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14 Abstract

15 Background: Machine learning (ML) has growing potential to support early identification of high-risk 

16 pregnancies in resource-constrained settings. However, most studies focus on model development and 

17 predictive performance, with less attention to the health-system processes required to generate ML-ready 

18 data and translate risk information into clinical action. The Mlinde Mama Project in Tanzania combined 

19 Group Antenatal Care (G-ANC), digital maternal health systems, and development of an ML-enabled risk 

20 stratification model for hypertensive disorders of pregnancy (HDP). This study examined the health-

21 system conditions shaping the pathway from routine care to actionable ML-enabled risk information. 

22 Methods: We conducted a retrospective mixed-methods implementation analysis of this project that was 

23 implemented between 2022 and 2024 in Geita, Tanzania. The analysis triangulated endline evaluation 

24 findings, quantitative exit interviews with pregnant women, focus group discussions with women and 

25 healthcare workers, key informant interviews, project implementation records, routine data from 

26 Tanzania's Unified Community System (UCS), and documented ML development experience. Relevant 

27 quotations from the final evaluation report were systematically screened, selected, and coded. An 

28 abductive analysis combined inductively derived themes with the Non-adoption, Abandonment, Scale-up, 

29 Spread and Sustainability (NASSS) framework and a study-specific ML implementation pathway. 

30 Results: Seven themes emerged across three phases of the implementation pathway. ML readiness began 

31 before the algorithm, with reliable clinical measurement and documentation; patient participation and 

32 task-sharing redistributed data generation. The paper-to-digital transition shaped which information 

33 became ML-ready data. The potential value of ML depended on workflow redesign rather than prediction 

34 alone. Technology created an efficiency paradox in which task-sharing reduced workload while staffing 

35 shortages and confirmatory work generated new burdens. Advanced analytics depended on basic 

36 infrastructure, while sustainability relied on teamwork, trust, user demand, and local ownership. 

37 Conclusions: Our findings suggest that successful ML implementation in maternal health begins with 

38 health-system readiness before the algorithm itself. A critical paper-to-digital transition stage was a major 
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39 determinant of data quality and ML readiness. ML-enabled maternal risk stratification should therefore be 

40 approached as a sociotechnical intervention spanning measurement, digitization, clinical confirmation, 

41 and follow-up. This implementation readiness is critical for the successful development of an ML-enabled 

42 risk stratification system. Crucially, our findings resonate with the key domains of the NASSS 

43 framework, underscoring how addressing multidimensional complexities, from technological design to 

44 organizational readiness, is vital for successful adoption, scale-up and long-term sustainability.

45 Keywords: Machine Learning; Artificial Intelligence; Maternal Health; Antenatal Care; Digital Health; 

46 Health Systems Lessons; Risk Stratification; 
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47 Author Summary:

48 Machine learning (ML) has shown considerable potential for improving maternal health by identifying 

49 women at increased risk of complications such as hypertensive disorders of pregnancy. However, most 

50 studies focus on how accurately ML models predict risk, with less attention paid to the health-system 

51 conditions required for these technologies to function in routine care, particularly in low-resource 

52 settings.

53 We examined implementation lessons from the Mlinde Mama Project in Tanzania, which combined 

54 Group Antenatal Care, digital health tools and ML-enabled maternal risk stratification across six public 

55 health facilities. We triangulated qualitative and quantitative evaluation findings, project implementation 

56 records and routine digital health data to understand how clinical information moves from routine care to 

57 digital systems and, ultimately, to clinical action.

58 We found that ML readiness begins long before an algorithm is deployed. Reliable clinical measurements, 

59 successful conversion of paper records into digital data, workflow design, workforce capacity, 

60 infrastructure and trust all influenced whether risk information could become useful in practice. Our study 

61 highlights a critical stage in the context of low-resource settings, a “paper-to-digital transition” stage, 

62 where information may be delayed, duplicated or lost before reaching an ML system.

63 These findings suggest that ML should be implemented as a sociotechnical intervention rather than as a 

64 standalone technology.
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65 1. Introduction

66 Hypertensive disorders of pregnancy (HDP) remain a major cause of maternal morbidity and mortality 

67 globally and disproportionately affect women in low- and middle-income countries, accounting for 

68 roughly 14% of maternal deaths worldwide[1]. In Tanzania, HDP contributes substantially to direct 

69 obstetric mortality; at Muhimbili National Hospital, severe pre-eclampsia and eclampsia accounted for 

70 19.9% of maternal deaths and were associated with a severe maternal outcome ratio of 19.4 per 1,000 live 

71 births in 2020 [2]. Prospective cohort data from Tanzania also link HDP to elevated maternal and 

72 perinatal risk [3]. Early identification of women at risk is therefore an important priority for improving 

73 maternal outcomes.

74 Machine learning (ML) has increasingly been proposed as a means of strengthening maternal risk 

75 prediction [4]. By integrating multiple clinical variables and identifying patterns that may not be captured 

76 by conventional threshold-based approaches, ML models may support earlier identification and 

77 prioritization of high-risk women. However, much of the literature has focused on algorithm 

78 development, discrimination, calibration and predictive accuracy. Recent systematic reviews of ML 

79 models for preeclampsia report limited evidence on prospective validation or practical deployment detail, 

80 particularly for low-resource settings[ 5, 6]. Comparatively little empirical evidence exists on the health-

81 system, workflow, workforce, and data-system conditions required for ML-enabled risk stratification to 

82 function effectively in routine maternal healthcare, particularly in low-resource settings [7].

83 This gap is particularly important in resource-constrained health systems. Predictive models depend on 

84 data generated through routine clinical encounters. The quality, completeness and timeliness of these data 

85 are shaped by whether measurements are performed, how they are documented, whether paper records are 

86 successfully transformed into digital records, staffing levels, equipment availability, clinical workflows, 

87 digital infrastructure and data use practices. An algorithm may demonstrate strong performance in a 

88 development dataset yet have limited clinical value if required predictors are not routinely measured, if 

89 clinical information does not become timely digital data, if risk outputs arrive too late to influence care, or 

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted July 28, 2026. ; https://doi.org/10.64898/2026.07.26.26358974doi: medRxiv preprint 

https://doi.org/10.64898/2026.07.26.26358974
http://creativecommons.org/licenses/by/4.0/


Page 6 of 36

90 if frontline providers lack the capacity to respond to additional alerts. These challenges may be 

91 particularly pronounced in LMICs, where fragmented documentation systems, human-resource shortages, 

92 infrastructure limitations, and variable digital maturity can affect the availability and quality of data 

93 required for ML-enabled care [8].

