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The  data:  UK  Government  White  Papers

• UK	  Government	  White	  Papers	  from	  
1945	  to	  2010	  
•  888	  documents	  with	  19.3	  million	  
words	  in	  total	  
• Mid-‐level	  abstracEon,	  between	  
theoreEcal	  debates	  by	  intellectuals	  
and	  intellectually-‐minded	  poliEcians	  
and	  laws,	  regulaEons,	  guidance	  
documents,	  instrucEons	  and	  so	  on	  
•  97	  manually	  assigned	  categories	  

A	  Policy	  for	  the	  Arts.	  	  The	  First	  Steps	   Arts	  

The	  new	  NHS.	  Modern.	  Dependable	   Health	  

The	  Governance	  of	  Britain.	  ConsEtuEonal	  Renewal	   ConsEtuEon	  
ADJUSTMENT	  OF	  AGRICULTURAL	  GUARANTEED	  
PRICES	   Agriculture	  

The	  ReorganisaEon	  of	  Central	  Government	   Civil	  Service	  

REVIEW	  OF	  BRITISH	  STANDARD	  TIME	  	   Home	  Affairs	  

New	  Policies	  for	  Public	  Spending	  	   Social	  

PROPOSED	  CHANGES	  IN	  THE	  WORK	  OF	  THE	  
MINISTRY	  OF	  AGRICULTURE,	  FISHERIES	  AND	  FOOD	  	   Agriculture	  

BriEsh	  Library	   EducaEon	  

Public	  Expenditure	  1969-‐70	  to	  1974-‐75	  	   Budget	  

Reform	  of	  Local	  Government	  in	  Scotland	  	  
Local	  
Government	  



Dic9onary  scoring

Morality	  &	  Fairness:	  
h`p://www.moralfoundaEons.org/	  
	  
SenEment:	  	  
h`p://www.lexicoder.com/	  
(score	  =	  posiEve	  –	  negaEve	  senEment)	  
	  
Ambiguity:	  	  
Hiller,	  Marco`e,	  MarEn	  (1969)	  
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DicEonaries	  detecEng	  	  
•  SenEment	  
•  Ambiguity,	  vagueness	  
•  Morality	  
•  Fairness,	  egalisaEanism	  
	  
Normalised	  and	  scaled	  to	  center	  around	  the	  
mean	  value.	  NegaEve	  values	  then	  indicate	  a	  
lower	  than	  average	  score	  and	  posiEve	  value	  a	  
higher	  than	  average	  one.	  	  
	  
Created	  a	  year-‐based	  Eme	  series.	  
	  
	  
	  

unique description of the structure of the underlying collections
and using all textual features available, including metadata,
machine-read relationships or statistical analysis of word cor-
relations. The result is a better descriptions of the structure of
textual archives [6].

In this paper, we focused on UK Government White Papers
to map connections and similarities in political communica-
tions from 1945 to 2010. These are 888 documents, 19.3
million words in total. Figure 1 presents the average number
of tokens/words had in a particular year. There is a clear
trend towards longer and longer documents as well as several
early outliers, which would merit further investigation. White
papers are a good starting point for a materialist analysis of
political communications because they represent an official,
public statement of government policy on particular topics.
They stand at a sort of mid-level of abstraction, between
theoretical debates by intellectuals and intellectually-minded
politicians and the texts which produce action themselves:
as laws, regulations, guidance documents, instructions and so
on. Consequently, they not only reflect what politicians and
officials think about a particular topic, but offer a good sense
of how they think of practical political action itself is thought
about: of who should do what to what or whom.

III. DETECTION OF EPOCHS OF POLITICAL DISCOURSE

In the first stage of our analysis, we cleaned and created
a united corpus for all of the collection using the quanteda
package in the R language [7]. We create automated semantic
annotations for three annotations using dictionaries: ambiguity,
fairness and morality. Quanteda makes it easy to import dictio-
naries from several formats commonly used in the humanities
and social sciences. Dictionaries are high-quality linguistic
resources that allow for automated annotatations and content
analysis, which we use to provide a preliminary classification
of textual content according to topics in the texts. This is,
however, a highly simplified approach to semantic annotation
and not without its critics [8]. Nevertheless dictionary-based
semantic annotations are often the only real option in human-
ities and social science where alternatives such as supervised
learning of text classifications are not possible because of the
lack of reference training collections.

