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Abstract 

Background — Countries around the globe have started implementing policies to respond to 

the current and future risks of climate change. The scientific literature on these adaptation 

policies is fragmented and no central typology is generally accepted, making tracking of global 

adaptation policy progress difficult.  

Methods — In this protocol, we describe how we use machine learning methods to classify 

scientific literature on adaptation policies following the ROSES guidelines. We use a broad 

search query in Scopus, MEDLINE and Web of Science (up to November 2021). We manually 

classify a subset of the documents and use this to train multiple supervised machine learning 

algorithms, including a state-of-the-art algorithm based on BERT. The classification scheme 

is aimed at providing a multi-functional database: we classify first based on a newly created 

typology, which is based around the well-established NATO categories of policy instruments; 

this is supplemented with categories on the types of impacts, evidence on maladaptation, 

constraints, evidence type, governance level and geographic location.  

Expected results – Using the typology and categories, as well as topic modelling, we create an 

overview of scientific literature on adaptation policies. This describes the breath of policy 

options, their geographic distribution, developments over time, and under-explored areas. If 

successful, this would result in the most comprehensive evidence map of adaptation policies 

to date; building on this, the machine learning algorithms and underlying data can serve as a 

basis for a living evidence map, moving towards the real-time tracking of adaptation progress.  
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1 Background 

With the impacts of climate change becoming increasingly clear and pressing (IPCC, 2018, 

IPCC, 2021), adaptation to these impacts has become an important focus of climate policy, 

especially since the Paris Agreement (Lesnikowski et al., 2017). In the Agreement, countries 

commit to additional reporting, including a Global Stocktake on Adaptation, with the goal of 

assessing global progress and the adequacy and effectiveness of adaptation measures. For 

mitigation, such efforts are perhaps best summed up by the assessment of the “emissions gap” 

(United Nations Environment Programme, 2021b) which provides clear guidance on the 

progress of countries in reducing emissions and the size of the remaining challenge. 

Quantifying the analogous “adaptation gap” (United Nations Environment Programme, 

2021a) however has proven to be more difficult.  

These difficulties are in part caused by fundamental disagreements on the meaning of 

adaptation and whether it can be meaningfully measured (Arnott et al., 2016, Runhaar et al., 

2018, Craft and Fisher, 2018). More practically, adaptation tracking systems are not present 

in the majority of countries, even if they have a national adaptation plan (United Nations 

Environment Programme, 2021a, Leiter, 2021) and national tracking systems are often not 

designed for to support global comparisons (Magnan and Chalastani, 2019). This despite 

Global Stocktake’s reliance on country reports (Christiansen et al., 2020, Craft and Fisher, 

2018). Independent efforts to create an overview of adaptation progress face a complex task 

as policies range from the international to the municipal level (Berrang-Ford et al. 2019; 

Olazabal et al. 2019); Persson and Dzebo (2019) even state that global or transnational 

adaptation governance is so ill-defined that it “can become an impossibly broad phenomenon 

to study” (p. 358). Adding to the challenge is the lack of a central database to record policies – 

though some efforts do exist (Nachmany et al., 2019, Füssel and Almond, 2021). Systematic 

assessments of the scientific literature meanwhile provided some insight in the past (Berrang-

Ford et al., 2011), but since then, the sheer volume and heterogeneity of adaptation-relevant 

research has increased markedly, complicating synthesis efforts (Sietsma et al., 2021). 

These challenges are not unique to the adaptation community. Spreading out from computer 

science, the term “Big Data” has been widely adopted, taking on various meanings along the 

way (Kitchin and McArdle 2016), all centred around the use of computers to extract 

meaningful insights from data with a high volume, velocity, and variety (Laney 2001). In 

recent years, such approaches have also made their way into climate change research (Rolnick 

et al., 2019). Some climate change researchers have used machine learning approaches to 

build and analyse large text-based datasets (Hsu and Rauber, 2021, Lesnikowski et al., 2019a, 

Biesbroek et al., 2020, Callaghan et al., 2020, Lamb et al., 2019). Relatedly, the phenomenon 

of “Big Literature” (Nunez-Mir et al., 2016), a rapid increase in the number of scientific 

publications, has led some within the evidence synthesis community to integrate machine 

learning methods into a more traditional systematic review process (Haddaway et al., 2020, 

Nakagawa et al., 2019, Van de Schoot et al., 2021). This includes the use of machine learning 

to create “evidence maps”; for example, to identify trends and research gaps on health impacts 

of climate change (Berrang-Ford et al., 2021c), to assess progress within climate change 

adaptation research (Sietsma et al., 2021) or to categorise and estimate the size of climate 

change impacts worldwide (Callaghan et al., 2021). 
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Despite the promise of machine learning methods, they are rarely applied in an adaptation 

policy context (notable exceptions: Biesbroek et al., 2022, Biesbroek et al., 2020, Lesnikowski 

et al., 2019a, Ulibarri et al., 2022). Moreover, the discourse around the Global Stocktake is 

mostly devoid of any substantive discussion on computer-based methods – even the 

Adaptation Committee (2020) limits their discussion of Big Data to one text box (p. 28), which 

is largely filled with explanations of definitions and refers to a few data initiatives outside of 

climate change. This does not do justice to the proven track record of machine learning 

methods in other closely related contexts and applications – in fact, it is less substantive than 

earlier calls for Big Data applications for adaptation (Ford et al., 2016).   

The lack of progress may simply be a reflection of the lack of overlap between the people and 

expertise in both research communities (Lesnikowski et al., 2019a, Haddaway et al., 2020); 

generally, adaptation researchers appear to favour in-depth qualitative approaches (Ford and 

Berrang-Ford, 2016). However, given the rapidly increasing pace of adaptation publications 

(Wang et al., 2018, Haunschild et al., 2016), adaptation researchers may ultimately be forced 

to use machine learning tools to synthesise research (Sietsma et al., 2021). 

In the research outlined in this protocol, we adapt methods from other climate-relevant 

evidence maps (chiefly, Callaghan et al., 2021, Sietsma et al., 2021) to address the challenge of 

adaptation tracking. We do so by:  a) training a machine learning algorithm to recognise when 

scientific papers are discussing adaptation policy; b) using machine learning to categorise 

these papers to connect them to both established policy research and to active debates among 

adaptation researchers; and c) using further Natural Language Processing (NLP) and evidence 

mapping techniques to visualise developments over time and geographic distribution of the 

evidence.  

Following best practice for evidence mapping in the environmental sciences, we design our 

protocol around the ROSES standard (Haddaway et al., 2018). We deviate from this standard 

in three key instances to better fit the machine learning approach of this project: first, we will 

not retrieve full texts of our documents, relying instead on title and abstracts, as frequently 

done in machine-learning assisted systematic maps, because they condense key information 

and avoid excessive type-II errors (Marshall and Wallace, 2019, Callaghan et al., 2021); 

secondly, not all documents will be screened by hand, so we will describe instead how the 

typology was operationalised for human coders to label a subset of the documents (the 

“training set”), from which a supervised machine learning algorithm will then learn to 

categorise the full dataset (Marshall and Wallace, 2019, Callaghan et al., 2021, Berrang-Ford 

et al., 2021a); and third, as machine learning allows for a more quantitative estimate of both 

comprehensiveness and errors, we will discuss how these relate to the size of the training set 

and the interpretation of results. 

