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Abstract

Positive deviance is a growing approach in international development that identifies

those within a population who are outperforming their peers in some way, eg, chil-

dren in low‐income families who are well nourished when those around them are

not. Analysing and then disseminating the behaviours and other factors underpinning

positive deviance are demonstrably effective in delivering development results. How-

ever, positive deviance faces a number of challenges that are restricting its diffusion.

In this paper, using a systematic literature review, we analyse the current state of pos-

itive deviance and the potential for big data to address the challenges facing positive

deviance. From this, we evaluate the promise of “big data‐based positive deviance”:

This would analyse typical sources of big data in developing countries—mobile phone

records, social media, remote sensing data, etc—to identify both positive deviants and

the factors underpinning their superior performance. While big data cannot solve all

the challenges facing positive deviance as a development tool, they could reduce time,

cost, and effort; identify positive deviants in new or better ways; and enable positive

deviance to break out of its current preoccupation with public health into domains

such as agriculture, education, and urban planning. In turn, positive deviance could

provide a new and systematic basis for extracting real‐world development impacts

from big data.

KEYWORDS

big data, developing countries, machine learning, mobile data, positive deviance, systematic
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1 | INTRODUCTION

Many development practitioners continue to use a traditional “needs‐based” approach to development, involving top‐down identification of needs

and problems, and the external imposition of solutions that meet those needs. This type of approach can work well in addressing specific technical

challenges. But it works much less well where development requires learning and behavioural change by beneficiary groups, something which

necessitates much greater knowledge of and engagement with beneficiary communities (Nel, 2018; Pascale, Sternin, & Sternin, 2010; Saïd Busi-

ness School, 2010; Singhal, 2011). As a result, more bottom‐up “asset‐based” approaches have come into existence, which capitalize on a

community's inherent assets and capabilities—including knowledge—in solving development problems. Positive deviance (PD) is one such asset‐

based approach. It is based on the observation that in every group or community, a few individuals use uncommon practices and behaviours to

achieve better solutions to problems than their peers who face the same challenges and barriers (Pascale et al., 2010). Those individuals are

referred to as “positive deviants” (PDs), and adopting their solutions on a wider basis is referred to as the PD approach.

The term “positive deviance” was first used in 1976 to describe a practical strategy for the design of food supplementation programmes in

Central America, a strategy that was derived endogenously rather than exogenously through identifying dietary practices developed by mothers
© 2018 John Wiley & Sons Ltdwileyonlinelibrary.com/journal/isd2 1 of 22
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in low‐income families who had well‐nourished children (Wishik & Van Der Vynckt, 1976). The results of this study were not widely publicized,

limiting uptake. It was not until the 1990s that PD started to be seen as a credible strategy for nutrition research and action, based on an

accumulation of evidence of impact (Sternin, Sternin, & Marsh, 1997; Sternin, Sternin, & Marsh, 1998; Zeitlin, 1991). The 1990s also witnessed

its first large‐scale adoption in international development by Save the Children, which used PD as a strategy to reduce malnutrition in Vietnam,

rehabilitating an estimated 50 000 malnourished children in 250 communities (Sternin, 2002). But it has only really started to attract attention

in the 2000s, when Sternin and collaborators promoted PD more broadly as an asset‐based approach for social change and demonstrated how

it can be operationalized across a variety of development domains (Sternin & Choo 2000; Sternin 2002). Since the early 2000s, PD has been

applied across multiple development domains, with public health being the most prominent.

As will be discussed in further detail below, PD tends to rely on in‐depth primary data collection in identifying PDs and then community

mobilization in disseminating and scaling successful practices. Identification is therefore time and labour intensive, with costs proportional to

sample size (Felt, 2011; Lapping, Marsh et al. 2002; Marsh, Schroeder, Dearden, Sternin, & Sternin, 2004). As a result, PD has traditionally made

use of relatively small‐scale samples. Statistically and practically, this can make it harder to identify positive deviants, given their relative rarity

(Marsh et al., 2004). It also limits the ability to accurately generalize the identified practices to larger populations (Marsh et al., 2004). Path

dependency has also been evident in uptake of the PD approach, in terms of geographical distribution and domain of application, with most

studies concentrated in a few countries of Asia and in addressing malnutrition: the region and domain where it was initially introduced and

practised by Sternin et al. (1997).

Given these and other challenges and limitations, there are obvious opportunities for innovation in positive deviance. Our particular

interest here is in the innovative opportunities offered by big data: the increasing amounts of data about what we are and what we

do and what we say, generated from digital devices, which provide an opportunity to gather insights into human behaviour. If big

data can provide insights into behaviour, then big data analytics could identify patterns of “abnormal behaviour”: variances from the

average collective behaviour of observed units which could include the behaviours of those which a PD approach would define as positive

deviants.

In this paper, we therefore investigate the potential of “big data‐based positive deviance” (BDPD). Our particular interest flows from

the line of argument above that there are challenges for the traditional positive deviance approach which big data might be able to address.

But there is also a converse interest that positive deviance might represent a new approach to the extraction of development value from

big data.

To investigate this potential, we have undertaken a systematic literature review (SLR) of the empirical applications of positive deviance and of

big data in developing country contexts, in order to answer three questions. First, how is PD currently being applied in development? In particular,

we seek to identify from the literature challenges in that application which new approaches might seek to address. Second, how is BD currently

being applied in development? We investigate this particularly in light of the challenges to positive deviance identified earlier; but we also extract

challenges in use of big data. Third, what development value might result from the combined use of BD and the PD approach? Here, we combine

the findings of both literature reviews to address the interests expressed above: not only how big data can address PD challenges but also how PD

might be a valuable approach to the use of big data in development.

The paper begins with a brief description of the method used in conducting the literature review, followed by three sections that answer each

of the questions in turn: a presentation of the findings from our PD and then BD literature review before concluding with a discussion about big

data‐based positive deviance.
2 | SYSTEMATIC LITERATURE REVIEW METHODOLOGY

2.1 | Literature search and selection

A systematic review of the literature was conducted using an adaptation of the Preferred Reporting Items for Systematic Reviews and

Meta‐Analysis (PRISMA) protocol (Moher, Liberati, Tetzlaff, & Altman, 2009). The review included academic, peer‐reviewed, English‐language

literature that reported empirical results using secondary or primary data sources from developing countries. The literature search was

implemented using Google Scholar because (1) it is free and easy to access, making the SLR reproducible; (2) both PD literature and BD literature

are multidisciplinary so it was important to use a nondisciplinary comprehensive base of literature; and (3) Google Scholar has the widest coverage

of academic articles in comparison to other search engines and databases (Khabsa & Giles, 2014). The utilized search strings and strategy are

summarized in Table 1.

To retrieve relevant studies, we used the intitle operator, which ensures that the title of the retrieved articles would include the words

following the operator. We also used AND and OR Boolean operators to ensure the existence of key terms in the text of the articles, thus

reducing the time required in screening irrelevant sources. For example, in the PD literature search, the words “positive deviance,” “positive

deviant,” or “positive deviants” were used with the “intitle” operator, thereby targeting articles that have PD as the central theme. The words

“study,” “empirical,” “practice,” “experimental,” “survey,” or “fieldwork” were used for the in‐text search to restrict articles not providing empirical

evidence. The same search strategy was used to retrieve the BD literature but with a simpler search string found to deliver the corpus of literature



FIGURE 1 Flow diagram for identification
and selection of positive deviance (PD) and
big data (BD) articles (adapted from the
PRISMA protocol)

TABLE 1 Google Scholar search strategy used for the literature search

Positive Deviance Literature

Search Stringa Str1: intitle:”Positive deviance” (study OR empirical OR practice OR experimental OR survey OR fieldwork)
Str2: intitle:”Positive deviants” (study OR empirical OR practice OR experimental OR survey OR fieldwork)
Str3: intitle:”Positive deviant” (study OR empirical OR practice OR experimental OR survey OR fieldwork)

Time period 1970‐2017

Exclude Patents, citations, and non‐English results

Big Data Literature

Search String intitle:”Big data” (“developing countries”b AND application)

Time period 1998‐2017c

Exclude Patents, citations, and non‐English results

aThe first part of the search strings looks for terms in the title of a paper, the terms in brackets search within the text of the paper.
bThe term “developing countries” was not used in the PD search as initial investigation suggested that the majority of studies were in those countries, and
we could then manually exclude those that were outside scope. Conversely, it was used in the BD search as the majority of BD literature was not in devel-
oping countries, and so the term was seen to be a useful means to quickly narrow the search to more‐relevant items. As noted below, however, the term
itself was in practice rather narrow and served to omit a number of relevant studies which then had to be manually identified and included via backward
snowballing.
cTo the best of our knowledge, the term “big data” was first introduced in 1998 (Mashey, 1998), thus setting the boundary for the search period.
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suitable for analysis. To ensure that key studies were not excluded, backward snowballing1 of relevant articles was employed, and it led to the

identification of one additional PD article and 22 additional BD articles.2 A total of 75 articles were included in the final corpus of analysis: 41

PD articles and 34 BD articles. Figure 1 reports on the identification and selection protocol.
1Backward snowballing involves screening the reference lists of relevant literature review articles to look for additional literature. It is considered an effective tech-

nique for conducting complex systematic literature reviews (Greenhalgh & Peacock, 2005).