Dictionary-based approaches are based on a word-
frequency analysis where the reference tokens/words are lim-
ited to keywords in the dictionary. Words in the dictionary map
textual content to specific topics and categories, the degree of
which depends on the number of words that belong to each
topic. The approach is simple and effective by first identifying
all dictionary-based keywords in a document and then filtering
all those that belong to categories.

We ran this approach with three dictionaries for four
annotations. The first dictionary maps different moral concepts,
based on the effort of the social psychologist Jonathan Haidt
and colleagues typologies of different kinds of morality [9].
Their dictionaries separate moral concepts into distinct do-
mains associated with evolved adaptations for living in social
groups [10]. We kept the categories covering general moral
terms and fairness. The general moral category included terms
like ’bad’, ’character’, ’correct’, etc. Fairness listed terms such
as ’balance*’, ’constant’, ’egalitar*’, etc.

Fig. 2. Dictionary-based Annotation of UK White Papers

Fig. 3. Facetted Annotations of UK White Papers

The second dictionary uses sentiment vocabularies to map
policy developments [11]. The final dictionary measured politi-
cal ambiguity [12]. This dictionary uses three classifications of
writing quality in English texts. We kept only the ’Ambiguous
designation’ class containing terms such as ’whatever’ or ’no
particular’.

All semantic annotation values, as provided by the dic-
tionaries, were normalised and scaled to center around the
mean value. Negative values then indicate a lower than average
score and positive value a higher than average one. Finally
all value are indexed with their years and the average of all
categories per year determined. Figure 2 brings together the
resulting trends into one graph, while Figure 3 splits the same
graph into three sub-graphs to emphasise the developments
per annotation: ambiguity, fairness, morality and political
sentiment.
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QuadraEc	  Regression	  of	  UK	  White	  
Papers	  AnnotaEons	  to	  determine	  
trends/epochs	  
Four	  epochs	  (visual	  ad	  hoc	  
evaluaEon):	  	  
	  
• Before	  1965	  
• Between	  1965	  and	  1990	  
• Ager	  1990	  

Fig. 4. Quadratic Regression of UK White Papers Annotations

We share the critique of dictionary-based approaches that
they are not exact enough for single observations. More
work needs to be done to determine the nature of individual
spikes, for example, determining the exact kind of vocabulary
they represent or the number of words involved - among
other things. Instead of trusting individual results from the
dictionary-based analysis, we rather use them to determine
trends and points of change in political communications,
aggregating the results of a number of dictionaries. To make
the case stronger, we use three relevant dictionaries rather
than a single one, as it is common in, for instance, sentiment
analysis [8].

We should stress that we are not necessarily convinced of
the methodology underpinning any of these dictionaries. In
our analysis they are simply collections of similar types of
words, whose frequency would remain constant if texts had
a similar style and subject matter; but which would change
when the structure of political change altered. In other words,
we use them to indicate moments of rupture, not for their
content. Accordingly, our approach could be repeated with
other dictionaries.

Examining Figures 2 and 3, it seems that at the beginning
there is a period of highly fluctuating political communication
before the scaled communication annotation values turn gen-
erally negative in the mid 1960s before emphatically turning
positive after the 1990s. Figure 4 formally analyses these
trends and turning points. The red line represents a quadratic
regression modelling all the data points and aggregating them,
to allow us to identify moments of change in political language.

Figure 4 summarises our analysis of turning points in
political communications. 1965 and 1990 both mark transitions
in the history of political language and allow us to define three
epochs overall. The first one until 1965 is overall lower than the
average for all four topics. It also has a slight negative trend,
but not a very strong one. From 1965, this trend turns positive
until in 1990 all indicators turn higher than the average. The
overall positive trend then also accelerates and becomes more

Fig. 5. Optimal number of topics

defined.

Thus, we have three epochs in our textual archives. The
first runs from 1945 to 1964, while the second starts in 1965
and ends in 1990. The final epoch seems to be from 1990 until
the end of our archives in 2009.

IV. AUTOMATED ANALYSIS OF EPOCHS

The most common approaches to quantitative textual anal-
ysis track the frequency of clusters of related terms determined
manually, including both the techniques developed by Franco
Moretti, and the dictionary approach we used to identify
epochs above. The benefits of using our human capacity to
cluster terms are clear. The danger, though, is that we miss
patterns we would not otherwise notice and instead impose our
own current conceptual systems on the archive, in the process
undermining the empirical emphasis of materialist textual
analysis. In this section, we experiment with two automated
techniques for analysing shifts in individual concepts and
clusters of concepts, both available within the easily accessible
gensim python library. The aim is to begin developing a sense
of what exactly changed in the transition between our three
periods, and also to verify that the periodisation is correct.

