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2

31 A Systems Perspective on AI-Driven Labor Transitions: 
32 Insights from the Rise of Robotaxis
33
34
35 Abstract
36 Advances in artificial intelligence (AI) are transforming how automation 
37 technologies interact with and change work systems, impacting non-routine manual 
38 tasks that have historically remained unaffected. Leveraging an in-depth study of 
39 taxi service automation, and drawing on government occupation data, direct 
40 observations, semi-structured interviews, and archival data, our analysis focuses on 
41 changes in roles and tasks as a “system.” In contrast to prior studies which focused 
42 exclusively on part of the work system (e.g., driving), we empirically demonstrate 
43 that the introduction of AI to a non-routine manual task-oriented work system spurs 
44 a significant rebundling of tasks and labor role organization in a way that ripples 
45 across the full system. This rebundling occurs via three archetypal patterns of role 
46 change: distributing, consolidating, and scaffolding. These patterns highlight 
47 system architecting decisions regarding how new and remaining tasks are 
48 redistributed and rebundled into roles and how work systems are reorganized. The 
49 patterns also suggest refinements for how researchers perform labor impact 
50 analyses at the task, role, and sector levels. 
51
52 Keywords: future of work, artificial intelligence (AI), autonomous vehicles, robotaxis, work 
53 systems
54
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55 1. Introduction
56
57 Advances in artificial intelligence (AI) are transforming how automation can interact with 

58 and change human labor and work systems. Unlike repetitive physical tasks that have undergone 

59 substantial substitution with automation technologies, non-routine manual tasks like driving—

60 which require dexterity, physical skills, and awareness of the physical context—have had limited 

61 opportunities for substitution or complementarity with past automation technologies.1,2 Emerging 

62 AI-enabled technologies like autonomous vehicles (AVs) are, however, increasingly capable of 

63 performing such tasks.

64 In light of these advancements, some voices now claim that AI will soon perform all jobs 

65 and displace workers across every sector. Past technological revolutions, however, have not 

66 eliminated work and workers wholesale but rather have transformed human labor in more nuanced 

67 ways.3 Furthermore, technologies often perform quite differently in constrained development 

68 environments compared to how they exist within, shape, and are shaped by actual work systems.4 

69 This period of AI-enabled technological change calls for careful consideration of how AI is 

70 actually transforming work and work systems. As technologies change, moreover, researchers 

71 must refine their analytical tools such that they capture the important features of these transitions 

72 and their system-level outcomes.

73 In this study, we empirically examine how the introduction of autonomous vehicles to a 

74 taxi work system reshapes tasks and frontline labor roles. We perform an inductive, comparative 

75 analysis of taxi and robotaxi work systems, drawing on government occupation data, direct 

76 observations, semi-structured interviews, and archival data to identify tasks and labor roles for 

77 each work system. We then perform a granular mapping of task and role changes. While prior 

78 studies have hypothesized about AI-induced rebundling of tasks and labor role reorganization,5,6 

79 we empirically demonstrate this phenomena for a work system oriented around a non-routine 
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80 manual task and add nuance to these processes, identifying three archetypal patterns of change: 

81 distributing, consolidating, and scaffolding. These patterns highlight the need for a system-level 

82 view of the transition as a work system, including dependencies across functions (e.g., driving and 

83 maintenance), while providing insights into how they can be anticipated in future transitions. The 

84 patterns are grounded in key decisions regarding how new and remaining tasks are assigned and 

85 rebundled into roles and how work systems are reorganized, providing a structured way to examine 

86 and predict how the reshaping of work systems might unfold in response to AI technology 

87 introduction to perform physical work. Moreover, the identified patterns suggest refinements for 

88 how researchers perform their labor impact analyses at the task, role, and sector levels. The 

89 scaffolding pattern in particular emphasizes a critical temporal element of work system changes 

90 that traditional labor impact analyses often miss. 

91

92 2. Prior Literature

93 Automation and labor analyses are often performed at the task-, role-, sector-, or economy-

94 level. Each of these perspectives captures various elements of interest and all are sensitive to the 

95 researchers’ selected boundaries of analysis. The selected boundaries often fail to consider the full 

96 work system and subsequently incorrectly estimate impacts or miss additional information about 

97 how AI-enabled technologies are changing work.  

98 2.1 Task-Level Analysis

99 At the task level, researchers have sought to define types of tasks. Autor et al.’s1 Routine-

100 Biased Technical Change (RBTC) theory categorized tasks across two dimensions: routine versus 

101 non-routine, and analytic or interactive versus manual. Numerous other studies have proffered 

102 revisions to these categories or proposed alternative approaches for their operationalization (see 

103 Sebastian and Biagi7 for a review). Fernández-Macías and Bisello8 argued that task categorizations 
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104 must capture not only the content of a task, but also the methods and tools of the work, features 

105 which they integrate into their taxonomy of tasks. Motivating this effort to categorize tasks is the 

106 desire to understand why substitutions of labor with capital might occur1,9–11 or, more typical 

107 within the engineering literature, to develop guidance on what tasks should be performed by an 

108 automation system.12,13 Task typologies are also commonly deployed to predict impacts of 

109 technology introduction at the role level.

110 2.2 Role-Level Analysis

111 Role-level analyses, largely rooted in economics literature and reasoning, commonly ask 

112 whether a worker might be replaced by or work with a new technology. To that end, RBTC posits 

113 that automation largely substitutes for workers that perform routine tasks and complements those 

114 that perform non-routine tasks.1 Assuming that jobs with more automatable tasks are more likely 

115 to be automated, Arntz et al.14 estimated that 9% of jobs across 21 OECD countries were 

116 automatable. Frey and Osborne15 offered a significantly higher estimate that 47% of U.S. jobs were 

117 at risk of automation. AI is expected to significantly broaden the number of tasks that automation 

118 technologies could perform, spurring dramatic conjectures about substitution effects. Huang and 

119 Rust,16 for instance, asserted that AI technologies will eventually perform all types of tasks and 

120 present a fundamental threat to human employment. 

121 Some researchers have measured role-level impacts in terms of exposure to AI without 

122 equating that exposure to job loss. Felten et al.17 developed a measure of AI exposure based on 

123 occupation-specific abilities. Using that measure, Felten et al.18 found that highly-skilled, highly-

124 educated white-collar workers are most likely to be exposed to generative AI technologies. 

125 Eloundou et al.19 measured exposure-based occupational tasks and estimated that approximately 

126 80% of U.S. workers could have at least 10% of their work tasks affected by large language 

127 models. Brynjolfsson et al.6 similarly developed a task-based suitability for machine learning index 
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128 and found that most occupations include at least some tasks that are suitable for substitution, 

129 though few occupations would be fully automatable. 

130 2.3 Sector-Level Analysis

131 At the sector or economy-level, researchers have sought to predict impacts to job numbers 

132 and worker wages and skills. Acemoglu and Autor20 found that automation led to job polarization 

133 and shifted demand towards more educated workers in the United States and other advanced 

134 economies, though Goos et al.21 identified offshoring as an additional contributor to the trend. 

