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Diet quality is a critical determinant of human health and increasingly serves as a key indicator for food system sustainability. However, data on diets are limited, scattered, often project-dependent, and current data collection systems do not support high-frequency or consistent data flows. We piloted in Rwanda a data collection system, powered by the principles of citizen science, to acquire high frequency data on diets. The system was deployed through an unstructured supplementary service data platform, where respondents were invited to answer questions regarding their dietary intake. By combining micro-incentives with a normative nudge, 9,726 responses have been crowdsourced over 8 weeks of data collection. The cost per respondent was <$1 (system set-up, maintenance, and a small payment to respondents), with interactions taking <15 min. Exploratory analyses show that >70% of respondents consume tubers and starchy vegetables, leafy vegetables, fruits, legumes, and wholegrains. Women consumed better quality diets than male respondents, revealing a sex-based disparity in diet quality. Similarly, younger respondents (age ≤ 24 years) consumed the lowest quality diets, which may pose significant risks to their health and mental well-being. Middle-income Rwandans were identified to have consumed the highest quality diets. Long-term tracking of diet quality metrics could help flag populations and locations with high probabilities of nutrition insecurity, in turn guiding relevant interventions to mitigate associated health and social risks.
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INTRODUCTION

The triple burden of malnutrition: undernourishment, micronutrient deficiencies, and over nutrition is a global challenge, with almost a billion people experiencing undernutrition and a further 2 billion currently overweight (Global Nutrition Report Independent Expert Group, 2020). Malnutrition has been linked to a multitude of factors, including socio-economic (Reinhardt and Fanzo, 2014), with undernutrition often associated with lower and middle-income countries and overnutrition with high income countries. However, this spectrum is increasingly blurred, with the different forms of malnutrition now observable in the same country, household, and even in the same person (Doak et al., 2000, 2005; Global Nutrition Report Independent Expert Group, 2018).

In low-income countries, consumption of healthy foods is in decline, with simultaneous increases in unhealthy foods (Imamura et al., 2015). In lower-middle income countries (LMICs), increased consumption of both healthy and unhealthy foods has been observed (Imamura et al., 2015). These dynamic patterns are in many cases the manifestation of nutrition transitions, where wealthier and more urban individuals shift towards consumption of processed, sweetened, and salted foods (Popkin, 2015). In Africa, younger, increasingly urban, and wealthier populations have experienced major nutrition transitions over recent decades (Vorster et al., 2011; Steyn and McHiza, 2014; Kinyonki et al., 2020). In Rwanda, for example, 33% of the population remains undernourished (National Institute of Statistics of Rwanda and ICF, 2020), with nutritionally inadequate diets widely prevalent (Marivoet et al., 2020; Arsenault and Olney, 2021). Like many other LMICs however, nutrition transitions are evident in Rwanda, with people moving away from traditional plant-based diets of leafy vegetables, fruits, legumes, and grains. A consequence of such a transition is that the population of overweight children is larger than that suffering wasting (FAO, 2018; World Bank, 2019; Kinyonki et al., 2020).

Global malnutrition and dietary transitions reinforce the need to promote innovative and nutrition-focused food systems (Gómez et al., 2013). To do so, Popkin et al. (2020) argue that new ways of designing and targeting nutrition programmes and policies are needed. These programmes would require concerted efforts to improve the availability, access, frequency, and quality of data on diets. Unfortunately, government and non-government agencies in LMICs generally do not have data collection systems needed for concerted high frequency data collection (Tuffrey and Hall, 2016). When available, data on diets are from small, fragmented, and temporally static samples and globally modelled data diverge dependent on the source and models used and are therefore limited in terms of actionability for program design (Beal et al., 2021).

