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Abstract

This article presents a case study on the analysis of semi-structured interviews conducted
in Italy, using a small dataset. Two supervised approaches are applied to identify key
questions to retrieve information and compare responses to the same questions across
different respondents. The first approach is based on a bag-of-words model, while the
second relies on embeddings. These approaches are compared with two topic modeling
methods (LDA and BERTopic). The results highlight the differences between the methods:
key-question-based approaches seem to be more suitable when the goal is to compare
responses to specific questions, whereas topic modeling techniques are better suited for
identifying latent topics.

Keywords NLP - Semi-structured interviews - Conversation analysis - LDA -
BERTopic - Well-being

1 Introduction

Text analysis is often based on comparisons among words within and between corpora. For
this reason, it is often preferable for documents to be homogeneous in format and length,
such as collections of tweets or patents. Moreover, a large number of observations enables
analyses such as topic identification and comparisons of term distributions. The homogene-
ity and size of the corpora are the bases of many classification-based tasks. Classification-
based tasks do not refer only to the process of labeling documents but also to identifying the
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sentiment of texts in a corpus (sentiment analysis) or determining the main topic of a group
of articles (topic classification). Corpus homogeneity and size also play crucial roles in
unsupervised methods such as topic modeling, where document topics are identified without
prior labels.

The situation becomes more problematic when documents are not homogeneous. For
example, combining short stories and tweets within the same dataset is generally not advis-
able. This is not only due to differences in language style but also to the large discrepancy
in document length and, consequently, in term distributions. Indeed, when metrics based on
term occurrences are applied, tweets and short stories exhibit fundamentally different statis-
tical properties. As a result, methods such as term frequency—inverse document frequency
(TF-IDF) (Sparck Jones 1972; Salton and Buckley 1988; Goldberg 2017; Vechtomova
2009) may not perform well in such cases.

Semi-structured interview corpora represent a particularly challenging data structure in
data analysis. Treating each interview as a single independent document may not be opti-
mal. In fact, interview-based analyses can yield superficial results that fail to capture certain
types of information. This is mainly because surveys typically include a limited number
of interviews, while each interview contains a large amount of information. Furthermore,
interviews are structured around questions, and ignoring the relationship between ques-
tions and answers can result in information loss or misleading interpretations. For example,
some responses do not repeat the subject mentioned in the question. In such cases, treating
only the responses can lead to information loss. However, merging questions and answers
may introduce bias or noise, since each response would include similar questions, and the
responses may submerge the information in the questions.

Moreover, to retrieve high-quality information, it may be useful to capture differences
among responses within each interview. However, to do so, interviews cannot be treated as
independent units of a corpus.

Therefore, selecting an appropriate level of analysis is crucial.

For these reasons, in this analysis, interviews are treated as collections of responses,
allowing comparisons within each interview, rather than treating interviews as independent
units.

This approach is later compared with two topic modeling methods: Latent Dirichlet Allo-
cation (LDA) (Blei 2012) and BERTopic (Grootendorst 2022). This is because the general
subjects of an interview are often known in advance and may correspond directly to the
questions posed to respondents. In other words, it is worth investigating whether the topics
identified by topic modeling align with the subjects addressed in each question, or whether
latent topics emerge.

This article proposes a case study comparing two Natural Language Processing (NLP)
pipelines for topic modeling in the context of structured domain-specific interviews with a
limited dataset. In particular, the NLP pipelines aim to:

(1) Facilitate information extraction, particularly when comparing answers from different
interviews to the same questions;

(i1) Preserve information about which interview question each sentence originates from
when applying methods such as clustering or topic modeling.
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The article is structured as follows: first, the literature is reviewed; second, an introduc-
tion to the data is provided, and the main challenges involved in analysing interview data
are discussed; then, two methodologies for matching interview responses with template
responses are presented, followed by two standard topic modeling approaches. These meth-
ods are then applied to the data in the analysis section. Finally, the results of these methods
are compared.

2 Literature review

Qualitative analysis plays a crucial role in social and health-related research (Miles et al.
2013; Kuckartz 2014; Merriam and Tisdell 2015; Leeson et al. 2019; Brinkmann and
Kvale 2018; Talmy 2010; Braun and Clarke 2006). Traditional qualitative analysis allows
researchers to delve into interview responses through content analysis, narrative analysis,
hermeneutics, and discourse analysis (Brinkmann and Kvale 2018).

However, because standard qualitative analyses are labour-intensive, researchers use
NLP models or qualitative text analysis software to facilitate their work.

Regarding NLP techniques, Guetterman et al. (2018) compare traditional qualitative
analysis conducted by researchers with NLP approaches. They find that traditional qualita-
tive text analysis is better at identifying nuances compared to automated NLP approaches.
However, NLP approaches are useful when the dataset involves a large number of inter-
views. The authors also note that few methodological researchers have examined NLP from
a qualitative perspective.