135 Bessen22 also noted that automation can decrease prices and induce demand, resulting in a net 

136 increase in jobs. Even if more jobs are created at the sector or economy level, firm-level automation 

137 can increase the probability that workers will leave their employers (e.g., via early-retirement) and 

138 experience cumulative wage loses.23 

139 2.4 Context-Driven Studies

140 In addition to these more categorical approaches, some researchers have examined the 

141 labor impacts of technological change using context-driven work system approaches. These 

142 studies have offered additional insights into how technologies and work system co-evolve and 

143 have demonstrated that new technologies can alter how work is performed, the division of labor 

144 within firms, and the structure of organizations.24,25 Technology often changes work systems in 

145 ways beyond substituting or complementing workers and how these changes unfold can impact 

146 job quality and workers’ experiences.4,26,27 

147 As with prior technology introductions, emerging AI technologies are expected to reshape 

148 tasks performed by workers, spur reorganization of jobs, and alter production processes.5,6,28 

149 Recent context-driven studies have begun to examine the effects of AI technologies on work 

150 systems in multiple industries, including hospitality, retail, healthcare, transportation, and 

151 warehousing.4,27,29 Litwin et al.4 identified a number of cross-cutting themes for emerging 
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152 technologies’ impacts in various industries. Two of the themes highlight changes to work that may 

153 be missed by task and role-level analyses that are focused on individual worker-technology 

154 interactions, and by economy-level analyses that only capture net job growth or losses: 1) 

155 automation often involves substituting one worker for another, and 2) automation may offload 

156 work onto the user or customer. Moreover, sociologists and social scientists have identified a 

157 number of other limiting factors for AI implementation including the continued importance of tacit 

158 knowledge, expertise, and persistent constraints in AI technologies’ abilities to perform complex 

159 physical, emotional, and cognitive types of work.30 

160 2.5 Research Gap

161 As we enter into “the Era of AI uncertainty,”28 researchers need to perform cross-level 

162 analyses to enhance understandings of AI technology impacts and to refine their measures of such 

163 impacts. While some researchers have begun to perform context-driven studies, there is a dearth 

164 of empirical analysis of system-level changes. Furthermore, the domain of work systems oriented 

165 around a non-routine manual task has been particularly understudied. To that end, this study 

166 employs a systems approach to investigate AI impacts on a taxi work system, capturing changes 

167 to tasks, roles, and the overall work system, as well as transition states. In this study we ask, how 

168 does the introduction of autonomous vehicles to a taxi work system reshape tasks and frontline 

169 labor roles? In doing so, we contribute to our understanding of how the introduction of AI-enabled 

170 technologies can change tasks and roles in a work system oriented around a non-routine manual 

171 task.

172

173 3. Methodology

174 To investigate AI-induced changes to a non-routine manual task-oriented work system, we 

175 perform an inductive, comparative analysis of taxi and robotaxi services in the United States. We 
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176 use an inductive approach as inductive studies are well suited for emergent phenomena that are 

177 poorly understood.31,32 

178 We select automated driving, and particularly taxi services, as our focus because driving is a 

179 quintessentially challenging non-routine manual task which requires dexterity and awareness of 

180 the physical context. Furthermore, as a public-facing transportation service, robotaxis offer 

181 insights into AI technology deployment in a safety-critical domain which could influence the ways 

182 in which risks must be mitigated and communicated to prospective users. Robotaxi services are 

183 still developing and our current mixed transportation system offers a valuable opportunity to 

184 compare two work systems oriented around the same type of service. These systems may come to 

185 represent distinct eras in our transportation system: one primarily human-driven state and another 

186 dominated by AI-driven vehicles. 

187 Our research approach involves iterative within-case and between-case analysis, the 

188 mapping of how tasks move between roles after the AV technology is introduced, and finally the 

189 identification and description of patterns of change that occur. Figure 1 provides a visual depiction 

190 of our data collection and analysis process. We further describe this process in the following 

191 sections.

192
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193 Figure 1. Data collection and analysis process
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194 3.1 Research Setting: Taxi Services 

195 We select taxi services as our basis of comparison as both taxi and robotaxi services provide 

196 on-demand, public-serving, point-to-point transportation services. An alternative comparison is 

197 ride-hailing firms like Uber and Lyft, otherwise known as Transportation Network Companies 

198 (TNCs). While taxi firms and TNCs both facilitate transportation as a service, they have 

199 substantially different work systems. TNC work systems are oriented around developing and 

200 maintaining software platforms, and core functions such as data science and algorithm 

201 optimization are not present in a traditional taxi work system. Also, TNCs do not own, manage, 

202 or maintain large fleets of vehicle—functions that are required for robotaxi firms (at least for the 

203 time being).1 TNCs classify themselves as technology companies rather than transportation 

204 companies as their core function is to provide the technology needed to match riders to drivers 

205 that are providing transportation as a service with their own, privately-owned vehicles via  an 

206 app.34 These differences influence the tasks and roles associated with the respective work 

207 systems of taxis and TNCs. Although consideration of ride-hailing jobs is important for 

208 understanding the potential future overall labor impacts of robotaxis, ride-hailing work systems 

209 are not suitable as a direct comparison with robotaxi work systems for now. We thus adopt taxis 

210 services as our basis of comparison.

211 Though far from the level of ubiquity promised by AV firms a few years ago, robotaxi services 

212 are publicly available in multiple cities in the U.S. and China. Riders download a robotaxi 

213 company’s app, input their desired destination, and are matched with a vehicle that transports them 

214 to their destination (within the service area). 

1 The robotaxi landscape is changing rapidly and Uber recently partnered with Lucid Group and Nuro to deploy 
20,000 robotaxis on Uber’s platform.33 Nonetheless, TNCs have historically be asset-light organizations and thus we 
feel that taxi firms are the more appropriate basis of comparison for this study. 
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215 For each city in which they operate, robotaxi firms have a depot where the AVs are stored 

216 and maintained. Some depots include automotive machine shop equipment so that the firms’ 

217 mechanics can perform in-house vehicle repairs.35 Robotaxi firms also have central command 

218 centers that oversee fleet operations across multiple cities. These command centers house workers 

219 that monitor and assist the AVs in a manner similar to air traffic controllers.36,37 Researchers have 

220 speculated about what other new roles may arise to support robotaxi services, with the bulk of 

221 discourse focusing on the interactions between AVs and these remote monitors.38–40 Little is 

222 known about other types of workers who directly support these services, and how the overall taxi 

223 work system might be changing. 

224 3.2 Unit of Analysis

225 We investigate changes that occur to a taxi work system due to AV introduction through 

226 the lens of tasks and roles. In essence, these are the key constructs around which we seek to 

227 organize our data.41 Variation exists both between taxi firms and robotaxi firms, and amongst 

228 different taxi and robotaxi firms. To isolate our concept of interest—the allocation of tasks to 

229 roles—and compare taxis and robotaxis as distinct work system paradigms, we perform our 

230 comparative analysis on representative versions of the two systems. These representative versions 

231 capture the dominant task-role architectures for each type of system. By using these representative 

232 systems, we control for factors like company culture and individual worker characteristics that 

233 could influence work system organization and task allocation. 

234 3.3 Data Collection

235 To develop our taxi and robotaxi system representations, we first establish definitions for 

236 tasks and roles. The U.S. Department of Labor’s O*NET database offers standardized definitions 

237 for tasks and roles, as well as detailed information for nearly 1,000 occupations.42 O*NET is the 

238 United States’ primary source of occupational information and its data have been used in numerous 
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239 studies to examine the potential impacts of other AI technologies on tasks and occupations.2,6,17–

240 19,43 Taxi occupations are well-established and both O*NET and academic literature34,44 offer 

241 detailed descriptions of taxi system tasks and roles on which we can draw to develop our taxi 

242 system representation. To build an equivalent set of standardized occupation-specific information 

243 for the robotaxi system, we conduct direct observations, semi-structured interviews, and analysis 

244 of archival documents. 

245 We thus use a mix of primary and secondary data sources to develop our representative 

246 taxi and robotaxi systems, reconciling differences between the sources via an iterative analysis 

247 process that we detail below (see Table 1 for a summary of our data sources, additional details 

248 provided in Appendices A-C). We bound our analysis to include only those tasks and roles directly 

249 involved in providing the taxi service for a rider, excluding labor involved in robotaxi technology 

250 development and early algorithm training of AV systems (e.g., image labeling). 