2 Stakeholder Engagement 

There are three main phases of stakeholder engagement within this project: writing this 

protocol, gathering feedback on our methods, and disseminating the results. We rely mostly 

on the breadth of experience of our team, but will aim to engage stakeholders from both the 

adaptation community and the machine learning/evidence synthesis community. 

The project team includes researchers from a wide array of backgrounds. This includes 

university-based researchers on adaptation (JDF, IVC), public policy (RB, JCM), and machine 
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learning methods for climate change research (MC, JCM, AJS). Further expertise comes from 

the researchers based at Climate Analytics (CS, ET, AT), which, as an institute, specialises in 

bringing cutting-edge climate science into the policy debate.  

All team members contributed to writing this protocol. The protocol will be publicly accessible 

and open for feedback. 

Once complete, the research will again be made public, including the data and code. The hope 

is that both the dataset and the trained algorithms can provide a steppingstone for further 

research into climate change adaptation policy. To this end, we hope to present the results at 

scientific conferences, though the current pandemic makes that we cannot make our plans as 

concrete as we would wish. The quality of the final dataset will obviously also influence uptake 

by other stakeholders; if the data has sufficient detail, it may be worthwhile to create an easily 

accessible platform, which would require a new round of stakeholder engagement to 

determine their usability needs.  

3 Objective 

The overall objective is to systematically map evidence on climate change adaptation policies 

in the global academic literature, with a focus on the geographic distribution of different policy 

types and their development over time.  

3.1 Research questions 
We aim to create an evidence map of the scientific literature on climate change adaptation 

policy with global coverage. To link this to established policy research, our analysis will centre 

around the NATO typology – Nodality, Authority, Treasure and Organisation (Hood, 1986); 

we will also address issues of contention within the scientific literature on adaptation, 

specifically: 

● Developments over time – is there an increase in adaptation policy? 

● Geographic locations – how are adaptation policies distributed worldwide? 

● Alignment to policy culture – do countries use similar policy tools for their adaptation 

policy as they are for their non-adaptation policies? 

● Alignment to impacts – do the adaptation polices respond to the predicted or 

experienced impacts of climate change within a region or area? 

● Constraints and limits – do we see increased attention to the constraints and limits of 

climate change adaptation, and if so, what types of constraints are most prevalent? 

● Maladaptation – some adaptation actions may have unintended negative 

consequences, which can end up increasing vulnerability to climate change; how 

prevalent is this issue?  

3.2 Problem scope 
In general, for this project, we aim to be as comprehensive as possible: we wish to capture the 

full breadth of scientific research that has elements of both climate change adaptation and 

some form of policy- or policy-enabled response. The use of machine learning is crucial to 

taking such a broad view. 

At the same time, we must take care not to cast too wide a net because even with the help of 

machine learning, we cannot meaningfully analyse too large a dataset. For this reason, we will 
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limit our analysis to those papers which explicitly mention both elements – i.e. they must 

include a substantive analysis of both adaptation and policy. More details on the scope of the 

evidence considered is given in Table 1 below, along the Population, Intervention, Context, 

Timeframe (PICoST) framework for systematic reviews. 

3.2.1 Adaptation 

Adaptation here is defined in line with the IPCC to include all actions which aim to adjust to 

the actual or expected climate and its effects. We limit ourselves to adaptation in human 

systems, where adaptations seek to moderate or avoid harm or exploit beneficial opportunities 

caused by climate change. Crucially, this includes literature where neither the words “climate 

change” nor “adaptation” are used by the authors. Climate change has many different impacts, 

but the link of climate change may not always be known to the authors, or it may be omitted 

for political expediency-- e.g. literature on improved irrigation may write about prolonged 

droughts without using the words climate change. To determine whether an impact is 

attributable to climate change, we will follow the latest report by the Intergovernmental Panel 

on Climate Change (IPCC, 2021). 

3.2.2 Policy  

For the purposes of this review, we refer to (public) policies as the outputs public actors that 

are designed to achieve defined goals and solutions to societal problems (Knill and Tosun, 

2020). These outputs can take different forms, including programs, measures, decisions, 

legislation, strategies and other courses of action. Although there are different ways to study 

public policy, we focus on the underlying governance principles and instruments used by 

governments to achieve their goals.  

Several typologies exist to classify the types of tools used by governments, see Capano and 

Howlett (2020). Here we adopt the frequently used NATO-typology: Nodality, Authority, 

Treasure, and Organization (Hood, 1986). This typology has also been used in an adaptation 

context, for example by Henstra (2017) in a Canadian case study, by Lesnikowski et al. (2019b) 

to analyse the adaptation policy instrument mixes of 125 local governments, and by Biesbroek 

and Delaney (2020) to systematically map 183 adaptation policy studies in Europe. 

Table 1: the review objective and its key components according to the PICoST framework 

Core objective Systematically synthesise evidence on climate change adaptation policies in the 

global academic literature, tying it explicitly to the established NATO typology, 

with a focus on the geographic distribution of different policy types and their 

development over time, as well as any identified constraints and limits and 

climate impacts 

Population Humans experiencing or expecting to experience climate change 

Intervention Any project or action which aims to decrease the risks of current or 

expected climate change, or ends up influencing the risks of climate change 

as a secondary effect (including maladaptation); moreover, the project or 

action must be either a direct result of or be influenced by a policy. 

Context Global, including policies from all levels of government 

Study design Any study that includes empirical data (qualitative or quantitative) or 
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secondary analysis of data. This includes natural experiments, non-

experimental and quasi-experimental designs. 

Timeframe All documents indexed in the databases by 25 November 2021 

 

4 Methods 

4.1 A machine learning approach to evidence mapping 
As described by Haddaway et al. (2020), a systematic map or evidence map aims to summarise 

an entire evidence base. Where a systematic review aims to combine the findings of individual 

studies (“what works where and how?”), an evidence map by contrast aims to describe what is 

known in an area (“what kinds of research exist?”). Both systematic reviews and maps share a 

focus on transparent and robust methods; they lay out the rationale for their main research 

questions in a protocol, which also describes the main methods, as we do here. The basis for 

the map is an often extensive search query; matching documents are then screened by hand, 

discarding irrelevant documents and dividing relevant documents into categories. Combined 

with meta-data, this allows researchers to describe developments in the field. Results often 

take the form of a searchable or interactive database, as well as visualisations of the data, a list 

of knowledge gaps and clusters, and a report noting key findings.  

Systematic maps in particular may benefit from incorporating computational methods, given 

their relatively descriptive nature and considerable evidence base (Haddaway et al., 2020). In 

this project, we use the ability of computers to handle large amounts of data to create an 

evidence map that is as inclusive as possible. This means that the documents cannot 

reasonably be screened by hand, which is why we make use of so-called “supervised machine 

learning” to both select and classify documents. Although we cannot provide a full 

introduction to machine learning here (we will instead refer the interested reader to the 

introduction provided by Marshall and Wallace, 2019), it is important to understand that 

supervised machine learning in essence attempts to mimic human decision making. It does so 

based on the so-called “training set”, which contains data labelled by humans. For this project, 

Figure 1: overview of the process. Machine learning components are highlighted in red. 
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 no appropriate pre-labelled dataset exists. A large proportion of this protocol is therefore 

dedicated to describing how we will create our training set, from which the algorithms will 

“learn” how to select relevant documents and which categories these documents belong to. We 

make use of additional machine learning methods to extract further information from our 

dataset and combine the different layers of information for our final assessment. 

