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Abstract: In this article we set ourselves three challenges: first, to examine the potential of the data revolution to aid the transformational change required to achieve
sustainable development goals second, and the ability of evaluation to contribute to
greater engagement with data science technologies; and third, the capacity of data
science to further evaluation as an innovative and progressive field of inquiry. We
also discuss the political, economic, cultural, and ethical challenges that data science
presents to sustainable development and evaluation. We conclude that data science
and evaluation can enhance each other to address the key development challenges
of our time.
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Résumé : Dans cet article, nous nous sommes donné trois défis : premièrement,
examiner le potentiel de la « révolution des données » d’appuyer les changements
transformationnels requis pour atteindre les objectifs de développement durable;
deuxièmement, la capacité de l’évaluation de contribuer davantage grâce à un engagement accru envers les technologies de la science des données; et troisièmement,
la capacité de la science des données de faire progresser l’évaluation comme champ
d’études novateur et progressif. Nous discutons aussi de défis politiques, économiques,
culturels et éthiques posés par la science des données à l’égard du développement durable et de l’évaluation. Nous arrivons à la conclusion que la science des données et
l’évaluation peuvent s’améliorer mutuellement pour répondre aux principaux défis
en matière de développement de notre époque.
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While change is inevitable, progress is not. The challenges facing humanity represent existential threats to the future of all societies (Pichler et al., 2017; Steffen
et al., 2018), and require radical solutions for humanity to flourish into the next
century. The COVID-19 experience provides a clear lens on many of the frailties
and failures of the planetary system (Lambert et al., 2020) and the need to reboot
the current economic system (BMU & WRI, 2020).
As the largest collaboration for collective welfare to date, the 2030 Agenda
for Sustainable Development is a “supremely ambitious and transformational
vision” (UN, 2015, p. 3), calling for action by government in collaboration with
business and civil society. Both sustainable development goals (SDGs) 17.13 and
17.14 highlight that coherent, coordinated policy processes lie at the heart of the
transformational process. This is particularly important in the design, implementation, and evaluation of policies directed toward enhancing social-ecological
sustainability and resilience (Sterner et al., 2019). In this complex and dynamic
context, scientist and practitioner communities spanning natural, social, and human sciences need to work together and, with policymakers, need to help inform
the development of tractable solutions. This includes evaluators, who have skin in
the game (Patton, 2019b)
The Prague Declaration on Evaluation for Transformational Change, adopted
at the Third International Conference of the International Development Evaluation Association, indicates a growing attention to transformation in the evaluation
of sustainable development (Ofir & Rugg, 2021; ). Here, developments in data science have the potential to transform evaluation’s capacity to examine, guide, and
inform complex policy and program interventions addressing complex challenges
as embodied in the 2030 Agenda’s SDGs (York & Bamberger, 2020). Taking up
this mantle, we aim in this article to provide a perspective on the potential role
and prospects of new developments in data science to benefit evaluation’s capacity to make a transformational contribution to sustainable development. In this
sense, our perspective is one of many on the topic, but we hope it sheds light on
an increasingly important area for evaluation engagement.
We lay the foundation of the article by providing a brief overview of the
increasing turn to more systems and complexity-oriented informed thinking in
sustainable development evaluation. Then the core of our paper explores four
data-science approaches and their role in aiding sustainable development and
enabling a greater contribution of evaluation in the development arena. We then
examine the feasibility and challenges of applying these data-science approaches
in the current marketplace of evaluation and what that implies for the dual transformational potential of evaluation. We finish with some concluding insights.
But first, let us clarify some of the key concepts that are woven throughout
this article. The use of sustainable development returns to its original conceptualization proposed by the Brundtland Report (WCED, 1987, p. 43): “Development
that meets the needs of the present without compromising the ability of future
generations to meet their own needs.” We also include equitable social development and inclusion according to the more expansive interpretation of sustainable
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development adopted 25 years later by the UN General Assembly (UN, 2012, p. 1).
We acknowledge transformation as an unfolding, open-ended process; therefore,
we approach it heuristically rather than dogmatically and, given the international
scope of sustainable development, we use transformation to refer to the deep and
radical local to global systems change required to achieve the aspirations of the
2030 Agenda. This definition is often contrasted with incrementalism, reform,
or transition to convey the magnitude of required change: “Unlike a ‘transition,’
which implies moving from one place or state to another, ‘transformation’ is more
about completely reinventing shape or form—like the metamorphosis of a caterpillar to a butterfly” (Waddock et al., 2020, p. 4).