94 The transition from paper-based to electronic documentation is especially important for ML readiness. In 

95 many settings in Africa (including Tanzania), paper and electronic records coexist, especially in primary 

96 public health facilities, creating parallel workflows, duplicate documentation requirements, delayed entry 

97 and incomplete digital capture [9, 10]. A measurement may therefore be performed during clinical care 

98 but never become available for algorithm development. ML models inherit not only biological and 

99 clinical patterns, but also the consequences of the documentation and digitization systems that produced 

100 their data. The existence of an electronic platform should therefore not be equated with the availability of 

101 complete, timely or representative machine-readable data. Drawing on sociotechnical systems theory [11], 

102 and calls for responsible, context-appropriate AI implementation in low- and middle-income countries 

103 [12], we use the term sociotechnical performance to describe this broader capability: the ability of an ML-

104 enabled intervention to function within real patterns of measurement, documentation, staffing and 

105 workflow, rather than being judged solely by statistical performance.

106 The Mlinde Mama Project was implemented in Geita Region, Tanzania, between 2022 and 2024. The 

107 project combined three complementary strategies: redesign of antenatal care through G-ANC; use of 

108 Tanzania's Unified Community System (UCS), to support routine maternal health data capture; and 

109 development of ML-enabled risk stratification for HDP. UCS is a national digital health platform 

110 designed to support registration, follow-up, referral, and reporting of various health components including 

111 maternal and antenatal care services. 

112 G-ANC models have shown feasibility and positive effects on antenatal and postnatal services across 

113 various countries in sub-Saharan Africa [13, 14]. In Tanzania, G-ANC was implemented across six public 

114 health facilities in two district councils and reached 5,936 pregnant women. The model incorporated 
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115 clinical assessment, structured health education, peer support and greater participation by women in 

116 selected routine measurements and activities [15].

117 In parallel, the project used routine UCS data to develop a risk stratification ML model for HDP. The 

118 best-performing XGBoost model achieved 90.1% accuracy and an area under the receiver operating 

119 characteristic curve of 0.95. At the selected high-sensitivity threshold, the model achieved 100% 

120 sensitivity but relatively low precision (14%), positioning it primarily as a screening and triage tool rather 

121 than a standalone diagnostic system. Despite promising predictive performance, the ML development 

122 process was constrained by substantial data-quality challenges, including missingness, duplication, 

123 limited longitudinal follow-up, and lacked prospective validation, all of which were identified as 

124 important project limitations [16]. 

125 These components raise a broader implementation question: what does it take for ML-enabled risk 

126 stratification to become useful in routine maternal healthcare? The answer cannot be derived from model 

127 performance alone. It requires examining the full pathway through which clinical measurements become 

128 digital data, digital data become risk estimates, and risk estimates become clinical action.

129 This paper examines health systems lessons and implementation readiness considerations based on the 

130 Mlinde Mama project experience. Rather than re-evaluating the predictive model, which has been 

131 reported separately, we focus here on the health-system conditions surrounding the generation, 

132 digitization and potential use of ML-enabled risk information in routine ANC. Guided by the Non-

133 adoption, Abandonment, Scale-up, Spread and Sustainability (NASSS) framework [17] and a study-

134 specific ML development pathway, we examine three linked phases: producing ML-ready data, producing 

135 actionable risk information, and converting risk information into care. 
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136 2. Materials and Methods

137 2.1 Study design

138 We conducted a retrospective mixed-methods implementation analysis. The analysis integrated 

139 participant accounts, project implementation records, empirical characteristics of the routine UCS dataset, 

140 and documented experience from development of the ML risk-stratification component. The study 

141 followed a convergent triangulation design in which qualitative, quantitative, implementation, and routine 

142 data sources were integrated to generate explanatory themes. A sociotechnical perspective guided 

143 interpretation: The ML development process was understood not only as the introduction of a standalone 

144 technology, but as an interaction among clinical care, documentation systems, digital technologies, data, 

145 healthcare workers, patients, organizational processes and the wider health system.

146 2.2 Project setting and intervention

147 The Mlinde Mama Project was implemented in six public health facilities in Geita and Chato District 

148 Councils, in Geita region in northwestern Tanzania. This geographical setting is predominantly rural or 

149 semi-urban. Participating facilities included district hospitals, health centres and dispensaries. The project 

150 integrated G-ANC into routine ANC services. Women of similar gestational age received ANC services 

151 in structured group sessions combining clinical assessment, health education, peer interaction and selected 

152 self- or peer-supported routine activities[15]. The project also used Tanzania's UCS to support digital 

153 maternal health data capture and development of ML-enabled risk stratification. A total of 5,936 women 

154 participated in G-ANC during implementation.

155 2.3 Machine-learning component

156 The ML component used routine ANC records from the UCS to develop a risk-stratification model for 

157 HDP. The technical development and validation have been reported separately. Five models were 

158 assessed, with XGBoost selected as the best-performing approach. A total of 337,027 ANC records 
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159 captured through the UCS between 2023 and 2024 were analysed and subsequently aggregated into 

160 187,438 unique client records for model development. In addition to routinely captured data, clinical and 

161 laboratory information from women attending ANC services at the six participating facilities were entered 

162 into the UCS during the ML development process to strengthen the dataset used for model training and 

163 validation [16].

164 2.4 Data sources

165 The analysis drew on five complementary forms of evidence: (1) the Mlinde Mama Project Endline 

166 Evaluation Report [18], which served as the source document for the focused quotation screening; (2) 

167 quantitative exit interviews with 388 pregnant women, including 154 G-ANC and 234 routine ANC 

168 participants; (3) qualitative evidence generated through six focus group discussions (FGDs) with pregnant 

169 and recently delivered women and 21 key informant interviews (KIIs) with healthcare providers, facility 

170 in-charges and district and regional health managers[19]; (4) project implementation records and 

171 documented implementation experience relating to the UCS, digital data capture and ML components; 

172 and (5) empirical characteristics of the routine UCS dataset observed during ML development, including 

173 missingness, duplication, implausible values and temporal sparsity.

