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Abstract

This study conducts a historical analysis of global policies on refugees within typewritten and
digitally-born documents (c. 55,000 pages) from international and national archives. The data
originates from the 1970s and is stored in archives from the UK and US governments, plus the
United Nations High Commissioner for Refugees (UNHCR). The overarching theme is to analyse
the involvement of the UK, the US, and the UNHCR in different refugee cases that occurred during
the 1970s. To do so, we (1) identify the main topics in each document; (2) investigate the
transmission of topics horizontally (between organizations) and vertically (through time); (3)
suggest targeted areas of the document set for further close reading by historians. Standard
Optical Character Recognition (OCR) and object detection are used to extract information from
documents and categorize them. Then, NLP methods like topic modelling and clustering are used
to identify topics and the relationships between them across time. The results identify several
main themes covered by different organizations and how the focus of each organization changes
diachronically. Besides its academic contribution, this study also demonstrates how, through the
use of existing techniques with limited customization, digital technologies in the hands of the
historian can augment and complement qualitative methods in bringing to light the themes and
trends demonstrated in large bodies of historical documents.



1 Introduction

International history based on bureaucratic and diplomatic source material often involves large
scale multi-archival research across the world, resulting in large quantities of research pictures.
One of the major challenges of this type of research is the processing of thousands of these
images upon return from a research trip. One of the potential solutions is to use NLP methods on
historical source materials, collected from the analogue archives by historians themselves. The
current study provides preliminary results of this type of solution for archival source material,
largely written on typewriters, from the 1970s.

The study is embedded in a larger international history project that focuses on refugee
resettlement under coordination of the international refugee organization, the United Nations
High Commissioner for Refugees (UNHCR), between 1972 and 1979%. For the purpose of this
paper, we concentrate on the three major case studies of that period: (1) the expulsion of the
Asian diaspora - a group of British passport holders with roots in the Indian Subcontinent - from
Uganda by General Idi Amin in 1972 and their subsequent resettlement in more than 25
countries; (2) the exile of Chileans and Latin American refugees in Chile after the coup of General
Augusto Pinochet in 1973, which led to UNHCR-assisted resettlement in 55 countries; and (3) the
escape of Viethamese ‘boat people’ from the fall of Saigon in 1975 onwards that resulted in the
establishment of the international ‘Orderly Departure Program’ in 1979. The historical objective
is to analyse the role of various (state and non-state) actors and their discourses, as well as the
outcomes of resettlement programs.

The research rests on the premise that the 1970s formed the apogee of resettlement (as
one out of the three durable solutions in the Statute of UNHCR) for refugees from the Global
South. The ‘success’ of resettlement in terms of the numbers of resettlement countries, numbers
of refugees resettled, and resources allocated to resettlement was unseen before and never
repeated in later decades. Policymakers and scholars concerned with refugee protection have
advocated for stronger resettlement programs (Noll and van Selm, 2003; Hashimoto, 2018), but
it is actually not well understood why refugee resettlement in the 1970s became such a popular
solution. In order to understand possible evolutions, and the nature, causes, and chronology of
these resettlement programs in the 1970s, research was conducted on archival material from 18
archives in 9 countries in 12 different languages (predominantly English, Spanish, and French),
resulting in 94,322 research pictures.

The objective from a digital humanities point of view is to develop an automated
approach to help the historian deal with large quantities incompletely tagged, non-digitally-born
data (i.e. research pictures with imperfect OCR and missing metadata) by (1) identifying the main
topics in the dataset; (2) investigating the transmission of topics horizontally (between

! DETAILS PROJECT (will be added once review phase is completed)


https://www.zotero.org/google-docs/?7HpgFg

organizations) and vertically (through time); and (3) suggesting targeted areas of the document
set for further close reading by historians. Since the case studies were known to the historian at
the moment of data collection, we expected to find topics related to these case studies. However,
we also expected to find topics that would point towards evolutions within and across the case
studies in order to better understand where policymaking on refugee resettlement originated,
how actors communicated, and copied or adapted ideas and practices, and which overarching
discourse emerged throughout these processes.

It is becoming increasingly common to use computational methods on historical data
(Baierer et al., 2019; Riedl and Padd, 2018): particularly, textual Latent Dirichlet Analysis (LDA), a
topic modelling method that enables working with natural language instead of metadata. This
method was introduced by Blei (2003) and is interesting to humanities researchers asking
guestions about the vertical and horizontal transmission of ideas in bodies of text, ranging from
literature to newspapers (Chandelier et al., 2018; Tangherlini and Leonard, 2013). These analyses
commonly use existing large digitally-born data sets. Historians interested in that kind of research
are increasingly gaining access to digital historical data. For instance, (Allen and Connelly, 2016)
surveyed studies of digitized diplomatic cables using topic modelling methods to study the
prevalence of various topics over time. In Gao et al., (2017) metadata about State Department
documents were used to identify communications that warrant closer study and thus avoid the
problem of dealing with natural language. Risi et al. (2019) explored how the use of topic models
could allow a hypothetical ‘artificial archivist’ to identify historically significant documents.
However, digitally-born original (i.e. unpublished) historical data exists only from the
introduction of text processing computers onwards. The first data of this kind date back to the
early 1970s and were produced in the American administration. For that reason, historians of
earlier time periods conduct digital research on smaller manually transcribed (sometimes crowd-
sourced) data sets (Barron et al., 2018; Roe et al., 2016; Romein et al., 2020).

Besides its academic contribution in global policies of refugees during the 1970s, this
study also contributes in terms of methodology by suggesting digital solutions for historians who
manually select large quantities of non-digital typewritten data and store them as digital
facsimiles, in the form of research pictures with underlying OCR text of varying quality. The aim
is explicitly to keep ‘the human in the loop’ and to supply solutions explicitly geared towards the
needs of the historian, as far as possible using standard existing tools without the need for
extensive customized technology. We first describe the text corpus and its digitization before
sharing the results of two NLP methods (topic modelling and clustering). Then, we share some
preliminary results that can shed a light on how the NLP analysis assisted in resolving some of the
historical objectives of the larger research project on refugee resettlement. Finally, we suggest
work to develop our method further with the possibility of it becoming a standardized toolkit for
historians working with typewritten sources from the end of the nineteenth century onwards.