THE GROWTH OF COMPLEXITY AND SYSTEMS-INFORMED
THINKING IN SUSTAINABLE DEVELOPMENT EVALUATION
Let us be clear: Despite overtures toward more complex systems-informed thinking, policymaking (including associated measures such as projects and programs)
continues to operate largely in ignorance of complexity¾insufficiently attuned to
the reality of how complex systems function and blinkered in its belief in a certain and controllable world (Geyer, 2012). This is a state of affairs wholly at odds
with the complex world we all live in, where outcomes from interventions may
be radically different from those originally envisioned (Eppel & Rhodes, 2018).
Instead, it speaks to a particularly reductionist, bureaucratic, and economistic
worldview that dominates policymaking at local to international levels (O’Brien,
2014; Ramos et al., 2019), which fails to offer an integrative analysis of policies, interventions, and outcomes (Geyer, 2012). Hence, integrating complexity concerns
into policy processes and interventions continues to be highly challenging (Head,
2019). Additionally, relative to other fields, evaluation has been slow to embrace
systems and complexity thinking (Befani et al., 2015, p. 5; Williams, 2015, p. 9).
Yet, the need for more “complexity appropriate” policy and evaluation has
been increasingly recognised (Quayle & Kelly, 2019). This is especially critical for
addressing the complexity of today’s sustainability challenges (Steffen et al., 2018).
The term “wicked problem” describes complex problems that defy traditional
analysis and solutions (Hopson & Cram, 2018). The “apparent” intractability of
these issues resides in their multi-scalar and open dynamism, which means these
social-technical-ecological systems behave in non-linear ways. Such behaviours,
woven around feedback mechanisms, promote emergence, self-organization, adaptation, and uncertainty, magnifying the challenges of predicting system behaviours
that are constantly changing, resisting change, or evolving in unexpected ways.
Increasingly, “super wicked problem” denotes hyper-complex challenges such
as those embodied by the SDGs, characterized by multiple interacting systems,
scales of change (e.g., local, regional, and global), and intersecting interventions and actors (Levin et al., 2012). Collectively and individually, the 17 SDGs
and their accompanying targets and indicators comprising the 2030 Agenda
respond to extraordinarily complex problems (Fu et al., 2019). Nested within
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this complexity is an assortment of actors, ranging from bilateral and multilateral
aid organizations, philanthropic foundations, and private donors to civil society
organizations, the national public sector, and local populations. In these circumstances, where multiple perspectives exist expressing varying priorities and
agendas, and resource flows fluctuate in a global economy subject to recession
and political change, combined with natural forces, the result is a high degree of
uncertainty. The convergence of the coronavirus pandemic, climate change, and
social unrest aptly illustrates the complex interactions of a super-wicked problem.
COVID-19, a zoonotic disease, highlights how the steady encroachment on, and
neglect of, the environment spills over to negatively impact the human system
(Everard et al., 2020).
Despite this reality, interventions in the arena of sustainable development
have been dominated by single, clearly defined projects and programs provided
by single agencies and funded by single donors. These interventions are typically
treated as closed systems, with linear theories of change that overlook the broader
context and the complex interactions and interdependencies in which they are
unpacked. Such piecemeal approaches do not connect the dots required for more
sustainable development, and they risk overlooking important spill-over and sideeffects, whether they are synergistic or crippling (Patton, 2019a).
That said, increasingly in policy studies and evaluation there has been a concerted effort to start to address challenges related to non-linearity and uncertainty,
and particularly the difficulties these system characteristics pose for developing effective policy and the ability to forecast and attribute intervention-specific impacts
and outcomes (Bicket et al., 2020; Caffrey & Munro, 2017; Gates, 2016; Geyer &
Cairney, 2015). In evaluation, notable examples include the emergence of Blue
Marble Evaluation, based on the Developmental Evaluation approach pioneered
by Michael Quinn Patton (Patton, 2019b), the work of Bob Williams and Richard
Hummelbrunner advancing systems concepts and methods in evaluation (Hummelbrunner, 2015; ), and Jonathan Morrell’s research addressing the integration
of traditional and advanced simulation methodologies to examine unintended
consequences and complex system behaviours (Morrell, 2010, 2018).
The adoption of the 2030 Agenda has helped to further propel this uptake
of complex systems thinking in the field of development evaluation (Bamberger
et al., 2016). As Andy Rowe states, in his work on “sustainability-ready evaluation,” “sustainability is an issue that evaluation must address systematically as
core, crosscutting evaluation criteria and questions” (Rowe, 2019, p. 31). This
has certainly provided additional material for the writings of Donna Mertens on
transformative evaluation (Mertens, 2018; Widianingsih & Mertens, 2019), edited
volumes by van den Berg et al. (2019) and Parsons et al. (2020), as well as the
development of more innovative evaluation approaches to address interactions
between climate change and environmental issues promoted by the Independent
Evaluation Group of the Global Environment Facility (GEF, 2018).
While transformation is not defined explicitly in the 2030 Agenda, it encompasses the triple bottom-line of economic, environmental, and social development
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(UNRISD, 2016). In other words, transformational change is systemic root-andbranch change of system structures, functions, and processes and fundamentally
different from the way things are now (Schwandt et al., 2016, p. 7). Transformational
development requires, among other things, a much-needed shift from siloed interventions and funding streams to more holistic, integrated approaches at all levels in the global system (Chaplowe et al., 2021). Achieving complexity-informed
transformational change will require inter- and transdisciplinary working across
epistemic communities (Hejnowicz et al., 2018), open policy processes (Talbot &
Talbot, 2015), and methodological and data innovation (Ghaffarzadegan et al.,
2011). It is to that last of these we now turn.