174 The qualitative component was originally designed to examine participants’ experiences of G-ANC, its 

175 practicality within routine services, acceptability and implementation challenges, rather than to evaluate 

176 ML implementation directly. For the present analysis, we therefore used a focused secondary analytic 

177 approach, selecting only qualitative evidence relevant to the broader implementation pathway through 

178 which routine maternal healthcare data were generated, documented, digitized, converted into ML-ready 

179 data and potentially integrated into clinical workflows. Relevant evidence included participant accounts 

180 concerning clinical measurement and self-measurement, documentation and digital data capture, task-

181 sharing, workflow organization, workload, infrastructure and digital equipment, service integration, 

182 provider–client relationships, teamwork and sustainability.
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183 2.5 Qualitative evidence selection, coding and triangulation

184 All verbatim participant quotations retained in the final endline evaluation report [16] were screened for 

185 relevance to the implementation environment surrounding the digital health and ML components of the 

186 Mlinde Mama project. The quotations primarily formed the basis for the broader qualitative study of 

187 women’s, healthcare providers’ and health managers’ perspectives on G-ANC implementation in Geita 

188 region [19]. Quotations were eligible for inclusion if they provided evidence relating to one or more 

189 stages of the implementation pathway: (1) generation of clinical data through care engagement and 

190 measurement; (2) documentation, digitization and conversion of routine clinical information into ML-

191 ready data; (3) integration of digital tools and risk information into routine workflows; or (4) broader 

192 implementation conditions affecting the digital health intervention, including workload, task-sharing, 

193 infrastructure, equipment, teamwork, trust, service integration, governance and sustainability. Quotations 

194 concerned primarily with G-ANC experiences that had no clear relevance to data generation, digital 

195 transformation, workflow integration or the wider digital health implementation environment were not 

196 included in this secondary analysis. Quotation selection was based on relevance to the predefined analytic 

197 scope rather than the direction of the finding; both enabling and constraining accounts were eligible for 

198 inclusion.

199 One researcher (AH) conducted the initial screening, selection and coding of eligible quotations. Each 

200 quotation was extracted verbatim, distinguished from evaluator narrative, and coded according to 

201 participant type, facility or service-delivery context where available, original context in the endline 

202 evaluation, implementation-chain phase and proposed analytic theme. A second researcher (AK), who 

203 had led the original qualitative study, reviewed the selected quotations, coding and thematic interpretation 

204 for consistency with the source data and original study context. Differences in interpretation were 

205 resolved through iterative discussion and consensus. Coding was performed manually in Microsoft Excel.

206 The analysis did not assume that participants were commenting directly on ML or that they had interacted 

207 with an ML-generated prediction. Instead, participants’ accounts were treated as evidence about the 
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208 sociotechnical environment in which data required for ML were produced and in which future ML-

209 generated risk information would need to be interpreted and acted upon.

210 Qualitative evidence was then triangulated with quantitative evaluation findings, project implementation 

211 records and empirical characteristics of the UCS dataset observed during ML development. Triangulation 

212 examined convergence, complementarity and tension across evidence sources. For example, participant 

213 accounts of self-measurement and task-sharing were considered alongside quantitative evidence on 

214 completion of routine measurements; accounts of workload and workflow were interpreted alongside the 

215 operational requirements of digital data capture; and evidence concerning documentation and digitization 

216 was compared with observed patterns of missingness, duplication, implausible values and temporal 

217 sparsity in the ML development dataset. This approach enabled the analysis to trace how routine care 

218 became digital data, how digital data became or failed to become-ready, and what organizational 

219 conditions would shape the conversion of future ML-generated risk information into clinical action. 

220 Conceptual saturation was not an objective of the secondary analysis; instead, thematic sufficiency was 

221 assessed through triangulation across data sources.

222 2.6 Analytic framework

223 We used the NASSS framework [17] to guide secondary analysis and interpretation. NASSS 

224 conceptualizes technology-supported healthcare interventions across seven interacting domains: the 

225 health condition, technology, value proposition, adopter system, organization, wider institutional context 

226 and adaptation over time. NASSS was selected because the study sought to understand not simply 

227 whether an ML model achieved adequate predictive performance, but the health-system conditions 

228 required for risk stratification to become operationally useful and potentially sustainable within routine 

229 ANC.
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230 Figure 1: The NASSS Framework

231

232 Source: Adapted from: Greenhalgh et al [17]

233 We combined NASSS with a process-oriented ML implementation pathway developed from empirical 

234 data. The chain comprised three linked phases. We synthesized the findings into a conceptual model 

235 illustrating the pathway (Figure 2). Phase 1, producing ML-ready data, traced the pathway from care 

236 engagement through clinical measurement, clinical documentation, the paper-to-digital transition, 

237 digitization and digital data quality. Phase 2, converting data into actionable risk information, comprised 

238 ML risk estimation, workflow prioritization and clinical confirmation. Phase 3, converting risk 

239 information into care, comprised clinical decision-making, targeted action, follow-up or referral and 

240 maternal outcome. Infrastructure, workforce, trust and governance were treated as cross-cutting 

241 conditions influencing all three phases.

242 The analysis was primarily abductive. Participant quotations and other project evidence were first 

243 examined according to their original meaning and implementation context. Emerging themes were then 

244 compared with NASSS domains and stages of the ML implementation chain. This allowed the analysis to 

245 remain grounded in project evidence while using theory to interpret interactions among clinical, 

246 technological and organizational conditions. The three-phase implementation pathway was used to 
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247 organize where implementation challenges arose along the journey from routine care to clinical action, 

248 while NASSS was used to interpret the wider technological, organizational and contextual factors shaping 

249 each phase.