To address this, innovative systems and tools for dietary data collection are required that provide basic functionality to engage users, whilst having a back-end that can aggregate diet data and generate insights about dietary patterns across groups. Although diet quality tracking software are widely available for smartphone users (e.g., Ferrara et al., 2019). Unfortunately, similar applications are limited for simple phone (non-smartphone) users, which dominate mobile phone ownership outside of advanced economies (Pew Research Center, 2019). Despite this, contextually sensitive technologies and methods exist (e.g., unstructured supplementary service data, interactive voice response, and computer assisted telephone interviews) to generate a sustained and high-frequency data flow from crowd-based data collection systems (Gibson et al., 2017; Lamanna et al., 2019). The harmonisation of these data collection systems with rapid and globally validated diet quality assessment tools (e.g., Herforth et al., 2020a,b), could provide an opportunity for developing and testing a system for high-frequency diet tracking and rapid diet quality assessment. Construction and testing of a crowd-based system constitutes an indispensable and promising step towards robust data-driven policies and interventions for food and nutrition security (e.g., Wells et al., 2019).

We aim to develop a generic and widely applicable data collection system that leverages on the application of citizen science and digital tools for high frequency collection of diet data. Specifically, we look to provide learning from the development, testing, and application of this system in Rwanda, whilst providing provisional results on the trends in diet quality across Rwandan society. The goal of this system being to generate a robust system that is easily adapted to national dietary and technological conditions to generate insights on diet quality to support evidenced-based policy making and interventions.



METHODS


Study Area

The piloting of this system was conducted in Rwanda (Figure 1), a Central African country of around 13 million people. The Rwandan population is largely below 40 years old (National Institute of Statistics Rwanda, 2021). In 2018, at least 17% of the population experienced moderate or severe food insecurity (National Institute of Statistics Rwanda, 2021). In 2016, 56% of the population was living below the international poverty line (National Institute of Statistics Rwanda, 2021), with median household incomes of $2.57 (World Bank, 2021a). Mobile phone penetration is high, with around 76 mobile phone subscriptions per 100 inhabitants (Rwanda Utilities Regulatory Authority, 2020), with 3G mobile network being accessible to 94% of the population (Rwanda Utilities Regulatory Authority, 2019).


[image: Figure 1]
FIGURE 1. Map of Rwanda. Rwandan districts and population density included for reference.




Diet Quality Questionnaire

To generate insights on diet quality across Rwanda, we applied the Diet Quality Questionnaire (DQ-Q) (Herforth et al., 2020a). The DQ-Q is already being applied globally, with the Gallup Polling organisation including it in diet module of their global polling (Herforth et al., 2020b).

The DQ-Q captures consumption information for 26 food groups (including both healthy and unhealthy food items) by asking 29 binary questions. The DQ-Q requires respondents to answer either “yes” or “no” to whether they consumed, during the past 24 h, example food items presented in the corresponding question. For more information on the DQ-Q and its global application, please visit: https://www.globaldietquality.org/.

To make the DQ-Q contextually relevant to Rwanda, it was adapted to national dietary conditions through identification of recognisable and widely available food items for each food group. To do this, we collaborated with the developers of DQ-Q and local governmental authorities. The DQ-Q was translated to Kinyarwanda (Rwanda's official language). The full questionnaire (in English and Kinyarwanda) is available in Supplementary Material 1.

From the outputs of the DQ-Q, 12 indicators can be generated. The indicators reflect global dietary recommendations from international authorities (Table 1). These indicators were validated by Herforth et al. (2020a) against equivalent quantitative amounts to align with these global dietary recommendations. The outputs of DQ-Q can also be aggregated into three summary indicators (Global Dietary Recommendation score, Global Dietary Recommendation—Healthy score, and Global Dietary Recommendation—Limit score) which are constructed through the presence of relevant food groups (Table 1). For further information on the construction and validation of the indicators see Herforth et al. (2020a).


Table 1. Diet quality questionnaire indicators.
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Platform Design

We deployed the DQ-Q collection system using unstructured supplementary service data (USSD). USSD is a free, text-based protocol that allows for two-way exchanges of information (up to 140 characters in Rwanda). The text-based nature of USSD offers flexibility for deployment on both feature and smartphones and deployment in (almost) any country with mobile phone coverage. An example of the USSD-based DQ-Q is shown in Figure 2. The system was developed and maintained by the social enterprise VIAMO (www.viamo.io), who have extensive background in developing mobile phone-based systems in LMICs, including Rwanda.