FRONTIERS AND ADVANCES: DATA SCIENCE, SUSTAINABLE
DEVELOPMENT, AND DEVELOPMENT EVALUATION
We are living through a data revolution, “the Fourth Industrial Revolution,” spearheaded by technologies that are often cheaper, faster, more easily distributed and
accessible, as well as scalable, and are accelerating change across sectors and societies (Schwab, 2021; ). For example, as Cohen and Kharas (2018) state, “Emerging
technologies could lead to the next quantum leap in (i) how data is collected;
(ii) how data is analyzed; and (iii) how analysis is used for policymaking and the
achievement of better results.” The rapid development of new tools, techniques,
and data types is growing exponentially. According to Statistia.com (June, 2020),
the volume of data that humans create, consume, capture, and copy is set to reach
64.2 zettabytes in 2020, with the so-called “data sphere” potentially reaching 180
zettabytes in just the next five years (that’s 175 followed by 21 zeros!).
Accompanying this prodigious expansion in data technology and generation
is a growing interest in the transformative potential of the data-science frontier
for sustainable development (Raftree & Bamberger, 2014; UN IEAG, 2014;
Yayboke et al., 2017). Given the dynamic landscape in which this discourse is
evolving, different perspectives understandably emerge: some aspirational and
utopian, focusing on the benefits and a transformational data horizon, others
more circumspect and cautious about digital technologies for universal good (e.g.,
; Del Río Castro et al., 2021; Goralski & Tan, 2020; IATT, 2019; Kong et al., 2020;
Nara et al., 2021; Truby, 2020; 2030Vision, 2019; UN IEAG, 2014; Vinuesa et al.,
2020). Ultimately, as argued by Letouzé et al. (2019, p. 17), achieving the 2030
Agenda necessitates innovation and transformation on several fronts, including
timely and accurate data collection, analysis, and use.
These broadscale technological advances present significant opportunities
for the field of development evaluation (García & Kotturi, 2020), providing a
rich array of data sources that can support program management, facilitate understanding, and improve the analytical power and capacity to assess complex
environments that are rapidly changing with an accompanying increase in the
volume of information produced (Bruce et al., 2020). The volume and potential
of these data is aptly illustrated by the almost exponential increase in the use and
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distribution of mobile phones, satellite and remote sensing, and digital banking
in the last decade (York & Bamberger, 2020).
Equally, a core challenge for the evaluation of sustainable development is
that development is an open-ended process, occurring across multiple spatial and
temporal scales, within and across national borders. This serves to amplify the
interconnected and interdependent reality of the SDGs and the need to achieve
them on a joint basis, especially because many are mutually reinforcing, rely on
the achievement of several goals, or trade off one another (Nilsson et al., 2018;
van Soest et al., 2019). Challenges extend beyond managing the complex interactions between SDGs to include the wider macro-environmental influences that
impact national-level capabilities¾for example, resource flows from development
funders; the effectiveness of social and financial levers; historical and contemporary social, economic, and demographic disparities; the dynamics of multinational value chains; international conventions; and geopolitics (Ofir et al., 2016).
This means that there is a prolific amount of data and information that the
development evaluation community needs to manage and interpret. Some of this
is compiled on platforms like the Open SDG Data Hub, but more has not been
collated and compiled in comprehensive databases and repositories, as it comes
through many different channels and streams. Not only does this clearly argue
for a revival of collaborative joint evaluations working across the SDGs (Carugi &
Bryant, 2020) to ensure key learnings are captured (Patton, 2019a), but it also
makes a strong argument for the evaluation community to increasingly adopt the
tools, instruments, and technologies of data science to manage complex data to
address complex evaluation questions that sustainable development interventions
generate (York & Bamberger, 2020).
The uptake and use of these technologies for evaluation are still relatively
nascent (Bruce et al., 2020; York & Bamberger, 2020). However, given the urgency of today’s challenges, and the rapid speed with which these technologies
are evolving, the time to harness them for improving evaluation innovation and
effectiveness is now. In the reminder of this section, we focus on four significant
and growing areas in the data science toolbox for evaluation: Big Data, Machine
Learning (ML), Artificial Intelligence (AI), and perhaps the lesser-known Digital
Twins (DT). We provide a brief description of each of these technologies before
discussing their potential to help understand the complex challenges of sustainable development and their transformational prospects in evaluation.

Big Data
Since the 1990s, Big Data’s ascendancy has grown with computing power and the
vast volumes of data accumulated daily. It can be neatly summarised by the four
Vs: an increasing variety of data forms in increasing volumes at rising velocities,
where there is often uncertainty regarding data quality, accuracy, and completeness (veracity) in respect to its origins or source. Ultimately, Big Data is about
larger, more complex datasets, often from sources that are generally beyond the
capabilities of standard processing software to compute. Most often this concerns
© 2021