A. Topic Models

Our first attempt to understand the three auto-detected
epochs involves topics models for each of the epochs, which
we then use to create frequency distribution graphs to confirm
the importance of particular clusters in each epoch. We use
Latent Dirichlet Annotation (LDA), a popular topic analysis
approach [13], which is, however, also very resource-intensive.
It is commonly used to extract topics from textual data and
study patterns. LDA assumes that each document belongs to
a number of topics (k) with a certain probability. Assuming
that we have n documents, LDA produces a matrix of k x
n, describing the probability of each document belonging to
certain topics. The number of topics k needs to be chosen
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Performed	  Latent	  Dirichlet	  AllocaEon	  (LDA)	  
	  
•  k	  from	  90-‐130	  (matches	  ~number	  of	  human-‐allocated	  metadata	  
topics)	  
	  
• Obtained	  Pearson	  correlaEon	  between	  120	  LDA	  topics	  and	  values	  for:	  

•  Ambiguity	  
•  SenEment	  
•  Manually	  assigned	  topics	  



Evalua9ng  Epochs  with  Topic  Models

Do	  the	  epochs	  reflect	  changes	  in	  topics	  during	  this	  epochs?	  
Colour	  changes	  in	  the	  heatmap	  of	  correlaEons	  between	  topics	  and	  
dicEonary	  annotaEons	  indicate	  strong	  changes	  between	  the	  epochs	  
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Do	  the	  epochs	  reflect	  changes	  in	  topics	  during	  this	  epochs?	  
Colour	  changes	  in	  the	  heatmap	  of	  correlaEons	  between	  topics	  and	  
dicEonary	  annotaEons	  indicate	  strong	  changes	  between	  the	  epochs	  

Epoch Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6 Topic 7 Topic 8 Topic 9 Topic 10

All primaiy cynulliad renewables ratepayers mecu bnfl tabic swansea cymru flat-rate
seivices bydd biomass amalgamation colonial decommissioning docklands newport addysg widow
industiy llywodraeth decc mccs kenya ukaea efls glamorgan gyfer pensioner
sendee cymru tidal rateable nigeria magnox million monmouthshire nghymru earnings-related
seivice gymru biofuels tsbs obligatory nirex attendances valleys hyfforddiant solvency

1945-1964 output health education sterling scotland article defence soviet tons korea
growth bill courses loans scottish federation army berlin food conference
investment works research payments wales constitution forces states average nations
industries councils schools table road commission military germany consumption commission
labour medical broadcasting gold building federal atlantic governments wheat korean

1965-1989 curriculum tunnel kong presidency hectares spanish subsection devolved patients bypass
ethnic heathrow hong spain crop gibraltar clause elections cable online
deregulation airlines chart directives breeding dispersal chargeable ballot offenders junction
absent stansted contingency portugal wheat spain solicitors museum patient motorway
rebate gatwick revalued gatt potatoes majestys disciplinary devolution custody competent

1990- subsection landfill charters smoking seafarers bydd cymru rdas census para
clause wastes subsistence pharmacy nato mewn gyfer assemblies chamber airport
divorce radioactive governments genetic ship gyfer gwariant councillors pupil mayor
confiscation renewables museum genetics judgment cymru swyddfa hong learners crossrail
registrar heat superannuation pcts euro cynulliad gwasanaethau psas anti-social tecs

TABLE I. TOPICS PER EPOCH

Fig. 6. Visualisation of annotation for topics

in advance. There is no single way of choosing the correct
number of topics. A commonly used method is the brute-force
approach of fitting the topic model for a range of different
topic numbers. Figure 5 shows the result for the whole corpus
based on three standard topic modelling evaluation measures
assessing maximising likelihood and minimising Kullback-
Leibler divergence [14]. It seems that the best number of topics
is in the range of 90 to 130. This is confirmed by the metadata
of our data: each document has been humanly annotated by
topics, ’education’, ’health’, ’scotland’, ’defence’ and so on,
with 97 different topics in this column.

Another important input to LDA is the choice of concen-
tration parameters: ↵ and �. High ↵ values mean documents
belong to many topics. Higher � values mean the topics contain
many words. We follow convention and set ↵ = 50/k, where
k is the number of topics and � = 200/m, where m is the
total number of unique features (words) in the documents. We
specify that words need to have a minimum frequency of 25 in
the collection and appear in at least 50 documents. This leaves
us with 7,500 features and � = 0.027 as well as ↵ = 0.42 with
k = 120. Again, there are other more fine-grained methods to
choose the concentration parameters, which we would use in

a more detailed analysis of the topics. Here, we concentrate
on determining topic changes between the epochs.

