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Abstract. This paper addresses methodological issues in diachronic data anal-
ysis for historical research. We apply two families of topic models (LDA and 
DTM) on a relatively large set of historical newspapers, with the aim of capturing 
and understanding discourse dynamics. Our case study focuses on newspapers 
and periodicals published in Finland between 1854 and 1917, but our method 
can easily be transposed to any diachronic data. Our main contributions are a) a 
combined sampling, training and inference procedure for applying topic models 
to huge and imbalanced diachronic text collections; b) a discussion on the differ-
ences between two topic models for this type of data; c) quantifying topic promi-
nence for a period and thus a generalization of document-wise topic assignment 
to a discourse level; and d) a discussion of the role of humanistic interpretation 
with regard to analysing discourse dynamics through topic models.

Keywords: Discourse Dynamics, Finland, Historical Newspapers, Nineteenth 
Century, Topic Modelling.

1 Introduction

This paper reports our experience on studying discursive change in Finnish newspapers
from the second half of the nineteenth century. We are interested in grasping broad
societal topics, discourses that cannot be reduced to mere words, isolated events or
particular people. Our long-lasting goal is to investigate a global change in the presence
of such topics and especially finding discourses that have disappeared or declined and
thus could easily slip away in modern research. We believe that these research questions
are better approached in a data-driven way without deciding what we are looking for
beforehand, though the choice of the most suitable techniques for such research is still
an open problem.

In this paper we focus on developing methodology. Choosing available algorithms
for analysis guides possible outcomes as they are designed to be operationalised in
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certain ways. Approaching our goal with mere word counts is counterproductive due to
the sparseness of the language and the variety of discourse realisations in a given text.
Further, word counts are unreliable with historical data due to never ending language
change, spelling variations and text recognition errors.

Thus, as many other papers in the area of digital humanities, we utilize topic mod-
elling as a proxy to discourses. In particular, we apply the “standard” Latent Dirichlet
Allocation model [3, LDA] and its extension the Dynamic Topic Model [2, DTM],
which is developed specifically to tackle temporal dynamics in data. However, any
model has its limitations and tends to exaggerate certain phenomena while missing
other ones. We focus on the difference between models and try to reveal their limi-
tations in historical data analysis from the point of view that is relevant for historical
scholarship.

Our main contributions are the following:

– We propose a combined sampling, training and inference procedure for apply-
ing topic models to large and imbalanced diachronic text collections.

– We discuss differences between two topic models, paying special attention to how
they can be used to trace discourse dynamics.

– We propose a method to quantify topic prominence for a period and thus to gen-
eralize document-wise topic assignment to a discourse level.

– We acknowledge and discuss the drawbacks of topic stretching, which is typical
for DTM. It is commonly known that DTM sometimes represents topics beyond the
time period, but thus far there is no discussion in how researchers should tackle this
for humanities questions.

In order to illustrate the appropriateness of the proposed methodology we discuss
two use cases, one relating to discourses on church and religion and one that relates to
education. The role of religion and education has been studied extensively in historical
scholarship but there are no studies that deal with these topics through text mining of
large-scale historical data. These two topics were chosen due to the the fact that the
former was in general a discourse in decline relating to the process of secularization in
Finnish society, whereas the latter increased in the second half of the nineteenth century
and relates to the modernization of Finnish society and the inclusion of a larger share
of the population in the sphere of basic education. In addition to these two interlinked
discursive trends, we also use other examples to illustrate the strengths and weaknesses
of LDA and DTM for this type of historical research.