CJPE, e71527

doi: 10.3138/cjpe.71527

This advance access version may differ slightly from the final published version

Data Science and Evaluation for Sustainable Development

▌

unstructured and semi-structured data in the form of images, text, audio, and
video but also includes more traditional structured data (e.g., relational databases). The volume of this data is generally large but of low density¾that is, stemming from social media platforms, mobile phone applications, satellite imagery,
and web pages. In many cases, such as social media data, the rate at which data
are received (velocity) is in real or near-real time.
In complex development contexts, Big Data has been noted for its potential
to improve the understanding and examination of coupled environmental, social,
and economic systems (Kong et al., 2020), enabling, for example, the development
of additional SDG metrics via disaggregated geographical information (Delli
Paoli & Addeo, 2021), such as the use of Google Earth Engine data to assess the
social and physical vulnerability of populations to flooding in Senegal (Schwarz
et al., 2017). In urban sustainability, Big Data’s potential to expand analyzable data
has been especially useful for assessing human behaviours and urban mobility,
planning, public health and safety, energy utilization, and environmental sustainability. It is argued that these aspects provide a human-centred vision of urban
sustainability, while also delivering dynamic, timely, and real-time information
at a more fine-grained resolution (Kong et al., 2020). A neat example of this is the
combined use of mobile phone records with spatial data to assess the association
between socio-economic and environmental conditions with crime and safety
vulnerabilities in neighbourhood districts of Bogota, Colombia (De Nadai et al.,
2018).
To understand Big Data’s use in evaluation, it is helpful to consider three
generic forms of Big Data types: human-centred (e.g., consumer-related information or behaviours derived from sensors and the Internet of Things, social media,
or surveys); administrative (e.g., program-based data such as monitoring data
collected by service agencies or records from government and public databases
and archives); and geospatial (e.g., data obtained from satellites, drones, or remote sensing). Across all of these, one of Big Data’s advantages is the possibility
of obtaining data coverage for an entire population, vastly improving resolution
and granularity and, combined with AI algorithms and data mining techniques,
the capacity to enhance decision making and the accuracy of predictions related
to the efficacy of specific development interventions (Bertermann et al., 2020;
Letouzé et al., 2016; York & Bamberger, 2020). Moreover, by drawing on different data platforms, Big Data offers the possibility of compensating for data gaps,
validating connections, and uncovering new and possibly hidden relationships
(Picciotto, 2020).
From a monitoring perspective, the consequences of Big Data are also far
reaching¾for example, improving the identification of hard-to-reach groups
where development impacts could have most value; providing data on a broader
array of indicators across social, economic, and environmental domains and the
development of longitudinal datasets; monitoring traditionally difficult to research areas such as governance or human rights; and enabling the construction
of integrated data platforms (Bertermann et al., 2020). Furthermore, Big Data also
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increases the potential of sharing learning more rapidly for monitoring as evaluation, because it can be gathered, analyzed, and visualized in near-real time, while
also improving the ease with which to validate and ground-truth findings. At the
same time, there is the opportunity to aggregate and combine data of different
forms (i.e., quantitative, semi-quantitative, and qualitative) in new ways, broadening immensely the availability of tools for evaluators, such as predictive analytics.
In this regard, the utilization of Big Data has the prospect of enabling “complexityresponsive evaluation designs” and promoting the application of systems-based
thinking to examine and interrogate complex situations (Bertermann et al., 2020;
Letouzé et al., 2016; York & Bamberger, 2020). Used in this manner, Big Data has
the potential to improve the quality of evaluations (Picciotto, 2020).
In the world of impact evaluation, as Rathinam et al. (2020) point out, Big
Data provides a means to broaden the evidence base across sustainable development sectors (e.g., urbanization, climate change, disaster-induced displacement)
by expanding the availability of data; increasing the ability to zoom into key
areas of interest to produce finer-scale resolution; measuring long-term impacts;
identifying comparison groups, pre-program trends and control variables; and
retrospective evaluation of impacts across multiple scales. For instance, the use
of satellite imaging spectrometers to measure point source methane emissions
(Ayasse et al., 2019) illustrates where industry Big Data crosses over and informs
environmental sustainability. Satellite imagery and mobile phone data have been
especially effective to access areas where traditionally evaluations have stumbled
due to data deficiencies, examples curated by Rathinam et al. include the use of
social network data to assess collective citizenship in Tanzania; mobile data to evidence the pros and cons of mobile money platforms in Afghanistan; crowd sourcing to increase community engagement in childhood immunization in Uganda;
corporate credit-card details to appraise the efficacy of financial education programs in Mexico; large-scale public agency data to assess transport infrastructure
investment in subway systems in Beijing; satellite data to evaluate high-speed
rail and urban expansion in China, and the effectiveness of protected areas and
incentive-based environmental management interventions in the Tropics.