2 The Text Corpus

From the 94,322 research pictures (the equivalent of the same number of pages) collected in the
archives, we selected a sample from two archives: the British National Archives (hereafter TNA)
at Kew and the Archives of the United Nations High Commissioner for Refugees (hereafter
UNHCR) in Geneva. In these two collections we further selected only the documents in English,
in the date range between August 1972 and December 1979, of the three case studies mentioned
in the introduction. The case studies were determined based on document titles assigned by
{Author X} while conducting research in the archives. Information on language and date for each
page in the UNHCR collection was manually added in a metadata database by the historian (see
figure 1). For TNA, information on the date was extracted by computer vision methods (see
section 3.2). In the latter collection, all pages were in English. This resulted in 4679 records (6962
pages) from UNHCR and 7276 records (17,647 pages) from TNA.

Furthermore, we selected 21,886 records, relevant to the case studies from the Access to
Archival Database (hereafter AAD), which is part of the American National Archives and Records
Administration. The AAD website, which contains 3,225,364 US Department of State Cables from
the Central Foreign Policy Files created between 1 July 1973 and 31 December 1979, is popular
among historical researchers interested in digital methods and big data (Allen and Connelly,
2016; Gao et al., 2017; Risi et al., 2019)?. Due to its time frame and content, AAD is valuable for
the purposes of the historical research questions. Moreover, as these data are digitally born, they
serve as a comparison point to the messier data derived through OCR. After excluding the records
that contained no full text (due to restrictions by either Executive Orders or other laws or
regulations of the US Department of State) 8646 AAD records were retained. A precise page
count for the AAD data is not available based on the metadata in the database.

3 Digitizing documents

In this section, we explain how the paper documents were digitized and how metadata (dates)

was extracted from those documents, using optical character recognition (OCR) and computer
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* The following Python packages are used in the study as a whole: colotlover, Fitz, FuzzyWuzzy, gensim,
matplotlib, nltk, numpy, opencv, otca, pandas, plotly, pyLDAvis, pyTorch, scipy, sklearn, and SpaCy.
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3.1 Optical Character Recognition to digitize documents

The workflow for extracting information from the analogue archived documents (UNHCR and
TNA) began with a physical visit to the archives to scan or digitally photograph each page of each
document. To convert the images into text, the ABBYY FineReader OCR package was used. The
resolution of all the digital images was at least 300 dpi, but image quality was highly contingent
on the quality of the paper, as standards for acid-free paper for archival purposes were not
established until the 1980s (Kurlansky, 2017, p. 255). The UNHCR data is especially affected by
the use of poor-quality paper and ink. For that reason, UNHCR data was manually inserted in a
database before OCRing. Metadata about ‘document genre’ helped to group the pages (common
document genres are memorandums, reports, press articles, cables, among others. For a full list
please refer to Appendix 1). Because of the high internal consistency per genre and the large
disparities between them, each genre was then OCRed separately. Training the OCR software
per genre, as was first intended, came to naught, as the process proved too time-consuming for
a single researcher, who was also in charge of the content analysis. The failure of the attempt to
train OCR software led us to accept the limitations of the source material and to explore the
usefulness of NLP methods on imperfect data.

Figure 1 shows an example of a picture in the genre ‘incoming cable’. Metadata apart
from the genre include the date, the language, the degree of confidentiality, the initials of the
secretary, and the place (box, file, page) where the original document can be found in the archive.
Several genres follow their own templates with a lot of pro forma text. For instance, each
incoming cable had the same heading, which was filled out by the secretary who received the
cable. We attempted to filter out this pro forma text during the preprocessing phase as much as
possible (section 4.1).
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Figure 1. An example of a database entry including the document from the UNHCR archives with
the pro forma text marked in red.

When the UNHCR documents were originally scanned, the OCR quality was calculated as
an overall percentage per document genre?. The genres not only depended on the content, but
also on the quality of paper, ink, and the typewriter. The genres with OCR quality above 80%
(‘memorandum’, ‘reports’, ‘letters’, ‘press articles’) comprised 62% of the UNHCR documents.
The remaining genres (‘drafts’, ‘cables’) had OCR quality lower than or equal to 80%. The genre
with the lowest OCR quality was the ‘draft agreement’ with only 68% OCR quality. The TNA data
was collected at different points in time (2014 and 2017 respectively) with two different devices.
These differences, however, seem to have had only a limited impact on OCR quality with 88% for
the documents photographed in 2014 and 90% for those of 2017 (see Appendix 1).

An acceptable baseline of OCR quality for topic modelling has been proposed at 80% by
van Strien et al., (2020), who observed that low quality OCR mattered for mathematical measures
of topic coherence (though less so for qualitative interpretability of the topics). Since over one
third of the UNHCR data fell below the 80% threshold, we investigated the potential impact of

4 The OCR quality of a document is equal to 1 minus the ratio of low confidence characters in the document. The
OCR quality as a measure does not include the characters that are not at all recognized (which are seen by the
software as ‘images’ rather than ‘text’).



the low quality on the results (Figure 2). For the UNHCR data, we calculated, for each document
genre, the average number of lemmas per page that were fed into the topic model after the
preprocessing steps which remove data that is likely to be irrelevant or erroneous (section 3.1).
This served as a broad measure of the information content of each document type.
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Figure 2: Average number of lemmas per page input into the topic model, vs OCR-Q score, per
document type in the UNHCR corpus. Vertical dashed line represents the 80% threshold
suggested by van Strien et al. (2020); horizontal dashed line represents the average lemma count
per page across all UNHCR documents included in the topic model. Genre abbreviations are as
per Appendix 1.

We observe that the information content for documents in the 65-80% OCR-Q range is
similar to that for documents in the 80-90% range. Only above 90% OCR-Q does the lemma count
significantly rise. It is important to note, however, that the genres with the highest OCR quality
(‘external reports’, ‘memoranda’) are also those that contain more text per page. Based on this,
we did not attempt to remove the genres with lower OCR quality from the dataset for topic
modelling.



3.2 Computer vision to extract date information

While the UNHCR and AAD archives have metadata to indicate to which record a page belongs
and a representative date for the topics in the record, the TNA archive lacks this. This information
was automatically extracted from the pages using a combination of computer vision methods
and the available OCR results.

For the first issue of figuring out which pages belong to which record, we relied on the
fact that pages in a record are consecutive and that the first page in a record has a stamp. The
stamp can be detected using a Faster R-CNN object detection model (Ren et al., 2016). A pre-
trained PyTorch model was adapted to perform this task with transfer learning. The presence of
consistent textures in the stamp allowed training the model to a reasonable performance
(average precision of 0.825 and average recall 0.860 with loU®: [0.5:0.95]) with 600 image
annotations for training, testing and validation. Once a stamp was detected, all consecutive
following pages were assigned to the same record, until the next page with a stamp was found.