251
252
253
254
255
256
257
258
259
260
261
262
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263
Table 1. Summary of data sources

Document Type
Number of 
Items

O*NET Occupation Information 4
U.S. Bureau of Labor Statistics Data on Occupations 3
News Articles Mentioning Frontline Robotaxi Roles 7
AV Firm Public Reports and Petitions 5
Job Postings for Frontline Robotaxi Roles 24
Reports about AV Regulations 4
Supplementary Responses and Documents from Interviewees 4

O*NET Data 
& Archival 
Documents

Total: 51

Observation Type
Number of 
Observations

Total 
Duration 
(min)

Robotaxi rides 13 237
Observations of robotaxi command center 1 360
Observations of robotaxi fleet maintenance depot 1 120

Observations

Total: 15 717

General Role of Interviewee Type of AV 
Deployment

Number of Unique 
Interviewees

Total Length 
of Interview(s) 
(min)

Frontline Worker 6 280*
Mid-level Manager 5 166
Senior Manager

Commercial 
Operations

5 209
Operations Manager 3 182**

Policy/Communication Manager

Pilot Program or 
Government-Run 
Deployment 2 278

AV Operations Expert 3 131
AV/Taxi Regulations Expert 3 357
Taxi Manager

External Perspective
1 30

Semi-
Structured 
Interviews

Total: 28 1633

Type Number of Events
Event Length 
(hours)

Academic, industry, and regulatory conferences about AVs 2 44
Conference sessions about AVs at academic and regulatory 
conferences 2 16

Conferences

Total: 4 60
*One 30min interview included a Frontline Worker and a Mid-Level Manager. Interview length counted here.
**One 64min interview included an Operations Manager and a Policy/Communication Manager. Interview length counted here.

264
265
266
267 3.4 Stage 1: Constructing a Comprehensive Dataset of Tasks and Roles

268 To construct our representative systems for comparison, we collect data on robotaxi and 

269 taxi system tasks and roles. At present, less than half a dozen firms are deploying robotaxi services 

270 in the U.S. Key elements of robotaxi fleet operations are fleet maintenance, remote forms of 
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271 passenger and vehicle support, and the in-vehicle rider experience. As we collect our data, we aim 

272 to conduct in-depth probes of each of these elements, though doing so at a single robotaxi firm is 

273 not possible. We instead split our more in-depth probes and data collection efforts amongst 

274 multiple firms, taking care to make sure our takeaways are representative of the general robotaxi 

275 firm population. 

276 O*NET data and prior academic research has already largely characterized tasks and roles 

277 for taxi systems. We leverage these data as sources of in-depth information for our taxi system 

278 representation. As we learn more about robotaxi services, we collect additional data on taxi 

279 services to refine our taxi representation and to capture details that are of particular relevance for 

280 our comparison. We include more details on task and role identification in the following sections. 

281 3.4.1 Robotaxi System Tasks and Roles 

282 To identify tasks and labor roles involved in robotaxi system operations, the lead researcher 

283 in the study took thirteen rides in a commercially-available robotaxi service (twelve rides in one 

284 firm’s service and one ride in a different firm’s service), conducted six hours of observation of one 

285 firm’s robotaxi central command center, and performed two hours of observation of the same 

286 firm’s fleet depot between 2022 and 2023 (see Appendix A for details). To fill in the gaps of 

287 potentially missed roles, collect additional task information for identified roles, and to check for 

288 representativeness, the researcher conducted semi-structured interviews with AV technical and 

289 operational experts (N = 26 semi-structured interviews with 27 unique interviewees), each lasting 

290 between 30 to 80 minutes. Thirteen interviews were conducted in-person, with the remainder 

291 conducted over Zoom. All interviews for which consent to record was given were recorded and 

292 transcribed.

293 Over half of the interviewees were either current or prior employees of a robotaxi company 

294 and were able to provide detailed descriptions of their roles and the associated tasks. Interviewees 
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295 were selected via purposive sampling to capture the different types of frontline roles involved in 

296 robotaxi services and cover different perspectives.31 Interviews were conducted until theoretical 

297 saturation was reached for each type of role (i.e., new interviewees did not mention any new tasks 

298 or labor roles).32,41 In addition to semi-structured interviews and observations, the lead researcher 

299 attended academic, regulatory, and industry conferences about autonomous vehicle deployment. 

300 We triangulate our findings45 using the observations, interviews and archival documents 

301 which include job postings, public reports from AV firms detailing elements of their operations 

302 for regulators, and written responses from AV firms that were not directly interviewed. These 

303 sources confirm the existence or planned development of similar types of roles at the other 

304 commercially-available or in-development (i.e., testing on public roads but not available for public 

305 commercial use) robotaxi firms in the U.S. and provide additional task information. 

306 We use our collected data to construct standardized task and role entries akin to those in 

307 O*NET for the robotaxi and advanced robotaxi roles.2 To do so, we open-code the interview 

308 transcriptions, observational notes, and archival documents to generate a list of standardized roles 

309 and their associated tasks for robotaxi operations. Appendix D presents one example of our 

310 translation process. Preliminary analysis reveals that a transition point exists that significantly 

311 impacts what roles exist in the taxi system and what tasks they perform. This transition points 

312 occurs when the technological capabilities of the AVs improves such that the onboard operator 

313 (i.e., safety driver) can be removed. We consequently split our comparison into three representative 

314 systems: 1) pre-AI technology introduction – Taxi, 2) AI technologies introduced with limited 

315 capabilities – Robotaxi, and 3) AI technology capabilities expanded (onboard operator removed) 

2 We also check how well seemingly related O*NET occupations compare to our identified robotaxi roles and find 
that O*NET entries for jobs such as “Air Traffic Controllers” and “Remote Sensing Scientists and Technologists,”  
the latter of which includes Unmanned Systems Operators and Drone Operator, descriptions do not align with the 
information from our observations and interviews.
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316 – Advanced Robotaxi. For some tasks and roles, it is not immediately apparent whether they existed 

317 prior to, or arose during, the Advanced Robotaxi phase. We check these items with our interviewees 

318 to determine proper allocation of tasks and roles for each of the three different phases.

319 3.4.2 Taxi System Tasks and Roles

320 Social, economic, and regulatory forces have changed the structures of taxi firms over 

321 time.34,46 The current landscape of U.S. taxi firms includes a variety of organizational structures; 

322 some firms have centralized structures and classify drivers as employees, whereas other firms have 

323 decentralized structures and instead lease vehicles to drivers who operate as independent 

324 contractors.44,47 We assume a centralized taxi firm structure since robotaxi firm structures more 

325 closely mirror those of a centralized firm and leverage O*NET data to define tasks for roles in our 

326 taxi system representation. 

327

328 3.5 Stage 2: Determining equivalency of tasks and roles to track changes

329 We reconcile our task and role lists for our taxi and robotaxi systems through an additional 

330 analysis step, matching up tasks and roles between our constructed lists. During this matching 

331 process, we find that some of the O*NET taxi tasks correspond with multiple tasks from our 

332 developed robotaxi list. In some cases, we combine our robotaxi tasks to align with the O*NET 

333 task generality. For certain instances, however, we find that the additional granularity for the 

334 robotaxi tasks is necessary in order to properly reallocate tasks between roles or because the 

335 granularity captures a fundamental difference in the way a role might perform a given task (e.g., a 

336 human versus an AI system driving). 

337 The matching process also surfaces tasks that are not included in the O*NET data. If 

338 through additional interviews or data sources we find that the task exists for the current taxi system, 

339 we add it to our list of taxi tasks. If the task does not exist, we consider it a new task. We also 
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340 check a subset of the robotaxi tasks with prior interviewees from robotaxi firms to ensure proper 

341 task-role allocation. Through this iterative checking and refining process, we develop a data frame 

342 of 190 tasks with information on which role or roles performs each of the tasks in the taxi, robotaxi, 

343 and advanced robotaxi systems. Appendix D presents examples of research decisions made during 

344 the matching process. Though the cases incorporate different data sources, our process leverages 

345 the strengths of O*NET data while using additional sources to develop a more comprehensive 

346 picture of the work systems for our cases. Moreover, the iterative nature of our process converges 

347 the cases into an equivalent basis of comparison to support the remainder of our analysis. 

348 3.6 Stage 3: Mapping how tasks move between roles and identifying patterns

349 We use the R programming language48 and the ggsankey package49 to create Sankey 

350 diagrams that map and visually depict task movement between roles across the three work systems. 