Altogether, our approach can be divided into 5 stages: 1) retrieve documents from scientific 

databases; 2) manually label a subset of these documents; 3) use the labelled documents to 

train a binary classifier which selects relevant literature; 4) assign categories to the documents, 

using a supervised multi-label classifier, topic modelling, and a geoparser; 5) combine the 

different results of the previous step to synthesise the data (see Figure 1 above). Conceptually, 

this is similar to earlier computer-assisted evidence maps (including work by members of the 

project team, e.g. Callaghan et al., 2021, Callaghan et al., 2020, Sietsma et al., 2021). 

In the next section, we will detail the search strategy for step 1. We then describe the criteria 

used to create the training set used in steps 3 and 4 in section 4.3 4.3Article selection and 

classification. More details on our chose machine learning methods are in 4.5 Machine 

learning considerations. The other machine learning methods used for categorisation – i.e. 

the geoparser and topic modelling – do not make use of the pre-labelled data. More details on 

their use are found in section 4.6 Data extraction. The final section, 4.7 Data Synthesis, 

describes how we create our evidence map with knowledge gaps and clusters. 

4.2 Search strategy 

4.2.1 Source 

The search will be carried out on the Web of Science Core Collection1, which is a publisher-

independent scientific database with a wide coverage. In addition, we will also search the 

MEDLINE database, which covers life sciences and biomedical research, as well as Scopus, 

which is maintained by the publisher Elsevier and contains a variety of high-quality journals. 

Note that these databases have a bias towards natural sciences, as well as towards English-

speaking countries and the Global North (Mongeon and Paul-Hus, 2016, Vera-Baceta et al., 

2019), which limits the representativeness of our results. 

The search will be carried out on title, abstract and keywords for all databases, as well as 

Keywords Plus for Web of Science. We will not limit the search by date, but will limit our search 

to articles and reviews, in line with our problem scope.  

As is common for a machine learning based screening process (Marshall and Wallace, 2019, 

Haddaway et al., 2020), we will not assess any full texts. Full text screening would be time-

intensive (Haddaway and Westgate, 2019), whereas we will need a substantial number of 

hand-coded documents for our machine learning algorithms to function. We will therefore 

retrieve only abstracts, titles and meta-data (publication year, authors, author affiliations, 

 
1Web of Science Core Collection here includes:   

● Science Citation Index Exvpanded (SCI-EXPANDED) --1900-present 

● Social Sciences Citation Index (SSCI) --1900-present 

● Arts & Humanities Citation Index (A&HCI) --1975-present 

● Conference Proceedings Citation Index- Science (CPCI-S) --1990-present 

● Conference Proceedings Citation Index- Social Science & Humanities (CPCI-SSH) --1990-present 

● Emerging Sources Citation Index (ESCI) --2015-present 
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keywords, references, field of research for Web of Science) for each article matching our search 

string; this information per article is what is meant by the word “document”.  

4.2.2 Search string 

Our search string has three main components: climate change, adaptation and policy. Each of 

these parts in turn has multiple sub-components for which a query was constructed. 

Documents need to match at least one keyword from all strings -- i.e. they are linked by a 

boolean AND. The majority of sub-components are internally linked by a boolean OR.  

Our broad climate search string is a modified version of the query used by (Callaghan et al., 

2020), which in turn is based on Grieneisen and Zhang (2011). We remove the majority of 

mitigation-related terms, but expand the general climate change part, and add keywords on 

impacts, vulnerability and risk. Note this general part of the query captures all literature which 

explicitly mentions “climate change” already. The added terms around climate impacts are 

based on the IPCC’s AR6 Table 12.2. This table describes changes in natural systems and 

impacts on human and natural systems that can be at least partially attributed to climate 

change. By including this, we capture literature which does not mention climate change 

explicitly, but does contain responses to impacts that are primarily driven by climatic changes. 

In the adaptation component of our query, we take a similar approach: in line with our 

Problem Definition above, we need to strike a balance, such that we also capture the wider 

literature where climate change is a recognised contributor to the subject of interest, without 

capturing the much larger literature that investigates weather phenomena, rather than climate 

change. To do so, we split this part of the query in three parts: 1) recognised changes in natural 

systems based on the aforementioned table in AR6; 2) recognised impacts of these changes 

based on this same table; and 3) recognised adaptive responses based on the Final 

Government Draft of the IPCC AR6 WG2’s Cross Chapter Box FEASIB, which lists responses 

to climate change; given that the full WG2 report was not available to us at the time of 

publishing this protocol, the response options mentioned in AR 5 table 14.1 are added to this. 

The second and third part here link general weather terms with a boolean AND to the impact 

and response keywords respectively. These general weather terms are a wider version of the 

same impacts covered under the first part. 

Finally, in the policy part of our components, we again take a broad view of what could be 

considered relevant. We include terms around policy and governance, including key moments 

for adaptation in the UNFCCC process. Some governance-related terms (e.g. framework, 

management/managing) are so widely used that they no longer proved sufficiently selective 

on their own; similarly, keywords around governance levels (e.g. national/international, 

cities) also proved too general. We therefore combine these two types of keywords with the 

NEAR operator. This means that for example articles mentioning a “national framework” are 

still captured. 

The search terms are given in Web of Science syntax in table 2 below. The plain-text search 

strings are given in Supplementary Materials 2.   

Table 2: Keywords in our search string, organised by major area (General climate change, 

Mitigation, or Impacts, adaptation and vulnerability) and subdivided by subject area. 

Syntax is given for Web of Science Core Collection.  
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Subject Associated keywords 

( General climate change ... 

Climate change 

synonyms 

( TS= ( "climat* change*" OR "climate crisis" OR "warming climat*" OR 

"changing climat*" OR "climat* warming" OR “global heating” OR "chang* in 

climat*" OR "climate emergency" OR "global warming" OR "greenhouse 

effect" OR "greenhouse gas*" OR "changes of the climate" OR "changes in 

the climate" ) 

General climate 

change 

TS=( "climat* variability" OR "climat* dynamic*" OR "climat* proxies" OR 

"climat* proxy" OR "climat* sensitivity" OR "coupled ocean-climat*" OR 

"early climat*" OR "future climat*" OR "historical climat*" OR "past climat*" 

OR "climat* shift*" OR "shift* climat*" OR "shift in climat*" OR 

dendroclimatolog* OR "radiative forcing" OR "transient climate response") 

General climate 

policy 

TS=( "UNFCCC" OR "Kyoto Protocol" OR "climat* policies" OR "climat* 

policy" OR IPCC OR "clean development mechanism" )  

OR (TS="Paris Agreement" AND PY=(2014-2021) ) OR TS = ( ( climat* OR 

CO2 OR carbon OR "greenhouse gas" OR GHG ) NEAR/2 legislati* ) 

Climate models (TS=( "global climate model" OR "regional climate model" OR "local climate 

model" OR “general circulation model” OR  ( climat* NEAR/5 scenario$ )) 

NOT WC="Astronomy & Astrophysics"  )2 

… OR Risk, Impact and Vulnerability ) ... 