For the second issue of identifying the date of a record, Faster R-CNN training did not lead
to a reasonable accuracy using the same amount of data. Instead, the fact that authorship dates
for arecord are usually visually distinct from the rest of the document and have a standard format
as text (Figure 3) was used.
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Figure 3: A typical example of a TNA research picture, with an overlying piece of paper,
handwriting, and in the red square the rubber stamp with the date that indicates the start of a
new record.

> Intersection over Union. A measure of object detection accuracy that quantifies how much of the detected
stamp overlaps with the actual stamp.



The page image was binarized, dilated, and then watershed segmentation (Kim et al.,
2014) was applied to identify areas of the image that contained contiguous pieces of text. Next,
the text identified by OCR in each of these areas was matched against a regular expression to
identify dates. If a record contained multiple pages authored on multiple dates, the median of
the detected dates was used to represent the date of the record.

4 Analysing documents

This section describes how the content of the digitized paper documents and the digitally-born
documents was analysed using topic modelling and topic clustering.

4.1 Data preparation for topic modelling

For the topic modelling process, we used all selected data including the digitized research
pictures from TNA (7276 records, 17647 pages) and UNHCR (4679 records, 6962 pages) and the
8646 digitally-born records from AAD. The text was tokenized and lemmatized using SpaCy's
‘en_core_web_sm’ model which has a tagging accuracy of 97%. Several preprocessing steps were
necessary to mitigate quality issues specific to this data, as well as to distinguish content terms
from function words (which reflect grammatical structure, or the mechanics of a communication
medium, rather than semantic meaning, and so are not relevant for topic modelling).

First, for the TNA texts, all line breaks were removed before tokenization, since we found
that a large number of spurious line breaks had been added by the OCR software, breaking up
words incorrectly into small fragments. Second, tokens were excluded if either the token itself,
or its lemma, fell within a set of stopwords: (a) NLTK's set of English stopwords; (b) words that
are clear OCR artefacts, such as ‘wtth’ (almost always a mis-scan of ‘with’); (c) words that relate
to the mechanics of cable distribution, such as ‘cable’ and ‘telecommunications’; and (d) words
that are function words, as opposed to content words, but are not included in NLTK's standard
list (such as ‘although’ and ‘however’). Apart from the NLTK stopword set, these terms were
identified and added to the exclusion list iteratively when they were found to appear in the topic
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modelling results. Third, particular multi-word sequences which referred to a single semantic
entity were treated as a single lemma (e.g. ‘New York’, ‘Kuala Lumpur’, ‘United Nations High
Commissioner For Refugees’). SpaCy’s named entity recognizer (NER) is intended for this
purpose, but did not identify many of the relevant cases in this dataset, and so this processing
was instead done explicitly in Python code. Fourth, tokens were also removed if they were
punctuation, shorter than three characters, or if less than half of the token consisted of ASCII
alphabetical characters (words that fail this last criterion in an English document are almost
certainly OCR artefacts).

These preprocessing steps certainly did not make the dataset ‘perfect’ for topic modelling
purposes. They simply removed mis-scanned words rather than replacing them with their correct
form, and they did not address low-frequency mis-scanned words that were not prominent in
the topic modelling results. The level of preprocessing was sufficient, however, to give the useful
results we describe. Following the preprocessing, a document—-lemma count matrix was
constructed using sklearn’s standard ‘bag of words’ count vectorizer. At this stage, lemmas were
excluded from consideration if they occurred in fewer than 3 (three), or more than 30%, of the
documents in the dataset. Table 1 shows, per archive, the average lemma counts for the
documents that formed the input to the topic model itself. The close proximity of the number of
lemmas per document between the most clean data (the digitally-born AAD records) and the
least well OCRed data (from the UNHCR archives) suggests that all three archives in the data set
contributed information broadly equally to the topic model.

Archive Doc Page Words Lemmas Lemmas Words Lemmas Lemmas
count count per doc per doc, perdoc, | perpage | perpage, | per page,
before | after pre- before | after pre-
pre-proc proc pre-proc proc
AAD 8645 305.7 159.3 139.0
TNA 7207 17568 532.4 265.0 217.1 218.4 108.7 89.0
UNHCR 4530 6250 275.2 153.7 128.0 199.5 111.4 92.8
All 20382 379.1 195.4 164.2
All paper- 11737 23818 433.1 222.0 182.7 2134 109.4 90.0
based

Table 1: Information content of the set of documents included in the topic modelling. These
figures are averages across all the documents and/or pages in each archive. Note that AAD
consists of digital data, without pages, so per-page counts are not relevant. ‘Words’ here means
the result of splitting the raw document by spaces; ‘Lemmas before pre-proc’ refers to the output
of SpaCy’s standard lemmatizer, and ‘Lemmas after pre-proc’ here means the result after all the
pre-processing steps carried out as described above.



After the preprocessing steps described, some documents were left with no valid lemmas
at all (generally because of poor OCR quality), and are not included here. This amounted to 95

documents (112 pages) in total: 0.34% of the pages in the dataset as a whole.

4.2 Topic modelling

From the document—lemma count matrix, the topics can be identified either using Latent
Dirichlet Allocation (LDA) or Hierarchical Dirichlet Processing (HDP). As shown in Figure 4, LDA
(Blei et al., 2003) models each document as a probabilistic mixture of topics, and each topic as a
probabilistic mixture of words. Given a corpus, and the desired number of topics as a
hyperparameter, the model assigns a weighted combination of topics to each document in the
corpus, with each topic being a weighted combination of terms, so as to best fit the text of the
corpus. The resulting weights are expressed as a document—topic matrix and a topic—term matrix.
HDP (Teh et al., 2006) is similar, but, rather than requiring the number of topics as a parameter,

attempts to infer the optimal number of topics from the data.

Model D ' Term
ocument
. ' R (lemma)
Inputs
document-term count
malrix
Model l l . Term
Document | i Topic ( )
outputs | mmmm | mEmm emma
i =
m At
document-topic matrix topic~term matrix

Figure 4: Conceptual view of topic modelling

During this work, although metadata (date, source archive, and the historian’s
categorization of the documents into the three ‘case studies’ described in the introduction) was
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used to select which documents were in scope, it was not an input to the LDA or HDP model and
so the model was ‘blind’ to this information when determining topics; its input was only each
document’s text, preprocessed as described in section 4.1.

