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Emerging Data Landscapes in M&E
Getting Practical with Text Mining for Evaluation:

How to Make Sense of Project Information
15 April 2021

• Welcome! Feel free to introduce yourself on the chat
• We invite you to ask questions during the presentations in the chat box 

and Q&A box, so the moderator and presenters can respond
• In the Q&A, you can “up vote” certain questions by clicking the “like” 

(thumbs up) next to a question



Welcome
Daniele Lamarque, EES President  

Dr. Sven Harten, EES TWG 6
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Our question is:
What is your level of experience in 

text mining?



Session 1:  GEOTEX: A tool to 
geocode project locations based on 

project documents
Thomas Wencker, Evaluator, DEval
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Why What How Examples Citations

GeoTex
A tool to geocode project locations based on project documents

Thomas Wencker

German Institute for Development Evaluation

15.04.2021
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Why What How Examples Citations

Why spatial information can improve evaluation

E�ects are local and . . .
• Phenomena of interest to evaluation vary spatially

• SDG 10 - socio-economic inequality (Smith & Permanyer 2019)
• SDG 13 - exposure to natural disasters (Leppert et al. 2018)
• SDG 16 - violent conflict (Cederman & Gleditsch 2009) & state fragility (Wencker &

Verspohl 2019)
• E�ects of interventions are local (Dreher & Lohmann 2015; Civellia et al. 2018)

. . . spatially disaggregated data is available.
• Availability and ease of use of spatially disaggregated data has greatly improved

• geo-coded survey data (e.g. IPUMS)
• geo-coded event data (e.g. UCDP-GED, ACLED, HIIK)
• satellite data (e.g. nightlight)

Yet, a level-of-analysis-gap remains
• Large-N comparisons predominantly rely on the country-year as level of analysis

15.04.2021 GeoTex
Thomas Wencker 2
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What can be done to overcome the level-of-analysis gap?

Data is not the problem, . . .
• Processes of formulating and implementing development cooperation policies

create text
• These texts often include geographical information

. . . but time and resources are.
• The abundance of text renders close reading very resource heavy

GeoTex as an alternative
• The computer performs (parts of) the tasks of a human coder and automatically

detects project locations
• GeoTex is a script-based tool to extract place names from text including geocoding
• Based on existing open-source software (R) and state-of-the-art Natural Language

Processing (spaCy)
• Developed in collaboration with Leipzig University

15.04.2021 GeoTex
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GeoTex

Figure 1: GeoTex Frontend
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Named Entity Recognition
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Top ic  Mode l ing

 Topic modeling could be applied to learn more about the causes

of success or failure of development intervention. Comparative

research on many cases in the field of  development cooperation

to date largely combines readily available country statistics (e.g.

GDP or level of democracy) with project ratings manually

extracted from reports. Topic models allow for the efficient

exploration of large collections of evaluation reports by

extracting references to influential topics such as political

institutions or economic performance.

 

TOP 1

 

TOP 2

 

TOP 3

 

Figure 2: Niekler & Wencker 2018

Named-entity recognition
• Classification maps document properties to classes
• Classifiers assign classes to unknown text (i.e. automatic labelling of text)
• One application is to identify locations mentioned in texts

15.04.2021 GeoTex
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Steps

Import and Preprocess
1. Import texts
2. Language detection

Extract locations
3. Extract locations from text using spaCy
4. GeoCoding

Delete false positives
5. Filtering by Type/Class (e.g. shops, tourist sites)
6. Clustering for confidence
7. Filtering against blacklist

Prepare output
8. Enrich locations with external meta information
9. Create, condense and save whitelist

10. Extraction of metadata from texts

15.04.2021 GeoTex
Thomas Wencker 6
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Get started

Install Software
• R environment & required packages
• RStudio as front-end
• Python (e.g. Miniconda) & spaCy

Prepare documents
• Check if documents are machine-readable (OCR)
• Move documents to import folder

Download Script
• Run GeoTex script

Validate results
• Draw a sample from documents
• Manually code locations for gold standard
• Check GeoTex results against gold standard

15.04.2021 GeoTex
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Colombia

Figure 3: Project locations (Nawrotzki et al. (forthcoming))

15.04.2021 GeoTex
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Colombia II

Figure 4: Administrative Performance (DNP-DDDR, 2017) and proportion of female-headed
households (IPUMS)
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Colombia III

Figure 5: Raster data of nighttime lights from the Visible Infrared Imaging Radiometer Suite (VIIRS)
Day/Night Band (DNB) made publicly available by the US National Oceanic and Atmospheric
Administration (NOAA) (NOAA, 2020)
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A bit of context
• The evaluation - An ongoing evaluation of Norway’s 

support to the Women, Peace and Security (WPS) 
agenda, 2000 – 2020. 
Its scope is limited to the participation of women in 
peace efforts.