[image: Figure 2]
FIGURE 2. Diet quality questionnaire presented via.




Sampling

Potential respondents for the DQ-Q were sourced from a toll-free information service database (*845#), maintained by VIAMO in collaboration with MTN Rwanda (a telecommunications company). The information service has been live for more than 4 years and provides information on agriculture, health, finance, legal aid, nutrition, youth, news, and weather. It can be accessed by all MTN Rwanda customers who have 8 free calls to the service each month.

The 845-service database contains prospective respondents' mobile number, age, and sex. This information was collected during a voluntary registration process for the service, not related to this project. The information for more than 1.2 million verified individuals (~9% of the Rwandan population) are held in the database, with around 80% consenting to be contacted for further information or to participate in surveys. Respondents from all districts (sub-national level—administrative level 2) of Rwanda are present in the database.

To track spatial and temporal trends of diet quality, an initial schedule of 28 weekly data collections was developed starting in early August 2021. Data will be collected until February 2022. A representative sample of ~2,500 respondents for each weekly data collection was calculated (confidence interval of 1.96 and confidence limits of 95%). However, due to budget limitations, this was reduced to 1,800 individuals. Our experience of similar USSD-based surveys (e.g., Adewopo et al., 2021) has shown that most contacted individuals will not perform the survey, with response rates around 20% (Solano-Hermosilla et al., 2020). To address this and secure a representative sample, per data collection moment, 10,000 individuals were contacted in each weekly data collection moment.

To ensure sex-balanced responses, a 50-50 split in responses was programmed. This meant that once 50% of the required respondents were received to be male or female, no further submissions from that sex group could be submitted. To ensure spatially distributed and representative responses, we implemented a population-based weighting of respondents. To do this, the DQ-Q was sent proportionally to individuals in each district, based upon the population of that district, relative to the national. Once the required number of responses from each district was submitted, no further submissions from that district were accepted.

The contacted cohort of 10,000 individuals was randomly selected per week, considering the following requirements: (i) respondents provided consent to be contacted; and (ii) respondents provided information on their sex and district when consenting to be contacted by the 845 service. Although there is the possibility that potential respondents may be shortlisted multiple times for the sample cohort, we do not track the same individuals intentionally. In this pilot, we are only looking to gain insights on diet quality metrics at an administrative aggregate level. Future iterations could easily track diet quality for the same individuals across time.



Submissions

The sample cohort of potential respondents were sent a preliminary information message via Short Message Service (SMS). This message informs the cohort to respond if they would like to perform the DQ-Q survey. Participants then have 7 days to respond to the questionnaire, with data collection opening on Monday morning and closing on Sunday evening. Reminder messages are sent daily to those participants who respond positively to the initial message, but do not complete the survey. Respondents can drop-in and out of the survey with their responses saved. Before submitting, respondents are required to provide their sector (sub district administrative unit) and their economic group. The Rwandan government implements a social stratification of households, classifying across five categories (A-E), based upon income and asset ownership (Table 2).


Table 2. Description of economic categories defined by the Rwandan government.
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A submission was only finalised when respondents answered all questions. Once the required number of respondents was achieved in each location and for each sex, submission of the questionnaire was no longer available. However, because USSD allows concurrent submissions, there is the possibility of exceeding the required sample—usually between 1 and 10 as the system will only close for new respondents, respondents already in the process of responding can continue till the end.

Data collection started on the 9th of August 2021 (Week 1), with results for the first 8 weeks (27th September 2021—Week 8) presented. Data collection continues until early February 2022.



Micro-Reward Incentives

To encourage engagement, we provided meagre, yet non-promissory, reward incentives in the form of airtime. Each respondent who fully completed the questionnaire received 250RWF (~0.25 USD) of airtime, sent via a digital and traceable payment platform. This incentive was sent en masse to all completed respondents on the Monday following their submission.