2The number of BD articles identified by backward snowballing was much greater because many relevant big‐data‐for‐development articles either do not specifically

use the words “big data” in their title (eg, they use “mobile data” or “satellite images”) or do not specifically use the words “developing countries” in their text (eg, they

use the name of a particular country or a development goal).
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2.2 | Content analysis

NVivo was used for the qualitative and quantitative content analysis of the selected articles. For each article in the PD and BD corpus, the follow-

ing attributes were identified and used for classification: title, year of publication, research methodology, research approach, types of data used,

sample area (ie, rural or urban), sampling unit, country, region, and study duration (if stated). Those attributes were derived based on a mix of

commonly used data fields in systematic literature review and an iterative process of attribute selection depending on what arises as an important

variable for the topic of analysis (Okoli, 2015; Petticrew & Roberts, 2005). Additionally, articles were coded into several nodes based on the areas

covered in the qualitative analysis: those areas identified iteratively based on our overall purpose of understanding the potential development

value of combining big data‐ and positive deviance‐based analysis. Those areas can be summarized into (1) challenges and limitations, (2) benefits,

(3) conceptual frameworks, (4) methods and data, (5) research findings, and (6) research opportunities. The following sections do not report all

content analysis but only those main elements seen as relevant to the purpose of this paper.
3 | POSITIVE DEVIANCE

According to the Positive Deviance Initiative (Springer, Nielsen, & Johansen, 2016), the successful application of PD has been reported in more

than 60 countries across the globe with a total outreach of more than 30 million individuals for the period between 1990 and 2016. Applications

include reducing childhood malnutrition, enhancing school retention, eliminating neonatal mortality, limiting HIV transmission, improving

salesforce productivity, fighting against female genital cutting, enhancing health care services, reducing transmission of antibiotic resistant bacteria

in hospitals, and enhancing pregnancy outcomes. The central premise of the PD approach is that it harnesses the inherent wisdom of individuals

existing within a community to develop solutions to their own problems. And since solutions come from the people, they take into account

contextual and cultural variables, making them less vulnerable to social rejection. PD is also considered an efficient approach within international

development, because it reduces reliance on aid and external expertise and instead capitalizes on local resources and know‐how. It can also

generate local engagement in identifying and disseminating practices and is seen as creating self‐efficacy (individuals' belief in their capacity to

execute behaviours necessary to achieve a desired objective), often considered to be a key influencer in the adoption of recommended behaviours

(Babalola, 2007; Babalola, Awasum, & Quenum‐Renaud, 2002).

Much of the positive deviance literature has a—forgiving the pun—rather positive, even proselytizing tone. Balancing this, there are some

more critical insights with three particular concerns being raised.3 First is a concern that—compared with its practical application—the ideas of

positive deviance lack conceptual clarity, with papers using different definitions and with limited theorization of positive deviance (Herington &

van de Fliert, 2018). Second is a concern that positive deviance does not always work in practice. Problems have included difficulties in identifying

PDs (Marsh et al., 2004) and/or their differential characteristics and behaviours (Bradley et al., 2009; Felt, 2011) and inability to scale the PD

solutions across a community and, particularly, between communities4(LeMahieu, Nordstrum, & Gale, 2017). These concerns overlap significantly

with material on the third area of concern: practical challenges to the implementation of positive deviance, a topic discussed further below as an

outcome of the SLR. In sum, although, one may conclude that there has yet to be a weight of critique sufficient to discredit positive deviance as a

development approach or to identify aspects necessary and inherent to PD that would undermine it. Conversely, there is a growing weight of

evidence demonstrating beneficial development outcomes emerging from its application.

That application generally follows the five steps of the PD methodology, which can be outlined as follows (Positive Deviance Initiative, 2010):

1. Defining the problem and determining desirable outcomes;

2. Discovering PDs, ie, individuals or other social entities who unexpectedly achieved the desired outcomes;

3. Determining the underlying practices that led to those outcomes (this is known as positive deviance inquiry [PDI]);

4. Designing interventions to enable others to access and practice new behaviours; and

5. Monitoring and evaluating the PD intervention.

Building from this background on positive deviance, the systematic literature review begins with a timeline showing the volume of PD

literature over the last two decades followed by a thematic classification of the literature. We then analyse the secondary data sources used in

previous PD studies as these may share characteristics with attempts to use big data in PD. We then discuss the different units of analysis used

in the literature before presenting the identified challenges of the PD approach, those challenges presenting potential opportunities for big data to

make a contribution.
3Specifically within the field of social psychology, there has been opposition to the idea of positive deviance by those working on deviant behaviour, who wish to

solely assign a negative connotation to deviance. However, such arguments do not transfer beyond the specific field of deviant studies and have, in any case, been

fairly well refuted (Shoenberger, 2017).

4With an “orthodox” view of PD being that it should not seek to transfer solutions between communities, but develop them within each community (LeMahieu et al.,

2017). Even if one accepts this view, it clearly depends on where one sets the definition and boundary of “community”.



FIGURE 2 Timeline of reviewed positive deviance (PD) literature for period 1976 to 2017. The thick line represents the actual number of studies
whereas the thin line represents a projection of the trend. The bold line represents the actual number of studies whereas the thin line represents a
projection of the trend
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3.1 | PD literature timeline

The publication timeline for work on positive deviance is shown in Figure 2, beginning with the first empirical PD study, published in 1976

(Wishik & Van Der Vynckt, 1976). This article published the impending methodology but did not publish results, and it was not until the early

1990s that the approach started to gain attention due to the book (1990) and study (1991) published by Zeitlin (1990) which provided extensive

observations on the PD approach in nutrition with a strong emphasis on impact. There was a peak in the early 2000s, which we can owe to

Sternin who operationalized the PD approach and published the results of its application in the Save the Children project which reduced malnu-

trition in Vietnam by 65% to 80% in 2 years (Sternin & Choo, 2000). This led to an extensive and rigorous evaluation of the PD strategy in solv-

ing child malnutrition, revealing positive results that supported its uptake in this field at this time (Hendrickson et al., 2002; Lapping, Schroeder,

Marsh, Albalak, & Jabarkhil, 2002; Mackintosh, Marsh, & Schroeder, 2002). From the mid‐2000s, there has been steady growth, with particular

expansion in recent years: A possible explanation could be that in 2016, three international PD‐focused conferences were held for the first time.