351 These diagrams show roles as nodes and tasks as flows. An initial Sankey diagram of the overall 

352 work system (Figure 2) is chaotic and difficult to interpret. To improve interpretability, we analyze 

353 changes at the role level.

354 By constructing Sankey diagrams for individual roles, we identify preliminary patterns and 

355 group roles accordingly: 1) flows branching out from a single role, 2) flows converging into a 

356 single role, 3) flows moving in and out of a role (further subdivided into sub-groups), and 4) roles 

357 with minimal flows. We then investigate why tasks shift between roles and why some roles appear 

358 unchanged, which could indicate either minimal between-system changes or missing task 

359 information. 

360 To explore these patterns, we open-code each task movement (331 total) to develop a 

361 typology of task changes and categorize changes to each role’s tasks. We experiment with different 

362 groupings and test them against our data to see if they can be described parsimoniously. Groupings 

363 that do not meet this standard are dissolved. Through iterative memo writing, role sorting, and 
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364 author discussions, we refine our patterns, constantly comparing them with our data to ensure a 

365 close fit.41

366

367 4. Results

368 4.1 Automation of Driving Changes Much More than Driving 

369 Figure 2 depicts how the 190 identified tasks move between labor roles as the work system 

370 transitions from Taxi to Robotaxi, and finally to Advanced Robotaxi. Sankey diagrams often depict 

371 the movement of materials between processes. In Figure 2, rectangular nodes represent roles and 

372 flows depict the movement of tasks between roles (line thickness proportional to the number of 

373 tasks). To better interpret the figure, consider the task “test vehicle equipment.” This task is 

374 performed by drivers in the Taxi system, operators in the Robotaxi system, and field support agents 

375 in the Advanced Robotaxi system. This task thus represents one portion of the teal line that flows 

376 from driver to operator and a portion of the pink line that flows from operator to field support. 
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377 Figure 2. Tracing of tasks between roles across three phases of a taxi work system
378

379 Less intuitive are the “new tasks” and “eliminated tasks” nodes on the diagram. New tasks 

380 indicates tasks that are introduced in the following state. Consider the task “offload vehicle data.” 

381 Traditional taxi vehicles do not need to have data from sensors manually offloaded but operators 

382 must perform this task for robotaxi vehicles. When the operator role is eliminated, field support 

383 agents perform this task. Thus, the task represents a portion of the gray line flowing from new 

384 tasks to operator, and a portion of the pink line flowing from operator to field support. Similarly, 

385 the node labeled eliminated tasks absorbs tasks that were performed in the previous state but are 

386 no longer performed by one of the roles. For example, drivers perform the task “collect vouchers 

387 from passengers and make change” in the Taxi phase, but no roles in the Robotaxi or Advanced 

388 Robotaxi systems perform this task. That task is captured by a portion of the teal line flowing from 
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389 driver to eliminated task, and a portion of the gray line that flows from eliminated tasks to 

390 eliminated tasks (i.e., remains eliminated).

391 Interpreting these role changes is difficult absent an understanding of the general purpose 

392 of each of the frontline roles. We assume a general level of familiarity with taxi system roles and 

393 describe the emergent frontline robotaxi roles in the following section, drawing comparisons 

394 between the taxi and robotaxi roles when relevant. As evident in Figure 2, the number of roles 

395 increases as the system transitions from taxi to robotaxi and from robotaxi to advanced robotaxi. 

396 This increase occurs in large part because the driver—and later the operator—role is subdivided 

397 in multiple other roles. Though the number of roles is increasing, the total number of jobs is likely 

398 to decrease over time because fewer workers are capable of managing a greater number of 

399 vehicles.50

400 4.2 What Types of New Roles are Created? 

401 What are these frontline roles and who fills them? Many of the robotaxi frontline roles do 

402 not exist in typical taxi systems, and those that do have changed to varying degrees. We briefly 

403 describe these roles below (see [name removed to protect anonymity]51(p34) for detailed 

404 descriptions). 

405 The mechanic and manager roles are similar in the taxi and robotaxi systems. Robotaxi 

406 mechanics perform typical vehicle repairs and maintenance and also need expertise in software 

407 and computing systems to maintain the AV sensors and computing equipment. Robotaxi managers 

408 develop standard operating procedures, coordinate information and responsibilities, and evaluate 

409 workers. Some of this evaluation focuses on how workers interface with the AVs (e.g., providing 

410 guidance on when onboard operators should takeover and manually navigate the vehicle through 

411 a situation versus allow the vehicle to handle the situation independently). 
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412 Operators serve as backup or safety drivers in case of failures with the AV, and their 

413 presence required for robotaxi testing or deployment in some cities. Operators play an active role 

414 in evaluating AVs’ performance, taking notes on their areas of failure and carry out many of the 

415 vehicle- and passenger-support tasks previously performed by taxi drivers like refilling the gas and 

416 answering rider questions. 

417 Remote monitors, customer service agents, and information coordinators are all centralized 

418 roles. Remote monitors perform real-time, though not continuous, monitoring of the autonomous 

419 vehicles. They can provide secondary verifications for the AVs and perform a limited number of 

420 vehicle maneuvers remotely but do not remotely drive the vehicles. Another remote support role, 

421 customer service agent, has adopted many of the service tasks that taxi drivers and dispatchers 

422 previously performed, including answering rider questions, issuing safety reminders (e.g., buckle 

423 your seatbelt), and managing rider behavior. Customer service agents serve as a critical interface 

424 between the passengers and the AV technology, helping to explain seemingly irregular vehicle 

425 behavior to riders and checking on passenger wellbeing. The creation of multiple new distinct but 

426 interconnected roles introduces greater complexity and information processing requirements into 

427 the robotaxi system. Information coordinators monitor operations in the central command center 

428 and track any incidents or issues that occur, synthesizing this information into regular reports that 

429 support organizational learning. Additionally, information coordinators act as a general support 

430 system for other roles. 

431 If the AV is involved in an accident or is otherwise unable to continue on its journey (e.g., 

432 vehicle gets a flat tire), field support agents provide the necessary in-person response. These agents 

433 assist passengers with getting a new ride and can move the robotaxi vehicle or call for a tow, as 

434 needed. This role adopts many of the general service functions like vehicle cleaning and refueling 

435 once the operator role is eliminated. Incident experts are also involved in incident responses. These 
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436 individuals help develop response protocols, advise other roles on how to respond in case of an 

437 incident, and collect information for mandatory data reporting requirements. In a typical taxi firm, 

438 dispatchers and managers perform these functions. Robotaxi firms are also subject to a number of 

439 federal and state reporting requirements. Incident experts ensure that the required data are collected 

440 and reported to not only meet these external requirements but also to support internal 

441 organizational learning. 

442 4.3 Patterns of Change for How Roles Respond to the Introduction of AI

443 Figure 2 makes evident a phenomenon which prior studies have hypothesized: the 

444 introduction of AI technologies spurs a rebundling of tasks and reorganization of adjacent labor 

445 roles. Through our analysis, we find that these processes occur via archetypal patterns (Figure 3). 

446 As the taxi work system transitions from a traditional to a robotaxi system, its roles exhibit one of 

447 the following three patterns of change:

448 1. Distributing its tasks to other roles in the system,

449 2. Consolidating tasks from other roles into one (often new) role, or

450 3. Scaffolding other roles by absorbing tasks temporarily or on a semi-permanent basis to 

451 support the transition between phases.

452 We note that these pattern names describe the type of change that occurs and are not meant to 

453 imply decision-making on the part of a particular role, nor are they meant promote the idea of 

454 technological determinism. These changes often arise from firms’ decisions on how to allocate 

455 work between capital and labor. Alternative decompositions and architectures are also possible. 
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456 Robotaxi firms could, for instance, keep drivers onboard the AV3 to perform all remaining non-

457 driving tasks. The following sections further describe these patterns.

