(conn = dbconn, statement = "update algo.gps as g set trip = t.trip from 

algo.trips as t where g.id = t.id and g.time_gps = t.time_gps;") 

    O <- dbGetQuery(conn = dbconn, statement = "update algo.gps as g set tripnum = t.tripnum 

from algo.trips as t where g.id = t.id and g.time_gps = t.time_gps;") 

} 

 

simulator <- function(id){ 

    # simulate 

    # speed thresholds 

    sxt <- seq(from = 4, to = 10, by = 2) 

    #sxt <- c(4, 10) 

    # slow thresh 

    lxt <- seq(from = 8, to = 20, by = 2) 

    #lxt <- c(5, 15) 

    # fast thresh 

    fxt <- seq(40, 120, by = 20) 

    #fxt <- c(40, 120) 

    # recode short bursts of fast to slow thresh 

    fsxt <- seq(from = 60, to = 300, by = 60) 

 

    nruns <- length(sxt) * length(lxt) * length(fxt) * length(fsxt) 

 

    M <- list() 

 

    counter <- 0 

    for(i in sxt){ 

        for(j in lxt){ 

            for(k in fxt){ 

                for(l in fsxt){ 

                    # increment the counter 

                    counter <- counter + 1 

                    message(paste(counter, "of", nruns)) 

                    # run the algo 
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                    X <- f_algo(id = id, speed_thresh = i, fast_rec_count_thresh = j, 

slow_rec_count_thresh = k, fast_is_slow_rec_count_thresh = l) 

                    message(paste(i, j, k, l)) 

                    # row names 

                    nm <- sprintf("%s;%s;%s;%s", i, j, k, l) 

                    # add this run to the list 

                    M[[counter]] <- X 

                    names(M)[counter] <- nm 

                } 

            } 

        } 

    } 

 

    assign("M", M, envir = .GlobalEnv) 

 

    # summary stats of speed 

    message("collapsing data") 

    lss <- do.call(rbind, lapply(M, function(q) sqldf("select params, count(*) as n_records, trip3, 

avg(speed_kmh) as mean_speed, stddev(speed_kmh) as sd_speed from q group by trip3, 

params;"))) 

    row.names(lss) <- NULL 

 

    # write to CSV 

    write.csv(x = lss, file = sprintf("www/output/%s_sensitivity_params.csv", id), row.names = 

FALSE) 

} 

 

# trip lines for recoding 

triplines <- function(){ 

    # see tools/triplines.sql 

 

    # and tools/trippoints.sql 

} 

 

# recode short duration trips that are also short length as stops 

trippoints <- function(){ 

 

    # pull the data for RLE 

    dat <- dbGetQuery(conn = dbconn, statement = "select * from algo.trippoints_prelim order 

by id, time_gps;") 

 

    # recode trips if it was originally a trip but now seems too short (< 3 minutes and < 300 m) 

    dat2 <- sqldf("select *, 

                         case when trip and duration_s < 180 and length_m < 300 then false 
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                         else trip end as newtrip from dat order by id, time_gps") 

 

    # RLE for trip number 

    rlex <- rle(dat2$newtrip) 

    rlex$values <- 1:length(rlex$lengths) 

    # invert the RLE 

    dat2$newtripnum <- inverse.rle(rlex) 

 

    O <- dbGetQuery(conn = dbconn, statement = "drop table if exists algo.tripfinal;") 

    O <- dbWriteTable(conn = dbconn, name = c("algo", "tripfinal"), value = dat2, row.names = 

FALSE) 

 

    O <- dbGetQuery(conn = dbconn, statement = "create index idx_algo_tripfinal_timegps on 

algo.tripfinal using btree(time_gps);") 

 

    # make new stop point and trip line data 

 

 

} 

 

alpha = 0.7 

col1 <- adjustcolor(3, alpha.f = alpha) 

col2 <- adjustcolor(4, alpha.f = alpha) 

col3 <- adjustcolor(5, alpha.f = alpha) 

plotter <- function(x, id){ 

    # plot 

    message("plotting ", id) 

    pdf(file = sprintf("/projects/boda/www/timeline_graphs/%s.pdf", id), width = 100, height = 8) 

    # lines 

    plot(x$time_gps, x$speed_kmh, xaxt = "n", ty="l") 

    # segments 

    segs1 <- sqldf("select tripnum1, min(time_gps), max(time_gps) from x where trip1 group by 

tripnum1 order by tripnum1;") 

    segs2 <- sqldf("select tripnum2, min(time_gps), max(time_gps) from x where trip2 group by 

tripnum2 order by tripnum2;") 

    segs3 <- sqldf("select tripnum3, min(time_gps), max(time_gps) from x where trip3 group by 

tripnum3 order by tripnum3;") 