2 Data

Our dataset is from the digitised newspaper collection of the National Library of Fin-
land (NLF). This dataset contains articles from all newspapers and most periodicals that
have been published in Finland from 1771 to 1917. Several studies have used parts of
this dataset to investigate such issues as the development of the public sphere in Fin-
land, the evolution of ideological terms in nineteenth-century Finland and the changing
vocabulary of Finnish newspapers [36, 17, 16, 11, 21, 22, 25, 29, 12].
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The full collection includes articles in Finnish, Swedish, Russian, and German. In
this work we focus only on the Finnish portion starting from 1854 because this is the
point where we determined we have sufficient yearly data to train topic models. The
resulting subset has over 3.6 million articles and is composed of over 2.2 billion tokens.
Figure 1a shows that the number of tokens published per year in Finnish-language pa-
pers increased steadily. The average article has 526 tokens but article length varies
widely from year to year, as seen in Figures 1b and 1c which show the average article
length and the number of articles per year. As made clear by these figures, there is a
noticeable difference in the number of articles and average article length after 1910.
This shift does not reflect the actual articles in the newspapers, but is the result of a
change of OCR engine used to digitise the collection [20]. While the raw data is pub-
licly available, we used the lemmatised version of the newspaper archive produced by
Eetu Mäkelä, whom we thank.

Still, even if the article segmentation differs in the latter period, Fig. 1a shows that
there is steady increase in the vocabulary used in the Finnish-language newspapers
published in the second half of the nineteenth century. They also covered more themes
and regions. This entailed a process of diversification and modernization of the Finnish
press, which has been widely discussed in historiography. As a collection, the news-
papers vary a lot in style and focus. Some larger newspapers mainly contain political
content, whereas others are rather specialised, and yet others thrived by giving a voice
to the local public [35, 22, 16, 32]. This means that any analysis done on the entirety of
the newspapers, like topic models, tend to balance out some of the differences between
newspapers. This variety in the content, is also something that make newspapers such
an interesting source material for historical research that is interesting in an overview
of society. Although some issues were obviously not discussed because of taboo, cour-
tesy or censorship, most of the themes present in public discourse are recorded in the
newspapers and thus accessible to us in the present. Hence, we believe newspapers are
an especially good source of assessing how the role of particular discourses changed
over time.

2.1 Preprocessing the data

Given the size of the data and its inherent nature, notoriously the OCR quality and the
unbalanced data from different time slices, we performed a series of pre-processing
steps on the data.1

Despite prior work (albeit on English), showing that stemming has no real advan-
tage for likelihood and topic coherence and can actually degrade topic stability [30],
we follow [40, 10, 13] and use a lemmatised version of the corpus. Indeed, the work
in [10] hints at the fact that Finnish, being much more inflected than English, would
benefit from lemmatisation, whereas in [40, 13] the authors stem so as to reduce the
huge number of token types due to OCR issues which impacts the performance of topic

1The more apt phrase “purposeful data modification”, coined by [34], advocates that our
material is not mere data that can go through a standardised “pre-processing” pipeline. Rather,
the data is modified and altered only for the specific purposes of this study, and following this
study’s technical and scientific requirements only.
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(a) Corpus size (b) Average article size (c) No. of articles

Fig. 1: Characteristics of the NLF dataset

modelling [38]. After lemmatisation, we remove tokens that occur less than 40 times
in the collection, stopwords, punctuation marks and tokens with less than 3 characters.
These are additional measures to further reduce the vocabulary size and mitigate the
impact of OCR noise.

3 Topic Models

3.1 LDA

Topic modelling is an unsupervised method to extract topics from a collection of doc-
uments. Typically, a topic is a probability-weighted list of words that together express
a theme or idea of what the topic is about. One of the most popular topic modelling
methods currently in use is Latent Dirichlet Allocation (LDA), which is “a generative
probabilistic model for collections of discrete data such as text corpora” [3]. It has been
extensively used in the digital humanities to extract certain themes from a collection of
texts [4]. In this model, a document is a mixture of topics and a topic is a probability
distribution over a vocabulary. A limitation of LDA for historical research, in its vanilla
form, is that it does not account for the temporal aspect of the data: every document in
the collection is “considered synchronic”, as time is simply not a variable in the model.
Many document collections such as news archives, however, are diachronic—the doc-
uments are from different points in time, and scholars wish to study the evolution of
topics.

There are different ways to overcome this limitation. One possibility is to split the
data into time slices and train LDA separately on each slice. However, in this case LDA
models for each slice would be independent of each other and there is no straightforward
approach of matching topics from independent models trained on disjoint data. Another
possibility, which we explore in this paper, is to train a single model for a subset of the
whole data set over the entire time period and then use topic prominence as proxy for
the dynamics of discourses over time.