We continue with the pairwise Pearson correlations be-
tween the LDA topic clusters and the values for ambiguity,
fairness, morality and political sentiment for each epoch in
relation to the whole corpus. Figure IV-A is the visualisation
of the correlations between annotations and 120 topics in the
corpus. The heat map’s cells are darker and redder the stronger
the correlation. The pattern of correlations reveals, for instance,
that ambiguity (Amb) between 1945 and 1965 is strongly
correlated with many topics and so is Sentiment (Sent) in
the earliest epoch. But overall there are too many topics to
make this analysis really useful for investigating individual
correlations. Table I contains the first 10 topics of 120 for the
whole collection under the ’All’ tab.

Figure 6 is useful for an ad-hoc evaluation of the epoch
determinations. For all three recorded annotations - ambiguity,
sentiment and topics - there are strong transitions in the
importance of individual topics for all epochs. The colour
intensity changes in all columns of the heat map. For instance,
for ambiguity the first cell for 1945-9165 is dark red, for



Evalua9ng  Epochs  with  Word2Vec

Word2vec:	  
• Model	  that	  generates	  mulEdimensional	  vectors	  that	  
reproduce	  word	  context	  
• Words	  commonly	  used	  in	  the	  same	  context	  are	  close	  to	  each	  
other	  in	  vector	  space	  

T.	  Mikolov	  et	  al:	  Distributed	  Representa0ons	  of	  Words	  and	  
Phrases	  and	  their	  Composability	  (2013)	  
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Trace	  changes	  of	  meaning	  and	  relaEonships	  between	  words	  
Word2vec	  models	  for	  each	  of	  our	  three	  epochs	  	  
Words	  which	  changed	  meaning	  the	  most:	  
•  Between	  first	  and	  second	  epoch:	  
’korean’,	  ’gold’,	  ’berlin’,	  ’home’,	  ’reserved’,	  ’u.k.’,	  
’federaEon’,	  ’broadcasEng’,	  ’federal’,	  ’currency’,	  
’company’,	  ’legislaEve’,	  ’conference’,	  ’balance’,	  
’associaEon’,	  ’war’,	  ’great’,	  ’Korea’,	  ’informaEon’,	  ’ltd’.	  	  
•  Between	  second	  and	  third	  epoch:	  
‘labour’,	  ’manpower’,	  ’naEon-‐	  alised’,	  ’building’,	  ’ireland’,	  
’current’,	  ’britain’,	  ’northern’,	  ’ou`urn’,	  ’kingdom’,	  ’house’,	  
’industrial’,	  ’improvement’,	  ’ad-‐	  ministraEon’,	  ’survey’,	  
’community’,	  ’states’,	  ’third’,	  ’about’,	  ’home’.	  	  

	  
	  
	  

Example	  ‘war’:	  
	  
In	  the	  first	  epoch,	  ’war’	  was	  an	  
acEve	  process	  the	  BriEsh	  state	  was	  
involved	  with	  or	  immediately	  
recovering	  from,	  located	  close	  to	  
words	  like	  ’prisoners’,	  ’damage’	  or	  
’outbreak’)	  
	  
In	  the	  second	  epoch,	  ’war’	  was	  
memorialised	  and	  compensated	  far	  
more	  than	  fought,	  with	  ’graves’,	  
’memorials’,	  ’death’,	  ’pensions’	  
’widows’	  and	  ’reErement’	  	  
	  
	  



In  Summary

• Performed	  dicEonary	  analysis	  w/	  dicEonaries	  for	  SenEment,	  Morality,	  
Fairness	  and	  Ambiguity	  
• QuadraEc	  regression	  and	  segmentaEon	  indicates	  3	  disEnct	  epochs:	  

•  1945	  –	  1965:	  slight	  negaEve	  trend	  
•  1965	  –	  1990:	  slight	  posiEve	  trend	  
•  1990+	  -‐	  all	  annotaEons	  posiEve	  w/	  strong	  posiEve	  trend	  

• Correlated	  dicEonary	  annotaEons	  per	  ecoch	  w/	  LDA	  topics	  
• Used	  word2vec	  models	  to	  validate	  changes	  in	  word	  use	  across	  3	  
epochs	  



Thanks 