General climate 

impact 

TS=( ( climat* NEAR/2 (impact* OR vulnerab* OR hazard* OR exposure 

OR sensitiv*) ) NOT ("safety climate") ) 

Risk & resilience TS =( climat* NEAR/2 (risk$ OR resilien* OR cope OR coping) ) 

Changes 

attributable to 

climate change 

TS =( ((“sea level”) NEAR/2 (rise OR rising)) OR “extreme water level$” 

OR “extreme tide level” OR “extreme* high water” OR “extreme* low 

water” OR  (tropic* AND (cyclon* NEAR/2 (activit* OR intensity OR 

frequenc* OR duration))) OR “heat wave$” OR ((“extreme heat” OR (high 

NEAR/2 temperature*)) AND (“long-term trend*” OR “prolonged 

period$”)) OR "mean rainfall" OR "mean precipitation" OR ((heavy OR 

intens* OR extreme) NEAR/2 (rainfall OR precipitation)) OR ("drought* 

condition$") OR ((retreat* OR thaw*) NEAR/2 (ice OR glacier OR 

perma$frost))) 

Generic climate or 

weather change 

(combined with 

terms below 

through AND) 

TS=(  

(climat* OR “weather” OR  ((chang* OR increas* OR decreas* OR  

reduction OR reduce* OR reducing OR enhanc* OR extreme OR rise OR 

rising OR trend*) NEAR/2 (temperature$ OR “sea level” OR tide OR heat 

OR cold OR precipitation OR rainfall OR wind OR storm$ OR cyclone$ 

OR hurricane$ OR drought$ OR snow* OR ice* OR permafrost OR 

glacier))) 

 
2 The WC part is omitted for MEDLINE and changed to “SUBJAREA(PHYS)” for Scopus. 
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 AND 

Impacts with 

attributable 

climate 

component - AR6 

Table 12.2: 

(climate OR 

weather) AND 

impact 

(((phenolog* OR “ecosystem structure$”) NEAR/2 (chang* OR shift*)) OR 

((loss OR decreas* OR reduction OR reduce* OR bleach* ) NEAR/2 (coral 

OR “species range” OR “water security” OR “kelp forest” OR 

macro$economic OR “crop yield$”)) OR ((hazard* OR fatal* OR mortalit* 

death$ OR damage$) AND (flood$ OR flooding)) OR “water$borne 

diseas*” OR “water borne disease” OR ((displacement OR displaced OR 

migration) AND (human OR *national OR person)) OR refugee$ OR ( 

increas* NEAR/2 (inequalit* OR unequal* OR “crop price$”)) OR ((fatal* 

OR mortalit* death$) AND heat*) OR malnutrition OR malnourish*) 

) 

… AND adaptation ... 

Adaptation ) AND ( TS = (adaptation OR (climat* NEAR/3 adapt*)) 

Adaptation 

adjacent 

 - NB: partial 

overlap with 

previous 

TS = ((increas* OR decreas* OR improve* OR enhanc* OR reduction OR 

reduce* OR reducing OR mitigat* OR influence$ OR development OR 

avoid* OR build* OR “more” OR “less”) NEAR/1 (impact* OR vulnerab* 

OR hazard* OR exposure OR capacit* OR risk$ OR resilien* OR cope OR 

coping)) 

Generic climate or 

weather change 

(combined with 

terms below 

through AND) 

TS=(  

(climat* OR “weather” OR  ((chang* OR increas* OR decreas* OR 

reduction OR reduce* OR reducing OR extreme OR rise OR rising OR 

trend*) NEAR/2 (temperature$ OR “sea level” OR tide OR heat OR cold 

OR precipitation OR rainfall OR wind OR storm$ OR cyclone$ OR 

hurricane$ OR drought$ OR snow* OR ice* OR permafrost OR glacier))) 

 AND ( 

Response options 

– AR6 CCB 

FEASIB 

(climate OR 

weather) AND 

adaptation option 

(“water use efficiency” OR irrigation OR  “water resource management” OR 

“sustainable water management” OR “coastal defence*” OR “coastal flood 

defence*” OR “coastal hardening” OR “sustainable aquaculture” OR “coastal 

zone management” OR ICZM OR ((wetland$ OR mangrove$ OR 

floodplain$) NEAR/2 (conservation OR restoration OR rehabilitation OR 

protection OR replant*)) OR “biodiversity management” OR reforestation 

OR afforestation OR ((“wild area$” OR forest) NEAR/2 conservation) OR 

“ecosystem connectivity” OR “cropland management” OR “integrated soil 

management” OR “conservation agriculture” OR “efficien* livestock” OR 

agroforestry OR “livelihood diversification” OR “green infrastructure” OR 

“urban green space$” OR “blue* infrastructure” OR “disaster risk 

management” OR “disaster risk reduction” OR “health system$” OR “risk 

sharing” OR “risk insurance” OR resettlement ) 

Structural/ physical 

options - AR5 

table 14.1  

(climate OR 

OR (“sea wall*” OR “coastal protection” OR ((“levee*” OR “culvert*”) 

NEAR/2 flood*) OR ((water OR pump) NEAR/1 (storing OR storage)) OR 

“improv* drainage” OR “beach nourishment” OR ((flood* OR cyclone) 

NEAR/2 shelter) OR “building code*” OR “storm water management” OR 
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weather) AND 

adaptation option 

“waste water management” OR “floating house*” OR “floating home*”OR 

((variet* OR GMO OR resistant) NEAR/1 (crop* OR livestock)) OR 

“rainwater harvest*” OR “hazard map*” OR “hazard monitor*” OR “early 

warning system$” OR (building$ NEAR/1 insulation) OR (( "passive cooling" 

OR "mechanical cooling" OR "air condition*" ) NEAR/2 ("residential" OR 

house OR housing OR home*)) OR “prescribed fire” OR “green roof$” OR 

(shad* NEAR/2 tree$) OR (co-manag* AND fisher*) OR “social safety net$” 

OR “social protection” OR “emergency medical”) 

Social options - 

AR 5 table 14.1  

(climate OR 

weather) AND 

adaptation option 

OR (“extension service$” OR “local knowledge” OR “traditional 

knowledge” OR “indigenous knowledge” OR “vulnerability map*” OR “slum 

upgrad*” OR “evacuation plan*”) 

Institutional 

options - AR 5 

table 14.1  

(climate OR 

weather) AND 

adaptation option 

OR ((("insur*" OR "risk pool*"OR "risk sharing") NEAR/2 (crop$ OR flood* 

OR "index$based")) OR "catastroph* bond$" OR “water tarif$” OR “cash 

transfer$” OR “zoning law$” or “zoning polic*” OR “building standard$” OR 

“protected area” OR “protected marine area” OR “patent pool$” OR 

“patent pool$” OR “technology transfer” OR“disaster plan*” OR “disaster 

prepare*” OR “watershed management” OR “landscape management” OR 

“adaptive management” OR “sustainable forest management”)) 

)) 

… AND  (policy OR governance) 

Policy and 

governance 

TS =(policy OR policies OR government* OR governance OR governing OR 

bureaucra* OR administration$ OR law$ OR (legal NEAR/2 require*) OR 

regulation$ OR rule$) 