Data Processing and Analysis

An automated process of data curation, metric calculation, and visualisation was implemented using R (R Core Team, 2021).



Ethical and Institutional Approval

Approval for the data collection was received from the Rwanda National Ethics Committee (740/RNEC/2021) and the National Institute of Statistics of Rwanda (2058/2021/10/NISR), based on extensive review of the substance and merits of the innovation to support initiatives and policy-action.




RESULTS


Data Flows

The data collection system went live in early August 2021, with 8 weekly data collection moments so far completed. Within this period, 80,000 Rwandans were contacted, with 12,821 unique interactions recorded with the system (Figure 3A). The interaction rate fluctuated between 17 and 18%, excluding the early weeks of the project (Figure 3B). The completion rate, where interactions are submitted to the system, fluctuated between 60 and 90% (Figure 3D) with 9,726 submissions collected (Figure 3C). Completion of the survey took around 13 min (Figure 3E), with the most active day for submissions being the day of the first SMS message sent per data collection moment- Monday (Figure 3F). Subsequent daily reminders to respondents yielded diminishing returns of responses.


[image: Figure 3]
FIGURE 3. Digital survey insights. (A) Total number of respondents per week of data collection. (B) Percentage of respondents who interacted with the survey following initial push messages. (C) Total number of completed submissions per week of data collection. (D) Percentage of respondents who completed the survey after starting an interaction. (E) Average time (in minutes) taken by respondents to complete the survey. (F) Number of unique responses per day across all data collection weeks.


Through preliminary data curation and analyses, we noted that a significant minority of respondents were trying to “game” the system, where individuals answer yes to all questions. We found that around 100 individuals each week were reporting in this manner. Although individuals may eat food items from 26 food groups, we assumed this unlikely and that these respondents were responding yes to complete the survey rapidly and receive the payment. To address this, we added a warning at the start of the survey announcing abnormal responses would not be accepted.



Respondent Distribution

Basic respondent information is provided in Table 3. The collected data shows a slight female bias, females (50.22%) and males (49.78%). The distribution of respondents' ages was found to be skewed towards younger individuals, with ~70% (6,773) under the age of 24, with only 6% (581) over 44. The economic grouping of respondents shows a normal distribution, with 85% of respondents coming from the middle-income groupings. The poorest economic grouping only represents 3% of responses.


Table 3. Summary of respondents by group.
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Common Foods Items

In Figure 4, the presence of food groups in respondents' diets are displayed. The results suggest a core set of food groups: other vegetables (e.g., tomato, cabbage, and aubergine), tubers and starchy vegetables (e.g., potato, cassava, and plantain), dark green leafy vegetables (e.g., green amaranth, cassava leaves, and pumpkin leaves), other fruits (e.g., banana, watermelon, and pineapple), and legumes (e.g., beans and peas). These ubiquitous food groups were consumed by at least 70% of respondents. Invariably, these groups co-occurred in respondents' diets too (Supplementary Figure S1).


[image: Figure 4]
FIGURE 4. Frequency of presence of food groups in Rwandan respondents' diets. Food groups are derived from the Diet Quality Questionnaire.




Diet Quality Metrics

To reduce the length of the Results section, we present only the results for the summary indicators from Table 1: Global Dietary Recommendation Score (GDR); Global Dietary Recommendation Healthy Score (GDR-Healthy); and Global Dietary Recommendation Limit Score (GDR-Limit). The results for the other 9 indicators (e.g., fruits and vegetables, dietary fibre, free sugars, and saturated) are presented in Supplementary Figures S2–S4. We disaggregate the results for the three focus diet quality metrics across sex, age, economic group (Table 3, Figure 5), and location (Figure 6). The preliminary results demonstrate that Rwandan female respondents have marginally better GDR scores (3.19), compared to their male counterparts (3.05) (Table 3, Figure 5A). Interestingly, Rwandan women were noted to have higher GDR-healthy (Figure 5B) and GDR-Limit (Figure 5C) scores. Deriving temporal trends from such a short time series is difficult, but nascent temporal fluctuations in both the healthy and limit metrics are apparent, with both peaking between Week 5-6 (mid-September 2021).