Since the HDP algorithm automatically selects the optimal number of topics, it was our
initial choice. However, it resulted in over 100 topics, which, while a mathematically optimal
result according to the algorithm, was not clearly historically interpretable. Given this result, and
our aim of using computational modelling to suggest avenues of further exploration for historians
(rather than attempting to generate conclusions autonomously), we moved to a ‘human-in-the-
loop’ approach, using the LDA algorithm, experimenting with different numbers of topics, and
working iteratively with {Author X} to identify the optimum number of topics (more details in
the Preliminary Results section).

For each number of topics tried (8, 12, 16 and 20), first, the PyLDAVis package was used
to produce interactive plots which showed the saliency and relevance of each term within each
topic, and the level of similarity or difference between topics. Figure 5 shows an example plot.
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Figure 5: Example of a plot from pyLDAVis. The historian can explore this interactively, selecting
different topics to investigate, and adjusting the A parameter in the formula for topic relevance
(which determines the rank order of terms in the right-hand chart).



Second, the topics identified by the model were summarized by their most prominent
terms and each assigned by the historian to a case study and a ‘theme’ (based on the most
prevalent terms). In order to be useful, the model should demonstrate (a) that it identifies
information available to the historian at the time of the data collection, such as the three
different case studies and (b) that it also produces topics that generate new information, such as
encompassing themes that occur in several or all topics. Ideally, there should be a number of
clearly demarcated ‘case study related topics’ as well as ‘overarching topics’. In the iteration with
8 topics, the case studies did not clearly appear, as lemmas connected with each case study
appeared in almost every topic, which inhibited interpretation by the historian. 20 topics
produced topics which were clearly demarcated per case study, but did not produce more
overarching topics than in the run with 16 topics. In the end, the model with 16 topics proved to
be the most interpretable.

The results of the model eventually chosen (LDA with 16 topics) were then presented in
human-readable form in several additional ways. First, the topic—term matrix was represented
as a table showing the most relevant words for each topic. Second, the document—topic matrix
was combined with the document metadata to produce graphs showing (a) the prevalence of
each topic in each archive, for documents written in each time window (month, quarter or year)
of the period under investigation, and (b) the prevalence of each archive (UNHCR, TNA, and AAD)
in each topic, for the period as a whole. Further details about this information are provided in
the next section. Third, again based on the document—topic matrix and the document metadata,
a ‘historian’s reading list' was produced, listing (per topic) the documents most strongly
associated with that topic.

4.3 Topic clustering

Having identified topics, clustering techniques can provide a further level of insight by finding
groups of topics which are in some sense similar. Approaches integrating topic modelling and
clustering like this are described in more detail by (Ahmadi et al., 2018) and show that topic
modelling, followed by clustering of the resulting topics, yields more semantically meaningful
clusters of documents than bag-of-words clustering (i.e. clustering based directly on the
document—term matrix without the use of a topic modelling algorithm).

Generically, a clustering algorithm attempts to group data points into clusters so that each
point is similar to all points in its own cluster, and dissimilar from all points in other clusters.
Qualitatively speaking, we regard topics as similar if they contain overlapping vocabulary words,
with similar weightings. Quantitatively, ‘distances’ that measure the dissimilarity between topics



were determined by treating each topic as a vector in a multi-dimensional space, where the
dimensions were the words in the vocabulary of the documents. Each row in the topic—term
matrix was treated as a vector, and the cosine distance between each pair of rows was calculated.
sklearn’s AffinityPropagation model was used to find clusters, with the affinity between each pair
of points being the negative of the cosine distance described. The algorithm is appropriate for
this situation, where the dataset (number of topics) is small, and we do not want to presuppose
the number of clusters to be found, or that the clusters should be similar in size. As with the topic
modelling, the clustering algorithm did not have access to any of the document metadata: it could
not use document date, source or case study as an input to its decisions.

5 Preliminary results

First, we use the topics automatically extracted from the documents to identify the main themes
discussed in the documents and compare them with the results of a qualitative analysis by a
close-reading historian. Second, we approach the topics and the themes from a diachronic point
of view and investigate how the themes are represented across different archives during the
1970s. We use the word ‘theme’ here when referring to the historian’s manual classification of
the topics, and ‘cluster’ when referring to the results of the automatic clustering algorithm.

5.1 Main themes in the documents

From the iterative approach described in section 4.2, the LDA model with 16 topics gave the most
interpretable results. This allows a historian to have a quick visualization of the content and
classify the most historically significant topics above the smaller topics. Moreover, the model can
also list the most relevant document for each topic, which can point the historian directly to
candidates for close reading, as shown in Table 2.



Most prominent lemmas by rank
Topic Theme 1 2 3 4 5
(manually
assigned)

1 UK Policy britain (1.09%) | home (0.87%) | country (0.71%) | case (0.71%) | office (0.66%)
2 Ugandan uganda (2.37%) | britain (1.64%) | asians (1.19%) | ugandan (1.16%) | india (1.08%)

Asians
3 UNHCR les (2.34%) | nations (1.96%) | commiss (1.51%) | capital (1.35%) | letter (1.29%)

ariat
4 Indochina boat (1.99%) | singapore (1.97%) | ship (1.86%) | vessel (1.26%) | arrive (0.96%)
5 USA Policy usa (1.85%) | case (1.82%) | ins (1.17%) | number (1.16%) | bangkok (1.13%)
6 Indochina country (1.93%) | governm (1.15%) | problem (1.02%) | resettlem (0.96%) | number (0.68%)
ent ent
7 Indochina hong kong (1.71%) | minister (1.12%) | britain (1.02%) | secretary (1.02%) | governm (1.01%)
ent

8 Indochina limited (4.19%) | official (4.17%) | embassy (2.17%) | saigon (1.40%) | reftel (1.28%)
9 Ugandan person (1.41%) | uganda (1.34%) | high (1.20%) | office (0.97%) | family (0.90%)

Asians
10 Indochina nguyen (2.54%) | thi (2.16%) | van (1.98%) | family (1.53%) | tran (1.23%)
11 Chile chile (6.38%) | santiago (3.21%) | embassy (1.53%) | case (1.45%) | official (1.21%)
12 Indochina hong kong (7.62%) | office (1.09%) | ukmis (1.03%) | number (0.99%) | governm (0.98%)

ent

13 Indochina bangkok (1.72%) | page (1.57%) | srv (0.92%) | hanoi (0.90%) | chinese (0.79%)
14 Ugandan people (0.74%) | president (0.59%) | year (0.55%) | governm (0.55%) | general (0.48%)

Asians ent
15 UNHCR jaeger (1.65%) | hour (1.40%) | indicate (1.28%) | paragrap (1.17%) | kelly (1.15%)

h

16 ICRC conference (1.76%) | icrc (1.76%) | prg (1.61%) | usmission (1.32%) | usun (1.22%)

Table 2: The five most prominent lemmas in each topic. Lemmas within a topic are ranked 1-5 in
descending significance, but the numbering of topics 1-16 has no significance.

