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Abstract

We replicate and analyze the topic model which was commissioned to King’s College and Digital
Science for the Research Evaluation Framework (REF 2014) in the United Kingdom: 6,638 case descrip-
tions of societal impact were submitted by 154 higher-education institutes. We compare the Latent
Dirichlet Allocation (LDA) model with Principal Component Analysis (PCA) of document-term matrices
using the same data. Since topic models are almost by definition applied to text corpora which are too
large to read, validation of the results of these models is hardly possible; furthermore the models are
irreproducible for a number of reasons. However, removing a small fraction of the documents from
the sample—a test for reliability—has on average a larger impact in terms of decay on LDA than on
PCA-based models. The semantic coherence of LDA models outperforms PCA-based models. In our
opinion, results of the topic models are statistical and should not be used for grant selections and
micro decision-making about research without follow-up using domain-specific semantic maps.
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1. Introduction

Topic modeling is as a technique originally developed to structure
large text corpora into latent topics with the objective of application
in document retrieval. Since its launch Latent Dirichlet Allocation
(LDA; Blei, Ng, and Jordan 2003) has become the gold standard for
the field (Lancichinetti et al. 2015: 011007-2); LDA inspired the de-
velopment of a number of similar methods (Girolami and Kaban
2003). LDA belongs to a family of probabilistic models in which a
document is modeled as a probability distribution of topics, while
each topic is considered as a distribution of words.

Apart from the original application of structuring document col-
lections, LDA has increasingly been adopted to support decision-
making in other domains such as digital humanities, journalism, and
policy-making. However, the potential impact of decisions based on
probabilistic models raises questions about the reliability and valid-
ity of such probabilistic approaches in comparison to alternative
methods. More specifically, we investigate in this study to what ex-
tent science-policy decisions can legitimately be based on these
models.

The issue is urgent because of the application of topic models in
research evaluation exercises and meta-evaluations. In the USA, for
example, both the National Institute of Health (Talley et al. 2011)
and the National Science Foundation (NSF; Nichols 2014) experi-
mented with ‘topic models’ for organizing their research-grants
portfolios. The Research Evaluation Framework (REF 2014) in the
UK commissioned a topic model for organizing the social impact
statements of the research output under evaluation (Grant and
Hinrichs 20135). In this study, we try to replicate this latter model in
order to study its reliability, validity, and semantic coherence. We
compare the results with semantic (co-word) mapping.

2.LDA and PCA

Since its introduction in 2003, LDA-based topic models have in-
creasingly been used for structural representations of large bodies of
texts. A major problem with analyzing large corpora of texts that
are (almost by definition) beyond the human capacity to compre-
hend by reading, however, remains the validity of the results
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(Grimmer and Stewart 2013). Words are so flexible that one can al-
most always provide an interpretation to a group of words ex post.
When specific words are not organized within topics, but spread
across categories, for example, one can consider these words as a
special group of ‘methodological’ words which are used among sub-
stantive categories (e.g., Draux and Szomszor 2017: 12). However,
such an explanation remains ex post. Ex ante, it would be difficult
to specify which words can be classified as ‘methodological’.

In other words, it is not possible to specify an expectation of the
outcome of topic models. In this regard, topic modeling can be con-
sidered as an example of a ‘big data’ methodology: using computer
routines one can analyze large text corpora inductively as bottom-
up processes without the need of theoretical justification (Anderson
2008; cf. Graham 2012). The discursive nature of knowledge and
the need of justification of the results can thus be denied in principle
with the arguments of pragmatic utility and the availability of com-
puter power.

Is this a problem of bad research practices or is the problem
more systemic and perhaps methodological? Lancichinetti et al.
(2015: 9) conclude on the basis of an experimental comparison be-
tween LDA with community detection algorithms applied on word
co-occurrences in semantic networks, as follows:

“Ten years since its introduction, there has been surprisingly little
research on the validity of LDA optimization algorithms for
inferring topic models [35]. Our systematic analysis clearly dem-
onstrates that current implementations of LDA have low
validity’.