To do this, we compute the prominence of a topic in a given year by summing up
the topic contribution for each document in that year and then normalise this number
by the sum of all topic contributions from all topics for that year, as in Equation 1.
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P (zk|y) =
∑|Dy|

j=1 P (zk|dj)∑T
i=1

∑|Dy|
j=1 P (zi|dj)

(1)

where y is a year in the dataset, k is a topic index, Dy is the number of documents in
year y, dj is the jth document in year y and T is the number of topics in the model.

The large size of the collection and its unbalanced nature is a problem for training
topic models. It is computationally expensive to train a model with millions of articles
and the resulting model would be heavily biased towards the latter years of newspaper
collection because it has far more data. To overcome these issues, we sampled the col-
lection such that we have a roughly similar data size for each year of the collection and
as a result, we also get a vastly reduced dataset. However, to have a model of discourse
dynamics that reflects the collection more closely, we compute topic prominence using
the entire collection and not just the sampled portion. We do this by inferring the topic
proportions of all the documents in the collection and using these inferred distributions
to compute topic prominence.

3.2 DTM

As mentioned above, there are topic models that explicitly take into account the tempo-
ral dynamics of the data. One such model is the dynamic topic model (DTM). DTM is
an extension of LDA that is designed to capture dynamic co-occurence patterns in di-
achronic data. In this model, the document collection is divided into discrete time slices
and the model learns topics in each time slice with a contribution from the previous time
slice. This results in topics that evolve slightly–words changing in saliency in relation
to a topic–from one time step to the next.

However, DTM also has its own limitations. It is based on an assumption that each
topic should be to some extent present in each time slice, which is not always the case
with real-world data such as news archives where events and themes can sometimes
disappear and then re-appear at some point in the future.

Perhaps more importantly for historical research, a weakness of DTM lies in its
design: to accomplish alignment across time the topic model is fit across the whole
vocabulary and thus smoothing between time slices is applied. As a result, events end
up being “spread out” before and after they are known to happen. This problem only
becomes evident after a thorough analysis: similar models in different fields such as
lexical semantic change present the same issue – the dynamic topic model SCAN [7]
generates a “plane” top word for the year 1700 (two centuries ahead of the Wright Flyer,
and well before the word’s first attested sense of “aeroplane”), while similar model
GASC [26, 23] encounters the same weakness when modelling Ancient Greek. There
is unfortunately no easy way to bypass this obstacle, which is particularly problematic
when studying historical themes.

For both the LDA and DTM models, we use the Gensim implementation [28] with
default model hyperparameters.
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4 Related Work

Topic models are widely used in the digital humanities and social sciences to draw in-
sights from large-scale collections [4] ranging from newspaper archives to academic
journals. In this section, which we do not claim to be exhaustive, we discuss some of
the previous works that aimed to capture historical trends in large data collections or
used such collections to study discourses using topic models. All in all, these exam-
ples highlight that there is a need to discuss how topic models can be used to capture
discursive change.

In [24] the authors use Latent Semantic Analysis, another topic modelling method,
to study historical trends in eighteenth-century colonial America with articles from the
Pennsylvania Gazette. Their work also used topic prominence to show, for instance,
an increased interest in political issues as the country was heading towards revolution.
The authors of [40] fit several topic models on Texan newspapers from 1829 to 2008.
To discover interesting historical trends, the authors slice their data into four time bins,
each corresponding to historically relevant periods. Such a slicing is also carried out in
[9], where the author fits LDA models on Dutch-language Belgian socialist newspapers
for three time slices that are historically relevant to the evolution of workers rights, with
the aim of generating candidates for lexical semantic change.