250 Figure 2. A three-phase implementation pathway for ML-enabled maternal risk stratification

251

252 Phase 1 represents the production of ML-ready data from routine clinical care and highlights the paper-to-

253 digital transition gap, where parallel systems, duplicate entry, delayed entry and incomplete capture may 

254 create divergence between clinical and digital reality. 

255 Phase 2 represents the conversion of digital data into actionable risk information through ML risk 

256 estimation, prioritization and clinical confirmation. 

257 Phase 3 represents the conversion of risk information into clinical decisions, targeted action and follow-

258 up. Infrastructure, workforce, trust and governance influence all phases, while feedback from care and 

259 outcomes supports learning and adaptation over time.

 . CC-BY 4.0 International licenseIt is made available under a 
 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity. (which was not certified by peer review)

The copyright holder for this preprint this version posted July 28, 2026. ; https://doi.org/10.64898/2026.07.26.26358974doi: medRxiv preprint 

https://doi.org/10.64898/2026.07.26.26358974
http://creativecommons.org/licenses/by/4.0/


Page 14 of 36

260 2.7 Ethical considerations

261 The endline evaluation was undertaken as part of the approved implementation research activities of the 

262 Mlinde Mama Project. Participants provided informed consent before interview. This secondary analysis 

263 uses de-identified participant quotations and aggregated implementation data. The study received ethical 

264 approval from the National Institute for Medical Research (NIMR) through the National Health Research 

265 Ethics Committee (NIMR/HQ/R.8a/Vol.IX/4194; 23 January 2023). The approved protocol permits 

266 secondary analysis of de-identified project data.

267

268 3. Results

269 Seven interconnected themes were identified across the three phases of the ML implementation pathway 

270 (Figure 2). Themes 1–3 concerned the production of ML-ready data; Theme 4 concerned the conversion 

271 of data into actionable risk information; and Themes 5–7 described cross-cutting organizational and 

272 relational conditions shaping implementation across the pathway. An overview of the seven themes, their 

273 evidence sources and interpretive contributions is provided in Table 1.

274 3.1 Theme 1: ML readiness began before the algorithm: generating the clinical measurements

275 The development of the ML model depended on routinely generated clinical data. The project experience 

276 demonstrated, however, that such data could not be treated simply as an existing technical resource. Data 

277 were produced through interactions among pregnant women, healthcare workers, measurement devices 

278 and clinical workflows.

279 Within G-ANC, women became more actively involved in selected routine measurements. A pregnant 

280 woman described this process:

281 "Many pregnant women gained the ability to measure their own weight and blood pressure and 

282 encouraged others to join the groups." Pregnant woman, District Hospital 1.
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283 A healthcare provider similarly observed:

284 "They learned various things, such as measuring their own blood pressure and teaching each other." 

285 Healthcare provider, Health Centre 1.

286 These accounts suggest that ML readiness began with the reliable production of clinical measurements. 

287 Blood pressure and other physiological measurements were not merely variables in a dataset; they were 

288 products of specific clinical and social practices. This was part1icularly relevant because blood pressure 

289 was central to the HDP risk-stratification model. The model could only identify risk when relevant 

290 measurements were performed, documented and made available in usable digital form.

291 This theme primarily relates to the Condition, Technology, and Organization domains of the NASSS 

292 framework. It demonstrates that ML readiness begins with the reliable generation of routine clinical 

293 measurements rather than with algorithm development itself. The quality of risk prediction therefore 

294 depends on organizational capacity to consistently produce accurate clinical information as part of routine 

295 antenatal care.

296 3.2 Theme 2: Redistributing the work of measurement and data generation

297 The G-ANC model redistributed some aspects of routine care from an exclusively provider-led process 

298 towards greater participation by pregnant women and peer groups. This did not replace professional 

299 clinical assessment. Rather, it created opportunities for routine information to be generated earlier and for 

300 women to become more engaged in their care.

301 One provider described the resulting workflow:

302 "When a pregnant woman comes, she has already been tested, which reduces the time she spends with 

303 healthcare provider at the hospital."  District Hospital 2.
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304 Another explained:

305 "It was easier to serve [G-ANC members] because they handled many things themselves, allowing us to 

306 spend less time with them."  Healthcare provider, District Hospital 1.

307 Participants consistently described task-sharing as reducing provider workload and facilitating service 

308 delivery. Distributed data generation may strengthen the upstream data pipeline while preserving clinician 

309 attention for tasks requiring professional judgement.

310 This theme primarily reflects the Value proposition, Adopter System and Organization domains of the 

311 NASSS framework. The redistribution of measurement and documentation activities altered the roles of 

312 women, healthcare providers and peer groups, illustrating that successful digital health implementation 

313 depends on how new responsibilities are integrated into existing clinical workflows and accepted by those 

314 delivering and receiving care.

315 3.3 Theme 3: From clinical reality to digital reality: the paper-to-digital transition shaped ML-

316 ready data

317 The project experience demonstrated that performing a clinical task did not necessarily mean that the 

318 resulting information became available for digital analysis. Between measurement at the point of care and 

319 inclusion in the ML dataset lay an intermediate process of documentation, digital entry, data transmission 

320 and record linkage.

321 The Mlinde Mama intervention was implemented within a health system transitioning from 

322 predominantly paper-based documentation towards greater use of digital systems. Routine ANC 

323 information could therefore exist across paper registers (such as the facility ANC registers, labour and 

324 delivery register and the cohort tracking register), patient-held records such as the RCH Card and the 

325 UCS. The coexistence of documentation systems meant that digitally available information did not 

326 necessarily represent the complete set of clinical activities performed during an ANC encounter.
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327 This distinction became visible when evaluation findings were compared with the data available for ML 

328 development. In the endline evaluation, all interviewed women reported having their blood pressure 

329 measured during the current or a previous ANC visit. Weight measurement was reported by 98.7% of G-

330 ANC participants and 93.2% of women receiving routine ANC[18]. Yet the companion ML study 

331 encountered substantial incompleteness and temporal sparsity in routinely captured digital records[16].

332 The ML development process required extensive transformation of routine UCS data, including removal 

333 of duplicate entries, correction of implausible physiological values and management of missing 

334 observations. Multiple visits also had to be collapsed into single patient-level records because the 

335 longitudinal digital record was sparse: the median number of recorded visits per client was one, and only 

336 43% of clients had two or more digitally recorded visits[18].