Policy-adjacent TS = (guideline$ OR program$ OR programme$ OR scheme$ OR 

committee OR commitment OR committed OR institution* OR “tax” OR 

taxes OR taxation OR pricing OR quota OR code) 

Additional 

governance at 

different levels 

TS=((framework OR manage* OR strateg* OR guideline OR procedure$ 

OR system$ OR goal$ OR plan OR plans OR planning OR planned OR 

decision*) NEAR/2 (adaptation OR federal OR *national OR regional OR 

countr* OR central OR municip* OR sate* OR provinc* OR urban OR local 

OR city OR cities OR firm$ OR business* OR company OR companies OR 

corporation$ )) 

UNFCCC-related TS = (UNFCCC OR “united nations framework convention” OR COP$ OR 

NAPA$ OR NAP$ OR GCF OR “green climate fund” OR GEF OR “global 

environment facility” OR “kyoto protocol” OR "clean development 

mechanism" OR  ((rio OR marrakesh OR marrakech OR paris OR cancun) 

NEAR/1 (accord$ OR agreement$ OR convention)) OR “nairobi 

framework” OR “nairobi work program*” OR “doha amendment”) 

4.2.3 Comprehensiveness of the search 

Two main factors limit the comprehensiveness of our search strategy. Both are common 

limitations for works of this kind (Konno and Pullin, 2020). First, keywords are English only, 

so we will only capture non-English literature that is indexed in English. Combined with the 
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language bias of the databases (Vera-Baceta et al., 2019), this will lead to a relative over-

representation of literature from English-speaking countries. Second, our database does not 

include grey literature. Although it seems likely that a substantial amount of such literature is 

relevant to adaptation policy, it is more difficult to access in a reproducible manner and often 

will not include an abstract. The latter poses a problem for us, as our machine learning will 

take place at the abstract level. In addition to the different format, the lack of a comprehensive 

database of grey literature also would make its inclusion more complex and time-intensive. As 

such, this is left to future projects. 

The above two caveats notwithstanding, we will strive for search terms and document selection 

that are as close to comprehensive as possible. The following factors should help ensure this: 

● The project team consists of a diverse range of adaptation researchers, with 

backgrounds ranging from engineering to policy research. This team has all been 

involved in the formulation of the search query and coding guidelines. A diverse subset 

will be involved in the coding itself.  

● This protocol will be made public prior to completing the work. 

● We will cross-check the resulting documents against the references of the Special 

Report on 1.5C (IPCC, 2018) and the latest Adaptation Gap Report (United Nations 

Environment Programme, 2021a). We will then scan the list of missing articles for 

titles that appear adaptation relevant to identify which keywords might be missing. 

We will not update the search beyond this within the current project. However, we wish to 

stress that, once the algorithm is trained, it can be used to filter future searches too. This means 

that, given proper support, this project could be used as the basis for a so-called “living 

evidence map” which automatically updates as new scientific papers are published. 

4.3 Article selection and classification 

4.3.1 Screening strategy 

The above search strategy is purposefully kept broad, meaning it includes both relevant and 

irrelevant articles. We will make use of supervised machine learning to first select the subset 

that is relevant to climate change adaptation, and then to classify these relevant articles into 

different categories. 

In practice, this leads us to a three-tiered approach for article selection.  

In the first step, relevant articles are selected. We first check the articles basic bibliographic 

data against our criteria set out in the PICoST framework outlined earlier, selecting only 

articles and reviews and filtering out articles where the abstract is missing. After this, a group 

of coders will determine whether the document is relevant. There are only two possible labels 

here: relevant or irrelevant. To be considered relevant, the document should meet two content-

based criteria:  

1. The document must include a substantial focus on a response to climate change or to 

a weather phenomenon wherefore changes can confidently be attributed to climate 

change, as determined by the IPCC. 

2. The adjustment must be either enabled by, supported by, or a direct result of at least 

one policy. 
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These inclusion/exclusion criteria alongside the others following from our PICoST criteria are 

given in more detail in Table 3 below.  

Table 3: inclusion/exclusion criteria (papers must meet all to be included) 

 

In the second step, for the relevant documents only, the type of policy in the document will 

also be labelled. The categories for these labels are outlined in the subsequent section. If a 

document contains multiple policies, or one policy fits multiple categories, it will also gain 

multiple labels. If the document does not contain sufficient information to determine if a given 

label is appropriate, it will be left blank. In practice, these first two steps are done concurrently.  

Inclusion Exclusion 

The document must include a substantial focus 

on a perceived, experienced, or observed 

adjustment (adaptation) to the actual or 

expected impacts of climate change or to a 

weather phenomenon wherefore changes can 

confidently be attributed to climate change, as 

determined by the IPCC, including floods, 

droughts, extreme heat, wildfires, snow or ice 

coverage loss, sea level rise, extreme 

precipitation, shifts in precipitation patterns, 

typhoons. 

No response is discussed, or the responses are 

only discussed at a superficial level. This 

includes papers focussed on assessing risks or 

impacts, where those assessments are not used 

to make concrete suggestions for adaptations. 

The response is not to a climate change impact.  

The adjustment described in the document 

must be either enabled by, supported by, or a 

direct result of at least one policy. Policies here 

are a set of ideas, a plan of what to do, or any 

deliberate action aimed at changing the 

behaviour or circumstances of a group of 

people. Policies have to be instigated by a 

government or a governmental body. 

No policy is mentioned. 

The policy is not relevant to the adaptation 

action. 

The policy is not instigated by a government or 

governmental body. 

The abstract must be available in English The abstract is only available in non-English 

languages 

The document must be a primary research 

article or review in a peer-reviewed journal 

with a publicly available abstract 

Book chapters, editorials, retractions, 

documents without an abstract. 

The article must include empirical data 

(qualitative or quantitative) or secondary 

analysis of data. This includes natural 

experiments, non-experimental and quasi-

experimental designs, as well as simulations 

based on primary data. 

Purely theoretical papers, opinion pieces, 

editorials, reviews 

The article must be available in the database 

prior to November 2021 

Any articles outside this range 
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In the third step, the labelled data from the first two steps is taken to train multiple machine 

learning algorithms. The documents selected by this algorithm, along with their categories, 

will form the basis of our analysis.  

A separate, more extensive guide for coders, which also contains additional details on the 

different categories is available in Supplementary Materials 3. Note that this is a first version; 

as coding progresses, this guide will be amended with additional information and examples to 

ensure that the coding guidelines are clear and consistently followed by all.  

4.3.2 Consistency & independence 

Coding will be conducted by multiple researchers from different backgrounds. To ensure that 

their coding is consistent, 15% of the documents will be coded by two or more researchers. 

This allows us to find disagreements between researchers; such disagreements will be 

discussed with the wider team until consensus is reached. 

Furthermore, for a conventional systematic review, it is not unusual to address issues of 

procedural independence – in practice, mostly ensuring that researchers do not include or 

exclude work they have themselves authored. Given that the majority of the 

inclusion/exclusion decisions in this project will be made by an algorithm, this is less of an 

issue. However, should a researcher encounter their own work during the coding process, they 

will refrain from coding it. 

4.4 Category definitions 

4.4.1 Translating the NATO typology to adaptation 

As stated, a major part of our policy categorisation is based on the NATO typology. These four 

types – Nodality, Authority, Treasure, Organisation – form the first level of our categorisation. 