In a similar vein, Leydesdorff and Nerghes (2017) compared co-word
analysis with LDA and found statistically significant differences using
the same input data and the same list of stop words in both cases. The
results of the topic model were significantly non-correlated with the
co-word maps and not easy to interpret. A limitation to this study
was the use of small and medium-sized document sets. Goldstone and
Underwood (2012), however, argued that the results of separate runs
on the same data represent only representations, but are compatible
by definition. The different interpretations can be considered as
opportunities for raising further research questions.

Professional practitioners know that a very large number of topic
models can fit the same data almost equally well (Lancichinetti et al.
2015: 2). The competition among models poses a serious challenge
for algorithmic stability. Surprisingly, even though it is well estab-
lished that the problem of fitting topic models is computationally
hard, little is known about how the vastness and roughness of the
likelihood landscape impact algorithmic performance in practice.
These authors conclude that standard techniques for likelihood opti-
mization are significantly hindered by the roughness of the
likelihood-function landscape, even for very simple cases (at p. 1).

Topic models were developed for machine learning and natural
language processing using computers, whereas co-word models have
been developed in the information sciences with the objective of a
meaningful interpretation of the results (Callon and Courtial 1989;
Rip 1997). Is it possible to bridge this divide? As topic models were
further developed in order to handle large datasets, validation became
increasingly difficult, since no human interpreter can capture such
large volumes of text. However, the algorithm may find nuances and
differences that are not obviously meaningful to a human interpreter
(Chang et al. 2009; Jacobi, van Atteveldt, and Welbers 2016: 6).

In the NSF model, for example, thousand topics were con-
structed on the basis of 170,000 awards granted between 2000 and

2012 (Gretarsson et al. 2012). In an evaluation of this model,
Nichols (2014: 747) concluded that 89% of the awards granted by
the directorate of the Social and Behavioral Sciences were classified
as ‘interdisciplinary research’. However, one can question whether
this ‘interdisciplinarity” were perhaps a consequence of the mixing
of disciplinary terminologies by the topic model (Leydesdortf and
Nerghes 2017: 1034).

The vision behind topic modeling echoes the older programs of
‘semantic maps’ in artificial intelligence by Landauer et al. (1998;
cf.van Atteveldt 2008) and ‘co-word mapping’ in Science and
Technology Studies by Callon et al. (1983; cf. Law and Lodge 1984;
Latour 1986). While semantic maps and co-word analysis have
roots in the social sciences and the humanities, topic modeling
appeals to computer scientists because of its relation to ‘big data’
and computational power. The incentive is not the understanding,
but the upscaling. For example, in their study entitled ‘Quantitative
analysis of large amounts of journalistic texts using topic modelling’,
Jacobi, van Atteveldt, and Welbers (2016: 89) formulate the chal-
lenge of topic modeling as follows:

‘The huge collections of news content which have become avail-
able through digital technologies both enable and warrant scien-
tific inquiry, challenging journalism scholars to analyse unprece-
dented amounts of texts. We propose Latent Dirichlet Allocation
(LDA) topic modelling as a tool to face this challenge. LDA is a
cutting-edge technique for content analysis, designed to automat-
ically organize large archives of documents based on latent
topics, measured as patterns of word (co-)occurrence’.

Whereas a co-word map is meant to be illustrative to an argument
and thus to open the discussion, topic models tend to be black-
boxed for users and authoritative. In the meantime, however, user-
friendly routines for LDA are available at the internet and conse-
quently the rate of adoption of topic models is much higher than se-
mantic maps. Figure 1 shows the numbers of search queries for both
approaches on the basis of an analysis using Google Trends.

More specifically, LDA is available as a user-friendly app at
https://code.google.com/p/topic-modeling-tool/ since 2013. LDA is
also included in several software packages (e.g., the Stanford Topic
Modeling Toolbox at https:/nlp.stanford.edu/software/tmt/tmt-0.4/;
Ramage et al. 2009, MALLET at http:/mallet.cs.umass.edu/, or
Diesner’s (2014) program ConText for semantic mapping). Thus, the
instrument of topic modeling has become intensively used in both
scholarly and political contexts, making the validity and reliability of
the results of LDA models urgent topics.