337 Taken together, these findings revealed a gap between clinical reality and digital reality. A measurement 

338 could be performed but not documented; documented on paper but not entered digitally; entered after a 

339 delay; duplicated across systems; or captured in a form requiring substantial cleaning before 

340 computational use. Consequently, the data available to the ML model represented the subset of clinical 

341 information that successfully passed through the documentation and digitization pathway.

342 The triangulated evidence identified four plausible mechanisms through which information could be lost 

343 or distorted during this transition: parallel documentation, duplicate entry, delayed entry and incomplete 

344 digital capture. Data quality was therefore not solely a property of the analytic dataset; it was produced by 

345 the wider care and documentation system. 

346 he "paper-to-digital" transition represents a point of convergence across multiple NASSS domains, 

347 including the Technology (digital information systems), Adopter System (healthcare providers responsible 

348 for documenting and entering clinical information), Organization (workflow design, documentation 

349 practices and system readiness), and the Wider Context (national digital health policies, governance and 

350 reporting requirements). Consequently, failures in digitization should not be viewed solely as technical 

351 problems but as manifestations of broader sociotechnical challenges within the health system. 
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352 3.4 Theme 4: From prediction to action: workflow determined clinical value

353 The technical ML model was designed primarily as a risk-stratification and triage tool. Its intended value 

354 was therefore not simply to generate a risk prediction but to help determine which women required 

355 additional attention.

356 Providers valued interventions that allowed information to be available before or early in the clinical 

357 encounter, as noted above (Section 3.2): "When a pregnant woman comes, she has already been tested, 

358 which reduces the time she spends with health care provider at the hospital."

359 This experience parallels the proposed role of ML-enabled triage. Given the model’s operating 

360 characteristics, a future high-risk flag would require clinical confirmation rather than automatically 

361 triggering specialist referral or treatment and should instead be prioritized for confirmatory assessment.

362 The model's high sensitivity and low precision make workflow design especially important. A high-risk 

363 flag should not automatically trigger specialist referral or treatment. Instead, it could trigger a structured 

364 next step such as repeat blood pressure measurement, review of proteinuria, targeted clinical assessment 

365 or expedited provider review. The output of an algorithm is therefore not the end of the intervention; it is 

366 the beginning of a workflow. This finding primarily relates to the Technology, Adopter System, and 

367 Organization domains of the NASSS framework. The clinical value of ML depended not on the 

368 prediction itself but on how risk information was interpreted, confirmed and incorporated into routine 

369 workflows. Algorithm outputs therefore become useful only when embedded within clearly defined 

370 clinical pathways and supported by organizational processes.

371 3.5 Theme 5: The efficiency paradox: technology could save and create work

372 Providers described ways in which the intervention reduced routine workload. One participant reported:

373 "The tools provided, like the battery machine and weight scale, reduced our workload." Healthcare 

374 provider, District Hospital 1.
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375 Task-sharing also allowed providers to concentrate on activities requiring greater clinical input. However, 

376 the evaluation identified an important negative case:

377 "In one day, we would have more than six groups, and we spent a lot of time serving them due to the 

378 shortage of staff." Healthcare provider, District Hospital 2.

379 This apparent contradiction is important for ML implementation. Technology may reduce the time 

380 required for some activities while simultaneously increasing demand, generating new tasks or identifying 

381 more patients who require follow-up. This is particularly relevant to a high-sensitivity model with 

382 relatively low precision because false-positive alerts may generate additional confirmatory work. This is 

383 quite important in the context of the NASSS framework.  Efficiency should therefore be assessed across 

384 the full pathway—from measurement to risk flag, confirmation and clinical action. This theme primarily 

385 reflects the Value proposition, Adopter System, Organization and Adaptation over time domains of the 

386 NASSS framework. Technologies perceived as helping to solve routine work challenges (i.e. are 

387 valuable), are more likely to be adopted. Conversely, technologies that are perceived to increase workload 

388 or introduce additional clinical tasks are less likely to be adopted and sustained [20]. 

389 3.6 Theme 6: The hidden infrastructure beneath AI

390 One of the clearest findings was the dependence of digital innovation on basic physical resources. 

391 Providers appreciated equipment that supported routine measurement, as noted above (Section 3.5): "The 

392 tools provided, like the battery machine and weight scale, reduced our workload."

393 At the same time, a provider's request for continued support revealed the material realities underlying 

394 digital health implementation:

395 "Additionally, I request the project to assist us with work phones, bags to store the phones, and rain gear 

396 to protect the equipment when it rains." Healthcare provider, District Hospital 1.
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397 A healthcare manager said: 

398 “...we don't have money to print maternal booklets and to replace rechargeable batteries for BP 

399 machines.” — District Coordinator, District 2.

400 An advanced predictive model may depend on whether a frontline worker has a functioning phone or 

401 tablet, whether devices are protected during travel and rain, whether batteries can be charged, whether 

402 measurement equipment, and whether tools for data documentation are available. These are not peripheral 

403 implementation issues; they are components of the functioning ML system. This theme mainly reflects 

404 the Technology, Organization, and Wider Context domains of the NASSS framework. Reliable AI 

405 implementation depends on basic infrastructure, including functional equipment, power supply, digital 

406 devices, documentation tools and sustainable financing. These seemingly simple resources are integral 

407 components of the digital health ecosystem rather than peripheral implementation considerations.

408 3.7 Theme 7: From adoption to sustainability: trust, teamwork and ownership

409 The sustainability of the intervention was linked not only to technology and equipment but also to 

410 relationships among patients, providers and teams.

411 A pregnant woman described improved communication:

412 "There has been a strong relationship between the service provider and the client, where they feel free to 

413 express their challenges." Pregnant woman, District Hospital 1.

414 A healthcare provider emphasized teamwork:

415 "The key to success of the project was teamwork, which made the work easier." Healthcare provider, 

416 Health Centre 2.

417 Demand from women was also evident:

418 "We request that the project continues, as the mothers have been highly motivated to learn and take care 

419 of themselves." Healthcare provider, Health Center 2.
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420 These findings suggest that ML-enabled care will be introduced into an existing network of relationships. 