458 Figure 3. The three archetypal patterns

459

460 4.3.1 Distributing 

461 Distributing of tasks occurs when a role is eliminated from the system. Role elimination is 

462 preceded by the substitution of one or more of the role’s core tasks with an AI technology. During 

463 the distribution process, some tasks are distributed to a single role, while others are distributed to 

464 multiple roles that must then coordinate with one another. Tasks are not evenly distributed; some 

465 roles receive a greater portion redistributed tasks, yet no role receives a large enough portion that 

466 it could be considered a redefinition of the eliminated role. Distribution of tasks may, in some 

467 cases, require the identification of subtasks, a process which bears resemblance to Baldwin and 

468 Clark’s55 inverting operator which takes previously-hidden information and makes it visible. 

469 Some distributed tasks may be offloaded to the user, a trend also identified by Litwin et 

470 al.,4 or excluded from the capabilities of the system. Offloading of tasks is distinct from 

471 outsourcing a task beyond the boundary of the firm. Our model does not distinguish between 

3 Prior research finds that this type of role, often referred to as an “in-vehicle attendant,” could be an important 
feature for public acceptance of AVs, in particular for early adoption.52–54
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472 whether a role exists within or beyond the boundaries of the firm. Rather, we establish our system 

473 boundary in terms of tasks that a firm must complete as part of its service and the associated task-

474 role assignments. Indeed, some robotaxi firms use contractors or have partnerships with traditional 

475 fleet maintenance companies to fill certain roles or perform specific tasks.56,57 Even if a firm 

476 outsources a role, those tasks are still performed by a worker and should be captured when mapping 

477 changes to labor roles. We acknowledge, however, that workers’ classifications and offshoring of 

478 labor have important implications for both worker and economy-level outcomes.25

479 Figure 4 illustrates the distributing pattern of change for the driver and dispatcher roles. 

480 During the distribution process, the operator role receives the greatest number of tasks from the 

481 driver, with fewer tasks redistributed to the app, incident expert, manager, and mechanic roles, and 

482 some tasks eliminated. Distributing of driver tasks also spurs sharing of tasks between the app and 

483 vehicle, the incident expert and manager, and the operator and vehicle. 

484

485 Figure 4. The distributing pattern

486 4.3.2 Consolidating
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487 Consolidating describes the rebundling of tasks into a role. Human workers are generally 

488 flexible in terms of their ability to perform a variety of tasks,3 giving firms greater latitude to 

489 experiment with different task-bundling approaches and role designs. Eventually, consolidating 

490 codifies task allocation into end-state roles. These roles do not exist in the initial system but rather 

491 come into being as firms gain an understanding of the types of roles required to support their new 

492 system designs. Consolidating involves allocation of both existing and newly-created tasks to 

493 roles. These new tasks emerge as part of a reinstatement effect wherein the introduction of 

494 automation technology generates new tasks that are better performed by labor than capital.10

495 Figure 5a depicts the consolidating pattern for the field support, information coordinator, 

496 remote monitor, and customer service roles. The remote monitor’s core functions primarily derive 

497 from the operator role and new tasks. As a result of consolidating, the remote monitor also becomes 

498 involved in shared tasks with the vehicle, incident expert, field support, customer service, 

499 information coordinator, and manager. 

500 When the intended purpose of a role is well-known, consolidating can happen immediately 

501 following the introduction of the AI technology. We note this special case as a form of early 

502 consolidating, as occurs with the app, mechanic, and vehicle roles (Figure 5b). Since the purpose 

503 of a technology is typically prescribed in advance as part of its design process, early consolidating 

504 may be more common for technology roles. Though taxi firms use apps, consolidating transforms 

505 the app role by integrating tasks from the driver and dispatcher, along with new tasks. In the 

506 robotaxi and advanced robotaxi states, the app also shares tasks with the vehicle and operator. 

507 These changes create a distinctly new app role.
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508 Figure 5. The consolidating and early consolidating patterns
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509 4.3.3 Scaffolding

510 Firms introducing AI technologies to their work 

511 systems may undergo transitional phases during which they 

512 further develop the technologies and experience 

513 organizational learning, both of which impact role design. 

514 During these transition states, tasks may be temporarily 

515 assigned to scaffolding roles that absorb tasks from roles in 

516 one phase and redistribute or share them in a later phase. Some 

517 scaffolding roles exist only during the transition phase, 

518 whereas others remain as part of the mature system. Though 

519 scaffolding roles may absorb large portions of existing roles, 

520 they are not redefinitions of those roles because their 

521 composition and purpose are substantially different from the 

522 original roles.

523 Figure 6 illustrates the scaffolding pattern for the 

524 operator, incident expert, and manager roles. As an example, 

525 the operator absorbs tasks from the driver and dispatcher and 

526 gains multiple new tasks. Some of these new tasks are only 

527 relevant to the transition state and are eliminated in the 

528 following state (e.g., taking notes on AV performance). The 

529 operator role is not intended to remain in the robotaxi system and is ultimately eliminated; when 

530 this occurs, its absorbed tasks are redistributed to other roles. Some scaffolding roles, like the 

531 incident expert, remain in the advanced robotaxi system. In this later state, the incident expert 

532 reassigns some tasks to the customer service role and shares tasks with the manager, field support, 

Figure 6. The scaffolding pattern
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533 information coordinator, and remote monitor roles. One could imagine the gradual phasing out and 

534 eventual elimination of the incident expert role if technology improvements result in fewer 

535 incidents and robotaxi firms’ reporting requirements decrease, reducing the importance of having 

536 a separate role to perform these functions. Over a longer timescale, the incident expert’s diagram 

537 may converge to the operator’s diagram.   

538

539 5. Discussion
540
541 The identified patterns offer insights into how tasks and roles are being reshaped for AI-

542 impacted work systems oriented around a non-routine manual task. The patterns highlight critical 

543 system-architecting decisions that occur, as well as the potential for alternative transition pathways 

544 that could influence impacts to affected workers. Moreover, the identified patterns highlight the 

545 need for a systems perspective to study AI and labor. 

546 5.1 Consideration of Work System Transition States

547 Our identified patterns emphasize the importance of focusing on the decision-making 

548 processes by which work system changes are occurring rather than merely on end-states. Referring 

549 to a role as “substituted” implies that an AI technology is performing all of that role’s tasks. In 

550 reality, the distributing pattern reveals that many of a “substituted” role’s tasks are redistributed to 

551 multiple labor roles. Similarly, the consolidating pattern demonstrates that multiple roles can 

552 emerge from the introduction of AI, some of which do not directly interface with the technology. 

553 As previously noted, the final system design following the introduction of an AI technology 

554 is not predetermined but rather involves system-level decisions regarding how existing tasks, 

555 newly-identified subtasks, and newly-created tasks are allocated to roles. Depending on the types 

556 of system designers engaged (e.g., AI experts, workers, members of the public), alternative 

557 preferred architectures may emerge. Prior research has shown that such engagement can yield 
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558 improved, innovative complex work system designs.58 The optimal system architecture also 

559 depends on who is performing the work. Business models within the AV industry continue to 

560 evolve, with AV firms like Waymo partnering with fleet management companies like 

561 AutoNation57 and TNCs like Uber striking deals with various AV developers.59 System 

562 architectures will need to continue to adapt to these evolving organizational systems.

563 Alternative architectures not only influence impacts to workers but also ongoing operational 

564 requirements for firms. Labor roles exhibiting the distributing and consolidating patterns may have 

565 different wages, education requirements, training needs, etc. depending on how system 

566 architecting decisions are made and how new roles are created. By making assumptions about the 

567 end-states of roles, system designers miss many of the important decisions that shape work system 

568 design throughout that process of change. Our identified patterns draw attention to these decision 

569 points. Previously, designers may have asked:

570 • Should a firm choose to adopt a technology to perform a task?

571 • Should a firm choose to eliminate the role associated with that task (substitution) or use the 

572 technology to help perform that task (complementarity)?