2.1 LDA and the research excellence framework

(REF 2014)

In the context of the 2014 Research Excellence Framework (REF
2014), data was collected and analyzed in order to demonstrate the
societal impact of research performed at 154 participating UK higher-
education institutes. The universities submitted 6,975 case studies
showing the impact of scientific works on society using a standardized
template. This data collection was widely acclaimed in the literature
and used in several evaluation studies (Derrick, Meijer, and Van Wijk
2014; Briggle, Frodeman, and Holbrook 2015; Samuel and Derrick
2015; Van Noorden 2015; Hicks and Holbrook 2017).

As part of the REF (2014) analysis of the data a project using text
mining techniques was commissioned to a combined group of research-
ers at King’s College in London and an expert group at Digital
Science—an offspring of the Nature Publishing Group/Macmillan.
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Figure 1. Comparison of the frequency of search queries on topic models and semantic maps.’

Both the data and the report (Grant 2015) are available online. LDA
was used to investigate the collected impact studies. The authors of the
report programmatically stated (at p. 85) that, in comparison to other
techniques, LDA would have the following advantages:

One of the most important aspects of topic modelling as imple-
mented in LDA is that rather than simply basing topics on word
features occurring in documents together, it uses contextual in-
formation of word occurrences in documents, and so can capture
words with similar meanings that are used interchangeably with-
in similar contexts.

(-]

LDA is the accepted state-of-the-art in topic modelling and is
implemented in many standard toolboxes for machine learning.

The investigations reported in this study build on the topic model of
6,638 case descriptions of societal impact of research for which the
data is complete.

Our first step was to contact the authors of the REF study at
Digital Science with a request for access to the data, output, and
routines, and an invitation to collaborate and possibly co-author
such a replication. We obtained the following answer (Martin
Szomszor, pers. comm., October 4, 2017):

Generating the same topic model that King’s produced would be
practically impossible. Even if we were able to obtain the original
source data, the code for preprocessing, and the topic modelling
parameters, the output could still differ depending on the soft-
ware libraries used and their versions. As you may also be aware,
most topic modelling implementations will rely on a random
seed that may not be known.

To complicate matters further, the researcher responsible for the
analysis [...] has now left King’s. For this analysis, King’s did not
use the text that is now made available on the case studies web-
site. Those cleaned versions were not available at the time so
they made use of the text that could be automatically extracted
from the original PDFs.

Our current messaging around topic modelling is that no single
topic model is more correct than another, but one may be more

suited to answering a particular question than another. The target
number of topics is the main consideration here, and usually needs
to be made relevant to the likely use-case, with small numbers giv-
ing very broad generalisations and higher numbers giving more de-
tail. If granularity is pushed too high, the topics start to degrade
into incoherent nonsense. We tune these parameters on a per-
dataset basis depending on diversity and volume of text.

In other words, Szomszor articulates that the results of a topic model
are irreproducible because of technical factors, namely random seed-
ing of Gibbs sampling and ongoing updates of the hard and soft-
ware. Moreover, the customer may have a considerable say in the
results because parameters have to be tuned to the use-case and its
objectives. From this perspective, the development of the model is a
practice which is not precisely reproducible.

In our opinion, one can use Gibbs sampling with a fixed seed for
solving the problem of the random feed. However, there may be
also problems more inherent to the nature of these kinds of studies,
in particular, biases introduced by document sampling and the inter-
pretability and verifiability of the results. Given our concerns about
the validity of the resulting topics and these reservations about the
reproducibility of a model in different runs, we approach the issue
of reliability by studying the stability of the results in a space of pos-
sible solutions. We use the same case materials and, as much as pos-
sible, similar or comparable techniques for thus addressing the
reliability issue.

2.2 Comparison of methods

Following Leydesdorff and Nerghes (2017), we use factor analysis
(principal component analysis (PCA) with Varimax rotation) of the
word/document matrix for the comparison. Both LDA and PCA can
be used to attribute values (weights) to documents as cases and words
as variables, and both can be used for grouping words or documents.
In the case of PCA, one can use factor loadings of the words and factor
scores of the documents, respectively. In LDA a document is consid-
ered a probability distribution of topics and a topic a distribution over
the words. The probability of the participation of words and docu-
ments in each topic can thus be estimated. Different from PCA, LDA
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is a generative model: probability distributions over topics and words
are learned such that the resulting model most likely generates the
observed corpus when the data is sampled from these distributions.