    # plot segments 

    segments(x0 = segs1$min, x1 = segs1$max, y0 = 2, col = col1, lwd=4, lend=1) 

    segments(x0 = segs2$min, x1 = segs2$max, y0 = 4, col = col2, lwd=4, lend=1) 

    segments(x0 = segs3$min, x1 = segs3$max, y0 = 6, col = col3, lwd=4, lend=1) 

    # axis 

    at <- unique(round_date(x$time_gps, "10 mins")) 

    axis.POSIXct(side = 1, x = x$time_gps, at = at, las = 2) 
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    # legend 

    legend(x = "topleft", legend = c("raw data", "pass1", "pass2", "pass3"), lwd = c(1, 4, 4, 4), 

col=c(1, 3, 4, 5)) 

    dev.off() 

} 

 

# distance to stage 

library(here) 

library(sqldf) 

library(RPostgreSQL) 

library(RSQLite) 

library(sf) 

 

projectdir <- here::here() 

source(file.path(projectdir, "tools", "setup.R")) 

 

# add the distance column 

O <- dbGetQuery(conn = dbconn, statement = "alter table algo.gps add column 

dist_to_stage_m float;") 

 

# distance query 

O <- dbGetQuery(conn = dbconn, statement = "update algo.gps as g set dist_to_stage_m = 

st_distancespheroid(s.geom, g.the_geom_4326, 'SPHEROID[\"WGS 

84\",6378137,298.257223563]') from 

                (select * from gis.subjects join gis.stages using (stage_id)) as s;") 

                 

                 

drop table if exists algo.segments; 

create table algo.segments as 

with 

--GPS data 

g as (select distinct on (id, time_gps) id, time_gps, tripnum, the_geom_32636, row_number() 

over (order by id, time_gps) as index from algo.gps where trip) 

--render table 

, a as (select id, index, the_geom_32636 as g0, tripnum, time_gps as time_gps_0 from g) 

--render table again for self-join 

, b as (select id, index, the_geom_32636 as g1, tripnum, time_gps as time_gps_1 from g) 

--join 

, j1 as (select a.id, a.tripnum, time_gps_0, time_gps_1, time_gps_1 - time_gps_0 as duration, 

    st_makeline(g0, g1)::geometry(linestringm, 32636) as geom 

    from a 

    join b 

    on (a.id = b.id and a.index + 1 = b.index and a.tripnum = b.tripnum)) 

--calculate speed for segment 



 

117 

 

, j2 as (select id, tripnum, time_gps_0, time_gps_1, extract(epoch from duration) as duration_s, 

geom, st_length(geom) / extract(epoch from duration) * 3.6 as kph from j1) 

--drop segments with long duration (these are from where stops were removed) 

select * from j2 where duration_s < 45; 

 

drop table if exists algo.tripsum; 

create table algo.tripsum as 

--point level data 

with p as ( 

select id, tripnum 

    , st_length(st_makeline(the_geom_32636 order by time_gps)) as triplength_m 

    , min(time_gps) as time_start 

    , max(time_gps) as time_end 

    , extract(epoch from max(time_gps) - min(time_gps)) as duration_s 

 

    , min(dist_to_stage_m) as min_dist_to_stage_m 

    , max(dist_to_stage_m) as max_dist_to_stage_m 

    , avg(dist_to_stage_m) as mean_dist_to_stage_m 

    , stddev(dist_to_stage_m) as sd_dist_to_stage_m 

 

    from algo.gps 

    where trip --and id = 'cs0276' 

    group by id, tripnum 

    order by id, tripnum) 

--segment level data 

, s as (select id, tripnum 

    , min(kph) as min_speed_kph 

    , max(kph) as max_speed_kph 

    , avg(kph) as mean_speed_kph 

    , stddev(kph) as sd_speed_kph 

 

    from algo.segments 

    group by id, tripnum 

    order by id, tripnum) 

 

--segment time over 50 kph 

, s50 as (select id, tripnum, 

    sum(duration_s) as duration_s_above_50_kph 

    from algo.segments 

    where kph > 50 

 

    group by id, tripnum 

    order by id, tripnum) 
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--join 

, j as (select * from p full join s using(id, tripnum) full join s50 using (id, tripnum) order by id, 

tripnum) 

 

select * from j; 
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Figures S3-S6: The following graphs show the effect on mean trip speed of varying one 

algorithm parameter while holding the others constant at the selected value 
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Figures S7-S10: The following graphs show the effect on total trips hours of varying one 

algorithm parameter while holding the others constant 
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