Whatever the particular reason, it suggests growing interest and activity around positive deviance in developing countries, encouraging further

work in this domain.
3.2 | PD research approaches

Four research approaches to positive deviance were identified from the 41 reviewed articles, normal PD (25 studies), comparative PD (seven

studies), programmatic PD (six studies), and PD evaluation (three studies). Below is a summary of each detailed here so that the reader may

understand better the type of development activity to which positive deviance has so far been applied and in what manner:
3.2.1 | Normal PD

This is the most common approach that applies the PD approach to a single group. Most studies of this type stop at the PD inquiry stage (ie,

step 3 of the PD methodology outlined above), where the uncommon, successful practices of PDs are identified, without going further into

designing interventions to promote those practices and monitoring progress. For instance, in Lackovich‐Van Gorp (2017), a study was con-

ducted to investigate strategies that could prevent marriage by abduction in Ethiopia. PDs were girls over 18 years old coming from very poor

households who were still not married. The intervention applied only the first three steps of the PD methodology to identify PDs and the

strategies they employed to protect themselves from marriage by abduction. The average duration of such studies is 8 months. A total of

68% of those studies use mixed methods, 21% use quantitative methods, and 11% used qualitative methods. The normal PD approach covered

studies that tackled issues including health care–associated infections (de Macedo et al., 2012; Marra et al., 2013), enhancing health outcomes

of women in disadvantaged circumstances (Long et al., 2013), cancer prevention (Vossenaar et al., 2009; Vossenaar, Bermúdez, Anderson, &

Solomons, 2010), child marriage (Lackovich‐Van Gorp, 2017), child rearing (Aruna, Vazir, & Vidyasagar, 2001), infectious disease control

(Babalola, 2007; Babalola et al., 2002; Nieto‐Sanchez, Baus, Guerrero, & Grijalva, 2015), improving pregnancy outcomes (Ahrari et al., 2002),

counselling for family planning (Kim, Heerey, & Kols, 2008), child malnutrition (Aday, Hyden, Osking, & Tomedi, 2016; Bolles, Speraw,

Berggren, & Lafontant, 2002; Guldan et al., 1993; Kanani & Popat, 2012; Merchant & Udipi, 1997; Merita, Sari, & Hesty, 2017; Roche

et al., 2017; Sethi, Kashyap, Seth, & Agarwal, 2003; Shekar, Habicht, & Latham, 1991; Shekar, Habicht, & Latham, 1992; Wishik & Van Der

Vynckt, 1976), neonatal mortality (Marsh et al., 2002), and managing medico‐social problems through self‐care (Gidado, Obasanya, Adesigbe,

Huji, & Tahir, 2010).
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3.2.2 | Comparative PD

Studies in this research approach compare the results of two methodologies each applied on a different group, having PD as one of the

methodologies. It includes control trial study designs where a PD intervention is applied to one group, and the outcomes are compared

with an equivalent control group that was not exposed to the PD intervention. As an example, in one of the reviewed studies (Lapping,

Schroeder et al. 2002), a PD inquiry was compared with a case‐control study to identify factors associated with nutritional status of Afghan

refugees in Pakistan (concluding PD to be at least as good if not more effective than control study in factor identification). Research in

such studies is mainly mixed methods and sometimes it is only quantitative. Study durations are 7 months on average. The comparative

PD approach includes studies that tackled: health care–associated infections (Escobar et al., 2017; Marra et al., 2010), malnutrition

(Hendrickson et al., 2002; Ndiaye, Siekmans, Haddad, & Receveur, 2009; Nishat & Batool, 2011), and clinical performance in medical

schools (Zaidi et al., 2012).
3.2.3 | Programmatic PD

Studies belonging to this approach aim at understanding why a few individuals (PDs) respond to a development intervention programme

better than their peers who are targeted by the same intervention. The PD inquiry is used to identify reasons behind the successful

responses of the PDs, and the findings are used to inform intervention strategies and to increase overall adoption. For instance, in Garrett

and Barrington (2013), a qualitative study was conducted to investigate barriers that prevent Honduran women from engaging in a cervical

cancer screening programme. PDs were women that engaged in the uncommon but beneficial practice of screening. The PD intervention was

designed to identify those women and the factors that led to their uncommon behaviour. Those factors (eg, self‐love and self‐support) were

to be used in future screening promotion efforts. Research in such studies is either quantitative or mixed methods. Study durations are on

average 3‐month long. And since programmatic studies' main interest is just in post hoc identification of reasons for deviants to adopt or

engage with the focal programme, they usually end at the third stage of the PD methodology. Example studies include programmes

concerned with malnutrition (D'Alimonte, Deshmukh, Jayaraman, Chanani, & Humphries, 2016; Levinson, Barney, Bassett, & Schultink,

2007; Sethi, Sternin, Sharma, Bhanot, & Mebrahtu, 2017), farmer training (Tekle, 2015), and livestock feed technology adoption (Birhanu,

Girma, & Puskur, 2017).
3.2.4 | PD evaluation

This is the least prevalent research approach that aims at evaluating the sustainability and impact of a PD intervention. Studies are also the longest

with an average duration of 18 months and rely mainly on mixed methods in evaluation. The reviewed literature included three evaluative studies

in malnutrition (Anino, Were, & Khamasi, 2015; Lapping, Schroeder et al. 2002; Mackintosh et al., 2002) and one study in infectious disease

control (Marra et al., 2011).
3.3 | Sources of data

All the reviewed studies used primary data for PD identification and inquiry except for two studies that used secondary data. The first of this latter

group was an exploratory study (Long et al., 2013) that investigated the factors associated with positive health outcomes among rural women in

West Bengal. It used previous data from a randomized control trial conducted in a rural population, on 2227 consenting women and adolescent

girls. Using quantitative analysis only, it was possible to examine the characteristics of PDs and factors affecting better health outcomes. However,

there was limited ability to examine other possible factors affecting the targeted outcome, since the tool used to collect data for the previous

study was not designed for the same purpose as this later study. The second study (Birhanu et al., 2017) was also an exploratory study that aimed

at investigating the factors leading to better adoption of livestock feed technologies in Ethiopia. It used a previous household survey that included

603 farm households and aimed at identifying successful cases of improved livestock feed technologies and factors underpinning this success.

Since the original study had the same purpose as the PD study, the collected data were able to unveil all possible factors affecting the desired

outcome through quantitative analysis. These studies indicate the potential to undertake positive deviant identification without a need for primary

research, thus signalling not only the potential for big data‐based PD studies but also the challenge of repurposing datasets not specifically

gathered for PD purposes.
3.4 | PD unit of analysis

The majority of the reviewed PD studies had individuals (infants, children, mothers, patients, students, health care workers, etc) as their

primary unit of analysis, except for three studies that investigated positively‐deviant farmer training centres (Tekle, 2015), farm households

(Birhanu et al., 2017), and (disease‐resistant) houses (Nieto‐Sanchez et al., 2015). None of the studies conducted aggregation analysis,
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eg, identifying community‐level deviance instead of individual‐level deviance. This can be attributed to the small sample size in terms of number

of communities covered that would not permit the identification of this type of deviance, a limitation that larger‐scale datasets might not suffer.
3.5 | PD challenges

Analysis of the literature on positive deviance reveals a series of challenges or limitations arising from work to date, challenges which we will later

interrogate to see if big data might have some response:

3.5.1 | Time and cost

The application of the PD approach is time‐consuming (Felt, 2011; Lapping et al., 2002; Marsh et al., 2004). As can be seen from the data in

Section 3.2, it takes months to complete the phases sequentially. Alongside concerns about the time requirements are also concerns that the

quality of implementation may be compromised due to time constraints. For instance, one of the studies reported that the desired large sample

size was not obtained because of time limitations (Nishat & Batool, 2011). Since PD depends typically on primary data collection, community

participation, face‐to‐face interviews and observation, the cost of PD interventions also tend to be high. As with the time constraint, cost is also

a function of sample size that can encourage smaller samples. In addition, collecting primary data from some high‐risk areas brings with it

additional time, cost, and complexity in order to mitigate the risks (Shekar et al., 1991).

3.5.2 | Positive‐deviant identification

Within any given population, positive deviants are relatively rare. Based on those reviewed studies that provide the necessary data, we can

calculate an average prevalence rate of 11%. This is slightly higher than, but not completely out of line with, earlier estimates that PDs typically

form 0% to 10% of a population (Marsh et al., 2004). Whatever the exact figure, PDs are statistical outliers, and sample size thus plays a role. As

the sample size increases, the more representative of the population it becomes, and thus, the likelihood/prevalence of positive deviants becomes

greater (Osborne & Overbay, 2004).

Hence, there is a statistical pressure to undertake large sample size studies in order to identify a sufficient sample size of PDs. However, given

the time‐ and labour‐intensity of PD just noted, with costs proportional to sample size, there is a counter‐pressure to keep overall sample sizes

small. For example, in the comparative study of Afghan refugees in Pakistan (Lapping, Schroeder et al. 2002), the compared groups were 8 and

50 strong. Another study in Egypt that addressed factors associated with successful pregnancy outcomes reported that the information gained

from PDs was limited; this can be attributed to their very small sample size (n = 11) (Ahrari et al., 2002). Similarly, in the Honduras study examining

women who overcame barriers to cervical screening, the sample size (n = 8) was seen as not large enough to achieve full saturation of relevant

factors. The use of very small samples for PDI not only potentially misses important aspects of PD behaviour but would also have less statistical

power to identify valid associations. Additionally, as previously mentioned in Section 3.4, small sample size limits the ability to identify deviance at

different levels of aggregation. One potential solution would be the use of large secondary datasets, which could be analysed at low cost while not

compromising the number of PDs identified.