421 Whether a woman accepts further evaluation, communicates symptoms or returns for follow-up may 

422 depend on trust and perceived quality of care. Similarly, risk stratification may redistribute work across 

423 nurses, clinicians, community health workers and digital systems. Teamwork is therefore part of the 

424 mechanism through which risk information becomes clinical action. This theme primarily reflects the 

425 Adopter System, Organization, Wider context and Adaptation over Time domains of the NASSS 

426 framework. Trust between women and healthcare providers, teamwork across professional groups and 

427 local ownership emerged as essential conditions for sustaining implementation. Long-term integration of 

428 ML-enabled care will therefore depend not only on technological performance but also on the capacity of 

429 health systems to maintain collaborative relationships, adapt workflows and support continuous learning.

430 Table 1. Overview of themes, evidence sources, implementation phases and interpretive 

431 contributions, mapped to the NASSS Domains

Theme Implementation-

chain phase

Primary evidence Main NASSS domains Interpretive 

contribution

1. ML readiness began 

before the 

algorithm 

development

Producing ML-

ready data

Participant quotations 

on blood pressure and 

weight measurement

Condition, Technology; 

Adopter system

Prediction depends on 

reliable generation of 

clinical measurements.

2. Redistributing 

measurement and 

data generation

Producing ML-

ready data

Participant quotations 

on self/peer activities 

and task-sharing

Value proposition 

Adopter system; 

Organization

Who performs routine 

work shapes scalability 

and data availability.

3. From clinical 

reality to digital 

reality

Producing ML-

ready data

Triangulation of 

evaluation findings, 

implementation 

experience and UCS 

dataset characteristics

Technology; Adopter 

system; Organization; 

Wider context 

Clinical reality and 

digital reality may 

diverge before data reach 

the model.

4. Workflow 

determined clinical 

value

Converting data 

into actionable 

risk information

Provider quotation 

plus ML operating 

characteristics

Technology, Adopter 

System; Organization

A prediction becomes 

useful only through a 

feasible confirmation and 

action pathway.
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Theme Implementation-

chain phase

Primary evidence Main NASSS domains Interpretive 

contribution

5. The efficiency 

paradox

Cross-cutting 

across all phases

Positive and negative 

provider cases

Value proposition 

Adopter system; 

Organization

Technology may save 

some work while creating 

new tasks and alert 

burden.

6. The hidden 

infrastructure 

beneath AI

Cross-cutting 

across all phases

Provider quotations on 

equipment and phones

Technology; 

Organization; Wider 

context 

Basic material conditions 

are components of the 

functioning ML system.

7. Trust, teamwork 

and ownership

Cross-cutting 

across all phases, 

with relevance to 

Phase 3

Participant quotations 

on relationships, 

teamwork and demand

Adopter system; 

Organization; Wider 

context, Adaptation 

over time

Risk information 

becomes action through 

relationships and 

collective 

implementation.

432

433

434 4. Discussion

435 4.1 Principal findings

436 The central finding is that ML implementation began before the algorithm and extended beyond 

437 prediction. Seven interrelated lessons mapped onto three phases of the implementation pathway. 

438 Producing ML-ready data required reliable measurement, appropriate task-sharing and successful 

439 movement of information from clinical documentation into digital systems. Producing actionable risk 

440 information required workflow redesign and feasible confirmation pathways. Converting risk information 

441 into sustainable care depended on workload, infrastructure, trust, teamwork and organizational capacity.

442 This framing extended beyond conventional assessments of ML readiness. Data quality was a care-

443 delivery and documentation issue as much as a technical issue. The paper-to-digital transition emerged as 

444 a hidden stage in the ML pipeline. Infrastructure and relationships were not peripheral facilitators; they 

445 were part of the functioning sociotechnical system.
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446 The seven themes intersected across multiple NASSS domains rather than mapping to single domains in a 

447 one-to-one manner. The technology, adopter and organizational domains were particularly prominent, 

448 while the wider context and adaptation-over-time domains shaped the potential for scale and 

449 sustainability. The relationship between the Mlinde Mama findings and the seven NASSS domains is 

450 summarized in Table 2.

451 Table 2. Mapping of NASSS domains to the Mlinde Mama findings

NASSS domain Application to Mlinde Mama Aligned themes

Condition Clinical complexity and need for timely identification of 

women at risk of HDP within high-volume ANC services

Theme 1

Technology Measurement devices, UCS, paper-to-digital transition, 

data quality and ML model

Themes 1, 3, 4 and 6

Value proposition Earlier risk identification and better allocation of scarce 

provider attention

Themes 2 and 5

Adopter system Pregnant women, providers, CHWs and facility teams Themes 2,3,4,5 and 7

Organization Documentation practices, paper-to-digital transition, 

staffing, task-sharing, workflow redesign, sustainability

Across all themes (1-7)

Wider context National digital-health architecture (UCS), governance, 

policy and institutional arrangements.

Themes 3, 6 and 7

Adaptation over 

time

Evolution of data systems, workflows and sustainability 

mechanisms

Themes 5 and 7
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452 4.2 From predictive performance to sociotechnical performance

453 The technical ML study demonstrated that routine UCS data could support high-sensitivity risk 

454 stratification for HDP. However, conventional metrics describe only one dimension of performance. For 

455 routine implementation, a model must also demonstrate sociotechnical performance: the ability to 

456 function within actual patterns of measurement, documentation, digitization, staffing, patient flow and 

457 clinical decision-making.