573 Our patterns open investigation of alternative paths of inquiry such as:

574 • How might a firm choose to bundle an eliminated role’s tasks (i.e., how might consolidating 

575 take place)? Will workers likely have higher skill levels and wages as a result of distributing 

576 or consolidating? 

577 The scaffolding pattern in particular draws attention to transition states that may take place 

578 as part of AI deployment. Depending on the timescale of analysis, current categorization schemes 

579 might be labeling scaffolding roles as either substituted or complemented, or these roles might be 

580 missed entirely if looking only at the beginning and end state of a system. By considering 

581 scaffolding roles, system designers can map out alternative transition strategies and explore 
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582 tradeoffs of alternative strategies using existing tools, such as Szajnfarber et al.’s Evolvability 

583 Analysis Framework.60 Such tools can help firms develop and consider approaches that strive 

584 toward optimal outcomes for firms and workers. 

585
586 5.2 Refining AI Impact Analyses
587
588 Our process of tracing tasks between roles reveals that additional task information emerges 

589 when trying to reallocate tasks from workers to technologies. In particular, reallocation may 

590 require identification of subtasks, some of which may still require human labor. The work required 

591 to identify and reallocate subtasks could introduce additional friction, manifesting as a cost 

592 penalty, when reallocating tasks to AI technologies. This friction may be more pronounced if firms 

593 need to establish collaborative relationships between human workers and AI technologies to 

594 perform certain subtasks. In their study of task automatability in the context of manufacturing, 

595 Combemale et al.11 identify “task separability,” defined as the feasibility, or cost, of having two 

596 tasks assigned to different performers, as a mediating factor influencing automatability. Our 

597 analysis suggests that subtask identifiability as a precursor to separability might also influence 

598 automatability, especially in work contexts where processes may be less well defined. Future 

599 models of technology change and labor impacts should incorporate these interacting effects. 

600 At the task level, there are also streams of literature which aim to characterize types of 

601 tasks so that different task types may be evaluated in terms of potential exposure to emerging 

602 technologies. While we do not measure task characteristics in this study, our identified patterns: 

603 1) highlight that task characteristics are not fixed and can change as a result of technology 

604 introduction, and 2) suggest a directionality of change for certain task characteristics in established 

605 taxonomies. For example, Fernández Macías and Bisello’s8 task taxonomy includes teamwork, 

606 defined as the extent to which the worker has to collaborate and coordinate her actions with other 

607 workers, as a measurable attribute of a task. In all three of our patterns, we find that previously 

Page 32 of 48



31

608 unshared tasks can become shared following AI introduction, suggesting an increase in teamwork 

609 required for many tasks. Based on Tolan et al.’s61 study of AI impacts based on task types, this 

610 would indicate that roles created after AI introduction could subsequently have lower AI exposure 

611 than the roles from which they were created. Using our identified patterns and existing task 

612 typologies, researchers could refine their predictions regarding how AI may reshape the workforce.

613 Our patterns also suggest that sector-level estimates of AI impacts on labor may be 

614 miscounting the number of affected occupations—undercounting impacts in some respects and 

615 over-counting impacts in others. Researchers have undercounted impacts by focusing on the 

616 primary roles associated with an “automatable” task. Sector-level estimates about AVs, for 

617 instance, have bounded their analyses to occupations whose primary responsibility is driving, 

618 occupations associated with personal driving, and occupations that require driving as a skill.43,62 

619 Our analysis reveals that occupations that interact with those primary roles (e.g., dispatchers) are 

620 also impacted by the introduction of AI technologies. These impacts to secondary occupations may 

621 emerge from process reconfigurations that prompt distributing of secondary occupations’ tasks. 

622 Researchers may therefore need to increase their estimates of workers who may be exposed to AI. 

623 One way to do this would be to look through O*NET data (or data from other work survey 

624 instruments) for mention of connected roles. For example, O*NET tasks for “Taxi Drivers” include 

625 “communicate with dispatchers by radio, telephone, or computer to exchange information and 

626 receive requests for passenger service” and “notify dispatchers or company mechanics of vehicle 

627 problems.”63 These tasks call out the involvement of other roles which should be considered in 

628 impact analyses. 

629 While researchers may be undercounting impacts to some degree, our patterns demonstrate 

630 the erroneous nature of evaluating a role through the narrow lens of a particular automatable task. 

631 We reaffirm Gittleman and Monaco’s64 finding that “drivers do more than drive.” In the general 
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632 passenger transportation sector, AV firms are choosing to eliminate the driver role and redistribute 

633 its tasks to other roles. In other market segments, however, the importance of the non-driving tasks 

634 might outweigh the value-added of automating the driving task. For example, taxi drivers have 

635 become more involved in non-emergency medical transport, a sector for which the in-person 

636 support tasks are more essential (Interview with AV Regulation Expert, February 15, 2023). 

637 Drivers more involved in that sector may be less affected by AVs. Sector-level analyses of job 

638 impacts should incorporate regulatory requirements and consider the relative importance of 

639 automatable versus non-automatable tasks within that specific context to better predict how many 

640 jobs might realistically be impacted. Ultimately, the remaining tasks not performed by AI 

641 technologies may determine whether the technologies are introduced at all. 

642 This study used robotaxis as a domain in which to explore AI-induced changes to work 

643 systems oriented a non-routine manual task. As both a public-facing service and part of a safety-

644 critical domain, robotaxi services have unique characteristics that may influence some elements of 

645 our findings. In particular, current and future regulation of robotaxis by both federal agencies like 

646 the National Highway Traffic Safety Administration and state or local governments may influence 

647 how tasks are redistributed and what roles remain in ways that may not apply to less regulated 

648 domains. 

649

650 6. Conclusion

651 In this study, we find and empirically demonstrate that the introduction of AI-enabled 

652 technologies can spur the rebundling of tasks and labor roles in a work system. For the robotaxi 

653 work system, the introduction of autonomous vehicles leads to the redistribution of tasks between 

654 multiple new and existing labor roles. This seemingly chaotic redistribution process occurs via 

655 archetypal patterns which we identify and characterize. Distributing roles reallocate their tasks to 
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656 other roles in the system. Consolidating roles absorb tasks from other roles into their, often newly 

657 created, role. Work system changes may also involve transition states. During these transition 

658 states, scaffolding roles absorb tasks temporarily or on a semi-permanent basis to support the 

659 transition. These patterns provide a structured way to examine and predict how labor changes and 

660 resultant labor impacts might unfold in response to a new AI technologies’ introduction and 

661 suggest changes for how researchers should refine their labor impact analyses at the task, role, and 

662 sector levels. Finally, by characterizing role changes as processes, these patterns empower 

663 members of the public, workers, and practitioners to actively shape desirable work system 

664 outcomes. 

665
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Appendices

Appendix A. Detailed summary of semi-structured interviews

Num. Category Org. Position
Number of 
Interviews

Total Length 
of 
Interview(s) 
(min) Date(s)

Recorded and 
Transcribed

1 Firm A
Frontline 
Worker 1 30 9-Aug-23 Yes

2 Firm A
Frontline 
Worker 1 30 9-Aug-23 Yes

3 Firm A
Frontline 
Worker 1 30* 10-Aug-23 Yes

4 Firm B
Frontline 
Worker 1 78 30-Sep-22 Yes

5 Firm C
Frontline 
Worker 1 60 26-Oct-22

No (Hand-
written notes)

6 Firm D
Frontline 
Worker 1 52 8-Nov-22 Yes

7 Firm A
Mid-Level 
Manager 1

*(same 
interview) 10-Aug-23 Yes

8 Firm A
Mid-Level 
Manager 1 52 26-Sep-23 Yes

9 Firm A
Mid-Level 
Manager 1 30 10-Aug-23 Yes

10 Firm A
Mid-Level 
Manager 1 30 9-Aug-23 Yes

11 Firm B
Mid-Level 
Manager 1 54 3-Jan-23 Yes

12 Firm A
Senior 
Manager 1 30 10-Aug-23 Yes

13 Firm A
Senior 
Manager 2 60

27-Dec-22, 
9-Aug-
2023

Yes, No (Hand-
written notes)