The results of PCA and LDA can be compared in several respects
despite the two very different approaches. First, one can compare
the differences between the resulting classifications of words into
topics (LDA) or clusters (PCA) using Crameér’s V which offers a
summary statistics between zero and one based on the chi-square.
Despite this comparability of LDA and PCA in terms of the results,
the two techniques are very different. LDA is based on a probabilis-
tic model, whereas PCA is based on matrix algebra. PCA can in
principle be done analytically (with pencil and paper). However, the
number of documents and memory requirements are limiting factors
in PCA, while LDA can be used for analyzing very large sets.

In the case of PCA, the number of factors to be extracted
requires as much a decision as the number of topics in LDA. In the
case of PCA, several statistical tools are available such as scree plots
and the percentage of variance explained to guide this decision,
while in the case of LDA the parameter choices are made in the prac-
tical context of the application.

In summary, we can compare LDA and PCA in terms of the fol-
lowing respects:

1. Stability of the model. Topic modeling is well-suited for structur-

ing large document corpora, for example, for building document
retrieval systems, especially when reading is beyond the human
capacity. In these cases the corpus is considered to be a closed col-
lection of documents that can be structured by grouping similar
documents according to latent topics. However, when it comes to
topic modeling in sampled and open corpora, stability issues be-
come more salient.
Since training a LDA model requires sampling from probability
distributions, models of the same corpus can be expected to differ
as seeds of the random number generator used for sampling vary.
Notwithstanding the inherently non-deterministic nature of LDA,
the sensitivity of topic models to relatively small corpus changes
can be used to estimate the model’s reliability and reproducibility.
In other words, one objective is to investigate to what extent
small changes in the text corpus have an effect on the outcome
when drawing a sample. If a model shows a high sensitivity to
minor variations in the samples, the corpus size, and the sampling
procedure, non-systemic contingencies can have an impact on the
results and thus the model outcomes can be expected to lead to er-
roneous conclusions and unwarranted interpretations.

2. Validity and Interpretability of the assignment. In the social scien-

ces, one often does not have an external ground-truth of the data
to validate the topics in terms of their meanings. Furthermore, as-
sessment of validity is domain-specific, and thus, one needs do-
main expertise (Mimno et al. 2011). However, if an expert would
be able to specify the topics in a corpus of documents manually,
automatic topic modeling would no longer be needed.
Validation and interpretation of the discovered topics is closely
coupled with the validity of conclusions based on these models.
Thus, possibly incorrect or hardly interpretable models can have
an unwanted impact when the results are used for decision
support.As in PCA, topic models are based on representations of
words and documents in latent spaces. It is commonly assumed
that the latent space is semantically meaningful but this assump-
tion has to be supported by quantitative evaluations of the coher-
ence and meaningfulness of topics (Chang et al. 2009).

2.3 Data and design

We use the 6,638 ‘impact case studies’ of REF-2014 which are avail-
able for download at http:/impact.ref.ac.uk/CaseStudies/Results.
aspx? val=Show%20All. The texts in the column of the spreadsheet
headed ‘Summary of the impact” were transformed into lower case
and pre-processed as in the original study (Grant and Hinrichs
20135) by using stemming (Porter 1980), stop-word removal, and the
removal of punctuations. This leads to 30,934 words which occur
517,211 times in the set. Factor analysis further requires removal of
noisy and infrequent words. Of normalized corpus words, 898 occur
more than hundred times. These words occur 352,205 times (86.1%
of the 517,211 occurrences) in total. In addition, eight words were
removed for technical reasons.