458 A model with excellent discrimination may have little clinical effect if required inputs are missing or 

459 delayed. Conversely, a model with high sensitivity may create substantial operational burden if every alert 

460 leads directly to specialist referral. This echoes broader sociotechnical systems accounts of AI in 

461 healthcare delivery, which argue that the entire work system, not the algorithm alone, determines whether 

462 AI improves patient safety and reduces clinician burden [11], and aligns with calls for AI implementation 

463 in LMICs to be treated as an exercise in responsible, sustainable and inclusive health-system innovation 

464 rather than a purely technical deployment [12, 21]. Staffing constraints identified in the qualitative 

465 analysis further illustrate how workforce capacity may shape ML implementation and reinforce the 

466 potential role of appropriately designed task-sharing [22, 23]. In high-volume facilities, requiring 

467 clinicians to perform every routine measurement, enter every data point and interpret every risk signal 

468 may limit scalability. This signifies the workload the clinician must undertake in producing high-quality 

469 data. Therefore, structured task-sharing has the potential to reduce the workload associated with selected 

470 routine activities. Thus, the Mlinde Mama experience supports a broader definition of ML performance 

471 that includes data availability, digital representativeness, workflow fit, actionability, workload 

472 consequences, user trust, equity and sustainability.

473 4.3 The paper-to-digital transition as a hidden stage in the ML pipeline

474 The results revealed that the transition from clinical care to machine-readable data was not seamless. ML 

475 models are often described as being developed from "routine health data," implying that information 
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476 generated during care is automatically available for computational analysis. In practice, clinical reality 

477 and digital reality are not equivalent.

478 The coexistence of paper and electronic systems created several opportunities for information loss or 

479 distortion. A measurement may be have been performed but not documented, remain only on paper, be 

480 entered after a delay, be duplicated across systems, or require substantial cleaning before analysis. This 

481 finding is consistent with broader evidence on routine health information systems in sub-Saharan Africa: 

482 facility-reported DHIS2 data have been found incomplete at least 40% of the time in some settings, with 

483 10–60% of clinically documented events never captured in the digital system [24], and persistent 

484 completeness, timeliness and consistency gaps have been documented across DHIS2 implementations 

485 more broadly, including in Tanzania [25]. Further evidence from other health systems assessing 

486 integration aspects of digital data systems similarly identifies parallel documentation, duplicate work, 

487 incomplete capture and workflow disruption as persistent challenges [9, 10, 26, 27].

488 This has important implications for interpreting missing data in ML development. Missingness should not 

489 be understood solely as a statistical property of the final dataset; it may be a trace of the underlying health 

490 system. Missing values can reflect unavailable equipment, stock-outs, selective testing, staff workload, 

491 parallel documentation, poor connectivity, delayed entry or system-design weaknesses. Imputation may 

492 improve an analytic dataset but cannot correct the upstream implementation conditions that produced the 

493 missingness.

494 The distinction also has implications for algorithmic equity. If some facilities, patient groups or 

495 encounters are less likely to be digitally documented, they may become systematically underrepresented 

496 in the data used to develop and operate an ML model. The algorithm may then reproduce patterns of 

497 digital visibility rather than the true distribution of clinical need. Although the present study did not 

498 directly evaluate algorithmic bias, these findings highlight an important ethical consideration for AI 

499 implementation in resource-limited settings: responsible AI requires attention not only to model 
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500 performance, but also to who is represented in the underlying digital data and who may remain invisible 

501 [28].

502 ML readiness should therefore not be equated with the existence of an electronic platform. The more 

503 relevant question is whether clinically meaningful information is captured completely, accurately, 

504 consistently and sufficiently close to the point of care to support timely risk stratification and action. 

505 Strengthening the paper-to-digital transition may be as important as improving the model itself. The 

506 “paper-to-digital” transition emerged as a critical point of convergence across the NASSS framework. It 

507 simultaneously reflects the capabilities of the technology, the practices of healthcare providers, the 

508 readiness of the organization, and the influence of the wider policy and governance environment. As such, 

509 failures in digitization should not be viewed solely as technical problems, but as manifestations of broader 

510 sociotechnical challenges within the health system.

511 4.4 The algorithm as part of a clinical pathway

512 The findings reinforce the argument that ML outputs should not be treated as clinical endpoints. The 

513 high-sensitivity model was best suited to triage rather than diagnosis. A plausible future workflow is:

514 Routine measurement → Digital capture → Automated risk stratification → Targeted confirmation → 

515 Clinician review → Referral or follow-up.

516 This is more realistic than either fully automated decision-making or adding ML alerts on top of 

517 unchanged clinical workflows. Each risk category should correspond to a feasible clinical action, and the 

518 consequences of false-positive alerts should be explicitly designed and measured. In this sense, the output 

519 of the model is valuable only when the downstream pathway can convert risk information into timely 

520 care.
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521 4.5 The hidden infrastructure beneath AI

522 The provider’s request for phones, bags and rain protection illustrates a central implementation reality: AI 

523 in resource-constrained settings is inseparable from the devices, power systems, connectivity, 

524 measurement equipment and environmental conditions through which data are generated and transmitted. 

525 Studies in both developed and resource-constrained settings highlight system-level challenges that must 

526 be solved before the technology can efficiently produce the intended outcomes[29, 30].

527 This has implications for investment decisions. Funding an algorithm without financing the infrastructure 

528 required to produce its inputs and act on its outputs risks creating a technically impressive but 

529 operationally fragile intervention.

530 4.6 Implications for implementation and scale-up

531 Our findings suggest that implementation and scale-up of ML-enabled maternal risk stratification should 

532 proceed through a phased health-system approach rather than through deployment of the algorithm alone: 

533 • Establish readiness to produce ML-ready data: Before model deployment, implementers should 

534 determine whether the health system can reliably generate the data on which the model depends. 

535 This requires mapping the pathway from clinical measurement to digital availability; identifying 

536 which predictors are routinely measured; quantifying missingness and implausible values by facility 

537 and patient group; and identifying where parallel paper and digital systems create duplicate, delayed 

538 or incomplete data capture. Major upstream data gaps should be addressed before algorithmic 

539 outputs are used for clinical prioritization.

540 • Make the paper-to-digital transition an explicit implementation workstream. In settings where 

541 paper-based data systems are still predominant, programs should define where each data element is 

542 first recorded, who is responsible for entering it digitally, when digital entry should occur, and how 

543 discrepancies between paper and electronic records will be resolved. Routine monitoring should 
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544 include indicators of digital completeness, timeliness, duplication and longitudinal continuity rather 

545 than relying only on aggregate measures of data quality.