[image: Figure 5]
FIGURE 5. Temporal patterns of diet quality across sex, age, and economic groups. (A) GDR Score across sexes. (B) GDR-Healthy Score across sexes. (C) GDR-Limit Score across sexes. (D) GDR Score across age groups. (E) GDR-Healthy Score across age groups. (F) GDR-Limit Score across age groups. (G) GDR Score across economic categories. (H) GDR-Healthy Score across economic categories. (I) GDR-Limit Score across economic categories.
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FIGURE 6. Geographic distribution of the diet quality metrics.


We observed that younger respondents (<24) had the lowest GDR scores of all respondents (2.84 and 3.12—Table 3). As respondents get older their diet quality (GDR score) improves, with some weekly exceptions (Figure 5D). The diet quality of the younger respondents was limited by their high consumption of food items that should be limited (2.65 and 2.51; Table 3), far higher than other age groups who had GDR-Limit scores of <2 (Figure 5F). In contrast, elder groups were observed to have consistently lower GDR-Healthy scores (Figure 5E), with the eldest age group having average GDR-Healthy scores of 5.06, notably lower than the youngest group (5.50; Table 3).

The relationship between economic category and diet quality highlights that individuals in the extreme categories are those with the lowest diet quality (Table 3). Individuals from the wealthiest category had especially low diet quality with a GDR score of 2.92, with individuals from the poorest category only having marginally better scores of 3.04. This pattern holds largely true throughout the data collection (Figure 5G). These GDR scores can be explained by wealthier individuals eating moderate levels of healthier foods (Figure 5H), but some of the highest amounts of unhealthy foods (Figure 5I). Individuals with the best diet quality were found in category D, with an average GDR Score of 3.22 (Table 3).

In Figure 6, we map the mean GDR, GDR-Healthy, and GDR-Limit scores by district. These maps reflect the scores for all respondents from within each district. We found that the urban districts with the highest population densities (see Figure 1) are associated with the lowest GDR Score. Respondents in these locations also had the highest GDR-Healthy and GDR-Limit scores. Rural, less densely populated areas were found to have notably lower healthy and limit scores, for example in northeastern and southern Rwanda.




DISCUSSION

Understanding diet quality across socio-economic groupings, location, and time is critical to guide policy decisions and nutrition interventions to support health outcomes. Popkin et al. (2020) suggest that this requires innovative systems and tools to generate insights about diet quality across domains. We have developed and tested a data collection system that crowdsources diet quality information from across Rwanda. Leveraging digital tools, we have directly engaged across socio-economic strata, age groups, and location for equitable representation of Rwandan diet quality realities in near real-time. The tool and approach reinforce the utility and benefits of digital data collection and crowd engagement and could be easily adapted to other national contexts.


Provisional Learning From a Crowd-Based Data Collection System

Developing this novel data collection system reinforced both the benefits of digital data collection and, consistent with other researchers, its shortfalls (e.g., Trucano, 2014; Lamanna et al., 2019). One of the greatest benefits is that digital data collection can be highly cost-efficient (Zeug et al., 2017; Adewopo et al., 2021). Preliminary estimates place our cost per respondent at around $1, with this cost largely associated with the system set-up and maintenance, with the incentive payment making up a small portion of the cost. There remains considerable scope for further cost-efficiencies as the system matures and automates, reducing the cost of each data collection moment. In contrast, an identical, but in-person application of the survey in Rwanda had a per respondent cost of $33 (staff costs, travel, car rental, and fuel). Further, the digital survey was more efficient in terms of time per response, taking around 15 min, compared to almost an hour for in-person application.