A first observation reveals that — even though the model did not have access to information on
the three case studies — several, but not all, of the topics identified by the model align well to
them. Topics 2 and 9 (and to a lesser extent 14) clearly deal with the Ugandan Asians, topic 11
with Chile, while topics 4, 5, 7, 8, 10, 12 and 13 handle various aspects of the Indochinese crisis
across South-East Asia. The remaining topics overarch the case studies (as we have seen in
section 4.2). Upon closer inspection, they mainly reveal information about the organizations and
governments under scrutiny and their policies with regard to refugee resettlement. Topic 1
concentrates on the British Government and topic 5 (which does not only contain words on
Indochina as displayed above, but also on Latin America) on the United States. Topics 3 and 15
are not immediately recognizable for the untrained eye, but they contain words related to
processes and actors within UNHCR. Topic 16 is an anomaly: it contains information on the
Diplomatic Conference on the Reaffirmation and Development of International Humanitarian
Law Applicable in Armed Conflicts, which started in Geneva in 1974 (Kalshoven, 2007), that is
unrelated to the refugee policy from the research question. These records were added by mistake
and the model has rightly isolated them from all the rest®. From this, it appears that the model

® Based on the combination of the AAD tags for South Vietnam and the ICRC, which were both related to
refugees and the ICRC Conference of 1974 and therefore hard to isolate based on tags only.
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generates meaningful results — or in other words, that the OCR input is sufficiently readable to
discern the content of the research question.

In order to investigate how closely the identified topics did or did not align to the division of
the dataset into its three source archives, we defined a “relative prominence” score for each
topic in each archive. High relative prominence for topic T in archive A means that T is highly
prevalent in archive A, relative to the other archives. For example, the relative prominence of
topic 1 in TNA is defined as:

w1(TNA) / [w1(TNA) + wi(UNHCR) + w1(AAD)]

where wr(A) is the mean weight of topic T over all the documents in archive A. Table 3 shows,
for each topic, the relative prominence of the topic in the three archives.

Relative prominence (%)
Topic Theme AAD TNA UNHCR
(manually
assigned)
1 UK Policy 8.2 70.5 21.3
2 Ugandan Asians 5.4 725 22.1
3 UNHCR 2.4 12.5 85.1
4 Indochina 32.9 333 33.8
5 USA Policy 86.6 5.7 7.6
6 Indochina 22.7 55.4 21.8
7 Indochina 4.9 86.0 9.1
8 Indochina 88.2 4.7 7.0
9 Ugandan Asians 2.8 11.7 85.5
10 Indochina 81.5 7.0 11.5
11 Chile 62.7 15.9 21.4
12 Indochina 6.8 90.1 3.1
13 Indochina 75.4 12.8 11.9
14 Ugandan Asians 27.3 39.5 33.2
15 UNHCR 1.4 1.8 96.8
16 ICRC 88.3 6.4 5.2

Table 3. Relative prominence of each archive in each topic. Scores over 50% are shown in bold.



We found that topics 5, 8, 10, 11, 13, and 16 were relatively more prominent in documents from
AAD. Topics 3, 9, 15 occurred mostly in UNHCR documents, and topics 1, 2, 6, 7, and 12 mostly
in TNA. Topics 4 and 14 did not show a strong association with a single archive.

5.2 Results of clustering analysis

The clustering analysis described in section 4.3 identified three clusters (shown in Table 4). The
first cluster A includes topics 1, 2, 6, 7,9, 11, and 14. The second cluster B only contains topic 3.
The third cluster C groups topics 4, 5, 8, 10, 12, 13, 15, and 16. At first sight, the clusters do not
exactly match the case studies. Themes related to Uganda and Chile are found together in cluster
A, but Indochina is scattered over the clusters. To test whether the clusters follow along the lines
of the archives, the relative prominence calculations described in section 4.1 was repeated using
clusters in place of topics. The relative prominence of each cluster for each archive is also
indicated in Table 4.



Relative prominence (%)
Cluster Topics AAD TNA UNHCR
(assigned by (with manually assigned
model) themes)
A 1 UK Policy 15.1 49.3 35.6
2 Ugandan
Asians
6 Indochina
7 Indochina
9 Ugandan
Asians
11 Chile
14 Ugandan
Asians
B 3 UNHCR 2.4 12.5 85.1
C 4 Indochina 53.0 20.7 26.3
5 USA Policy
8 Indochina
10 Indochina
12 Indochina
13 Indochina
15 UNHCR
16 ICRC

Table 4: Assignment of topics to clusters by the model, and relative prominence scores per
cluster.

While all clusters extract information from all archives, cluster A derives most information
from TNA and cluster C from AAD. Cluster B is heavily dominated by the UNHCR archives, but
contains only a single topic, which contains mainly pro forma text. When looking at the word
level however, an interesting ordering principle appears. Cluster A concentrates around the
following terms: ‘government’, ‘country’, ‘Britain’, ‘Uganda’, and ‘people’. In terms of actors,
Britain is the most represented in cluster A. Cluster C focuses on ‘Bangkok’, ‘Hong Kong’, ‘page’,
‘official’, and ‘USA’. In terms of actors, USA is the most represented in cluster C. Cluster A
concentrates on government policies of resettlement countries (mostly Britain, but also USA),
while cluster C collects the information gathered by the embassies of the USA and (to a lesser
extent) Britain in the countries of first asylum (first and foremost Thailand, but also Hong Kong,
Singapore and Malaysia). Based on the prominence of the archives and the content of the
clusters, we can conclude that cluster A is more concerned with British refugee policy while
cluster C focuses on American refugee resettlement strategies.