• Statistics - OECD code lists are used by donor countries 
to report on their development aid flows. These codes 
are used to classify information in the DAC databases. 

• The problem - needles in a haystack.

A large universe of potential interventions. There is no 
OECD statistical code for “women’s participation in 
peace”, only proxies. How do we find the right projects 
in the portfolio? 

Photo: UN Women/Ryan Brown
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Using OECD DAC coding systemTheproblem

Women, 
peace
and 
security
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Women’s
participation in 
peace

Evaluation

Using OECD DAC coding systemTheproblem

Women, 
peace
and 
security
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Women’s
participation in 
peace

Evaluation

Using textual descriptions

Women, 
peace
and 
security

A solution
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Textual descriptors in OECD DAC db
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Machine learning
• R
• Supervised learning

• Steps after cleaning and preparing the dataset of WPS 
interventions, 2000 – 2019: 

1. Selecting a portion (<300) of the total 
observations (training set);

2. Manual coding of the training set, looking at 
“Description of Agreement”. Is it a “women’s 
participation in peace” intervention? (1/0)

3. Tokenisation and further cleaning (stopwords, 
stemming, etc.)

4. Train the model (exploratory analysis, 
evaluation) 

5. Apply the model and get projects classified



EVALUATION DEPARTMENT 9

Results
• At least 333 

projects in the
WPS portfolio, 
2000 - 2019



EVALUATION DEPARTMENT 10

Final thoughts

• Output quality - input quality. 
• Portfolio analyses and text mining: 

– A wide range of opportunities.
– Supervised classification as a cost-effective method.

• Evaluation skills, thematic expertise and data science competence.
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Follow us

• Newsletter: www.norad.no/evalnews
• Twitter: @noradevaluation



Session 3:  Using Machine Learning
for Analysing Human Rights

Mainstreaming in Development
Project Documents

Lea Smidt, Evaluator, DEval
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Using Machine Learning for Analysing
Human Rights Mainstreaming
EES Webinar

Lea Smidt | Deval

15.04.2021



CONTEXT: 
� Evaluation of the Human Rights Strategy in German development policy
� Guideline requiring development project proposals to mainstream human rights
� e.g. promote participation, strengthening state actors accountability, empowerment

DATA: 761 project proposals (2014 – 2020) 

SOFTWARE: R Studio

MOTIVATION FOR USING ML APPROACH:

� Proposals are long and unstructured texts

� Large number of documents

� Manual analysis impossible with available resources

Introducing the Case

15/04/2021

To what extent are human rights standards and principles mainstreamed in development 
projects?

Page 2



Text analysis allows…

x …extracting information from text

x …establishing a relationships between words and variables (‘classes’)

Text analysis and machine learning 

x Computer ‘learns’ to decide whether text belongs to a class or not based on words

x Two ‘learning‘ approaches

Machine Learning and Text

15/04/2021

Unsupervised learning

x Computer determines word clusters

x Unknown classes

x Computer ‘learns‘ through repetition

Supervised learning

x Evaluator classifies documents (training data)

x Known classes

x Computer ‘learns‘ through training, feedback
& repetition

Page 3



Conceptualisation

• Define 9 criteria for
mainstreaming
human rights

• Create a codebook

Training set

• Draw random sample 
(n=105) of project
documents

• Humans classifiy
sample documents

Data Processing

• Import all documents
in R 

• Create corpus in R

• Import/create
metadata in R

Parsing

• Parse texts into
words (tokenization)

• Create document
frequency matrix
(dfm)

Data Cleaning

• remove puncutation

• remove white space

• remove numbers

• remove stopword

Analysis

• Load training set

• Train algorithms

• Improve model fit 
(Tuning parameters)

Validation

• Humans classify a 
validation set

• Compare human 
and machine
classification

• Compare error rates
of algorithms

Work Flow: Supervised Machine Learning

15/04/2021 Page 4



Î Be transparent about the limitations of your data and analyses

Lack of information on the data-generating process
x What do the documents stand for?
x Who created the document in which context? 

Biased results due to…

x …different types of documents and coding units

x …an unrepresentative training data set

x …a reproduction of human errors

Validation

x Underlying assumption: Humans are always right (...actually they are not!)

x Compare best-performing algorithm to intercoder-reliability of humans

Challenges, Risks and Safeguards

15/04/2021 Page 5



Thank you very much for your
attention
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Results II: Content of HR Mainstreaming
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Criterion 4: Empowerment of Marginalised Groups
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Performance and reliability
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Class: Stregthen state actors‘ accountability and transparency

Advise: Compare best-performing algorithm to intercoder-reliability of human coders 

Class: Empowerment
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