As noted in the results, we identified a small (<100/week), but not insignificant, cohort of respondents who were suspected of taking advantage of the simplicity of the system to receive the incentive by providing a convenient response of “yes” to all questions. These respondents were excluded from further consideration in the data analyses. Similar instances of suspected gaming/hacking have been reported in other crowd-based data collection efforts (Solano-Hermosilla et al., 2020). To mitigate this challenge, warning messages were sent to respondents whose submissions were flagged as suspicious. Based on the consideration that it is unrealistic that a person would have consumed 80% (or more) of the food classes within a 24-hr period, submissions that showed response of “yes” to more than 80% of questions were excluded. This brings one of the major concerns about digital data collection into focus, the trustworthiness of the data. This is a subject of ongoing discourse in recent literature (Adewopo et al., 2021). Crowdsourced data can be susceptible to errors and bias due to absence of direct control or verification of each datapoint at the time and location of submission. This may be linked to various factors including the clarity of questions or data required and personality/profile of the respondents (including candour, educational level, perception, age, and mental retention/recall). Yet, the advantages of crowdsourced data systems usually outweigh these limitations, especially considering the volume of data that are often generated, with little or no direct contact with respondents. According to Solano-Hermosilla et al. (2020), the robustness of acquired data provides strong leverage for high-precision data filtering which allows noisy errors to be filtered out prior to detailed data analysis, and to generate meaningful insights.

We also experienced lower response rates (18%), compared to previous similar data collection data where the response rate (or crowd engagement) hovered around 20% (Solano-Hermosilla et al., 2020). In this initial set-up and deployment, it is uncertain if the initial messaging to respondents could have significantly influenced the response rate or participation. One way to address this in future iterations would be to implement A/B testing, where sub-groups are provided different information (e.g., opening messages) or offered different incentives for completion. Previous examples of this testing mechanism have yielded results and improved the targeting and efficiencies of projects (e.g., Katmada et al., 2011; Arriagada et al., 2021).

Another issue is the representativeness of the data collected. Although sex and location-based weighting was applied to the sampling, our results are largely skewed towards younger, middle-income respondents. Although Rwandan society (and the 845# dataset) is dominated by individuals under the age of 40 (National Institute of Statistics Rwanda, 2021), our respondents appear to be an extreme reflection of the younger population in Rwanda. The demographics of Rwandan society are not truly reflected in our results, where more than 84% of respondents are below 34. The age-based skew is somewhat consistent with other similar studies (e.g., Dabalen et al., 2016), where older respondents were noted to be less likely to respond. We also found that respondents were normally distributed across the 5 economic classes, consistent with the findings of Dabalen et al. (2016).

We view these early problems as a learning curve and provide an exercise in improving the user experience and functionality of the system, rather than being a reflection of any fundamental flaws in crowd-based data collection. This learning can be used to develop and improve protocols for citizen-led, digital tool-based approaches for data collection in Rwanda and beyond.



Diet Quality in Rwanda

From the initial data collection a number of diet quality patterns were observed. The dietary composition of a “traditional” Rwandan diet emerged, with the virtual ubiquity (>70% of responses) of tubers and starchy vegetables, leafy vegetables, fruits, legumes, and wholegrains in respondents' diets. The consumption of these food items is independent of gender, location, age, or economic grouping, suggesting an almost exclusively healthy core to Rwandan diets. These findings are consistent with the findings of the Global Nutrition Report Independent Expert Group (2020), which found relatively high consumption of fruits and legumes in Rwandan diets. In contrast, we found far lower prevalence of processed meat, fatty foods, and higher prevalence of vegetables (Global Nutrition Report Independent Expert Group, 2020). We also note that dairy (excluding milk) products, processed meats, and fast foods were the least consumed food items. However, their consumption was observed to be high in younger, wealthier individuals, conforming with findings in other LMICs (e.g., Li et al., 2020).

In general, Rwandan female respondents consumed better quality diets than male respondents. Female respondents were also observed to consume a greater diversity of both healthy and unhealthy food items, consistent with global studies (e.g., Imamura et al., 2015). However, female Rwandan respondents diverge from their counterparts in other countries, who were found to consume less unhealthy food items than men (Imamura et al., 2015; Abassi et al., 2019; Darling et al., 2020).