Topic modelling has also been used in discourse analysis of newspaper data. In [37]
the authors applied LDA to a selection of Italian ethnic newspapers published in the
United States from 1898 to 1920 to examine the changing discourse around the Italian
immigrant community, as told by the immigrants themselves, over time. They proposed
a methodology combining topic modelling with close reading called discourse-driven
topic modelling (DDTM). Another study examined anti-modern discourse in Europe
from a collection of French-language newspapers [5]. In this case, however, the authors
primarily use LDA as a tool to construct a sub-corpus of relevant articles that was then
used for further analysis. Modernization was also an issue in the study of Indukaev
[14], who uses LDA and word embeddings to study changing ideas of technology and
modernization in Russian newspapers during the Medvedev and Putin presidencies.

LDA was not designed for capturing trends in diachronic data and so several meth-
ods have been developed to address this, such as DTM, Topics over Time [39, TOT],
and the more recent Dynamic Embedded Topic Model [6, DETM], an extension of
DTM that incorporates information from word embeddings during training. As far as
we are aware, DTM and TOT have not been used for historical discourse analysis or
applied to large-scale data collections. In the original papers presenting these methods,
DTM was applied to 30,000 articles from the journal Science covering 120 years and
TOT was applied to 208 State of the Union Presidential addresses covering more than
200 years. This was to demonstrate the evolution of scientific trends for the former and
the localisation of significant historical events for the latter. Recently DETM was ap-
plied on a dataset of modern news articles about the COVID-19 pandemic where the
authors observed differences between countries in how the pandemic and the reactions
to it were framed [19].

In the mentioned cases researchers tackle the interpretative part of using topic mod-
els for humanistic research in different ways. Like Pääkkönen and Ylikoski [27] state,
they toggle between some sort of topic realism, that is, using topic models to grasp
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something that exists in the data, and topic instrumentalism, that is, using topic mod-
els to find something that can be further studied. Only Bunout [5] is a clear case of
topic instrumentalism. All the other studies depart from some sort of realist position,
and attempt to grasp policy shifts, ideas, discourses or framings of topics through topic
models, but end up with correctives of some kind by highlighting the interpretative
element [24, 37], by deploying formal evaluation by historians [9] or by using other
quantitative methods to fine tune the results [14]. The interpretative aspect seems espe-
cially important when it comes to deciding on what researchers use the topics to study
as they can reasonably relate to historical discourses, the semantics of related words,
or simply ideas. How the topics are seen to represent these or, more likely, how the
researchers use the topics to make an interpretation about these based on the topics, re-
quires a strong element of interpretation [27]. Studies show that interpreters prefer to be
able to go back to actual texts in order to make sense of topics [18], which is more than
reasonable, but it also seems that there is a further need for researchers to understand
how different topic-modelling methods represent diachronic data. Without this knowl-
edge it is difficult to assess to which degree and for which time periods researchers need
to manually assess individual documents.

5 Use Cases

What a discourse is, has been heavily theorised within the different strands of discourse
analysis [1], but the advent of digital methods that can handle large textual data sets
require quite some adjustment of discourse analysis as we know it. Like this article,
others have turned to topic models to grasp changes in discourse [37, 5], but this article
seeks specifically to discuss the interpretation that is required when we use topic mod-
els to study discourse dynamics. The probabilistic topic models set clear boundaries
between topics and in doing so might merge or separate things that historians might
regard as coherent topics. However, where the probabilistic model enforces boundaries,
human interpretation in general is very bad at setting those boundaries and usually just
identifies the core of a discourse or topic, but cannot say where it ends.

To get at the tension between topics and discourses, we approached the material
without a predefined idea about which topics we wanted to study in order to keep the
study as data-driven as possible. Our interest was to use topic modelling to capture
topics that could in a meaningful way be related to societal discourses, that is themes
that cannot be narrowed down to individual words, but still are reasonably coherent
and form at least loose topics. To this end, we trained topic models with k ∈ {30; 50},
inferred topic distributions for the whole collection and inspected models by carefully
going through the top words in each topic and using PyLDAVis2 [31] to study overlap
between topics and salience of terms per topic in LDA and heatmap visualizations for
DTM. All topics were annotated and evaluated from the point of view of historical
interpretation. We then opted to use the 50-topic model to study discourse changes
over time. As is common, a portion of the topics seemed incoherent or were clearly
the result of the layout in newspapers (e.g. boilerplate articles about prices etc.) and

2https://github.com/bmabey/pyLDAvis
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did not produce interesting information about societal discourses. Further, some of the
topics clearly overlap, so that a cluster of 2-5 topics can reasonably be seen as related
to a particular societal discourse. The advantage of choosing 50 topics over 30 lies
precisely in the possibility of merging topics later on in interpretation, while splitting
them is more difficult.