546 • Design the pathway from risk prediction to clinical action. ML outputs should be linked to 

547 predefined clinical responses before deployment. For each risk category, implementers should 

548 specify who receives the alert, the expected response time, the confirmatory assessment required, 

549 who makes the final clinical decision, and what follow-up or referral pathway is available. High-risk 

550 classifications should trigger structured clinical review rather than automated treatment or referral.

551 • Measure the work created as well as the work saved. Prospective implementation should assess 

552 workload across the entire pathway. Evaluation should capture not only time saved through 

553 automation or task-sharing, but also additional work generated by digital documentation, alert 

554 review, repeat measurements, clinical confirmation and false-positive risk classifications. Staffing 

555 and workflows should be adapted when alert volume exceeds the capacity of the service to respond 

556 safely.

557 • Define readiness for expansion. Decisions to introduce the intervention into additional facilities 

558 should be based on minimum readiness criteria, including the availability and functionality of 

559 essential measurement equipment, access to appropriate digital devices and connectivity, staff 

560 capacity, data-governance arrangements, referral capacity and mechanisms for clinical oversight. 

561 Expansion should depend not simply on whether a facility can run the technology, but on whether it 

562 can reliably generate the required data and act safely on the resulting risk information.

563 • Scale through learning and adaptation. Because the complete ML-enabled clinical pathway has 

564 not yet been prospectively evaluated, the immediate priority is not widespread deployment but 

565 phased implementation, adaptation and evaluation. Initial implementation should involve a limited 

566 number of representative facilities and prospectively monitor data completeness, digital 

567 representativeness, alert burden, workflow effects, equity, provider and patient experience, costs and 

568 clinical outcomes. Findings should be used to refine the intervention before wider expansion. Any 
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569 subsequent progression to scale should follow a deliberate strategy that considers the innovation 

570 itself, the organizations expected to adopt it, the wider health-system environment, resource 

571 requirements and mechanisms for institutionalization [31].

572 4.7 Strengths and limitations

573 This analysis draws on implementation of digital health, service-delivery redesign and ML development 

574 within a real public health system rather than a controlled research environment. It links technical model 

575 development with frontline experiences of measurement, workflow, workload and sustainability, and 

576 triangulates qualitative, quantitative, implementation and routine-data evidence.

577 Several limitations require emphasis. Most importantly, the qualitative interviews were not designed 

578 specifically to examine perceptions of ML or artificial intelligence, and participants did not directly 

579 discuss the algorithm. The present analysis therefore interprets their experiences as evidence about the 

580 clinical and organizational environment into which ML-enabled risk stratification would be introduced.

581 Second, the qualitative re-analysis was based primarily on quotations retained in the final evaluation 

582 report rather than complete interview transcripts. This limits depth and may introduce selection bias. 

583 Although quotation selection and coding were reviewed by a researcher who led the original qualitative 

584 study, the analysis could not recover contextual detail that was not retained in the report. Third, the paper-

585 to-digital transition theme relies on triangulation of evaluation findings, implementation experience and 

586 empirical characteristics of the UCS dataset rather than direct participant testimony. This distinction 

587 should remain explicit.

588 Fourth, the ML model was developed and validated retrospectively because the Mlinde Mama project 

589 came to an end before that stage could be completed. The full ML-enabled workflow was not 

590 prospectively evaluated at the point of care. Claims regarding clinical efficiency should therefore be 

591 treated as implementation hypotheses requiring prospective testing. Additionally, this study examines 

592 implementation readiness and health-system conditions for future ML deployment rather than evaluating 
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593 a deployed ML intervention. Finally, findings emerged from six facilities in one region of Tanzania and 

594 may not capture the full diversity of infrastructure, staffing and digital-system conditions nationally.

595 Conclusion

596 The Mlinde Mama experience demonstrates that preparing ML for maternal healthcare in Africa and other 

597 low-resource settings involves far more than inserting an algorithm into clinical care. The pathway begins 

598 upstream of the algorithm, with care engagement, clinical measurement, documentation and the 

599 successful transformation of clinical information into usable digital data. It extends beyond prediction to 

600 workflow prioritization, clinical confirmation, communication, clinical judgement and appropriate action.

601 The central lesson is that the algorithm was only one component of the intervention. For ML-enabled 

602 maternal risk stratification to improve care in resource-constrained settings, investments must extend 

603 beyond model development to the data-generating practices, paper-to-digital transition, clinical 

604 workflows, equipment, workforce, relationships and governance structures that enable predictions to be 

605 translated into clinical action.

606 The key lesson learnt is that, implementing AI in routine maternal healthcare is fundamentally a health-

607 system challenge rather than solely a technical one. Viewed through the NASSS framework, ML-enabled 

608 maternal risk stratification is best understood as a sociotechnical intervention whose success depends on 

609 coordinated attention to technology, adopters, organizational readiness, infrastructure and the wider 

610 policy and governance environment. Future AI implementation efforts in low-resource settings should 

611 therefore invest as much in strengthening routine health systems as in developing predictive algorithms. 

612 Future research should prospectively evaluate ML-enabled triage within routine antenatal care, measuring 

613 not only predictive performance but also implementation outcomes, including digital data completeness, 

614 workflow integration, provider workload, patient experience, equity, costs and clinical outcomes, to better 

615 understand how AI can be effectively embedded within routine health systems.
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616 What this study adds

617 What is already known: Machine learning can identify maternal risk using routinely collected clinical 

618 data, but most studies emphasize predictive performance rather than the real-world pathway through 

619 which clinical information becomes usable data and then clinical action.

620 What this study adds: The Mlinde Mama experience shows that ML readiness begins upstream of the 

621 algorithm. Reliable measurement, task-sharing and the paper-to-digital transition determine which clinical 

622 information becomes ML-ready data; workflow design then determines whether risk predictions become 

623 actionable.

624 Implications for policy and practice: ML-enabled maternal risk stratification should be implemented as a 

625 sociotechnical intervention spanning measurement, documentation, digitization, data quality, prediction, 

626 confirmation and clinical action. Scale-up should combine algorithms with reduction of parallel 

627 documentation, point-of-care digital capture, workflow redesign, workforce investment and basic 

628 infrastructure.
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