5.3 The evolution of themes and clusters across archives and across time

The second research question relates to the horizontal and vertical transmission of topics across
documents and years, which is visualized in Figure 6. A first finding is that the model is highly
accurate for all three archives and across time as far as its outcome corresponds to classical
(analogue) historical scholarship. Chronologically, the Ugandan case occurred first. In 1972,
President Idi Amin expelled Asians of Indian origin, who were UK passport holders. Figure 6 shows
that the event, at the time of its happening, was relatively most important in the UK archives, but
soon became mainly the concern of UNHCR. Of a total of 50,000 expellees, 27,000 first found
asylum in the UK (Tandon and Raphael 1978: 17). The UK denied further responsibility for the
rest of the Asians, who were eventually resettled as refugees in more than 25 countries
(Mamdani, 2011). By 1974, most Ugandan Asian refugees were resettled, but UNHCR remained
occupied with specific assistance resettled Asians, particularly family reunification, until the end
of the decade (Cosemans, 2018). Topic 9, with ‘family’ as one of its core words (see table 2),
demonstrates how this practice developed over time.
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Figure 6. Visualization of the topic variation by themes in UNHCR, TNA, and AAD. The x-axis
indicates the time and the organizations. The y-axis refers to the ratio of topics. The main colour
palettes refer to the overarching themes identified in the qualitative analysis: Ugandan Asians is
orange, Chileans is green, Indochina is red, UNHCR is grey, overarching topics are purple. Topic
16, relating primarily to documents that were included by mistake, is blue.



The Chilean case appeared significantly for the first time in 1973, at the time of the coup
by General Augusto Pinochet. Interestingly, the case was of interest in the American and British
archives, while it does not leave a significant mark in the UNHCR archives. The explanation could
be that UNHCR in first instance became concerned with the Latin American refugees that were
recognised under its mandate in Chile, but who were not Chileans (Rojas Mira and Santoni, 2013;
Smith, 2013). UNHCR became responsible for Chileans only at the end of 1976. A specific focus
on Chileans (not refugees coming out of Chile) only appears in the UNHCR archives after that year
(Vera E., 1986). In 1974, when the issue was discussed by the British Labour Party and
subsequently a group was admitted to the UK, the Chilean case gained prominence in TNA
(Livingstone, 2018), but overall attention for Chileans was limited. The brief spike in interest in
Chilean refugees in the USA in 1976 and 1977 can be explained by the murder on Orlanda Letelier
by Pinochet’s secret police in Washington DC in 1976 and subsequent congressional debates
about raising quota for Chilean refugees (Walker, 2011).

The fall of Saigon in April 1975, is clearly visible in figure 6, as the prominence of the ‘red’
topics (related to Indochina) increases. In AAD, we see how in 1975 topic 8 about Saigon is the
most important, to make room for personal files and family reunion cases in topic 10, and
eventually Chinese refugees in topic 13. This is a very consistent picture of what we know about
the American involvement in the Indochinese refugee crisis (Robinson, 1999) In TNA, the topics
about Hong Kong (12 and 7) only increase over time, which coincides with greater refugee arrives
there and rising tension between the British government and its colony (Chan, 1990). In 1979,
Margaret Thatcher called for an international conference on the Indochinese refugees,
particularly to relieve Hong Kong's burden (Kumin, 2008). UNHCR first occupied itself with the
boat people themselves (topic 4) and then with the resettlement of them (topic 6).

While a careful study of the ‘case study related topics’ can teach us a lot about change
over time, the ‘overarching topics’ show certain continuities between the case studies. Topic 1 is
clearly about British refugee policy. Interestingly, it does not only feature in TNA sources, but also
in UNHCR ones (not in AAD). Further investigations following from this observation have
indicated that Britain indeed had an important influence on the international refugee
organization — much more important than American policy (contrary to what is sometimes
posited in the literature). Topic 5 on American policy does not feature as much in the UNHCR
records. This topic only spans two case studies — the Chileans and the Indochinese — because
there are hardly any data on the Ugandan Asians in AAD (due to the fact that the data start a year
after the occurrence of the Ugandan Asian crisis) and it shows that only in Indochina did the
American policy on refugees really matter. As said previously, topic 3 contains mostly pro forma
text from the UNHCR archives, but topic 15 shows something revealing. Among its 5 most
prominent words are the names of two important UNHCR staff members (other than the High
Commissioner): Gilbert Jaeger and John Kelly. The fact that they remain in function throughout
the period and their potential impact on refugee policy merits further research.



The same diachronic analysis was conducted for the three clusters identified by the
clustering algorithm (Figure 7). Broadly, cluster A (government policy and human rights, in blue)
is more prominent earlier in the decade. In the later 1970s, those topics gradually decreased as
cluster C (findings from countries of first asylum and UNCLAS, in green) grew. Notice again how
the anomalous topic 16 is overrepresented in 1974, therefore distorting the results.
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Figure 7. Visualization of the topic variation by automatic clusters in UNHCR, TNA, and AAD. The
x-axis indicates the time and the organizations. The y-axis refers to the ratio of topics. The main
colour palettes refer to the clusters identified in the quantitative analysis: Cluster A is blue,
Cluster B is yellow, and Cluster C is green.

This is intuitive from a historical point of view, as from 1975 onwards, the Indochinese
case became much more prominent, which is reflected in the growth of cluster C. It is also
interesting to see that while the clusters are shared across archives, topics related to cluster C
are more prominent in TNA and topics representing cluster A are mostly found in AAD. This also
reflects the involvement of different organizations in different topics.

5.4 Pointing the historian in new directions

Now that we have established that NLP methods can be used to identify what we already know
through ‘traditional’ historical methods, even with imperfect OCRed data, we need to investigate
whether it can also generate new results, or at least point the historian in new directions quickly.



Historians come to their research with their own preconceived notions and biases towards
history, which can blind them to other results and outcomes than the ones they had in mind. We
will highlight how the approach described above shattered these conceptions by presenting a
brief case study.

Delving deeper into the divisions which ran through the clusters, we discovered that
cluster A contains all topics that include the lemmas ‘human rights’ (namely topic 14, 6, 11, 1 —
in order of prevalence, see Appendix 3), whilst cluster C contains all topics (5, 10, 8 and 16) that
include the word UNCLAS (the UN Convention on the Law of the Seas). Having previously ignored
all international legal principles other than refugee law, the prevalence of these lemmas within
the clusters came as a surprise to our historian. Based on an automatically generated ‘reading
list” of the 30 most important records per topic (see Figure 8) the issue of human rights was
investigated first as it proved to be a particularly productive alley for close reading research.

Figure 8: Extract of ‘historian’s reading list’ showing the documents most strongly associated with
each topic

It soon became apparent that in the early 1970s one particular human right, namely the
right to freedom of movement, became an essential feature of refugee resettlement. In the case
of the Ugandan Asians, who were British passport holders, their right to move to the UK was
removed by British immigration legislation from the late 1960s. At the time of their expulsion,
human right advocates focused predominantly on their right to move to ‘their own country’ (i.e.
the country that had issued their passports). Pinochet’s Chile has become infamous for its human
rights abuses, but historians have always focused on torture (Kelly, 2013). They have overlooked
that human rights debates about Chile first focused on liberty of movement - first on the right for
the Latin Americans who had been recognized as refugees by the former regime under Salvador
Allende to leave the country, which was quickly expanded to Chilean dissidents as well. The
developments in Chile marked a shift in thinking about human rights.