To discuss the benefits of LDA and DTM, we chose to focus on two specific themes,
the discourse relating to religion and religious offices, and education. They are both
rather neatly identifiable in the data, but display different trends. The former is in de-
cline over the period of interest, whereas the latter increases in topic prominence. They
can also be related to large scale processes in Finland, religious discourse to the secu-
larization of society and education to the modernization of civic engagement.

5.1 DTM and Stretching of Topics

The two topic modelling methods perform in somewhat different ways. As mentioned,
DTM is designed to incorporate temporal change in the topics, which means it includes
a stronger sense of continuity in its representations of data. Whether or not this is desir-
able, depends on the research question, but our contention is that for studies interested
in discursive change, this is either a problem or at least it is something that needs to
be factored in making the historical interpretation. If we want to understand when cer-
tain discourses became dominant, declined, or even disappeared, this type of stretching
cannot be allowed.

An exceptionally illustrative example of stretching among our fifty topics, is an in-
troduction of the Finnish mark as a currency (Fig. 2a). With top words such as “mark”,
“penny”, “price”, “thousand”, “pay” etc. the topic comes across as one with high inter-
nal coherence. We also see that the topic grows in prominence over time, from being rel-
atively modest in the 1850s to gradually increased prominence after 1860. This makes
sense, as the mark was adopted as currency in the year 1860 and after that self-evidently
figured in public discourse. However, when we look at a heatmap visualization of the
topic (Fig. 2b), we see how the topic stretches from the period 1854–1859 to the period
1860–1917, that is, from the period before the introduction of the mark to the period
it was in use. After 1860 the words “mark” and “penny” are by far the most dominant
terms in the topic, but for the period before 1860, the dominant terms are “price” and
“thousand.” It is clear that “mark”, “penny”, “price”, and “thousand” are words that can
belong to the same topic, but the heatmap representation clearly shows that the focus in
the topic shifts. It is almost as if two related topics are merged as to represent one topic
over the whole time period. In a situation where a historical interpretation highlights a
change in past discourse, DTM produces continuity.

While there is obviously no right answer as to when one topic is stretched a bit or
when different topics are simply merged together to provide a temporally continuous
topic, it seems that DTM is especially problematic if one wants to study discourses that
emerge or disappear in the middle of a time period studied. This means that any histor-
ical analysis using DTM requires a component of historical interpretation of not only
topic coherence, but also topic coherence over time. Here, relying on word embeddings
like in [14] can help, but this is primarily a task for evaluating the topics.
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(a) Introduction of the Finnish mark in 1860
(y-axis indicates the topic probability)

(b) Heat map of terms linked to the intro-
duction of the Finnish mark in 1860.

Fig. 2: Topic related to the introduction of the Finnish mark in 1860 (DTM). The most
prominent terms in the heatmap are are “Mark” = markka, “penny” = penni, “price” =
hinta, “thousand” = tuhat, “pay” = maksu and maksaa.

The speed of topic evolution can be controlled by a parameter in the DTM model. How-
ever, the ‘ideal’ amount of stretching is difficult to assess. For analysing discourse, this
might in some cases be productive as it can point at links between nearby discourses,
but is largely problematic as it hides discontinuities in the data. It becomes even prob-
lematic when dealing with material factors, like the introduction of the Finnish mark,
as the stretching effect is likely to produce anachronistic representations, that is, plac-
ing something in the wrong period of time. Dealing with anachronism can perhaps be
seen as one of the cornerstones of the historian’s profession, which makes DTM as an
anachronism prone method a poor match for historical study. Avoiding anachronisms
completely is impossible, most historians would agree, but knowing when to avoid them
and how to communicate about anachronistic elements in historical interpretation is key
to history as a discipline [33].