We also add a more detailed second and third level. This categorization scheme was developed 

collectively by the research team.  

Table 4: The NATO typology, with sub-components, used for categorisation.  

Level II Level II description Level III Level III description 

Nodality (information) 

Knowledge 

generation 

The government 

incentivises the creation 

of new knowledge or 

information 

Scientific 

assessments 

Assessment of an issue by scientists 

Policy 

assessments 

Assessment of a specific policy 

RD&D Research, design and development of 

new technology 

Stakeholder 

engagement 

Stakeholders can provide experiences 

or knowledge, but have no formal say 

in the final outcome 

Knowledge 

dissemination 

 

The government 

Educational 

curricula 

Changing what gets taught at 

educational institutions 
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incentivises the 

dissemination of 

existing knowledge 

Information 

campaigns 

Providing the general public, or a 

subset thereof, with information on 

adaptation 

Information-

based nudges 

Providing information in someone's 

daily life in a way that is designed to 

incentivise an adaptive action 

Capacity 

building for 

professionals 

Providing training or education to 

professionals to enable them to 

(better) adapt 

Knowledge 

platforms 

Hosting or mandating places where 

information is gathered and 

shared(government data, visualisations, 

climate services) 

Demonstration 

projects 

Projects that are designed to show 

how to adapt (i.e. not learning but 

teaching) 

Authority 

Zoning Regulation determining 

what purpose an area of 

land can be used for 

Binding 

regulation 

A zoning regulation that an actor has a 

legal obligation to uphold (not optional) 

Non-binding 

regulation 

A zoning regulation that an actor 

should strive to uphold, but there is no 

legal recourse if they fail 

Standards Setting requirements 

that a product or 

service has to meet 

Binding 

standards 

A standard that an actor has a legal 

obligation to uphold (not optional) 

Non-binding 

standards 

A standard that an actor should strive 

to uphold, but there is no legal 

recourse if they fail 

Quotas Setting a minimum or 

maximum number for a 

product or service. 

Includes both tradable 

and non-tradable quotas 

Binding quotas A quota that an actor has a legal 

obligation to meet or not exceed (not 

optional) 

Non-binding 

quotas 

A quota that an actor should strive to 

meet or not exceed, but there is no 

legal recourse if they fail 

Labelling / 

certification 

requirements 

The government 

mandates products are 

labelled with climate-

relevant information or 

that they meet a 

standard for 

certification 

Binding 

requirements 

A labelling or certification requirement 

that an actor has a legal obligation to 

uphold (not optional) 

Non-binding 

regulation 

A labelling or certification requirement 

that an actor should strive to uphold, 

but there is no legal recourse if they fail 
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Reporting 

requirements 

The government 

mandates reporting, for 

example on progress 

made or climate risks 

Binding 

requirements 

A reporting requirement that an actor 

has a legal obligation to uphold (not 

optional) 

Non-binding 

requirement 

A reporting requirement that an actor 

should strive to uphold, but there is no 

legal recourse if they fail 

Regulation on 

transactions 

Regulation of 

transactions, often 

either in the financial 

sector, or in the energy 

sector 

Binding 

regulation 

A regulation on transactions that an 

actor has a legal obligation to uphold 

(not optional) 

Non-binding 

regulation 

A regulation that an actor should strive 

to uphold, but there is no legal 

recourse if they fail 

Agreements The government 

participates in a 

collaboration with 

intragovernmental or 

non-state actors 

Binding 

agreement 

An agreement that an actor has a legal 

obligation to uphold (not optional).  

Non-binding 

agreement 

An agreement that an actor should 

strive to uphold, but there is no legal 

recourse if they fail.  

Targets Government sets a 

target or goal 

Binding target A target that an actor has a legal 

obligation to uphold or meet (not 

optional) 

Non-binding 

target 

A target that an actor should strive to 

uphold or meet, but there is no legal 

recourse if they fail 

Policy strategies Government outlines 

package of measures to 

achieve medium-long 

term aims 

Binding strategy A strategy that an actor has a legal 

obligation to uphold (not optional) 

Non-binding 

strategy 

A strategy that an actor should strive 

to uphold, but there is no legal 

recourse if they fail 

Framework 

legislation 

Something that enables 

other laws or regulation 

to function, without 

containing concrete 

targets or rules 

Framework 

legislation 

Something that enables other laws or 

regulation to function, without 

containing concrete targets or rules 

Treasure 

Incentives The government 

reduces costs or 

increases financial 

incentives to stimulate 

adaptation 

Risk 

underwriting 

The government guarantees a (partial) 

payment in case a climate risk 

manifests, e.g. through government-

backed insurance 

Grants Financing (part of) an adaptation 

project, usually after a competitive 

application process. (including e.g. 

Adaptation Fund programmes) 

Subsidies Reducing costs by providing partial 

payment or cheap loans (including 

preferential loans, microfinance). 

Anyone meeting the requirements can 

apply 
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Taxation Increasing or decreasing 

taxation rates to 

incentivise behaviour 

Corrective Tax is increased to disincentivise risk-

taking or maladaptation 

Deductions Tax is decreased to incentivise an 

adaptation 

Direct spending Government spends 

money to provide 

mitigation or adaptation 

services or to create 

conditions for low-

carbon development or 

resilience 

Ecosystems Investing in establishing or maintaining 

natural systems 

Infrastructure Investing in establishing or maintaining 

infrastructure.  

Non-

infrastructure 

technology 

Investing in establishing or maintaining 

technology that is not part of the 

physical infrastructure 

Human 

resources & - 

capital 

Investing in establishing or maintaining 

human resources, e.g. paying for anti-

logging officers 

Organisation 

Operation and 

management 

Using existing 

structures in the 

governments to 

increase adaptive 

capacity 

Procurement The government obtains goods or 

services, or sets the rules for how it 

can do so, to align with adaptation 

goals 

Facilities 

Management 

Changes to how government facilities 

are managed.  

Consultants A function of the government is 

outsourced to an external consultant 

with adaptation knowledge 

Conferences 

and workshops 

A government body (co-)hosts a 

conference or workshop 

Governmental 

reorganisation 

and creation of 

institutions 

Changing how the 

government is 

organised, or changing 

what organisations have 

substantive input in 

government processes 

Expert advisory 

processes and 

performance 

reviews 

Inviting experts to advise on or 

evaluate government actions 

Coordination & 

collaboration 

Coordinating between different actors 

to facilitate cooperation on adaptation, 

including for example establishing a 

network. Note that the exact work of 

this network likely falls under a 

different category 

Formalising 

stakeholder 

engagement 

Including stakeholders in adaptation 

decision making 
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4.4.2 Maladaptation 

As adaptation policies are implemented, there is increased attention for the, often unintended, 

negative consequences of these policies, known as maladaptation. Although there is both a 

political and scientific debate on the exact meaning and proper use of the term, (Juhola et al., 

2016, Glover and Granberg, 2021), we take maladaptation to mean situations where “exposure 

and sensitivity to climate change impacts are increased as a result of action taken” (Schipper, 

2020 p. 409). The maladaptive effects do not need to impact the target group of the policy – 

in other words, if an adaptation policy shifts the vulnerability to another group, this is still 

considered maladaptive. Likewise, policies which negatively impact the general welfare of a 

population are considered maladaptive, as are actions which increase greenhouse gas 

emissions.  