By the end of the decade, in 1979, UNHCR negotiated a deal with the government of
Vietham to stem the exodus of Vietnamese on small boats. The provision was that the
Vietnamese government would prevent people to leave, in exchange for resettlement places in



the West. UNHCR staff members at the time felt highly uncomfortable about the deal, because
it essentially removed the Vietnamese’s freedom of movement (Kumin, 2008). However, with
thousands at peril on the high seas, other principles prevailed.

The 30 most prevalent records in topic 14, on the Ugandan Asians, provided the first
insights. Topic 6, on both resettlement policy and human rights of the Vietnamese, helped to
understand the existing literature, which hinted at, but never explicitly referred to, the link
between freedom of movement and resettlement. Topic 11 on Chile indicated how in 1973
freedom of movement was still an important human rights principle, but lost its prevalence
during the Pinochet dictatorship. Last but not least, topic 1 indicated that human rights
considerations were important for UK policy. British anxiety about freedom of movement, from
their attempts to divert their responsibility for Ugandan Asians towards the international
community to Margaret Thatcher’s call for an international conference to control the Vietnamese
exodus (particularly to Hong Kong, then still a British colony), informed resettlement practices
throughout the 1970s. This insight helps to decentralize dominant narratives about refugee
resettlement, that focus on the role of the Cold War and American hegemony (Suhrke, 1998;
Bessa, 2009; Hashimoto, 2018)

6 Conclusion

In terms of academic contribution, the three objectives of our study were to (1) identify the main
topics in the dataset; (2) investigate the transmission of topics horizontally (between
organizations) and vertically (through time); and (3) suggest targeted areas of the document set
for further close reading by historians. We consider that the first objective has been completed.
We found that topic modelling methods not only detected expected historical events, but also
pointed out additional information to deepen the analysis in topics that ‘cut across’ the case
studies, which points inter alia to the relevance of human rights debates for refugee resettlement
in the 1970s. Likewise, our second objective was also reached, as the extracted topics were
tracked in time (within the 1970s) and across the three international organizations involved in
this study (AAD, TNA, and UNHCR). The graphs picturing the topics and clusters (figure 6 and 7)
clearly show how topics and clusters progressed over time, and which topics retain their
prominence throughout the period. Visualization is a powerful tool to enhance interpretation.
Our decision to organize the bars per case study also aided analysis. With regard to the third
objective, the automatically generated reading list per topic helped to quickly point at the pages
most worthy of close-reading research in a corpus of over 20,000 records and over 55,000 pages
- a task physically unattainable for a single historian. We therefore consider that our third
objective was also attained.



In terms of methodology, we have demonstrated that methods of document digitization
combined with NLP models can be of great support in historical research. We used already
implemented tools that in most cases were not specifically built for this task (ABBYY for general
purpose OCR, object detection for metadata extraction, SpaCy for text parsing and
lemmatization, LDA for topic modelling, and affinity propagation for clustering), combined with
interdisciplinary communication and iteration. Instead of dealing with approximately 55,000
pages of text, the historian was directed towards the most important records to investigate in
order to inform the answer for a particular question. The insight gained from this small sample
of pages was then extrapolated: it helped to formulate new search terms for full text search.
Interpretation remained a human job, but searching for what deserved human attention was
supported by the computer. During this process, it is of the utmost importance to highlight that
NLP approaches such as used in the current study are only considered as a supplement and
support in hypothesis-testing and/or data exploration. The backbone of the research is (and
should always be) a solid theoretical underpinning and a thorough understanding of the data and
its socio-historical-cultural context.

Finally, we would like to point out a few limitations in the current study and point towards
future research. First, we only considered a few specific tools for digitization of documents. The
parameters of these tools were not further tuned either. More state-of-the-art OCR methods
that deal better with historical documents (Lu and Dooms, 2019) could be tested to assess if OCR
performance could be improved. Second, we needed to work iteratively to explicitly exclude
frequent words which were not relevant to our analysis but were not present in NLTKs list of
stopwords, as well as words that were frequent artefacts of OCR. Whilst, after having done this,
we do not expect that any remaining such words had a significant impact on the analysis, it would
be useful to explore less ad hoc ways of doing this, including the assessment of different NLP
tools. Third, the optimum number of topics in the LDA model was ultimately determined by a
person with deep contextual knowledge reviewing their content. While we do not envisage a
process that does not have a ‘human in the loop’, it would be interesting to explore how
guantitative and automated assessment of topic quality could be brought into the process. One
approach to this was our experiment with using the HDP algorithm, which does not require the
number of topics as an input. This gave a large number of topics that were not clearly
interpretable: a future experiment, however, could be performing clustering analysis on those
results, to review whether the clusters (as opposed to individual topics) are interpretable.
Another approach is to use mathematical measures of topic quality. Such measures have been
proposed, but it is not fully clear how closely their results correspond to what actually needs to
be measured — i.e. the usefulness of the topics to scholarship. For example, van Strien et al.
(2019) found that calculated topic coherence was lower when the OCR quality of input text was
lower, but that there was no clearly correlated decline in human interpretability of topics. Last
but not least, a major objective for further research would be to conceive an ideal process and
toolkit for conducting research from archive materials to interpretable output. As an example,



the methods we used could be encapsulated in a more user-friendly interface that does not
require practical knowledge of programming languages.
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Appendix 1: OCR Quality per Archive and Genre in the Physical Archives’

Archive Genres Abbreviation Pages | Low confidence
(manually characters(%)
assigned)

UNHCR UNdocuments_e UR 16 3
nglish

UNHCR statement_engli STA 80 3
sh

UNHCR meetingnotes_e MN 147 3
nglish

UNHCR cabletokyo_engl CcT 20 5
ish

UNHCR externalreport_ ER 444 6
english

UNHCR memorandum_e MEM 893 6
nglish

UNHCR noteforthefile_e NFTF 244 9
nglish

UNHCR internalreport_e IR 445 9
nglish

UNHCR english_rest ER 1571 9

UNHCR telegram_englis TEL 79 11
h

UNHCR pressarticle_eng PA 359 12
lish

TNA collected_in_20 TNA1 5114 12
14

TNA collected_in_20 TNA2 16624 10
17

UNHCR withthecomplim WTC 185 15
entof_all

UNHCR internalnote_en IN 800 18
glish

UNHCR table_english TAB 109 19

UNHCR internalletter_e IL 181 19
nglish

’ Here we show the values as generated in the ABBYY Finereader 14 Enterprise Hot Folder function. As the
OCR-process took place before the sample selection for this paper (based on date, language, and case
study), the overall number of pages in this table is higher than the amount used for the NLP analysis.