Moreover, PD primary data collection—often due to its time and cost—is undertaken via a cross‐sectional not longitudinal design. It provides a

single snapshot of the population since it depicts the behaviours of the analysed units at a certain point of time; hence, deviance becomes static

and could be referred to as point anomaly in statistics (Goldstein & Uchida, 2016). What it cannot do is identify the dynamics of deviance such as

contextual/conditional anomalies that arise due to the particular condition of a context, with those conditions potentially differing over time. For

example, one of the reviewed studies sought to identify preventive measures to control Chagas disease; PDs were bug‐free houses throughout

the period of inspection. However, an identified limitation of the study was that the houses selected are not necessarily bug‐free throughout

the year, since the entomological searches happened during the summer, and natural factors could have affected the results (Nieto‐Sanchez

et al., 2015). Hence, a few of those PDs might have been false positives: appearing as a point anomaly attributed to the individual house but in

fact a contextual/conditional anomaly. Again, one potential cost‐efficient solution would be large secondary datasets, in this case, where the data

were collected longitudinally.

3.5.3 | Methodological risk

Alongside the practical risks of PD given the need for large‐scale primary fieldwork in developing countries, we were able to identify two meth-

odological risks associated with use of the PD approach. First, there is a PD behaviour identification risk. For example, some of the studies

(D'Alimonte et al., 2016; de Macedo et al. 2012; Marra et al., 2010) that used observational methods in PD inquiry reported the potential for a

Hawthorne effect: an alteration of the behaviour of the subjects of a study due to being observed. Another risk is the inability to extract successful

strategies and behaviours practised by the positively deviant individuals. Positive deviance methods presume the willingness of PDs to share their

strategies and best practices. However, this might compromise what the deviants see as a competitive advantage over others resulting from their

outlier behaviour, leading them to be unwilling to share (Felt, 2011). For example, in one of the reviewed studies (Zaidi et al., 2012), positive
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deviance was used to try to identify and disseminate the strategies employed by successful medical students, in order to improve the clinical per-

formance of their peers. There is a potential risk that the high performers would refrain from sharing their best practices when interviewed. In both

cases, analysis of behaviour via secondary/remote observation could help to avoid these risks.5

Second, there is a risk of not being able to establish a cause and effect relationship between PD interventions and achieved results (step 4 of

the PD methodology). Some studies (eg, Nieto‐Sanchez et al., 2015; Nishat & Batool, 2011) noted that results could not be attributed to the PD

intervention alone, since the targeted population might have been exposed to other interventions and external factors that might have contrib-

uted, partially, to the desired outcome. This challenge of attribution (and also issues of time and cost) may be one explanation behind the limited

number of evaluative studies of PD interventions: ie, those that moved to step 5 of the PD methodology (Ndiaye et al., 2009; Roche et al., 2017).

Another explanation may be the lack of guidance on how to apply credible monitoring and evaluation techniques (Lapping, Schroeder et al. 2002;

Felt, 2011). As noted in Section 3.2, only 7% of the reviewed studies were evaluative: very low considering the importance of understanding the

development impact and value of PD approaches. Being able to demonstrate the lasting success of a PD intervention could support its wider

adoption and the wider adoption of PD more generally.
3.5.4 | Scalability

There are two challenges underlying the scale‐up of PD interventions. The first challenge is in scaling practices within a community. PD relies

heavily on community engagement to promote the adoption and mobilization of the identified practices and to achieve behavioural change

through self‐efficacy. For instance, 25% of the reviewed studies employed the PD Hearth (Wollinka, Keeley, Burkhalter, & Bashir, 1997), a nutrition

education framework designed to empower mothers to enhance the conditions of their malnourished children. It requires mothers of PD children

to host neighbouring mothers and their malnourished children for 12 consecutive days, where they prepare meals and feed their children together

(Felt, 2011; Lapping, Marsh et al. 2002; Marsh et al., 2004; Pascale et al., 2010). With this level of engagement, PD proved successful in small‐scale

adoption but made large‐scale adoption a challenging task given both the growing complexity and the challenge of a strong enough pre‐existing

social fabric to ensure cooperation of the PD mothers. Zeitlin (1991) notes a similar point that—for certain communities and domains of action—

there could be resistance to making everyone a “top performer”, and that moves towards that might disrupt and disintegrate system dynamics.

The second challenge is the scaling of practices across communities. An issue with PD is the inability to generalize practices and behaviours

inferred from one community to another. In the majority of the reviewed studies, PD interventions targeted small‐scale communities, and the

inferred practices were particular to the circumstances of this community making it difficult to replicate in other communities (Saïd Business

School, 2010). If broader, cross‐community data could be accessed—identifying PDs and their behaviour on a wide scale—then this challenge of

limitations on generalization could be reduced to some extent; although of course this would likely assume/require the presence of

noncommunity‐specific behaviours underlying positive deviance.
3.5.5 | Narrow domain/geographic scope

There is a current skew in the domain and geographic focus of PD applications in developing countries, summarized in Figure 3. Regarding domain

coverage, we found that the vast majority—89%—of the reviewed studies were in public health, with 41% focused specifically on malnutrition.

Put another way, there were only four non‐health studies: two on agriculture (Birhanu et al., 2017; Tekle, 2015), one on child protection

(Lackovich‐Van Gorp, 2017), and one on education (Zaidi et al., 2012). As for the geographic coverage, there are nearly 150 developing countries

(OECD, 2017), but PD studies identified by the review encompassed only 20, with just four countries (India, Brazil, Pakistan, and Ethiopia)

responsible for almost 50% of studies, and only two countries having hosted studies from more than two domains. There is also a within‐country

geographic concentration, with 83% of studies being undertaken with rural communities, significantly out of kilter with population distribution in

developing countries.

This domain and geographic concentration can be attributed to a form of path dependency in positive deviance. The first use of PD (Wishik &

Van Der Vynckt, 1976) was for a nutrition‐based intervention in a rural community. Then, early adopters of PD who set the foundation for the

field (Sternin et al., 1997; Zeitlin, 1991; Zeitlin, Ghassemi, & Mansour, 1994) including development of an operationalizable framework for PD

(Sternin et al., 1998) all undertook work on malnutrition in rural areas. Despite applicability of PD across many domains, subsequent PD actions

have often followed suit, leaving a gap of domains and locations that have been largely ignored by PD to date.

That PD has relevance to other countries, and other domains can readily be seen from its application in the global North, eg, to public sector

reforms (Andrews, 2015), enhancement of prison conditions (Awofeso, Irwin, & Forrest, 2008), organizational scholarship (Mertens, Recker,

Kohlborn, & Kummer, 2016), and waste management (Delias, 2017). But PD for developing countries needs encouragement to spread further than

its current narrow path.
5Although noting as per the point raised in Section 3.3 that relying on quantitative analysis of secondary data to infer practices might limit the ability to test the effect

of other potential factors influencing the desired PD outcome, especially in studies where the instruments used to collect the data were not designed to measure the

desired outcome (Long et al., 2013).
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4 | BIG DATA FOR DEVELOPMENT

The evolution and diffusion of digital infrastructures has led to a proliferation of data, often referred to as “big data” (BD). There has also been an

increasing ability to make use of it, characterized in enhanced processing and storage capacities, which has provided an opportunity to convert

these data into information and knowledge that feeds decisions and actions. The main characteristics of BD derived from Gartner's definition

(Gartner, 2013) are (1) volume: huge amounts of data generated from the rapid diffusion of mobile phones, social media, and other online services,

plus the growing use of sensors and satellite imagery; (2) velocity: the growing speed and currency of data production and enabling decisions and

actions to be taken in a timely manner; and (3) variety: the combined availability and potential use of structured data, having a predefined structure

(eg, mobile transactions), and unstructured data, not having a predefined structure (eg, email, video, and audio), to extract insights.