Our basic word/document matrix (Salton and McGill 1983) thus
contains 890 words as column variables attributed to 6,638 docu-
ments as rows. This matrix is factor-analyzed using SPSS (v. 22).
We also derive from this matrix a cosine-normalized co-occurrence
matrix among the 890 words which is analyzed and visualized
using the implementation of the so-called Louvain-algorithm for
community-finding in Pajek (Blondel et al. 2008) and VOSViewer
for the visualization (van Eck and Waltman 2010). (The cosine is
similar to the Pearson correlation underlying the factor analysis, but
without the normalization to the mean). Cosine-normalization
scales the numbers of word occurrences between zero and one; the
resulting visualization is more focused on structural components
than without this normalization (see for more details Vlieger and
Leydesdorff 2011).

In order to avoid variation in the topics among runs induced by
the non-determinism (i.e., the initial seed) of LDA, we fix the ran-
dom seed of the random number generator used for Gibbs sampling
so that multiple runs on the same corpus yield the same results.
Using the 6,638 texts as input, we perform LDA with the following
parameters: (1) 40 burn-in iterations; (2) 1,500 iterations; (3) alpha
= 50/# texts; (4) thinning = 50. These values are akin (if not similar)
to the ones used by Grant and Hinrichs 2015 for generating the ori-
ginal topic model.

3. Results

3.1 First observations

Not surprisingly given the sparsity of the matrix, the scree-plot
of the factor analysis is very flat: 361 eigenvalues are larger than
1.0 (the default cut-off in SPSS). This can hardly be considered as a
reduction of the complexity. However, this is a well-known problem
when considering texts as bags of words; words are used flexibly.
Citations, for example, are more specific than words by an order of
magnitude (Leydesdorff 1989; Braam, Moed, and van Raan 1991).
Decomposition of the cosine-matrix using the Louvain algorithm
suggests six to eight distinct communities with modularity O =0.10.
Visual inspection of the scree-plot makes an eight-factor solution
also plausible. However, eight factors explain only 3.05% of the
variance in the matrix.

For the orientation of the reader Figure 2 provides a visualization
of the eight components using the two-mode matrix of 890 words
versus eight clusters of words based on PCA (Vlieger and Leydesdorff
2011). The factor designation is ours (Table 1). The eight factors
(PCA) are compared in Table 1 with an eight-topic solution of LDA
in Table 2. Six topics can be unambiguously mapped to topics sug-
gested by factor analysis (Industrial, Medical, Education, Policy,
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Figure 2. Eight topics based on principal component analysis of the word-document matrix.
Table 1. Eight topics identified by Factor Analysis.
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Culture, and Economy). The remaining two topics cannot or only
partially be interpreted. The first topic suggests a topic that is distrib-
uted as a layer of ‘methodological’ terms distributed across the texts
(Draux and Szomszor 2017: 12). However, PCA focuses by definition
on specific densities.

3.2 Stability of topics

As noted above, a problem arises when topics are modeled on the
basis of empirically sampled text collections as it is done in research
impact studies. In these cases observing the whole set of relevant
documents is practically impossible, and thus, models based on subse-
quent samples can be considered as an approximation of the actual
research topics. We can study how sensitive are PCA- and LDA-based
models to incomplete samples of a text corpus by using random draw-
ings of different sizes from the original REF corpus successively.

First a set of 1,000 (C,,,,,) documents from the entire 6,638 docu-
ments in the REF corpus (C,,;,) was randomly selected. Using this
sample, 20 new text corpora in steps of fifty: Cso, C.100, C.150, - - -»
C_1000 were created by removing the first 50, 100, 150, ... 1,000
documents of C,., from the original corpus (C,,,). Topics were
then modeled for each of these 20 new corpora and compared to the
topics derived from the original text collection C,,;, in order to in-
vestigate the impact of these variations in the text sampling on the
outcome.

In both LDA and PCA models based on the word-document
matrix, a weight is attributed to each word indicating the associ-
ation with a topic or factor. In LDA this weight corresponds to the
probability of that the word is used given a topic and in case of PCA
the weight is equal to a factor loading. It is common practice to
characterize each topic by its top-10 words.