14 Firm A
Senior 
Manager 1 30 10-Aug-23 Yes

15 Firm C
Senior 
Manager 1 34 5-Sep-23 Yes

16

Commercial 
Deployment

Firm E
Senior 
Manager 1 55 30-Jun-23 Yes
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Num. Category Org. Position
# of 
Interviews

Total 
Length of 
Interview 
(min) Date Location

Recorded 
and 
Transcribed

17 Government
Operations 
Management 1 55

19-Oct-
22 Zoom Yes

18 Government
Operations 
Management 1 63

18-Oct-
22 Zoom Yes

19 Government
Operations 
Management 1 64**

11-Oct-
22 Zoom Yes

20 Government
Policy/
Communication 1

**(same 
interview)

11-Oct-
22 Zoom Yes

21

Pilot 
Program or 
Government
-Run 
Deployment

Nonprofit
Policy/
Communication 1 32

27-Oct-
22 Zoom Yes

22 Nonprofit
AV Operations 
Expert 1 29

20-Oct-
22 Zoom Yes

23 Industry
AV Operations 
Expert 1 60

24-Feb-
23 Zoom Yes

24 Consulting
AV Operations 
Expert 1 42

7-Nov-
22 Zoom Yes

25 Consulting
AV Regulation 
Expert 1 63

21-Feb-
23

Research
er's 
Office 
Building Yes

26 Consulting
AV Regulation 
Expert 1 68

15-Feb-
23 Zoom Yes

27 Industry
AV Regulation 
Expert 1 53

8-Nov-
22

Coffee 
Shop Yes

28

External 
Perspective

Industry Taxi Manager 1 30
12-Mar-
24 Zoom

No (Hand-
written notes)
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Appendix B. Detailed summary of direct observations

Num. Category Observation/Event description Duration Date(s)

1 Daytime ride in robotaxi vehicle, operator onboard. 
Had informal conversation with operator.

31 min 7-Jul-22

2 Evening ride in robotaxi vehicle, operator onboard. 
Had informal conversation with operator.

32 min 7-Jul-22

3 Daytime ride in robotaxi vehicle, operator onboard. 
No conversation with operator.

16 min 8-Jul-22

4 Daytime ride in robotaxi vehicle, operator onboard. 
Had informal conversation with operator.

15 min 8-Jul-22

5 Daytime ride in robotaxi vehicle, operator onboard. 
Had informal conversation with operator.

14 min 8-Jul-22

6 Daytime ride in robotaxi, no operator onboard. 
Included call with customer service agent.

18 min 9-Jul-22

7 Daytime ride in robotaxi, no operator onboard. 
Attempted call to customer service agent but received 
notice that there was trouble connecting.

20 min 9-Jul-22

8 Nighttime ride in robotaxi, no operator onboard. 17 min 9-Jul-22

9 Nighttime ride in robotaxi, no operator onboard. 14 min 10-Jul-22

10 Nighttime ride in robotaxi, no operator onboard. 
Included call with customer service agent.

15 min 10-Jul-22

11 Evening ride in robotaxi vehicle, no operator onboard. 
Included call with customer service agent.

16 min 11-Jul-22

12 Nighttime ride in robotaxi, no operator onboard. 
Included call with customer service agent.

15 min 10-Aug-
23

13

Ride

Nighttime ride in robotaxi, no operator onboard. 14 min 10-Aug-
23

14 Non-participant observations of a robotaxi central 
command center. Engaged in informal conversations 
with remote monitors, customer service agents, 
information coordinators, and managers.

6 hours 9-Aug-23

15

Non-
participant 
observation Non-participant observations of a robotaxi fleet depot. 2 hours 10-Aug-

23
16 Automated Road Transportation Symposium in San 

Francisco, CA. Participation in Workforce 
Development for 21st Century Automated Mobility 
breakout session.

5 days 10-July-
23 to 14-
Jul-23

17 Texas Department of Transportation Virtual 
Connected and Autonomous Vehicles Peer 
Symposium

3.5 hours 7-Mar-23

18 International Association of Transportation Regulators 
Annual Conference in Scottsdale, AZ. Robotaxi 
vehicles from Cruise and Waymo present at the 
conference, along with operators from both firms who 
were available to answer general questions. Engaged 
in informal conversations with operators.

4 days 27-Sep-
23 to 30-
Sep-23

19

Conference

Transportation Research Board Conference sessions 
and committee meetings on AVs

9 hours 7-Jan-24 
to 11-
Jan-24

Page 43 of 48



42

Appendix C. Detailed summary of archival documents

Num. Category Role(s) Discussed Document Description Year # 
Pages

1 Academic 
article

App, Driver PhD Dissertation by Lindsey Cameron on 
the work of ride-hailing drivers and the rise 
of algorithm management systems

2020 205

2 Academic 
article

Driver Journal article by Veena Dubal on a history 
of work, regulation, and labor advocacy in 
San Francisco's
Taxi & Uber Economies

2017 65

3 Government 
data

Dispatcher O*NET data on "Dispatchers, Except 
Police, Fire, and Ambulance"

2024 1

4 Government 
data

Driver O*NET data on tasks for "Taxi Drivers" 2024 1

5 Government 
data

Manager Data from the U.S. Bureau of Labor 
Statistics on "Transportation, Storage, and 
Distribution Managers"

2023 1

6 Government 
data

Mechanic Data from the U.S. Census Bureau ACM 
PUMS 5-Year Estimate on "Automotive 
Service Technicians and Mechanics"

2021 1

7 Government 
data

Mechanic O*NET data on training requirements for 
"Automotive Service Technicians and 
Mechanics"

2024 1

8 Interview 
supplement

App, Customer 
Service, 
Information 
Coordinator, 
Operator, Remote 
Monitor, Vehicle

Written supplement from interviewee about 
roles at Firm F

2024 2

9 Interview 
supplement

App, Driver, 
Operator, Vehicle

Written supplement from AV Regulation 
Expert detailing operational differences 
between traditional taxis and robotaxis. Also 
includes information about current 
regulation for presence of an operator in 
different U.S. states. 

2023 11

10 Interview 
supplement

App, Manager, 
Mechanic, 
Operator, Remote 
Monitor

Email response answering questions about 
labor roles for Firm G

2023 1

11 Interview 
supplement

Vehicle Spreadsheet detailing the operating status 
and charging requirements for 1 month of 
service of an autonomous vehicle shuttle 
service

2021 3

12 Job posting Customer Service Job posting for Customer Service 
Representative by a transportation labor 
contractor

2023 2

13 Job posting Customer Service Job posting for Customer Service Shuttle 
Specialist in Port Saint Lucie, FL

2023 2

14 Job posting Customer Service Job posting for Customer Service Shuttle 
Specialist in Orlando, FL

2023 2

15 Job posting Customer Service Job posting for Customer Service Shuttle 
Specialist in Altamonte Springs, FL

2023 2

16 Job posting Field Support Job posting for Driverless Support 
Specialist in San Francisco, CA

2023 2
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Num. Category Role(s) Discussed Document Description Year # 
Pages

17 Job posting Field Support Job posting for Driverless Support Specialist 
in Phoenix, AZ

2023 2

18 Job posting Field Support, 
Remote Monitor, 
Operator

Webpage with starting wage information for 
frontline contingent worker positions

2023 2

19 Job posting Incident Expert Job posting for Incident Expert in Scottsdale, 
AZ

2023 2

20 Job posting Information 
Coordinator

Job posting for information coordinator 
postition

2022 2

21 Job posting Information 
Coordinator

Webpage with estimated salary information 
for Watch Officer position and position 
description

2023 2

22 Job posting Manager Job posting for Site Manager 2023 2
23 Job posting Manager Job posting for Team Lead, Rider Operation 2023 2
24 Job posting Manager Job posting for Rider-Only Manager 2024 3
25 Job posting Manager Job posting for night manager 2024 4
26 Job posting Manager, Remote 