We do not record the type of maladaptation. Instead, we only record if the document provides 

any evidence of maladaptation or not. 

4.4.3 Constraints and limits 

Documents will also be marked according to whether constraints, limits or any synonyms 

describing “factors making it harder to plan and implement adaptation” are mentioned in the 

abstract. If the answer is ‘yes’, coders will be asked to specify the type of constraint, choosing 

from the options in table 5 below. Definitions and categories are based on the AR5 and AR6 

(WG2) from the IPCC.  

Table 5: The categories of constraints and limits used for categorizing documents 

4.4.4 Governance Level 

Documents will be marked according to the level at which the policy is implemented (in theory 

or in practice), choosing between: 

• International (including supranational and regional such as the EU or ASEAN),  

Category of constraint Description 

Economic Existing livelihoods, economic structures and economic mobility. 

Social/cultural Social norms, identity, place attachment, beliefs, worldviews, values, 

awareness, education, social justice, and social support. 

Human capacity Individual, organisational and societal capabilities to set and achieve 

adaptation objectives over time. This includes training, education and 

skill development. 

Governance, institutions 

and policy 

Existing laws, regulations, procedural requirements, governance 

scope and effectiveness, as well as institutional arrangements, 

adaptive capacity and absorption capacity.  

Financial Lack of financial resources 

Information, awareness 

and technology 

Lack of awareness or access to information or technology.  

Physical Presence of physical barriers. 

Biological Temperature, precipitation, salinity, acidity and the intensity and 

frequency of extreme events, including storms, droughts and wind. 
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• National,  

• subnational level (including local, state, province, region, municipal, city). 

4.4.5 Type of impact responded to 

Some documents specify what kind of climate change effect is being responded to. This 

includes both observed impacts and potential hazards. These are categorised according to 

IPCC AR5 SPM2 (p. 7), with the addition of the more specific terms drought, heat waves and 

storms to reflect the increased confidence since that assessment. This results in:  

● Glaciers, snow, ice and permafrost 

● Rivers, lakes and floods; 

● Drought; 

● Extreme heat; 

● Food production;  

● Wildfire;  

● Coastal erosion and/or sea level effects; 

● Storms and hurricanes; 

● Terrestrial ecosystems; 

● Marine ecosystems;  

● Livelihoods, health or economics. 

If no specific impact is mentioned, this is left blank. This includes policies which respond to 

climate change in general.  

In general, the most specific category will be the one selected (e.g. forest fires are influenced 

by droughts but will only be classified under Wildfire; agriculture generally depends on 

terrestrial ecosystems to some extent, but will be classified under Food production). However, 

the categories are not mutually exclusive, so in case multiple specific impacts are mentioned, 

all will be recorded.  

4.4.6 Evidence type 

Documents will be marked according to whether they provide ex-post or ex-ante evidence on 

policies. For the purposes of this project, ex-post refers to all studies which analyse the effects 

of a policy which has already been enacted. Ex-ante refers to all studies which analyse potential 

effects of a policy once the policy has started being implemented. 

4.4.7 Countries mentioned 

We will use a pre-trained algorithm (Halterman, 2017) to identify geographic locations in the 

full search. As this algorithm has been trained on non-academic texts however, countries for 

the labelled data will be noted so we can estimate the accuracy of this algorithm for our 

particular dataset. 

Where documents mention locations or geographical entities, annotators will record the 

country or countries which contain those geographical entities. For example, if a paper 

mentions “Berlin”, the annotator will enter “Germany”. Where geographical entities are 

supranational or non-national (e.g. the European Union, or the Atlantic Ocean) this field shall 

be left blank.  
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4.5 Machine learning considerations 

4.5.1 Algorithm 

To briefly reiterate, in this project we will employ supervised learning of two different types: 

first, a binary classifier is used for study identification (relevant vs not relevant); on the 

documents identified as relevant, we will then use a multi-label classifier for each coding level. 

In both cases, we are using the studies coded by hand as training and validation sets.  

Choosing the appropriate algorithm for both these classification tasks is crucial to ensure that 

the machine learning predictions are fit for purpose. We will therefore test a variety of models 

from the Scikit Learn package (Pedregosa et al., 2011). Prior work (Berrang-Ford et al., 2021b, 

Sietsma et al., 2021) had positive results especially using Support Vector Machines (Chang and 

Lin, 2011); as this does not natively support multi-label predictions, we will use a one-VS-rest 

set-up for the category predictions. Following Callaghan et al. (2021)we will also test more 

state-of-the-art deep learning approaches based on BERT (Devlin et al., 2018), including a 

BERT model that has undergone additional pre-training for a corpus of documents related to 

climate change (Webersinke et al., 2021).  

We will use a nested cross-validation procedure (Cawley and Talbot, 2010, see also Callaghan 

et al., 2021) to optimize hyperparameters and measure the accuracy of our classifiers. In 

simple terms, this entails dividing the labelled data up in several subsets. All but one of the 

subsets are then used to train an algorithm which is used to make predictions on the remaining 

subset – this is known as the “test set”. The procedure is repeated using another subset as the 

test set until each of the subsets has functioned as test set. If, for example, we divide in ten 

subsets, this means we have predictions for all labelled documents based on 10 algorithms that 

were each trained on 90% of the total labelled dataset. Comparing these predictions against 

the manually created labels provides an estimate of performance with quantified uncertainty. 

The process can then be repeated with different hyper-parameters and different algorithms. 

This allows us to choose the algorithm and hyper-parameters that are most appropriate for 

our dataset.  

4.5.2 Random and non-random samples 

Ensuring sufficient numbers of true positives may be a challenge as our initial dataset will be 

large and relatively unfocussed. With tens of thousands of documents in total and an evidence 

base that for some of the more specific categories will not be larger than a few dozen 

documents in total, we will need a mixture of strategies to provide the machine learning 

algorithm with sufficient examples to learn from, without biasing results. In practice, we will 

make use of a mixture of the following types of samples: 

● Random – the majority of the coded documents will be selected at random. These 

documents will also be used to estimate the performance of our classifier. 

● Preliminary machine learning – some documents will be selected based on 

preliminary results from our classifier. This serves two purposes: first, to identify early 

on which areas the classifier is struggling with; second, to increase the number of 

positive examples. 

● Keyword-based – if a particular area is lacking positive examples, some samples will 

be drawn based on keywords. Care must be taken here not to bias the results, which in 

practice means choosing keywords that will be used not just by a large majority of the 

positive examples we are looking to identify, but which are also still used by a 

substantial body of other literature. 
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● From literature – if there is a need to further increase the number of positive 

examples, we may choose to create a sample based on the references of key literature 

(e.g. IPCC reports). This will ensure that the classifier performs well on highly-

regarded documents.  

The degree to which non-random samples will be used is dependent on the performance of the 

classifier. The type of sample will be recorded for all documents assigned to any given reviewer 

so that we can ensure a sufficiently large random set is used to evaluate the classifier 

performance and to prevent bias. 