Since words can have high weights for multiple topics, it can
happen that one word is a representative of multiple topics. In this
study, the reference model is the top-10 words representation of
topics derived from the entire text corpus C,,;,, and the models to
test are based on the twenty reduced samples C_s5o9, C_100, C.150, - - -»
C_1000-

Figure 3 shows the similarities of the topic representations for
the 20 reduced text corpora and the original corpus for different
numbers of topics generated by LDA (left-hand panel) and PCA of

the word-document matrix (right-hand panel), respectively. The
details of the similarity calculations are outlined in Appendix A.

As expected, the similarity between the models tends to decrease
the more documents are removed from the original corpus, especial-
ly for larger numbers of topics. This tendency is much more salient
for PCA-based models than for LDA. However, the deviation of the
LDA models based on samples from the reference model is already
large when only a small fraction of documents is removed from the
original corpus. In the case of LDA, removing only 50 documents
can lead to topics very different from the original model, whereas
the PCA-based model is more robust and less sensitive for this first
intervention.

In another experiment, surprisingly the steep drop of topic simi-
larity in LDA models could already be observed if only 5 documents
were removed. This leads to the conclusion that any variation of the
text corpus can cause unpredictable variation, which makes this
problem in empirically sampled topics even worse.

Furthermore, the more topics are declared the larger the deviation
of the topics found in the samples compared with the reference. This
result can be expected for the following reason: when more topics are
extracted, more degrees of freedom are introduced and therefore
topics can be more differentiated. In sum, the relationship between
the number of topics and the sensitivity to corpus changes raised ques-
tions when applying topic modeling to the REF study. Therefore, we
turn in the next section to the relationship between the instability of
topics after data sampling and the number of topics as input parame-
ters in more detail.

Figure 4 depicts the aggregated similarity of the topic models
derived from the different reduced corpora: C.so, C_100, C.150, - - -
C.1000 and the original text corpus C,,, over varying number of
topics for LDA and PCA, respectively. In both cases the decline in
the similarity with increasing numbers of topics provides further
evidence that the sensitivity to corpus variations is correlated with
the number of topics. However, the comparison of LDA and PCA
models shows that the minimum similarity of a PCA-based model is
in most cases larger than the corresponding maximum value for
LDA. In other words: the largest distortion by sampling in the case
of PCA is smaller than the smallest distortion in the case of LDA.
PCA thus outperforms LDA in this respect.

LDA

PCA # topics

similarity with original

- 10
— 20
- 30
40
— 50
— 60
100

80
90

250 500 750 1000

250 500 750 1000 *100

docs. removed

Figure 3. Similarity of topic and factor models derived from samples (C._sy, C.100, C.150, - - -, C.1000) compared with the original collection (Coig.).
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Figure 4. Maximum, mean, and minimum similarity of topics discovered from the reduced text samples and the topics discovered in the original corpus for dif-

ferent number of topics based on LDA and PCA, respectively.

The practical implication of this finding for probabilistic
topic models, is that one has to be very careful when applying topic
modeling on empirical data sampled as a subset of the corpus in a
domain. A small bias in the sampling or incidentally missed docu-
ments can have a large impact on the inference of topics and thus on
the conclusions and decisions based on the models. These models
may not be sufficiently robust for serving as legitimation of
decisions.

As already described above, another source of instability of
probabilistic topic models is the initialization of the Gibbs sampling
during the topic inference process. Since stochastic sampling intro-
ducing some randomness, the results are not deterministic. In prac-
tice, this can lead to reproducibility problems of topics if an analyst
is not aware of this limitation and may require methodological
adjustments as pointed out by Agrawal, Fu, and Menzies (2018).
In order to ensure reproducible result the seed of the applied random
number generator used for sampling can be fixed as done for the
results reported above. To assess the instability of LDA topics if no
preparations for stabilization of the results are applied, we compare
the variations in the resulting topics if the stochastic sampling pro-
cess is initialized with different seeds in each of 10 different runs.
The average pairwise topic similarity of the 10 resulting models is
depicted in Figure 5 for different number of topics.

This shows very clearly that the more topics are derived the
higher is the impact of the topic variation resulting from the non-
determinism of LDA, if it is naively applied.