Machine Learning (ML) and Artificial Intelligence (AI)
Machine Learning is an approach to enable computers to learn to recognize patterns in data. ML models are generally based on classification (assigning instances
of interest to specific categories) or regression (pattern seeing and prediction
mostly based on scoring probabilities). The purpose of this pattern recognition
is to make generalizations from existing data and predictions about new data,
which could be economic, social, or environmental data, for example. In ML,
learning is based on training data, from which pattern-“seeing” capability can
be subsequently honed and applied. The training process allows ML algorithms
(the implementable rules for problem solving or computation)—whose learning
capacity can be programmed to be more or less deterministic or reinforcing—to
find patterns and relationships in existing data that can then be applied to produce
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models capable of making new predictions about novel (unseen) data, or in the
case of reinforced learning, testable hypotheses for a given situation or context
(USAID, 2019).
On the other hand, AI is generally regarded as an overarching term for both
the science and technology of developing and creating intelligent systems. In
many cases, AI is enabled by advanced ML. However, it goes further than ML
in being able to enact, plan, or do something within a real-world setting. It is
generally regarded that AI is dependent upon technology that exhibits some or
all of the following characteristics: perception (recognizes different forms of input
data such as visual, audio, textual, and tactile); decision making (can function as a
diagnostic); prediction (capable of making forecasts, for instance); pattern recognition and knowledge extraction; interactive communication (can engage in a form of
conversation like chatbots); and logical reasoning (able to develop theories from
underlying premises).
Artificial intelligence (AI) (inclusive of ML) has the potential to contribute
substantially to both short- and long-term gains in global productivity, environmental enhancement, and social justice (Truby, 2020). A recent assessment
(Vinuesa et al., 2020, p. 1) identified 134 targets across the 17 SDGs where AI
could contribute to their achievement (82% of societal outcomes, 70% of economic outcomes, and 93% of ecological outcomes), covering areas such as health
care, food, and energy provision for transitions towards low-carbon economies
and smart-city advancements. Nonetheless, the report also identified 59 targets
for which AI had the potential to disrupt their achievement. Overall, such research supports the perspective of the data revolution as “drivers for sustainable
development” (Nara et al., 2021, p. 103).
AI’s potential is particularly notable at the intersection between the social,
environmental, and economic dimensions of sustainable development, due to the
dynamic complexity of these issues (2030Vision, 2019). For example, Hilbert and
Mann (2019) examined 24 case studies showing how AI can support the fulfilment of nine SDGs, including smart agriculture (SDG 2), health-care diagnostics
(SDG3), virtual family planning for girls during pregnancy (SDG 5), and robotics
for road repairs (SDG 11). Relatedly, AI can improve water security and quality challenges through smart water management and monitoring systems, with
positive outcomes for water infrastructure and health and sanitation (Goralski
& Tan, 2020).
In health settings, AI’s potential contributions include the diagnosing, monitoring, and modelling of disease outbreaks, pandemics, and chronic ailments,
as well as the development and testing of new treatments and the use of chatbots in mental health and family planning services (2030Vision, 2019); ). In the
food sector, AI applications—beyond smart agriculture—include supply chain
optimization, financial management, and the combating of crop pests and diseases (2030Vision, 2019). Other beneficial applications of AI relate to fraud and
financial crimes, mobile phone e-commerce, urban planning, renewable energy
infrastructure design and operations, illegal wildlife trade, and modelling and
doi: 10.3138/cjpe.71527

e71527, CJPE

This advance access version may differ slightly from the final published version

© 2021

▌

Hejnowicz and Chaplowe

forecasting for disaster risk reduction and humanitarian situations (Goralski &
Tan, 2020; Nikita et al., 2019; ; USAID, 2019; Vinuesa et al., 2020).
Machine Learning and AI have considerable contributions to make in obtaining basic measurements used in sustainable development evaluation, especially
where there are significant data gaps such as in livelihoods interventions (e.g.,
poverty mapping and prediction). The work of Blumenstock et al. (2015) in Rwanda demonstrates how historical mobile phone data (and associated metadata)
can be used to infer people’s socio-economic status—helping to predict levels of
poverty and wealth. This research also reveals the ease of gathering data that is
low-cost, localized, and timely: important considerations in resource constrained
environments. Similarly, Jean et al. (2016), working in East Africa, showed that
neural networks could identify elements of images that explain close to 75% of
the variation in economic outcomes. The Asian Development Bank has reported,
with some success, the use of similar AI and ML applications to map poverty in
the Philippines and Thailand (ADB, 2020).

Digital Twins (DTs)
Only in the last few years have DTs started to become part of mainstream technology trends and more widespread in their application in the corporate, business,
and industry sectors (ARUP, 2019; Deloitte Insights, 2020; Jones et al., 2020). A
DT may be defined as
a digital representation of a real-world entity or system. The implementation of a
digital twin is an encapsulated software object or model that mirrors a unique physical
object, process, organization, person, or other abstraction. Data from multiple digital
twins can be aggregated for a composite view across a number of real-world entities,
such as a power plant or a city, and their related processes. (Gartner Research and
Advisory Company, 2020).