The applications of “big data for development” (BD4D) span a wide variety of domains and leverage new sources of data and new analytical

tools. It is argued that big data can fundamentally shift the way we pursue social change as it is capable of providing snapshots of the wellbeing of

populations at high frequency, high degree of granularity, and from a wide range of angles, narrowing both time and knowledge gaps (UNGP,

2012). Sitting alongside concerns about and critiques of BD4D (eg, Taylor & Broeders, 2015), big data are therefore also argued to offer new

opportunities for development for reasons that include the following:

1. Low cost: Digital traces produced from digital platforms provide a low‐cost alternative to traditional sources of data (eg, censuses and

surveys); in some instances by replacing variables of interests with correlated proxies (Hilbert, 2016). For instance, mobile call duration

and frequency have been correlated to income or education levels in a geographic region (Frias‐Martinez & Virseda, 2013) and could then

substitute for survey and similar data gathering.

2. Real‐time feedback and awareness: Through monitoring populations, BD makes it possible to understand where policy and programme

interventions are succeeding or failing in real time, in order to make adjustments in a timely manner.

3. Broad sampling: With a global average penetration of 95% and a 75% penetration among base of the pyramid populations (Cartesian, 2014),

mobile phones are coming close to sampling the universe N instead of sampling n of the universe N (Hilbert, 2016).

4. Detail and insight: The ability to merge and use different sources of data reflecting a certain event or reflecting the behaviours of an

individual, community, or an organization provides a real‐time, cross‐validated, fine‐grained picture of reality.

5. Big data analytics: Advanced analytics techniques—those which perform particularly well when applied to huge datasets—enable big data to

be used for better decision‐making. An example is machine learning, a subfield of artificial intelligence, which gives computers the ability to

learn from data without being explicitly preprogrammed on the knowledge they will extract.

Given this potential value of big data to development, the review of literature outlined in Section 2 was undertaken and is reported next. This

section begins with a timeline showing the volume of BD literature over the last decade followed by a thematic classification of the literature and

the geographic distribution of its application domains. We then discuss the other forms of data that were combined with BD, the different units of
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the thin line represents a projection of the trend
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analysis, and the employed BD analytics techniques before outlining the challenges of BD4D at the end. All this provides the knowledge of big

data necessary to understand how it might be applied to action research on positive deviance, as then discussed in Section 5.
4.1 | BD4D literature timeline

Figure 4 shows that the BD4D research area is relatively new, given that all the identified literature was published since 2007. There is some

growth in the number of studies during the later years and, similar to PD studies, there is an accelerated growth towards the very end of the

period under review. As with the PD literature, this suggests a growth in activity and interest, encouraging further work on big data for

development.
4.2 | BD4D research approaches

Utilising the taxonomy of BD applications proposed by Hilbert (2016), we classified the reviewed literature into four main approaches based on

the elements being tracked: locations (12 studies), words (four studies), nature (six studies), and economic activity (12 studies). This gives a sense

of the general scope of big data application, for example, its potential application in positive deviance analysis.

4.2.1 | Tracking locations

This approach contains applications that analyse human and object mobility data. This typically comes from mobile phones in the form of de‐

identified call detail records (CDRs), which usually provide the time and associated cell tower of text messages and calls. This is the most common

data type in the reviewed BD4D studies, notwithstanding the concerns of mobile phone operators about releasing such data: either that it has

commercial sensitivity and could give competitors an unfair advantage or that techniques could be used to de‐anonymize the data and uncover

individual subscribers' identities. There are also inherent biases in CDRs due to socio‐economic and geographic variations in phone ownership,

but evidence still suggests that CDRs provide the best description to date of population movement in low‐ and middle‐income countries (Wilson

et al., 2016). CDRs have thus been used to analyse travel and migration patterns of mobile users to understand the spread of infectious diseases in

low‐income settings (Bengtsson, Lu, Thorson, Garfield, & von Schreeb, 2011; Buckee, Wesolowski, Eagle, Hansen, & Snow, 2013; Tatem et al.,

2009; Wesolowski et al., 2014; Wesolowski et al., 2015) and to identify population displacement following disasters (Bengtsson et al., 2011;

Lu, Bengtsson, & Holme, 2012; Wilson et al., 2016) and migration patterns in climate‐stressed regions (Lu et al., 2016).

But CDRs are not the only location‐related data that has been used. For example, data from a web mapping service application (Baidu.com)

were used to calculate average travel distance to healthy food outlets in order to identify urban areas with limited food accessibility in China

(Su, Li, Xu, Cai, & Weng, 2017). Car GPS data have been used to map the spatio‐temporal distribution of pollution emissions from traffic

(Huang, Cao, Jin, Yu, & Huang, 2017; Luo et al., 2017). There are also studies that combine mobility data with other sources of data for better

representation, cross‐validity, data enrichment, and for covariance analysis. For instance, in Tatem et al. (2014), physical data in the form of

satellite images, climate, and topographic data were combined with CDR data to understand the spread of malaria, specifically, the seasonality

of movements including movement across borders.

4.2.2 | Tracking words

This approach contains applications that analyse actions, activities, and events based on words, which typically come from social media. It usually

faces the challenge of representational validity in terms of the demographic, socio‐economic, and geographic profile of contributors given skews in

http://Baidu.com
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terms of those who do and do not use social media. There is also the challenge of potential differences between digital and real behaviour such as

self‐censorship or presenting a false image. One advantage, although, is that in many cases, data sources are readily accessible because they are

“open data”6 in nature; and they also benefit from enabling mapping of behaviour in real time (Pfeffer, Verrest, & Poorthuis, 2015). Examples of

applications include the use of Google search word trends to compare the demand for massive open online courses (MOOCs) between different

countries (Tong & Li, 2017), applying co‐word analysis to map the research themes of Indonesian scholars' publications (Surjandari,

Dhini, Lumbantobing, Widari, & Prawiradinata, 2015), analysing protest activity using twitter data during the Egyptian January 25, 2011 revolution

(Wilson, 2011), and revealing geographical and social patterns of tweets pertaining to flooding and criminal activity in Caribbean cities

(Pfeffer et al., 2015).
4.2.3 | Tracking nature

This approach contains applications that use data to observe environmental and natural phenomena to mitigate risk, improve emergency response,

or to optimize performance (Hilbert, 2016). Satellite imagery is the most common BD type used by those applications; this is due to its increasing

availability at global and lower scales, often via open or other no‐cost access. Growth in datasets over time is also allowing use for time series

analysis. The reviewed studies falling under this approach used satellite imagery to detect illegal deforestation activities (Burgess, Hansen, Olken,

Potapov, & Sieber, 2012), to monitor coal fires (Jiang, Jia, Chen, Deng, & Rao, 2017), to map temporal water surfaces (Haas, Bartholomé, &

Combal, 2009), and to model crop growth (Tesfaye et al., 2016).

Other studies collect environmental data via sensors. For example, sensor networks were used to monitor the spatio‐temporal distribution of

greenhouse gas emissions in China (Tang, Yang, & Zhang, 2014). There is also a study (Zhang, Chen, Chen, & Chen, 2016) that combined sensor

data, satellite images, and meteorological data with social media for the analysis of urban waterlogging disasters (where drainage systems are

unable to cope). Physical data were used to observe and understand waterlogging, and social media data (ie, tracking words) were used to identify

qualitative features of waterlogging incidents.
4.2.4 | Tracking economic activity

This approach contains applications that use data that reflect the economic situation of the analysed units. Satellite images and CDRs are the two

most popular BD sources that are used for this purpose. For instance, CDRs were used to predict wealth of individuals by tracking their history of

mobile use represented in the intensity, volume, time or direction of calls (Blumenstock, Cadamuro, & On, 2015), or through phone ownership

(Blumenstock & Eagle, 2012). Similarly, satellite images were used to predict poverty and estimate economic growth in a number of studies.

For instance, daytime satellite images were used to predict socio‐economic well‐being by analysing visible household assets (Jean et al., 2016).

They were also used to map population settlements (Tatem, Noor, von Hagen, Di Gregorio, & Hay, 2007) and classify slums (Kohli, Sliuzas, Kerle,

& Stein, 2012).