Monitor
Job posting for Associate Manager, 
Command Center Operations

2023 2

27 Job posting Mechanic Job posting for Site Autonomy Engineer 2024 2
28 Job posting Operator Job posting for Autonomous Vehicle 

Operator by a transportation labor contractor
2023 2

29 Job posting Operator Job posting for Autonomous Vehicle 
Operator in Grand Rapids, MN

2023 2

30 Job posting Operator Job posting for Autonomous Vehicle 
Operator in Arlington, TX

2023 2

31 Job posting Operator Job posting for Autonomous Vehicle 
Operations Specialist in Houston, TX

2023 2

32 Job posting Operator Job posting for Level 5 Vehicle Operator 2023 2
33 Job posting Operator Job posting for Autonomous Vehicle Safety 

Driver
2023 2

34 Job posting Operator Job posting for Autonomous Vehicle Driver 
by a transportation labor contractor

2024 1

35 Job posting Remote Monitor Job posting for Assistance Advisor in 
Scottsdale, AZ

2023 2

36 News article App, Customer 
Service, Field 
Support, Mechanic, 
Operator, Remote 
Monitor

News article describing Waymo's depot 
where fleet management occurs

2018 16

37 News article Frontline workers 
(unspecified)

News article about staff reductions by Cruise 
after the company's involvement in an 
accident in San Francisco

2023 8

38 News article Other News article about test tracks operated by 
Waymo

2017 12

39 News article Remote Monitor News article describing companies 
developing technology to support for Remote 
Monitors

2019 5

40 News article Remote Monitor News article about companies developing 
remote monitoring software platforms

2020 6

41 News article Remote Monitor News article describing role of remote 
monitors for May Mobility's service

2023 9

42 News article Vehicle News article about how Waymo is designing 
their vehicles to interact with pedestrians

2023 8
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Num. Category Role(s) Discussed Document Description Year # 
Pages

43 Other Mechanic Course requirements for De Anza 
Community College Autonomous and 
Electric Vehicle Technician Pathway

2024 2

44 Presentation Driver, Operator, 
Vehicle

Presentation on Guiding Principles for 
Equitable AV Implementation of Robotaxis 
by Matthew Daus

2022 19

45 Report App, Customer 
Service, Field 
Support, Incident 
Expert, Remote 
Monitor, Vehicle

Cruise Passenger Safety Plan 2021 35

46 Report App, Customer 
Service, Field 
Support, Incident 
Expert, Remote 
Monitor, Vehicle

Waymo Passenger Safety Plan 2022 71

47 Report App, Driver, 
Operator, Vehicle 

International Association of Transportation 
Regulators' Best Practices, Guiding 
Principles & Model Regulations for 
“Robotaxis”

2023 4

48 Report App, Operator, 
Remote Monitor, 
Vehicle

Proposal for government-run deployment of 
a commercial rideshare service

2021 16

49 Report Driver, Operator, 
Remote Monitor

Report on suggested policies, laws, and 
regulation for operation of autonomous 
vehicles across the New England region

2022 214

50 Report Field Support MIT report quoting a news article about 
Waymo 'chase vans' that include two 
Waymo representatives (p.14)

2020 34

51 Report Operator Cruise safety report appendix detailing 
operator training and evaluation

2018 6

52 Report Operator, Vehicle SAE J3016: Taxonomy and Definitions for 
Terms Related to Driving Automation 
Systems for On-Road Motor Vehicles

2021 2

53 Report Vehicle Nuro's petition for temporary exemption 
from various 
requirements of vehicle safety standards for 
their all-electric AV

2019 36

54 Report Vehicle General Motors' petition for temporary 
exemption from various requirements of 
vehicle safety standards for their all-electric 
AV

2022 40
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Appendix D. Examples of data analysis processes

Process(es)
O*NET 
Task

Open-
coding 
Task(s) Quotes Firm Role

"We'll clean the cars every day. Yeah, 
I mean, the driverless ones...we'll 
clean the cars every day inside and 
out. Use a, you know, the gen-seven 
disinfectant on anything inside of the 
car..." (Interview with Frontline 
Worker, August 10, 2023)

Firm A Field Support

"Yeah, so they [the AVs] were cleaned 
every day. Because they're being 
cleaned every day, it's kind of minimal 
work, because not too much ever 
accumulates in the cars. Maybe once a 
month they do like a vacuum clean, 
and that was always done by the 
[operators] themselves." (Interview 
with Mid-Level Manager, January 3, 
2023)

Firm B Operator

Task and role 
identification 
from data. (Task 
performed by 
different role in 
Robotaxi and 
Advanced 
Robotaxi 
systems). 
Matching 
O*NET task to 
open-coding task. 

Vacuum and 
clean 
interiors and 
wash and 
polish 
exteriors of 
automobiles. 
(O*NET, 
Taxi Driver)

Perform 
vehicle 
cleaning 
and 
detailing

"The [operator] is also responsible for 
cleaning the vehicle. They don't do a 
big cleaning everyday but more as-
needed. They check the vehicle 
cleanliness as part of their daily 
checks." (Interview notes for interview 
with Frontline Worker, October 26, 
2022 10/26/22, no consent to record)

Firm F Operator

Confirm 
identity of 
rider

"So it's [the vehicle] sort of built for 
autonomy and for mobility as a 
service...there's an integrated tablet in 
the back so that you can, you know, 
scan your QR code to make sure it's 
the right person getting in the right 
vehicle." (Interview Operations 
Management Official, October 18, 
2022)

Governme
nt-run 
deployme
nt

VehiclePick up 
passengers 
at 
prearranged 
locations…

Alert 
passenger 
of arrived 
vehicle 
location

"The Waymo app also allows riders to 
prompt their Waymo AV to emit a 
distinctive chime sound or to honk the 
vehicle’s horn...This functionality 
helps riders identify and find their way 
to their vehicle using sound." (Waymo 
Passenger Safety Plan, January 2024)

Waymo* Vehicle & 
App

Matching 
multiple open-
coding tasks to 
one O*NET task, 
dividing O*NET 
task
(task split at 
ellipses), and 
identifying a task 
that is eliminated

...at taxi 
stands, or by 
cruising 
streets in 
high traffic 
areas.

N/A 
(robotaxis 
are hailed 
via apps)

"Ready to move with May Mobility? 
You’re almost there—just download 
the May Mobility app on the Apple 
App Store or Google Play and the 
app’s prompts will guide you through 
the rest." (May Mobility Website, 
2024)

May 
Mobility*

Eliminated 
Task

Identifying new 
task

N/A Perform 
pre- and 
post-trip 

“They [field support agents] have a 
checklist, as simple as you can think of 
where they're walking around the 

Firm A Field Support
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vehicle, making sure the quality of 
vehicle—we don't want to send a car 
out that has a massive dent or a broken 
mirror, you know, from a brand 
perspective and safety perspective. But 
they're looking at the physical aspects 
of the vehicle. And then there's a 
number of technical things they are 
checking…” (Interview with Senior 
Manager, August 10, 2023)
“…we had another team that handled 
like, setting up the cars for us. So they 
would like in the mornings, they [field 
support agents] would start up the 
cars, because it has to go through some 
procedure, like software, like when 
you turn on your computer…they have 
to turn it on, they have to like run 
tests, they have to make sure there's no 
issues.” (Interview with Frontline 
Worker, September 30, 2023)

Firm B Field Support

systems 
checks 

“…the [operators] are responsible for 
like kind of pre and post service 
vehicle checks. You know, so like 
before they take their vehicle out, they 
run through a checklist of things to 
make sure that it's ready to go.” 
(Interview with Operations 
Management Expert, October 18, 
2022)

Firm F Operator

*Firm names provided because sources are public and the quotes are easily searchable. Adding the anonymized name 
would thus risk de-anonymizing the other data.
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