That said, there is no singular definition of a DT, but rather a spectrum of
views (ARUP, 2019; Deloitte Insights, 2020). However, what links these views is
the physical-to-virtual and virtual-to-physical connection, and the closed-loop
interaction and bi-directional informational exchange between the virtual and
physical worlds (Jones et al., 2020). Many definitions also emphasize that the
physical components of DTs can concern people, processes, objects, places, and
services—thereby encompassing both systems and components, processes and behaviours, and assets and organizations (ARUP, 2019; Slingshot Simulations, 2020).
Core to the development and utilization of DTs is their iterative prototyping
capacity; that is, they either have the possibility to reproduce things in the real
world or have the potential to be in the real world in the future (ARUP, 2019; Deloitte Insights, 2020). Digital Twins are therefore problem-solution focused, and
their “value added” rests on their ability to enable better planning for the future,
monitoring the current state of systems, and problem discovery and correction
(ARUP, 2019; Deloitte Insights, 2020).
Perhaps the most transformational aspect about DTs is their potential for
understanding and learning through a systems approach. This makes DTs very
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flexible tools, capable of addressing what-if scenarios, enabling virtual collaboration, processing sensor data to simulate new conditions in almost real time, and
delivering output instructions that can manipulate the physical world (Deloitte
Insights, 2020). DTs can therefore act as living models, adapting to change in real
time, bringing in elements of creativity and storytelling and offering a space to act
as a virtual testbed, such as in urban development policy (Slingshot Simulations,
2020), personalized health care (Alber et al., 2019; Bruynseels et al., 2018), or fitness management (Barricelli et al., 2020).
While DTs are a less-proven technological innovation in sustainable development, their use is already making headway. DTs have been employed to improve
the efficiency and effectiveness of system processes, procedures, and outputs
across the manufacturing, urban, energy, health-care, transport, and supply-chain
sectors—principally, via enhancing operational performance and productivity, resource and cost allocation, data and asset management, and human-environment
interactions, by coupling different data streams and active interventions across
technical, environmental, and social components (ARUP, 2019; Deloitte Insights,
2020). For example, DTs can improve the utilization of energy and water resources
across manufacturing processes, leading to better operational decisions and a
more circular approach to resource consumption (Guidehouse Insights, 2019).
Elsewhere, DTs have been used to great effect in urban development, regeneration,
and smart cities (Nochta et al., 2021), enabling new approaches to urban planning
in relation to mobility, green infrastructure, and disaster risk reduction, exemplified by Virtual Singapore (ARUP, 2019).
Human factors are central to DT functionality, providing opportunities for
stakeholders to be involved in contributing to their development and refinement,
specifically through processes of visualization and showcasing, policy testing at
local and national government levels, and communication for investment decision
making (Slingshot Simulations, 2020). The potential for DTs to enhance governance for sustainable development, through more informed policymaking, and not
just via improved sectoral outcomes within certain SDGs, is significant (ARUP,
2019; Deloitte Insights, 2020).
The potential of DTs in evaluation is very new and emergent. Due to the history
of DT development, it has been mainly used in engineering, aerospace, and infrastructure prototyping. However, the possibilities for open and real-time evaluations
of small and large interventions are immediately apparent, especially at the ex ante
and implementation stages of an intervention. One useful example is the evaluation of telecommunication policies. Here, a DT of a real-world telecommunications
network was developed to allow for the exploration of possible future states under
differing policy scenarios for the roll-out of digital broadband under a market-based
or subsidized-based policy model. The testing of different broadband deployment
strategies within a virtual market context, and the subsequent evaluation of their
effectiveness, provided much greater transparency of decision making and over the
long term could lead to new knowledge and innovation through testing different policy options Oughton (2018). It is highly plausible that as the utilization of DTs within
the policy space increases, they could be used to generate virtual counterfactuals for
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interventions against which those interventions can be evaluated (e.g., via running
different scenarios to assess the degree to which the object of evaluation is relevant,
fit for purpose, efficient, effective, having impact, or sustainable).

Coda
It is important to understand that while the above discussion frames four datascience technologies somewhat separately, they can only be properly understood
in relationship with one another (Kaur et al., 2020; Saadia, 2021). For instance, Big
Data is the substrate upon which AI works. The volume and complexity of Big Data
datasets enable the ML elements of AI to learn, update, and train intelligent algorithms and neural networks. These developments allow AI in turn to make sense
of the diverse and unstructured nature of these large streams of data. As a case in
point, the integration of AI and Big Data has proved to be invaluable in enabling
health-care professionals to accurately and early on diagnose COVID-19 cases, as
well as to engage in long-term strategic planning for managing this extended crisis
through risk detection and regional transmission scenarios (Elghamrawy et al.,
2021). Figure 1 illustrates the interdependent relationships between a number of
these technology “subsystems” within the data-science system, highlighting the
interconnections and data flows between them. However, it is important to note
that innovation in data science is not a magic bullet, which we unpack below.

Figure 1. Relationships between key components of data science.
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CHALLENGES OF DATA SCIENCE FOR SUSTAINABLE
DEVELOPMENT AND EVALUATION
Whereas the data-science revolution holds much promise across the environmental, economic, and social pillars of sustainable development, a growing part of the
narrative is exploring the limitations and pitfalls of over-reliance on technological
innovations in data acquisition and processing to solve large, multi-scale, complex, and multi-factorial challenges. Related, the degree to which the data-science
revolution has been adopted and applied in the field of evaluation has been slow
relative to other fields, such as applied research to affect economic, social, and
environmental policy-level transformation. Below we examine the underlying
reasons, first focusing on challenges to the application of data science in development, and then looking at challenges to its uptake in evaluation.