Other studies used satellite nightlight images as a proxy for electricity consumption levels which, in turn, can be seen as a proxy for levels of

economic activity (Doll & Pachauri, 2010; Henderson, Storeygard, & Weil, 2012; Sutton, Elvidge, & Ghosh, 2007). However, nightlight images have

difficulty distinguishing between poor densely populated areas and wealthy sparsely populated areas (Jean et al., 2016). Hence, Njuguna and

McSharry (2017) complemented satellite nightlight data with CDR data to build a stronger poverty proxy by incorporating the level of mobile

usage. Other examples include the use of data from a leading online retail platform in China (sofang.com) to analyse spatio‐temporal features

of housing prices (Li, Ye, Lee, Gong, & Qin, 2017), and the use of data from China's industrial enterprise database and customs import/export trade

database to examine the extent of “greening” of global value chain enterprises (Song & Wang, 2017).
4.3 | BD4D studies domain/geographic distribution

Table 2 summarizes the overall domains and specific application topics of the reviewed BD4D studies. We can see that economics, public health,

and environmental studies were the most common application domains, within which the most common applications were infectious disease

(16%) and poverty measurement (16%). In infectious disease studies (Bengtsson et al., 2011; Tatem et al., 2009; Wesolowski et al., 2014;

Wesolowski et al., 2015), mobile data and health data are combined to identify risk areas. As for poverty measurement (Blumenstock et al.,

2015; Jean et al., 2016; Njuguna & McSharry, 2017), satellite nightlight and mobile data are used as a proxy for economic activity at temporal

and geographic scales for which traditional data are of poor quality or unavailable.

Figure 5 shows the geographic distribution of BD studies by domain, indicating that China had the biggest share of BD4D studies that span

multiple domains. In addition, there were three studies not presented on this map since they were applied across multiple countries. The first study

(Doll & Pachauri, 2010) used night‐time satellite imagery to estimate rural populations without access to electricity in developing countries.

The second study (Henderson et al., 2012) used satellite data to augment official income growth measures of coastal areas in sub‐Saharan Africa.
6Data “freely available to everyone to use and republish as they wish, without restrictions from copyright, patents or other mechanisms of control” (WP, 2018).

http://sofang.com


TABLE 2 Classification of BD4D studies by domain and applicationa

Domain Application No. of studies

Economics Predicting poverty 6
Measuring economic growth 3
Mapping population distribution 1
Analysing housing prices over time 1

Public Health Infectious disease control 6

Environment Analysing traffic pollution 2
Monitoring deforestation activities 1
Monitoring changes in small water surfaces 1
Monitoring greenhouse gas emissions 1
Coal fire suppression efforts 1

Disaster Response Population displacement post disasters 4

Food & Agriculture Accessibility of healthy food stores 1
Drought tolerant crops 1

Energy Predicting electricity demand load 1
Green technology adoption 1

Education Quantifying MOOC demand 1
Research theme mapping 1

Urban Governance Urban waterlogging 2

Security 1

Politics Analysing twitter activity in revolutions 1

aThe total number of studies listed in the table is 37 although the reviewed BD studies were only 34. This is because two studies presented applications in
multiple domains.

FIGURE 5 Geographic distribution of the domains of big data for development (BD4D) literature
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The third study (Haas et al., 2009) used remote sensing data to map temporary water bodies in regions of western sub‐Saharan Africa. For

within‐country studies, some are rural‐focused, many cover both urban and rural areas, and some are solely urban‐focused.

While the geographic coverage of big data studies in terms of countries is, as yet, not much better than that of PD studies, there is clearly

ready potential for a much broader scope given the universal presence of at least some types of big data, including scope for more urban‐focused

work. And, in relation to domains, big data have already shown application to a wider range of topics than positive deviance.
4.4 | Sources of data

A total of 37% of the reviewed studies complemented big data with other sources of primary and secondary data. For instance, in Sutton et al.

(2007), a model was developed using GDP and population data and night‐time satellite imagery to predict GDP at subnational levels. Similarly,



ALBANNA AND HEEKS 13 of 22
Jean et al. (2016) used daytime satellite images, annotated with geo‐referenced household consumption survey data, to develop a transfer learning

model which trained the data in survey‐rich countries to predict consumption and assets in survey‐poor countries, using daytime satellite images

alone. Wesolowski et al. (2014) demonstrated that community surveys can complement mobile data to approximate travel patterns of

non‐subscribers in rural areas. Secondary data are also used for cross validation, for example, in Wesolowski et al. (2015), population‐based sur-

veys were used to validate the results of mobile data analysis that measured the magnitude of population displacements.

A number of studies combined health data, having geo‐referenced disease cases, with mobility data to develop risk maps for infectious

diseases (Bengtsson et al., 2011; Tatem et al., 2009; Wesolowski et al., 2014; Wesolowski et al., 2015). Spatially referenced primary survey data

have been used to support satellite imagery and mobile phone data in understanding the reality and the impacts of socio‐economic or socio‐spatial

differences. For example, Blumenstock et al. (2015) was able to derive insights on the degree of wealth of individuals by supplementing mobile

phone history big data with data from an anonymized mobile phone survey. Hence, it was possible, through training models, to predict

wealth using only mobile phone use history for individuals not included in the survey sample. We may conclude from the above examples that

—notwithstanding the potential for big data to provide a faster, cheaper, and a more granular alternative to traditional data sources—greater

value may be captured when BD is combined with those data sources instead of simply replacing them. In particular, big data can be validated

in locations where comparator data exists and then applied alone in locations where comparators are absent, an especially helpful approach in

developing countries where comparator data may be thin on the ground.
4.5 | BD4D unit of analysis

In the reviewed BD4D studies, the unit of analysis ranged from individuals (eg, mobile users and twitter users), through geographic areas (eg, grid

areas located via satellite imaging), to regions and even countries. The majority of studies applied aggregation on different scales to analyse and

visualize patterns, events, and spatial relations. Conversely, BD4D studies also provided a disaggregation opportunity. For example, in poor

countries, data about economic growth are often available only at high levels of geographic aggregation (eg, national level) because it is collected

using sample surveys instead of location‐disaggregatable census surveys (Chandy, Hassan, & Mukherji, 2017). Due to the finer granularity of big

data represented in user CDRs or night‐time satellite images, it was possible in a number of studies (Blumenstock et al., 2015; Blumenstock &

Eagle, 2012; Doll & Pachauri, 2010; Henderson et al., 2012; Sutton et al., 2007) to use those forms of data as proxies for economic growth at

subnational level. Compared with typical PD data, big data therefore may provide much greater aggregation and disaggregation potential.
4.6 | BD4D analytics

Discussion of big data in development can tend to focus on inherent qualities of the data such as the 3Vs: volume, velocity, and variety. But

greater value—including value for positive deviance—may vest in the advanced analytics techniques that are being applied to big data, and to

the use of these techniques for improved development decision making. The reviewed BD4D literature utilized two types of analytics:

1. Descriptive analytics provides information about the past and present. It uses data aggregation and data mining techniques to summarize

historical data and answer the questions, “What has happened?” or “What is happening?”. BD visualization is the essence of this type of

analytics, creating a new face to standard descriptive statistical methods. For example, Pfeffer et al. (2015) used descriptive analytics to

geo‐map the word frequency of twitter data relating to two Caribbean cities which referred to crimes and flooding in order to better

understand those phenomena.

2. Predictive analytics uses statistical models and forecasting techniques to answer the question, “What will happen?”. It encompasses two

types: inference and forecasting. Inference models predict the value of a certain variable of interest based on its association with variables

in another data source. For example, Jean et al. (2016) used daytime satellite images and households surveys, covering a specific area, to

train a predictive model that was able to estimate the economic well‐being, in another area, using only satellite imagery. This approach

was able to overcome the data sparsity issue, through training models in data‐rich areas to make predictions in data‐poor areas. Inference

models were also used to predict water precipitation and potential for waterlogging based on climate data and road and terrain maps

(Zhang et al., 2016). On the other hand, forecasting models utilize trend analysis and pattern recognition techniques to predict what will

happen in the future, based on what happened in the past. For example, in Ifaei, Karbassi, Lee, and Yoo (2017), multivariate dynamic

models were used to forecast power consumption using previous data on exported and imported power and quantity of stored power

over a period of time.