4.5.3 Accuracy targets & size of the training set 

When setting accuracy targets for supervised machine learning algorithms, a key 

consideration is the size of the training set (i.e. the number of hand-coded documents), as this 

to a large degree determines the performance of the classifier. In theory, it may be possible to 

set a given level of accuracy (e.g. 95%) and keep increasing the size of the training set until this 

accuracy is reached. In practice however, using an accuracy target in such a way is often 

impractical for two reasons: first, hand-coding documents is time-intensive (Haddaway and 

Westgate, 2019); second, the performance of the classifier cannot increase beyond the quality 

of the input data. In other words, there is likely to be a substantial grey area on what is 

considered “relevant” which will lead to inconsistency among coders and therefore 

inconsistent training data. As a consequence, the algorithm will not be able to accurately 

distinguish between documents in this grey area either, no matter the size of the training 

dataset.  

The extent to which machine learning classifiers can accurately make predictions is unknown 

a priori. Previous efforts using a similar strategy to the one outlined here have found that, 

even with thousands of documents coded, the accuracy of the classifier remains lower than 

what would be ordinarily expected in science, which is to say, less than 90% of true positives 

(Sietsma et al., 2021, Hsu and Rauber, 2021). Note however that traditional systematic reviews 

likely also suffer the same issue – it simply remains unreported as the “performance” of the 

human coders there is never quantified. Using the performance metrics obtained through 

cross-validation, as described earlier, we can provide estimates on the accuracy algorithm and 

will report these results as well as their implications for uncertainty bands.  

Although a simple accuracy target cannot be set, we can use these accuracy scores to estimate 

when the classifier is reaching its maximum potential. More concretely, for this project, the 

training dataset will consist of at minimum 1 500 hand-coded documents, of which at least 

1000 are from a random sample. This will then be used to train a first version of the classifier, 

which will be used to estimate if performance is still increasing with increases in the size of the 

training set. If this is the case, document screening will continue until the increase in accuracy 

of the classifier has not increased meaningfully for a minimum of 500 documents added.  

The performance for most categories in the multi-label classifier is likely to be lower than that 

for the binary inclusion/exclusion classifier, given that the same number of documents is used 

here to provide information on multiple options within the category. Since we further expect 

the data to be unbalanced (i.e. some categories will have relatively few positive examples while 

others have many), we may use additional targeted samples to increase performance of the 

multi-label classifier. Foregrounded results will be limited to the category types where the 

classifier achieves consistently high accuracy. Recall also that the NATO-typology is 
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hierarchical, which is useful here: if we do not have enough examples to make positive 

predictions at a lower level, we may still get usable predictions at the higher level. 

4.6 Data extraction 
Our evidence map is primarily based on the categories predicted for all the relevant 

documents. The criteria for these categories have been described above, though it is worth 

repeating that depending on data availability and associated performance of the classifier, 

some categories may later be merged. As stated also, the geographic location will be based on 

a pre-trained geoparser, namely Mordecai (Halterman, 2017). The hand-coded locations will 

only be used to estimate its accuracy.  

Meta data will also be retrieved for all articles. This includes the publication year, allowing for 

a temporal analysis. Further, the author affiliations often include an address or place name. 

This field can also be fed through the geoparser to identify the geographic location of the 

authors. 

In addition to these categories, we will also make use of topic modelling. This is a so-called 

“unsupervised” machine learning method. In contrast to the supervised methods described 

earlier, unsupervised learning does not make use of a training set. Rather, the algorithm 

searches for structures in the data itself – in the case of topic modelling specifically, the 

algorithm will find clusters of words which frequently occur together for a set number of 

topics. Each topic will then be named by the researchers and topics can be grouped together 

into overarching topic groups. These topic names and groups will be determined inductively 

and in combination with the findings from the classifier; as such, we cannot provide additional 

details on their content before the final dataset of relevant documents has been compiled.  

4.7 Data Synthesis 

4.7.1 Synthesis strategy 

Ordinarily, a systematic review or map will result in a narrative summary where vote-counting 

is especially discouraged (Haddaway et al., 2018). For this machine learning-based project, 

more quantitative measures however are all but inevitable. Indeed, determining the size of the 

evidence base for our various categories is among the core objectives for this research and is 

necessary to provide context to further findings. As such, we expect to start our evidence 

synthesis with a description of our final dataset and its development over time, as well as its 

geographic distribution. These basic descriptors may already point towards biases in the 

evidence base. 

By combining different layers within the final dataset, we can then investigate more complex 

questions. For example, the NATO categories can be combined with the results of the topic 

model to investigate what types of tools are most prevalent in different subject areas. We can 

also further investigate geographic biases, if there are any, by quantifying the prevalence of 

different topics per region.  

4.7.2 Knowledge gaps and clusters 

Since topic modelling entails the identification of clusters within a document set, this tool is 

ideally suited to identify knowledge clusters within academic literature. Topics within the topic 

model can also overlap, which can be used to identify larger topic groups. Moreover, since 

topic modelling assumes that each document consists of a mixture of topics, we can also 

investigate the co-occurrence of topics within documents. This can be used to further highlight 
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knowledge clusters – e.g. if the topic model would include the categories typhoons and re-

location, and these topics frequently occur together, this would be an indication that the 

evidence base here is strong. 

To identify knowledge gaps, such a table with co-occurrences could also be useful – e.g. if the 

same typhoons topic would have little overlap with a coastal zone management topic, this 

would suggest a lack of evidence. In addition, the categorization of the selected documents 

should provide some insight into understudied areas – both in terms of subject areas and in 

terms of geographic distribution.  

Lastly, we can compare our dataset against other current assessments of adaptation science 

generally and adaptation policy in particular. For this, the upcoming IPCC WG2 assessment 

as well as the Adaptation Gap Report (United Nations Environment Programme, 2021a) 

should form a solid basis. In the case of the former, we would for example expect to see more 

evidence for topics highlighted in the Summary for Policymakers and its figures. Pending 

government approval, a figure comparing adaptation options is expected.    

4.7.3 Critical appraisal  

It should be noted that we do not control for study quality in any way, except by limiting our 

search to established databases of peer-reviewed research. This is especially important given 

the disparate communities of research from which we draw research. These communities have 

varying epistemological bases and standards, which despite the diversity of researchers 

involved in this project, the team may not always be equipped to fully appreciate, especially 

judging from the abstracts alone. Overall, we aim to be inclusive, which may at times result in 

the inclusion of documents of a scientific standard that would not be acceptable to all. In our 

view, this is inevitable given the scale of the project. 

This same scale also means that a small number of papers are unlikely to significantly 

influence the results. On the one hand, this means that the point raised above about scientific 

quality only becomes a major concern if the general standard of the field is insufficient; on the 

other hand, there are indications that in some areas of research, the standard may indeed be 

low (e.g. Scheelbeek et al., 2021) and voices with more fundamental criticisms may get 

crowded out. Any narrative emerging from the data should therefore be assessed critically in 

light of the power structures that underpin the science of adaptation policy (Overland and 

Sovacool, 2020, Nightingale, 2017). More generally, during the analysis, the whole team 

should keep in mind that we are not evaluating adaptation policies, but rather documenting 

where research on adaptation policies is published (similar to the proposal by Tompkins et al., 

2018). In short, we assess quantity, not quality of adaptation policy literature. Still, if 

successful, this would result in the most comprehensive evidence map of adaptation policies 

to date. 
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