3.3. Interpretability and semantic coherence

The background problem of working with empirically sampled data
is the absence of ground-truth data that allows for assessing differ-
ent models according to external validity criteria. Thus, internal val-
idity criteria are needed that allow an analyst to obtain insights into
how adequate the actual topics of a domain are covered by a topic
model. One of these measures is the semantic coherence of topics as
introduced by Mimno et al. (2011)—see Appendix B—which has
also been applied in other studies on assessing the outcome of topic
modeling (cf. Stevens et al. 2012).

2
£ 0651
]
=
s
8 0607
32
- 0.55-
on
-
m

0.504

25 50 75 100
# topics

Figure 5. Pairwise topic similarity of 10 models using different seeding of the
Gibbs sampler for different number of topics.

The comparison of the average internal coherence of the topic
models produced by LDA and PCA for a different number of topics
(on the x-axis) is shown in Figure 6. The coherence is higher in the
case of LDA-based topic models when compared with PCA-based
models. This result accords with Stevens et al. (2012) who also
found a high IC for LDA-based models. However, the internal co-
herence (IC) of LDA-based models decreases with increase in the
number of topics, while in PCA-based models the number of factors
does not affect the internal coherence.

The decline in the curve for LDA suggests that there is a trade-
off between coherently capturing the topics and the sensitivity to the
number of topics. However, when we ran a number of tests with
eight topics as in Table 2, the topics varied in terms of the top-10
words, but the classification was always significantly the same (with
Cramér’s V by the order of 0.7, P < .001).

4. Discussion and conclusions

The enthusiasm for topic modeling as a technique to summarize
large amounts of documents in the format of a limited number of
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Mean Internal Coherence

N of Topics

Figure 6. Average internal coherence of topics using LDA and PCA,
respectively.

words cannot be justified because of the validity problems which are
inherent to this methodology. The probabilistic character of the
results may easily lead to misunderstandings outside the context of
the production of these models. Producers sometimes go along with
clients to give the results an interpretation and to ‘train’ the model
for choosing parameters leading to results which are plausible and
lead to useful results. From the perspective of careful decision-
making, however, these models can be considered as quicksand on
which one should not build. They provide an equivalent to the prac-
tice of catalogue systems but seem to be more objective because the
generation is computer-assisted.

We raised this question initially in relation to co-word modeling
of samples of a size which allowed us to have substantive under-
standing of the results given our own background. As noted,
Leydesdorff and Nerghes (2017) found sometimes very counter-
intuitive the results of LDA on the basis of medium-sized sets (n~ 1,
000). Proponents of topic modeling assured us that these problems
were generated because of the relatively small sizes of the samples.
However, sample sizes should be large (much larger than 1,000
documents) so that human validation is impossible in practice.
Added to this is the irreproducibility of topic models and the de-
pendency of a host of parameters which are usually not under con-
trol such as new versions of computer programs.

In this study, we controlled for the reproducibility issue. We found
that the topic structure can reliably be reproduced from run to run if
the parameter settings are fixed. This has increased our trust in the re-
liability of the technique: the system seems not to get stuck in sub-
optima. The validity, however, remains a serious matter of concern.
We showed that LDA-based topic models are more sensitive than
PCA-based models when relatively small changes are made in the cor-
pus or the number of topics to be extracted. The most drastic distor-
tion of the PCA model had less effect on the results than the most
modest distortion of the LDA model. LDA, however, scored much
better than PCA on internal cohesion. This means that LDA based
models reflect a certain thematic structure of the corpus resulting in a
proper internal coherence but the emphasis of words representing the
topics, and thus, the interpretation might differ if the input corpus is
modified. Within the scope of this article, only the thematic structure
of corpora, namely, associations between words and topics was
studied. It would be also possible to assess the associations between
documents and topics. These associations might be more robust

against small corpus changes as the results on internal cohesion sug-
gest. However, since the word lists are essential for topic representa-
tions, interpretation of by human analysts from the word lists alone is
still difficult. Therefore, considering, both, word lists and a sample of
documents that is strongly affiliated to a topic may be one possible
approach to come to a reliable labeling of latent topics from LDA as
well as PCA-baesd models.