Big data also enable the use of intelligent data analytics techniques that perform better when applied to huge amounts of data. As noted

above, an example is machine learning (ML). From the reviewed BD4D literature, ML techniques can be grouped into two main categories:

supervised and unsupervised learning. In the former, ML is applied on a training dataset where each input X is labelled to a class or output Y

and the primary objective of the learning algorithm is to develop a mapping function Y = f(X), so that when you have any input x, you can predict
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its output y. For example, supervised learning was used to predict poverty levels from mobile phone data (Blumenstock et al., 2015) and from

satellite imagery (Jean et al., 2016). In unsupervised learning, ML is applied on a dataset where you only have input data X and no corresponding

output Y. The primary objective of the learning algorithm is to discover underlying similarities between the input data points and create clusters of

data based on the perceived similarity. It is also capable of allocating new inputs into the appropriate cluster. For example, in one of the studies,

unsupervised learning was used to find the interrelationship among academics' research approaches and cluster them, based on the co‐occurrence

of the publications' keywords (Surjandari et al., 2015).
4.7 | BD4D challenges

While there are broader challenges relating to the use of big data in development—such as associated shifts in power between different groups

(Sengupta, Heeks, Chattapadhyay, & Foster, 2017; Taylor & Broeders, 2015)—there are also a set of more practical challenges that emerged from

the literature reviewed, which would need to be taken into account if using big data to research positive deviance.

Absence of Theory: The majority of BD applications do not use theory‐driven models, especially in cases of predictive analytics where they

depend mainly on past data to predict what will happen in the future. However, attribution analysis (cause and effect studies) investigating why

outcomes change in response to variations in inputs will need a theoretical framework. Employing a theory of change can guide the identification

of explanatory variables (inputs) and indicators for outputs, outcomes, and impact (Bamberger, 2016).

Proof of Concept Skew: As might be expected given the relatively formative nature of big‐data‐for‐development, most of the BD4D

literature represents a proof of concept rather than use of data for actual development‐related decision‐making and implementation. As just

one example, Pfeffer et al. (2015) demonstrate what (relatively little) tweets might tell us about location of urban flooding and crime but without

any engagement with real‐life urban planning decisions.

Representational Validity: Mobile phone ownership is skewed towards certain population groups based on income, gender, or age, leaving

specific groups and geographic areas under‐represented in mobile‐based sources of big data (Bengtsson et al., 2011; Tatem et al., 2014;

Wesolowski et al., 2014; Wilson et al., 2016). This is even more of a challenge for social media data, in terms of demographic and socio‐

economic profiling and the geographic spread of the content generators (Pfeffer et al., 2015). BD sources were not particularly produced to

investigate, assess, or measure any of the presented development‐related applications; they are rather a side effect (Pfeffer et al., 2015). They

provide one or more aspects of the studied issue but they might overlook other important aspects requiring on the ground, targeted inquiry

(Lu et al., 2016; Pfeffer et al., 2015). This explains the recent debates (Graham & Shelton, 2013; Pfeffer et al., 2015) around the combined

use of BD and other sources of data for better representational validity.

Human Capacity: Both researchers and practitioners typically lack the necessary technical skills needed to clean up data sources, to link

different data sources, to analyse big data, to identify emerging patterns from big data, and so on (Pfeffer et al., 2015). There are also highly

unstructured data types, like satellite imagery, the analysis of which requires knowledge of advanced analytics and machine learning tools

(Jean et al., 2016). Those missing skills and local conditions, especially in developing countries, limit the exploitation of this valuable data source,

creating new digital divides (Batty et al., 2012).

Data Accessibility: Most big data are not open and easily accessible. Data gatekeepers, such as mobile operators and public institutions, are

not always willing to share their data, often because they consider it to be a source of commercial or political advantage (Pfeffer et al., 2015; Jean

et al., 2016a).

Privacy and Legal Issues: It can be difficult to link and analyse different data sources while respecting privacy, eg, of individuals who

produced the data (Blumenstock et al., 2015; Sutton et al., 2007). This can be particularly challenging in developing countries, where there is

an absence of legal frameworks protecting citizens (Pfeffer et al., 2015). As noted above, one reaction of data providers, like mobile operators,

is to restrict access to datasets. Another reaction is to anonymize CDRs by removing and aggregating some attributes. While understandable, this

can reduce the developmental value that can be captured from the provided datasets.

In summary, and despite the demonstrated value of using big data in a variety of development‐related applications, it is important to note the

challenges associated with its use. Of particular relevance for this paper are challenges that could affect the significance of its use in positive

deviance, like privacy and accessibility. For instance, BD depicting human behaviour is the most relevant data for PD; however, if these data might

compromise the security or privacy or undermine competitive advantage of data owners, its accessibility and usage would require strict rules and

principles backed by adequate tools and systems to ensure “privacy‐preserving analysis” (UNGP, 2012).
5 | DISCUSSION

Positive deviance has been shown to be effective as a problem‐solving approach in certain development domains but it faces challenges that

have so far limited its uptake. Big data could potentially address some of those challenges and/or in other ways enhance current approaches to
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positive deviance, providing there was an adapted PD framework that could guide its use. Conversely, positive deviance appears to provide an

approach to the detection of socio‐economic anomalies that might broaden the application of big data in development. Alongside the growing

interest in and practice of both positive deviance and big data in development, this creates an opportunity for “big data‐based positive devi-

ance” (BDPD). In this section, we will examine how BD could address some of the aforementioned PD challenges and we then propose a

means to operationalize their combined use.
5.1 | BD as a response to PD challenges

While big data cannot address all of the positive deviance‐related challenges identified in Section 3.5, it has potential in relation to most of them:

5.1.1 | Time and cost

PD studies mainly use primary data collection both for identification of positive deviants and for PDI: the inquiry into what causes the deviant out-

comes. As noted above, primary data collection involves significant time, cost and risk, and use of other forms of data collection could therefore

offer important advantages. In light of this, a few studies have made use of traditional secondary data—such as that from surveys—but this brought

its own challenges; for example, it is hard to identify positive deviants from such datasets as they are often anonymized or out‐of‐date by the time

they become publicly accessible; or it may be difficult to explain causes of positive deviance as important factors are missing from the survey. In

addition, while the cost of reuse of survey data may be low, the actual financial costs of the original data‐gathering are very high—particularly for

census data.

In comparison, big data brings with it not just the gains of reduced time and cost common to reuse of secondary datasets but the more foun-

dational reduction that the costs of initially gathering big data tend to be very low since it often makes use of already existing “data exhaust”

from digital processes. In part thanks to low cost, there are also – thinking of satellite imaging and social media data – increasing sources of

real‐time big data. These avoid the problem of time lag (something particularly challenging with, say, census data which is often only gathered

every ten years). Finally, the lack of cost constraints means that big datasets often have a much greater geographical scale than other forms

of secondary data.

While big data does still suffer the secondary data shortcoming that it has been created for purposes other than PD analysis, it is increasingly

present in locations—such as poorer countries or communities—where survey data either tend to be lacking, or based on very small samples,

or inaccurate; these problems themselves sometimes deriving from the high cost and time requirements of surveys and the lack of

resources for these locations (Letouzé & Jütting, 2015; Mügge, 2014). Initiatives have already demonstrated the ability of big data—such as sat-

ellite imaging or CDRs—to fill these data gaps and act as proxies for socio‐economic indicators (Henderson et al., 2012; Jean et al. 2016;

Njuguna & McSharry, 2017).

Big data therefore show significant potential to help address the time, cost, and risk constraints faced by current positive deviance studies,

including the constraints associated with using traditional secondary data sources for PD analysis.

5.1.2 | Positive deviant identification

As mentioned earlier, the use of primary data collection to identify positive deviants has three main drawbacks: low sample power, inability to

identify dynamic anomalies, and limited aggregation analysis. Use of big data sources offers a potential to overcome those challenges as follows:

1a) Sample Power: Big data are produced passively at marginal or no additional cost whereas traditional data sources are produced actively

with a cost that is proportional to the size of the sample. As a result, BD sources tend to have a much larger coverage of populations. Given that

positive deviants are relatively rare, the larger samples from big datasets will enable the identification of a larger number of PDs. Accordingly, the

risk of overlooking important factors will be reduced and the ability to generalize practices to larger populations will be improved.

1b) New IdentificationTechniques: Although not recognized in the PD literature as a challenge, there is an opportunity offered via BDPD that

is not available to traditional positive deviance identification. This is the application of machine learning which, as noted above, works most

effectively with large datasets (Hilbert, 2016). Machine learning–based approaches for anomaly detection outperform simple statistical models

for various types of anomaly (Chandola, Banerjee, & Kumar, 2009; Goldstein & Uchida, 2016), thus providing the potential for better PD

identification than currently possible. Supervised machine learning can also be used for predictive analysis, by first being trained to analyse a

small sample set of big data in tandem with ground truth data: for example, satellite images combined with survey data. The survey data already

identifies the positive deviants, and machine learning then develops the ability to identify PDs within the corresponding satellite image data. The

analytical algorithms can then be applied solely to big data sources and will identify positive deviants from those sources on a much wider scale.