5.2 Religion and Secularization

Our model performed well in grasping topics that relate to religion. The initial expecta-
tion regarding the discourse dynamics was that religious topics would be in decline. We
hoped that using a topic model would be a way of showing this quantitatively. Results
obtained from both LDA and DTM, presented in Figures 3a and 3b respectively, har-
monize with our initial hypothesis, but do so differently. The DTM and LDA outputs
cannot be aligned in any other way than manual interpretation by domain experts. In
doing this we simply regarded topics that included several words that denote religious
practices or offices as religious. Thus, the definition of “religious” is is rather narrow,
but it also seems to match the topics that emerged from our data.
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In order to inspect the discourse dynamics of religious topics, we have combined 
several topics that related to religious themes in the LDA model, whereas in the latter, 
DTM model, we only chose one topic to be represented.3

To our knowledge, topic models have not been used to study discursive change re-
garding secularization. However, in line with some earlier qualitative assessments [15], 
we hypothesize that this decline in religious discourse entails two interrelated develop-
ments: 1) Religion did not disappear from public discourse, but instead changed and dis-
appeared from certain types of discourses. In the early nineteenth century, religion had a 
much more holistic presence in public discourse, meaning that religious metaphors and 
religious expressions and topics were used at a much vaster scale. 2) Over the course of 
the nineteenth century, religious topics became more focused. This means a segmenta-
tion of public discourse so that religious topics were increasingly confined to particular 
journals or genres.

Keeping in mind the issue of stretching with DTM, we can look into the shifting 
saliency of words within the topic of religious offices and notice a shifting focus over 
time (Fig. 3c). In the early 1900s terms relating to “holding an office” and names of 
particular congregations become more dominant in the topic. This, again, suggests that 
DTM as a method does some stretching. There is a downside and an upside to this. 
On the one hand, the stretching distorts the topic prominence a bit by making it look 
like there is more continuity than in the LDA visualization. However, this may not be 
that crucial as the declining trends in Fig. 3a and Fig. 3b are rather similar. On the 
other hand, the stretching may be good for detecting conceptual links between differ-
ent groups of words. In this particular case the stronger link between religious offices 
and some towns like Kerava and Porvoo, is probably indicative of a move of religious 
discourse from an overarching question to something that is more likely dealt with in 
conjunction to matters at local parishes. That is, religious offices were more often than 
before dealt with in connection to local congregations. This is in line with our above-
mentioned assumption about religious discourse becoming more distinct.

5.3 Education and Modernity

While we expected religious themes to decline and become less central, we assumed 
there would be some themes that partly overlap with religion, but also would show an 
increasing trend. One example of this is the topic of education, which has historically 
been heavily interwoven with the church, but at the same time when basic education be-
came available for a higher amount of people, it also became central in questioning the 
role of the church and religion. Education in nineteenth-century Finland was both cen-
tral for ensuring conformity of the Lutheran faith, but paradoxically also was a vehicle 
of secularization. [8]

As in the case of religious discourse, alignment between DTM and LDA can only be 
made through human interpretation. It seems, that in this case DTM captures one topic

3We also experimented with more data-driven methods to cluster topics, including for exam-
ple methods based on Jensen-Shannon Divergence. They unfortunately did not lead to clusters 
that our domain experts would make sense of. Nonetheless, despite this, we still believe this is an 
interesting avenue to pursue which could help answer the common ‘number of topics’ question 
often brought up within the field.
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(a) Topics related to religion on
decline (LDA)

(b) Development of religious
topic (chaplain, priest and of-
fice) over time

(c) Heatmap of terms linked to
office of religion topic.