We also note that diet quality improved with age, aligning with both Imamura et al. (2015) and Andrade et al. (2016). Respondents under the age of 24 were observed to have the lowest quality diets. Poor diet quality is widespread in adolescents (Akseer et al., 2017), driving alarming levels of obesity (WHO, 2021), and micronutrient deficiencies (Akseer et al., 2017). The impacts of low diet quality in early life have been well-documented to have considerable health, mental well-being, and life opportunity implications (e.g., Florence et al., 2008; UNICEF, 2019).

The curvilinear relationship of economic status and diet quality demonstrates that both economic extremes suffer from poor diet quality. These results reflect observed global dietary and nutritional transitions, where individuals become wealthier, shifts towards consumption of processed, sweetened, and salted food stuffs are noted (Popkin, 2015). In a recent global study, Popkin et al. (2020) observed that higher-wealth individuals have seen the greatest increases in obesity and overweight individuals in sub-Saharan Africa. These economic trends have been found to co-occur with geographical transitions, where urban populations move away from traditional diets (Steyn and McHiza, 2014). Although we found that, generally, urban respondents consume higher amounts of healthy foods, their overall diet quality tends to be worse than rural respondents.

These early results reflect the dietary realities and point towards an underlying transition that may already be underway in Rwanda, evidenced by increased prevalence of childhood and adolescent obesity (Global Nutrition Report Independent Expert Group, 2020; Kinyonki et al., 2020). With Rwanda having one the fastest growing global economies (pre-COVID) (World Bank, 2021b), the country may be primed for continued reductions in diet quality, continued malnutrition issues, and increased prevalence of associated non-communicable diseases (GBD 2016 Risk Factors Collaborators, 2017; Marivoet et al., 2020). However, Rwanda has repeatedly demonstrated itself as being an enabling environment for pioneering data-driven decision-making to support healthy diets (Wagenaar et al., 2017). Implementation of long-term tracking of diet quality metrics, as outlined here, could help flag populations and locations with low diet quality and potential malnutrition implications to guide the allocation of resources for effective intervention. The information generated from this novel data collection system feed a dashboard (https://www.dietqualitymap.org) providing in [near] real time information on diet quality across Rwanda.



Next Steps

As data collection continues, we endeavour to identify mechanisms for improving efficiencies in the system. Envisioned content improvements include the deployment of a feedback system, where respondents become the recipients of tailored feedback to improve diet quality. This would represent a notable innovation in this field allowing respondents to be both data suppliers and information recipients. A powerful outcome of such improvements would be quantifying the extent to which dietary-based messaging can improve diet quality.

The use of the Diet Quality Questionnaire provided a validated, easy to use, and agile survey. Beyond this, its application also allows for comparison with results from a wider body of research, with the DQ-Q currently deployed across ~50 countries (Herforth et al., 2020b). Our implementation of the DQ-Q represents its first high frequency application and offers an invaluable opportunity to position our highly resolved (spatially and temporally) data for Rwanda, whilst simultaneously providing a learning opportunity for other researchers/ organisations wishing to implement similar high frequency data collection.

We will also look to contextualise our results with those of other high frequency data collections, like that of the World Food Programme's World Hunger Map [World Food Programme (WFP), 2021]. The aim of which being to identify if any linkages between patterns of diet quality and malnutrition can be identified for Rwanda. Our work will further explore how socio-economic, geographic, and market factors contribute to diet quality.

We will also investigate if any relationship between diet quality and weather conditions can be observed from high frequency weather data (Funk et al., 2015; Verdin et al., 2020). We hope to identify potential weather-based shocks and ascertain how, if at all, these affect regional and national diet quality.

Finally, we demonstrate how an agile and adaptable data collection system can be deployed for high frequency diet quality data collection, at minimal cost. We believe the developed system could easily be adapted to the dietary and technological contexts of other countries and are investigating potential opportunities to scale activities into neighbouring countries in Central-East Africa.