Key application challenges of data science in sustainable
development
Del Río Castro et al. (2021) point out that the evidence base regarding the use and
influence of the “digital paradigm” on sustainable development is still noticeably
lacking due to a variety of issues, including a poor understanding of the complexities and interconnections between SDGs, flawed indicators and assessment
procedures, insufficient coordination which undermines implementation and is
exacerbated by government bureaucracy, and a failure to fully engage with new
data innovations and technological advances. Elsewhere, the UN IEAG (2014)
identifies several key concerns with the uptake of data science, including the potential for abuse of privacy and human rights, as well as the stark data divisions
and inequalities between groups of people, communities, sectors, and countries.
Its report recommends different sectors and groups of actors from across public,
private, and civil society sectors come together to ensure improvements in data
availability, accessibility, quality, and safeguarding. Four priority areas are identified: (1) Principles and standards largely relate to data rights, privacy and protection (particularly with vulnerable and minority communities), transparency,
openness and curation (especially with data gathering and the useability of data
gathered), and data quality, integrity, disaggregation and timeliness (particularly
with avoiding bias and exclusion); (2) Technology innovation analysis focuses on
addressing research gaps, improving data sharing, and enhancing SDG monitoring capabilities through leveraging a greater degree of data sources; (3) Governance leadership concerns establishing multi-scale networks of key actors and
governments to coordinate, manage, and implement principles and standards; and
(4) Capacity resources address the issue of attracting investment to build effective
SDG monitoring systems, technical capacity and data literacy, and leveraging
private-sector involvement. Additionally, another key issue is cost. Data can be
prohibitively expensive, and very often in private hands, which means accessing it
can require considerable funds—given the need for more collaboration, equitable
data sharing, and reductions in inequalities, some argue that governments should
make some data (e.g., satellite imagery) freely available (Cohen & Kharas, 2018).
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Other key costs considerations include staff time, necessary computing infrastructure, and data storage requirements (Rathinam et al., 2020).
The prescience of these issues remains, reflecting current concerns. For example, Vinuesa et al. (2020) point out the need for AI to be supported by regulatory frameworks and oversight to avoid lapses in transparency and accountability
and the evasion of ethical standards. Similarly, Truby (2020) calls for regulation
through an agreed international governance framework to reduce the probability of AI undermining SDG progress, with special attention to Big Tech, while
Picciotto (2020, p. 171) points to the unregulated nature of the Big Data digital
industry, raising the concern that much of the data resides in private hands and
drives asymmetric concentrations of power. Notably, the UN Economic and Social Commission for Asia and the Pacific (UN ESCAP) and Google recommend
improved private-sector and government partnerships in the application of AI to
government programmes, while at the same time cautioning that governments
need strong regulatory frameworks to regulate these partnerships, widen public
access, and ensure they are culturally appropriate (UN ESCAP & Google, 2019).
This highlights the growing tension between “global efficiency and local diversity”
in terms of centralized versus decentralized solutions (Hilbert & Mann, 2019),
while echoing the need for improved safety to avoid so-called “AI catastrophes”
(Vinuesa et al., 2020).
Several authors note the need to improve e-infrastructure, connectivity, and
related technologies to prevent the marginalization and disenfranchisement of
less-resourced communities, especially those in the Global South (Broadband
Commission for Sustainable Development, 2017; World Bank, 2016). There is
significant emphasis placed on addressing bias and inequality in AI designs and
Big Data gathering and curation, which has implications for the reliability and
robustness of modelling and automated decision making (Picciotto, 2020). Biases
in algorithm programming can magnify human biases, resulting in large-scale
impacts on minority and protected groups, for example. Hence the calls for greater
investments to improve the fidelity and ethics of data mining, ML, and AI technologies (Truby, 2020; Vinuesa et al., 2020).