2) Dynamic Anomalies: Where traditional data sources typically provide a static, cross‐sectional view of behaviour, big data can often provide

a dynamic picture of the targeted population over time. Hence, as discussed in Section 3.5, BDPD can be better at identifying and potentially

eliminating contextual, conditional anomalies as explanations for positive deviance.
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3) New Levels of Aggregation: The majority of PD studies have individuals as the primary unit of analysis, whereas in BD studies, the unit of

analysis can range from individuals to communities and regions. Hence, the use of big data could provide PD with the ability to identify deviance

at different—ie, higher—levels of aggregation than just individuals.
5.1.3 | Methodological risk

Big data are in almost all cases gathered within the explicit intervention of, or tangible visibility to, the subject populations. As such, risks arising

from populations knowing they are being observed and questioned, such as the Hawthorne effect or refusal to share practices, are avoided. In

addition, where BD sources incorporate outcome indicators of the positive deviant behaviours, then those sources can be used for ongoing

monitoring of the effects of a PD intervention. This might help address the challenge that the lack of credible monitoring and evaluation

techniques limits uptake of the PD approach, especially in new contexts and settings.

5.1.4 | Scalability

As discussed earlier, PD faces two scalability challenges: scaling practices within a community and scaling practices across communities. Both of

these issues are partly rooted in socio‐behavioural factors that big data are unlikely to be able to address. But one can hypothesize some potential

added value.

For example, for the first challenge, unsupervised machine learning could be applied to a big dataset to cluster the PD intervention

population (based on machine‐inferred similarities). Then intervention could target only those clusters with socio‐economic determinants

similar to those of the deviants for practice dissemination and adoption. This could reduce both the time and cost required for scale‐up in

comparison to the traditional methods of practice dissemination that rely heavily on community mobilization. Although noting two potential

limitations: first that, by definition, positive deviants are sought within populations with similar socio‐economic determinants; and second that

mobilization and incentives are always likely to be important in any type of PD implementation. There is also a small possibility that BD‐based,

statistically verified evidence might prove more convincing to potential adopters of PD behaviours than the more qualitative findings typical of

traditional PD.

The second challenge could be mitigated if cross‐community big data sources are available. These would enable the identification of PDs and

their behaviour on a broader scale making generalizations possible.

5.1.5 | Narrow domain/geographic scope

Despite the effectiveness of PD as a problem‐solving approach for international development, its uptake by developing countries in domains other

than public health has been very limited, and its application has been concentrated in rural areas of just a few countries. While geographic

coverage of BD4D in the literature to date has also been concentrated, that literature already illustrates more application in urban areas and

application in several other domains. Big data can thus expand the scope of PD, enabling it to break from its current path dependency. Outline

domain examples where big data‐based positive deviance could operate include the following:

• Infectious Disease Control: A number of studies (Nieto‐Sanchez et al., 2015; Tatem et al., 2014; Wesolowski et al., 2014; Wesolowski et al.,

2015) used CDRs to map the travel patterns of individuals who are members of disease “sources“(areas with many reported disease cases), in

order to identify areas vulnerable to transmission, known as “sinks” (areas having high inflows of individuals from source areas). The aim of

such studies was to prioritize source and sink areas for disease control. PDs in this case would be “sink” areas with very high potential for

transmission due to high travel inflows from source areas, yet having only a small number of reported cases. Understanding and

identifying the measures and the factors that were behind this deviance could provide valuable insights into successful disease control for other

infected areas.

• Urban Resilience/Planning: In Zhang et al. (2016), factors affecting waterlogging in one city were used to predict waterlogging in another city

using satellite imagery, precipitation meteorological data, terrain data, and road maps. Positive deviance could be used to investigate why certain

areas (PDs) within the same city experience less frequent waterlogging than others, and using those factors (eg, infrastructure and road networks) for

better urban planning.

• Academic Research: In Surjandari et al. (2015), Indonesian scholars' publications indexed in Scopus were analysed to map their primary

research themes and advise on a nationwide research roadmap. One could aggregate those publications by department, and identify departments

with exceptionally high research publication quality (PDs) as proxied by citation indicators in Scopus or equivalent sources, eg, using the average

h‐index7 of the publishing authors. Understanding factors leading to better publication quality would provide insights into departmental‐level good

practices that could be adopted in other departments.
Where h is the highest number where a scholar has h papers that have been cited at least h times.



T

ALBANNA AND HEEKS 17 of 22
• Deforestation: In Burgess et al. (2012), satellite images were used to identify forested districts in Indonesia that are practising illegal logging.

Positive deviance could be applied to identify districts with minimal illegal logging activities (PDs) and then investigate the measures and practices in

place within those districts that are linked to that minimization.

• Agriculture: In Tesfaye et al. (2016), crop, soil, and climate data were used to assess the performance of new drought‐tolerant crop varieties.

These data could be used to identify those smallholder farms with high productivity (PDs), ie, high output levels from drought‐tolerant crops. Using

these or other big datasets, or survey data, one could infer good practices that could be adopted by neighbouring farms facing the same social,

economic, and environmental constraints.
5.2 | PD as an opportunity for BD4D applications

The primary interest of this paper is that outlined in the previous section: to identify current challenges to positive deviance action research and to

identify ways in which big data‐based positive deviance might address those challenges. But we can also reverse the polarity of the investigation

and ask what positive deviance might offer the subfield of big data for development. Reviewing Section 4.7, there is little or nothing that positive

deviance can do to address issues of representational validity, human capacity, data accessibility, or privacy and legal issues. Instead, these

represent constraints that BDPD would have to contend with.

But those working on big data do identify a “need to develop methodologies to characterize and detect socioeconomic anomalies in context”

(UNGP, 2012). Use of positive deviance to analyse big datasets and to detect anomalies in context cannot be said to provide a theoretical

foundation in an academic sense, but it does offer a conceptual frame and a systematic methodology—a theory of change—that can link big data

to development outcomes, something which has typically been missing to date. And at least if all five steps of the positive deviance approach

were undertaken, then BDPD helps big data for development move beyond just proof of concept, by creating a real‐world impact from the

analysis of big data.
5.3 | Towards big data‐based positive deviance analysis

In summary, we have a two‐sided argument in favour of a big data‐based positive deviance approach. Particularly, using big data instead of—or in

conjunction with—traditional primary data sources can potentially address many of the challenges currently faced by positive deviance: reducing

time, cost, and effort; identifying positive deviants in new or better ways; and enabling positive deviance to break out of its current path

dependencies. And, conversely, positive deviance provides a systematic basis for extracting real‐world development impacts from big data by

putting knowledge about anomalies into action.

We can summarize big data‐based positive deviance as follows:

The BDPD approach is a problem‐solving asset‐based approach that uses big data sources to identify objects (positive deviants) performing

unexpectedly well in a specific outcome measure that is digitally recorded, mediated, or observed. The primary objective of the BDPD approach

is to identify the behaviours, strategies, and factors employed by the positive deviants and develop interventions to facilitate the dissemination

and adoption of those strategies.

BDPD objects—the positive deviants—could be individuals, communities, entities, areas, or countries whose uncommon behaviours and

strategies, in a specific context, can be translated into a performance measure that is digitally recorded, mediated or observed.

We end with Table 3, which compares the PD and BDPD approaches in terms of the data sources used, the type of anomalies detected, the

possible units of analysis, and the employed research methods and techniques.

We will be taking forward work applying BDPD, and we hope that other development researchers and practitioners may be encouraged to do

the same.
ABLE 3 Comparison between the positive deviance (PD) and the big data for development (BDPD) approach

Data Sources Used
Type of Positive
Deviants Unit of Analysis

Research
Methods

Data Analysis
Methods

PD Surveys, focus groups, interviews, observations Point anomalies Individuals and entities Qualitative,
quantitative
or mixed

Statistical methods

BDPD Government data, online incl. social media data,
mobile data, physical sensor incl. remote sensing
data, offline and online surveys, focus groups,
interviews, observations

Point and contextual
(time and spatial)
anomalies

Individuals, entities,
communities, regions,
countries, etc.

Quantitative
or mixed

Advanced analytics
and statistical
methods
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