UNHCR draftletter_engli DL 41 20
sh
UNHCR draftmemorand DM 172 25
um_english
UNHCR incomingcable_e IC 1913 25
nglish
UNHCR outgoingcable_e oC 1225 28
nglish
UNHCR draftagreement DA 3 32
_english
Appendix 2: numerical data for Figures 6 and 7
Topic prominence in documents
Arch | Year | 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
ive
AAD | 197 0.01 | 0.06 | 0.00 | 0.00 | 0.09 | 0.07 | 0.00 | 0.14 | 0.03 | 0.01 | 0.19 | 0.00 | 0.06 | 0.14 | 0.00 | 0.12
3 54 86 17 46 55 42 98 21 81 92 04 15 34 49 50 57
AAD | 197 0.01 | 0.00 | 0.00 | 0.01 | 0.03 | 0.05 | 0.00 | 0.09 | 0.00 | 0.01 | 0.10 | 0.00 | 0.03 | 0.03 | 0.00 | 0.56
4 18 93 30 09 66 41 64 24 99 76 58 29 78 16 32 67
AAD | 197 0.01 | 0.00 | 0.00 | 0.04 | 0.19 | 0.05 | 0.00 | 0.25 | 0.00 | 0.10 | 0.04 | 0.01 | 0.05 | 0.02 | 0.00 | 0.14
5 76 67 53 75 74 46 94 94 89 70 18 13 56 38 40 98
AAD | 197 0.01 | 0.00 | 0.00 | 0.04 | 0.22 | 0.02 | 0.00 | 0.14 | 0.00 | 0.27 | 0.13 | 0.00 | 0.03 | 0.02 | 0.00 | 0.03
6 48 62 22 56 47 73 65 73 82 27 66 96 90 07 33 52
AAD | 197 0.01 | 0.00 | 0.00 | 0.09 | 0.28 | 0.05 | 0.01 | 0.12 | 0.01 | 0.08 | 0.10 | 0.01 | 0.09 | 0.03 | 0.00 | 0.05
7 34 70 22 55 96 34 11 18 06 03 55 86 20 47 48 95
AAD | 197 0.00 | 0.00 | 0.00 | 0.09 | 0.34 | 0.07 | 0.01 | 0.08 | 0.00 | 0.08 | 0.05 | 0.02 | 0.12 | 0.02 | 0.00 | 0.03
8 83 51 18 59 22 22 51 66 55 83 45 79 88 50 30 98
AAD | 197 0.00 | 0.00 | 0.00 | 0.06 | 0.09 | 0.16 | 0.03 | 0.06 | 0.00 | 0.01 | 0.01 | 0.03 | 0.32 | 0.04 | 0.00 | O.11
9 59 60 07 58 41 96 08 39 41 15 65 62 43 96 35 75
TNA | 197 0.13 | 0.58 | 0.01 | 0.00 | 0.01 | 0.02 | 0.04 | 0.00 | 0.04 | 0.00 | 0.01 | 0.02 | 0.00 | 0.06 | 0.00 | 0.01
2 59 32 86 60 15 81 12 68 45 39 22 01 46 94 35 05
TNA | 197 0.30 | 0.12 | 0.02 | 0.01 | 0.01 | 0.05 | 0.10 | 0.00 | 0O.10 | 0.01 | 0.07 | 0.07 | 0.00 | 0.05 | 0.00 | 0.01
3 87 29 93 38 33 27 63 91 28 17 65 85 47 14 46 37
TNA | 197 0.35 | 0.16 | 0.02 | 0.00 | 0.01 | 0.06 | 0.06 | 0.00 | 0.08 | 0.00 | 0.03 | 0.06 | 0.00 | 0.08 | 0.00 | 0.00
4 91 50 55 76 50 55 57 78 29 96 43 40 46 81 25 27
TNA | 197 0.20 | 0.07 | 0.01 | 0.02 | 0.02 | 0.08 | 0.21 | 0.01 | 0.04 | 0.01 | 0.02 | 0.18 | 0.00 | 0.04 | 0.00 | 0.01
5 25 89 41 22 46 58 30 88 92 52 22 51 96 15 66 07
TNA | 197 0.15 | 0.04 | 0.03 | 0.08 | 0.01 | 0.17 | 0.13 | 0.01 | 0.03 | 0.02 | 0.05 | 0.12 | 0.01 | 0.06 | 0.01 | 0.01
6 79 54 84 04 09 97 65 33 03 54 26 24 70 80 08 10
TNA | 197 0.11 | 0.03 | 0.01 | 0.13 | 0.01 | 0.15 | 0.15 | 0.01 | 0.04 | 0.02 | 0.00 | 0.18 | 0.02 | 0.04 | 0.00 | 0.00
7 60 85 65 81 85 70 82 53 16 11 45 08 88 73 93 87
TNA | 197 0.06 | 0.03 | 0.02 | 0.09 | 0.01 | 0.19 | 0.23 | 0.01 | 0.01 | 0.01 | 0.00 | 0.22 | 0.01 | 0.03 | 0.00 | 0.00
8 29 24 00 74 40 86 58 00 99 19 69 31 96 25 54 95
TNA | 197 0.05 | 0.01 | 0.00 | 0.04 | 0.01 | 0.20 | 0.25 | 0.00 | 0.01 | 0.00 | 0.00 | 0.29 | 0.01 | 0.03 | 0.00 | 0.00
9 90 68 93 57 04 55 71 64 82 48 48 63 50 77 34 98
UN 197 0.02 | 0.14 | 0.10 | 0.00 | 0.00 | 0.06 | 0.01 | 0.00 | 0.25 | 0.00 | 0.01 | 0.00 | 0.00 | 0.05 | 0.27 | 0.00
HCR | 2 62 03 91 49 70 09 58 74 84 44 38 39 49 91 59 81
UN 197 0.03 | 0.03 | 0.07 | 0.00 | 0.03 | 0.03 | 0.01 | 0.00 | 0.54 | 0.00 | 0.01 | 0.00 | 0.00 | 0.02 | 0.14 | 0.00
HCR | 3 98 45 82 75 07 05 68 96 02 79 89 30 49 90 03 81
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Appendix 3: Interactive PyLDAVis plot highlighting topics with the lemma ‘human rights’
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