CONCLUSIONS

Innovation for food system development transcends the optimisation of on-farm production or prevention of post-harvest losses. It must also focus on consumers. Understanding and tracking diet quality is critical to guide decisions and support health outcomes. We have developed and tested an innovative system that leverages digital tools to directly crowdsource diet quality information from across Rwandan society. In collecting dietary information from 9,726 Rwandans in 8 weeks, we demonstrate the benefits of crowd-based systems deployed on digital tools for high frequency data collection, at a reasonable cost. Our preliminary results conform to dietary realities in other LMICs. We observed that female, older, and middle-income Rwandans tend to have better quality diets. The outputs also point towards nascent dietary transitions across groups. These basic insights will be complemented with further data collection, more complex analytics, and contextualisation within global studies. The sustained data flow from the system set-up constitutes an indispensable, scalable, and promising step towards robust data-driven policies and interventions for food security in LMICs. These advances are invaluable to researchers, policy-makers, and development actors who are interested in addressing diet quality and nutrition security at the most critical location(s) and time.
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Respondents (No.) Percentage GDR- score GDR- healthy score GDR- limit score

(mean & SD) (mean  SD) (mean  SD)
Total 9,726 100

Gender

Female 4844 5022 3.19 (2.13) 556 (2.20) 2.37 (2.04)
Male 4,842 49.78 3,05 (2.16) 539 (2.21) 2.34(2.04)
Age range

18 or under 2,143 22,03 284 (2.18) 550 (2.18) 2.65(2.12)
18-24 4,630 47.60 3.12 (2.14) 564 (2.14) 251(2.02)
25-34 1,399 14.38 328 (2.13) 5.23(2.80) 1.94(1.89)
34-44 973 10.00 3.41(2.08) 5.23(2.33) 1.82(1.91)
Over 44 581 597 320 (2.13) 5.06 (2.25) 1.86 (1.99)
Economic category*

A 1,113 11.44 2.92 (2.16) 535 (2.36) 2.43(2.12)
B8 2,239 2302 3.10(2.29) 560(2.15) 259 (2.06)
c 4,207 44.18 3.14 (2.15) 561(2.12) 2.47 (2.04)
D 1,787 18.37 3.22(2.05) 5.01(2.28) 1.79(1.87)
3 200 298 3.04 (1.89) 5.04 (2.34) 2.00(1.99)

Mean results for the Global Dietary Recommendation Score, Global Dietary Recommendation- Healthy Score, and Global Dietary Recommendation- Limit Score are also included per
group, with standard deviations provided.
“See Table 2.
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Fruits and vegetables

Dietary fibre

Froe sugars

Saturated fat

Total fat

Legumes
Nuts and seeds
Whole grains
Processed meat
Global dietary
recommendation—
healthy
(GDR-healthy)

Global dietary
recommendation —
limit

(GDR-imit)

Global ditary
recommendation
(GDR-score):

WHO
dietary
recommendation®

>400g

>25g

<10% total energy

<10% total energy

<30% total energy

>0g
>0g
>0g
Og

*See Herforth et al. (2020a).

Description

Score based upon the presence of up to 6 fruit and vegetable
groups in diets

Score based upon the presence of 9 food groups rich in dietary

fibre

Score based upon presence of up to 6 groups of sugary foods

Score based upon presence of 5 food groups rich in saturated

fats in diets

Score based upon presence of 7 food groups fich in fat

Scored based upon the presence of legumes in diets
Scored based upon the presence of nuts and seeds in diets
Scored based upon the presence of whole grains in diets
Scored based upon the presence of processed meats in diets
A cumulative score, based upon presence food groups that

make up 5 global recommendations for consumption of healthy

foods

A cumulative score, based upon presence food groups that
make up 6 global recommendations for consumption of foods
to be limited

Sum of the GDR-limit score subtracted from the GDR-Healthy
score

Food group components Score

Dark green leafy vegetables
Vitamin-A rich orange-coloured vegetables,
roots, and tubers
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Vitamin A-rich fruits

Citrus fruits
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Land owned (hectares)
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