In summary, LDA-based models provide reliable statistical
results about the corpus under study, which is appropriate and desir-
able for structuring ‘closed’ (static) collections of documents in in-
formation retrieval. However, if applied to ‘open-ended’ (changing)
corpora where only samples can be obtained as in the REF study,
LDA-based topic models are difficult to validate; they may not be
valid because of the sensitivity to small variations in the document
corpus (Section 3.2 above). One can make the argument that the
problem with topic models is not the method itself—the statistics—
but the way they are used in decision-making—the semantics. In our
opinion, topic models should not be used as the basis for decision
making or intellectual delineations of domains in scholarly works,
but for statistical purposes. Models based on co-occurrences of
words in word/document matrices are a preferable alternative in sit-
uations where the content itself and not only the statistics count
such as in micro-decision making and in scholarly work. As a gen-
eral recommendation one can say that if probabilistic topics models
based on LDA are applied, an analyst has to be aware of these limi-
tations, and possibly perform different runs of the algorithm with
varying parameter settings and different subsets of the input corpus
in order to come to a consensus model, which allows much more re-
liable conclusions.

Since this work has shown different strengths and weaknesses of
the two modeling approaches, a further question can be how to bal-
ance the advantages and disadvantages of probabilistic and co-word
based methods. One solution may be, for example, the triangulation
of various methods as proposed by T-Lab (Cortini and Tria 2014).
Triangulation of models may be an approach to come to more reli-
able decisions based on unknown or dynamic corpora.

4.1 Limitations of the study

The results presented in this study provide some general insights into
the basic properties of topic modeling methods in open corpora when
it comes to the question of reliability and interpretability of the results.
Stability issues of topic models have been addressed in relation to the
number of topics (Greene, O’Callaghan, and Cunningham 2014), and
variation in the input vocabulary (De Waal and Barnard 2008).
Agrawal, Fu, and Menzies (2018) lists several studies that mention dif-
ferent aspects of topic instability. This study extended these works by
investigating the effect of corpora variation on the extraction of topics.
However, to come to a general conclusion and guidelines for how to
support policy-making by topic models, more extensive experiments
with different corpora in more areas of application are required.

In terms of interpretability and semantic coherence only internal
validation methods could be used in the absence of ground-truth
topics. It is very difficult to produce such ground-truth from large
corpora and a lot of expert knowledge is required. However, the
reason for applying topic modeling in science-policy making is that
the thematic organization of the impact of science over several years
is not known. If a human being would be able to specify the ground-
truth topics, automated analysis of science impact studies would no
longer be needed. A way out of this dilemma could be to combine
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internal and external validation, where initially detected topics—
using topic modeling in an explorative manner—are further empiric-
ally validated in follow-up studies using semantic maps. However,
one risks to ‘train’ programs not only in terms of their utility, but
also in terms of the suitability of results.

Note
1. The method of data collection of Google Trends was improved
on January 1, 2016.
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Appendix A: Similarity calculation between topic
models

Using LDA, each topic model 72 comprises T topics; each topic is repre-
sented by a word vector of length S, t = (w1, w2, ... ws). Using
Equation 1, it is possible to formulate an adapted version of the so-
called purity measure called topSim for comparing a topic model 71,
to a reference model 72, by calculating the overlap of the top S words
of a topic in .y and the best matching topic in #1,,. The values of
topSim range between 0 and 1.

topSim(m,esz,m,ef) = TLS Z argmax [t; N | (1)
€My L EMref
Note that topSim is not a strict similarity function since it is not
symmetric, i.e., topSim(mteS,,m,ef) #+ topSim(m,ef7mtesz). However,
it provides an indication of how much a given model deviates from the
reference model.
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Appendix B: Internal cohesion of topics

According to Mimno et al. (2011) semantic coherence of a given
topic ¢ can be measured using Equation 2: the parameter V; denotes
the set of words representing the topic (here the top 10 most associ-
ated words); D(wi, wj) is the number of documents containing the
words w; and wj; and D(wj) is the number of documents containing
w;. Stevens et al. (2012) provide further evidence that this measure
is adequate to compare the outcome of different topic modeling
approaches.

Ctvy= 3 log <w> @)

w;,wieVy D(wf)
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