Fig. 3: Religious topics in LDA (a) and DTM (b,c); y-axis in (a, b) indicates the top-
ics’ probabilities. Most prominent terms in the heatmap are “chaplain” = kappalainen,
“vicar” = kirkkoherra, “teacher” = opettaja, “priest” = pappi, “Porvoo” (a town),
“parish” = seurakunta, “Turku” (a town), and “office” = virka.

that is fairly coherent, revolves around education and schooling, and is on the rise in
the research period (Fig. 4b). For LDA, this is not the case, as an PyLDAVis inspection
of most salient words across all fifty topics show that words like “school” and “folk
school” appear mostly in three topics of which two are in decline and one heavily on
the rise (Fig. 4a).

Interestingly, LDA and DTM seem to be pointing at a similar historical develop-
ment. The two declining LDA topics are based on their most salient terms and are more
focused on schools as buildings and institutions as well as teaching as a profession,
whereas the topic on the rise includes salient vocabulary relating to, not only schools,
but also meetings, civic engagements, and decision making. The DTM topic at hand
shows a similar development which can be inspected in a heatmap of most salient terms
over time. The terms “school”, “child”, and “teacher” dominate early in the period.
By the end of the period the topic becomes broader, and terms like “municipality” and
“meeting” have become more salient than the vocabulary relating to schools. Here the
stretching of DTM creates the links that are also visible in the three LDA topics, and it
shows a transformation in which educational issues are present in the whole topic, but
focus shifts from concrete schools to civic engagement.

6 Conclusions

Our focus in this text has been on discourses that cannot be reduced to mere words, iso-
lated events or particular people, but concern broader societal topics that either declined
or gained in prominence. The interpretation of these topics and their contextualisation
to nineteenth-century Finnish newspapers revealed clear topical cores that can be in-
terpreted as an encouraging point of departure for further explorations based on topic
models when aiming to understand Finnish public discourse through historical newspa-
pers.
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(a) Development of education topic over
time (LDA)

(b) Development of education topic over
time (DTM)

Fig. 4: Education topic in LDA and DTM; y-axis indicates the topics’ probabilities

In this paper, we have learned that although it is difficult to pinpoint exactly where a
discourse or topic ends, LDA and DTM can fairly reliably grasp many semi-coherent
themes in past discourse and help us study the dynamics of discourses. However, our
comparison of LDA and DTM as methods for getting at past discourse also shows that
both methods require a very strong interpretative element in analysing historical dis-
courses. DTM is much more prone to stretch or even merge topics, which requires an
interpretative assessment of whether the stretching highlights interesting historical con-
tinuities or if it hides historical discontinuities that would require attention. We found
that producing heatmaps of term saliency over time for each topic is a very useful way
of doing this type of assessment. For LDA, stretching is not so much a problem, but
often it seems interpretation is needed in seeing which topics logically relate to one an-
other. While historical discourse analysis is traditionally tied strongly to a tradition of
hermeneutic interpretation, the use of topic models to grasp discourse dynamics does
not remove that need even if they allow for a quantification of discourse dynamics over
time.

While we regard stretching in DTM as a predominantly negative feature, in some
cases it can be useful. In the topics relating to education discussed above, the stretching
in DTM actually points out links in discourses and is quite productive for the interpre-
tative process of trying to figure out discourse dynamics. However, also in this case,
the relevance of historical interpretation should be highlighted because it is very hard
to tell whether the stretching of topics is an accurate reflection of the data or a short-
coming of the model. This can be addressed only by relating visualisations of topics to
existing historical research and reading source texts. Humanities scholars are in general
very good at making such interpretations, but it also needs to be noted that when we
move further into the domain interpretative scholarship, we also lose some of the bene-
fits of working with quantifying models. While it would be foolish to claim that a topic
model represents data in a way that it provides simple facts about historical develop-
ment, our use cases show that if we seek to find more reliable quantification LDA may
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provide better results than DTM. Further, using LDA moves the interpretative stage fur-
ther down in the research process, as it is likely to be about evaluating the connections
between different topics over time. In DTM, the interpretation is likely moved forward
to an evaluation of how well the algorithm did this merging topics. On this sense, our
take on topic models harmonises with [27] who stress the role of humanistic interpre-
tation, but for the sake of transparency suggest pushing the interpretation stage later in
the research process.
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