Key uptake challenges of data-science utilization in evaluation
The reasons for the digital paradigm’s lack of application in evaluation largely
concern issues of culture, ethics, and economics.
Culture
Data scientists and analysts, and evaluators, occupy different worlds and value
systems, which affects the uptake and use of data science within evaluation. Key
differences include the role and importance placed on theory and conceptual
framings in data collection and evaluation design. It is argued that data scientists
are less driven by theory, while evaluators are more theoretically informed. It
has also been suggested that decisions regarding evaluation designs will increasingly be made by data scientists instead of professional evaluators (York & Bamberger, 2020). In addition, due to a lack of technical capacity building across the
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evaluation community, many evaluators remain unfamiliar with data-science
tools and techniques, especially machine learning, predictive analytics, and probability modelling. This is exacerbated by poor institutional connections between
data-science experts and evaluation teams. Together, the combination of reduced
technical competency and disconnection become self-reinforcing (Bertermann et
al., 2020; York & Bamberger, 2020).
While evaluators are generally more concerned with developing causal
explanations for the successes and failures of program interventions, many ML
and AI applications based on Big Data rely more on the sheer volume of data to
produce statistically significant correlations. That said, the constant stream of realtime information provided by Big Data sources can deliver operationally valuable
insights. However, this may also prove inhibitory, because although evaluations
can be iterative for ongoing learning—for example, Developmental Evaluation—
such iterative modes of working may still find it difficult to accommodate a
near real-time stream of data. Here, data will likely require sufficient time to
be processed, analyzed, and made sense of, in order to inform decision making
and judgements regarding the evaluation process or approach to be considered
and implemented. Temporal framings can also be problematic, in the sense that
Big Data information, for example, can extend well beyond the time horizon of
a single project or program evaluation. There is also the contention that datascience applications remain insufficiently developed to adequately assess complex
systems, which is perhaps also a symptom of a lack of widespread and adequate
monitoring infrastructure (Bertermann et al., 2020; York & Bamberger, 2020).
Ethics
Ethical concerns include operational, organizational, and political challenges of
data privacy, cybersecurity risks, sensitivity, consent, accessibility, representation,
missing data, data manipulation, and elite capture (García & Kotturi, 2020).
Some of these challenges arise because ML processes can cause “over fitting”; in
other words, models are biased toward the “trained data” and do not produce
accurate and generalizable predictions on new data. Equally, because AI and ML
require large amounts of data, meaning they excel statistically, they can faulter
spectacularly on individual cases, which can result in racial profiling, creeping
surveillance, unfair outcomes for particular communities, and a lack of redress
for mistakes as a result of model complexity. In these cases, evaluation can help
to ground-truth large-scale data-science information through direct observation
(Bertermann et al., 2020; Hagendorff, 2020; García & Kotturi, 2020; Rathinam
et al., 2020; USAID, 2019; York & Bamberger, 2020).
Economics
Evaluation is embedded in the political economy and therefore subject to the same
market and power forces that shape its evaluand, such as sustainable development
in our case. In other words, the political economy of development shapes the
industry of evaluation, and this includes the uptake and application of data science in evaluation. Some of the most fundamental practices of evaluators and
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evaluation commissioners are at odds with innovation in complex systems, such
as the uptake of data science. While there may be rhetoric to complexity-adaptive
evaluation, for the most part evaluations are commissioned and used primarily for
accountability purposes rather than adaptive learning, innovation, and improvement (Williams, 2015). The emphasis on accountability favours commissioning
methodologies and technologies for simple designs or framings of interventions,
where measurement is more narrowly focused on a linear chain of desired results
confined to a particular timeline dictated by funding cycles. Evaluators are also
more accustomed to working with smaller population samples rather than large
data sets that are streaming in real time. In its study on the impact of the commissioning process on complexity-appropriate evaluation, the Centre for the
Evaluation of Complexity Across the Nexus (CECAN) identifies several barriers
that inhibit complexity-appropriate methods (Cox, 2019). An important source
of barriers relates to risk-adverse attitudes to experimentation amid tight budgets
and timelines; insufficient knowledge about and capacity in new methods and
technologies to commission and manage complexity approaches; concerns as to
whether the approach will deliver as well as needing to justify methods to key
stakeholders; and the overall risk of assessing delivery of unknown evaluation
methods. Such concerns reflect the market demand for accountability to the detriment of more innovative, technologies and data science.

MOVING FORWARD
We have outlined some of the major challenges that limit the uptake and potential of
data science in sustainable development and evaluation. However, the transformative
potential and joint benefits of data science for development evaluation remain clear:
improved modelling capabilities, better service delivery through enhanced targeting
and granularity, broadly reduced levels of bias, efficiency gains via cost reductions,
and, just as important, the ability to have (near) real-time information on the system
of interest (Bertermann et al., 2020). The latter point is important because aspects
of real-world development, especially super-wicked problems, are messy and do not
fit well with predefined timeframes and funding cycles. The availability of real-time
data can help shift evaluation away from narrow approaches focused on predetermined timeframes of purposive theories of change to instead adopt more real-time
adaptive evaluation, monitoring as evaluation, that provides immediate feedback
so that interventions can be nimbler and more responsive to change (Vogel, 2012).
New developments, such as the complex evaluation framework developed by the UK
Government Department for Environment, Food and Rural Affairs in conjunction
with CECAN (2019), can aid in this process by providing commissioners of evaluation and evaluators with a practical structure for designing and navigating complex
evaluations in complex policy contexts, and affording a basis for drawing on datascience technologies and applications as part of that process.
At the same time, the direction of flow is not simply from data science to
evaluation; the evaluation field can teach important lessons to improve the utilization of data science within evaluation. As York and Bamberger (2020) summarize,
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these lessons include the need to (1) openly address data quality and validity,
including construct validity; (2) address social exclusion and sample bias; (3) engage with a broad constituency of actors to establish key evaluation questions of
concern that data will need to address; (4) reconsider the value of theory in data
gathering, curation, and analysis; (5) apply mixed-methods approaches combining traditional methods of data collection with new data-science techniques; and
(6) recognize the importance of ground-truthing what in many respects will be
data streams not explicitly captured for evaluation purposes. Crucially, as Picciotto (2020, p. 178) highlights, evaluation also has the capacity to embed human
values and ethics into the Big Data world in both business and policy domains,
particularly through the emphasis it places on co-production.
Improving the coalescence of evaluation and data science should be a priority
and will be critical to achieving longer-term positive impacts in the sustainable
development evaluation space. This will require the purposeful building of bridges
between these two worlds, through improving intra-organizational linkages,
increasing opportunities for collaboration between data scientists and evaluators
(for example, Big Data impact evaluations require multidisciplinary teams of
experts working together, including data analysts and evaluators), and improving capacity development training for both evaluators and data scientists in each
other’s fields (Rathinam et al., 2020; York & Bamberger, 2020).
Returning to the premise of our article, we hope to have demonstrated
the potential and importance of data science as a resource and valuable
transformational tool for helping to uncover and grasp the many complexities in
sustainable development evaluation. Of course, this is not limited to development
evaluation but is equally applicable to other areas of evaluation concern. As such,
we believe that evaluation as a profession can and should be benefitting from, and
actively engaging with, these new technological frontiers.
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