Regarding Semi-Structured Interview (SSIs) Analysis, Parfenova (2022) compares differ-
ent topic modeling techniques. The best method involves using Bidirectional Encoder Rep-
resentations from Transformers (BERT) embeddings, dimensionality reduction (UMAP),
and clustering (HDBSCAN).

Other articles focus on the role of the interviewer (Quillivic and Payet 2024). Indeed,
sometimes the analysis focuses solely on the interviewees’ responses, while ignoring the
interviewer’s questions. For example, the interviewer’s role is analysed by considering the
use of pronouns from the interviewer (Bonneau and Dister 2010), which raises the pos-
sibility of different ways the interview can be conducted. Another study on the role of the
interviewer focuses on differences by using Reinert’s method Scelles 1997, a popular tex-
tual clustering method, across corpora with and without interviewer interventions (Dalud-
Vincent 2010).

Quillivic and Payet (2024) conducted 926 semi-structured interviews to study the lin-
guistic coordination (or linguistic alignment), which refers to the alignment of communica-
tion among participants in a conversation. The authors quantify the alignment of discourse
between the interviewer and the interviewee using a few-shot learning classifier based on
cosine similarity between word embeddings.

The authors specifically focus on gender configuration (interviewee - interviewer) differ-
ences and also compute quantitative measures to examine other associations, for example
metadata usage, using t-tests. The use of metadata is possible due to the large number of
interviews in the dataset.
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Other similar articles on linguistic coordination study gender differences (Danescu-
Niculescu-Mizil and Lee 2011), linguistic style (Doyle and Frank 2016), and semantic
alignment using word embeddings (Nasir et al. 2019).

Regarding limited datasets, one popular solution is data augmentation (Zou 2019;
Kobayashi 2018; Sennrich et al. 2016). Textual data augmentation can be performed using
different approaches. Zou (2019) propose four operations: synonym replacement, random
insertion, random swap, and random deletion. Kobayashi (2018) proposes contextual aug-
mentation, where words are stochastically replaced with others based on context. Sennrich
et al. (2016) use back-translation of monolingual paired training data as additional parallel
training data.

Data augmentation is now also extended to generative Al (Chintagunta et al. 2021; Argyle
et al. 2023; Haméldinen et al. 2023). However, if the original interviews are conducted
with a panel of selected experts, it would not be a good strategy to mix experience-based,
context-specific information with generic Al-generated information. Even if the generative
process is only intended to expand the interview dataset, it should be noted that many NLP
processes rely on comparisons, and Al-generated information may influence the analysis
of the original data. This, however, does not account for potential biases in the generative
process, which may be reduced through more specific prompting.

Regarding NLP and semi-structured interviews, Argyle et al. (2023) use language models
to create silicon samples from thousands of socio-demographic backstories and compare
silicon and human samples.

A third way to improve performance with limited data involves few-shot learning (Brown
et al. 2020). Instead of generating synthetic data for training, few-shot learning aims to pro-
vide the model with a few demonstrations of the task to improve performance. Unlike fine-
tuning, few-shot learning does not allow weight updates.

Lison et al. (2021) propose a solution to address both the limited availability of textual
data and privacy concerns by developing an automatic de-identification model.

Researchers also make use of qualitative text analysis software such as Atlas.ti, NVivo
and MAXQDA. These tools usually allow thematic analysis through coding, which involves
labeling text segments and grouping them by theme.

Finally, another approach may involve using LLMs to summarise and retrieve informa-
tion from interviews. LLMs may be fine-tuned for qualitative and interview analysis. Such
methods must address ethical issues related to data management (privacy). However, this
problem may be mitigated by running such models locally. Certain qualitative data analysis
software is already Al-powered.

3 Data

The interviews used in this analysis were conducted with managers and/or professionals
from third-sector organizations that provide goods and services to people 65 years and
older (hereafter referred to as seniors). These interviews constitute qualitative data from
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the SENIOR project.! The project included two questionnaires. Questionnaire 1 focuses on
monitoring the needs of older adults, while Questionnaire 2 concentrates on monitoring the
purchasing behaviours of goods and services.

The survey structure for the interviews in the SENIOR project included 14 questions,
divided into a general and a specific part. The general part consists of six questions that
explore the background and experience of the respondents, the hierarchy of needs of seniors,
the main difficulties faced by the elderly, and the changes that have occurred in recent years
as well as those that may occur in the future. As mentioned, the respondents are managers
and/or professionals from third-sector organizations, so their experience is highly informa-
tive and unique.

The specific part is designed to ask questions about different spending areas. For exam-
ple, respondents are asked which factors most influence the purchase of a particular good or
service in the following four areas: food products and supplements, personal care and health
products, technological products, and leisure products/services.

The remaining seven questions concern who makes the decisions when a certain good
or service is purchased, who manages the budget for the four spending areas, which prod-
ucts are purchased and where, and whether there is any seasonality in product purchases.
Finally, respondents were asked whether they would like to add any additional information
or suggestions.

It is important to note that both questions and answers vary across interviews, depending
on the choices of both respondents and interviewers. For example, respondents may suggest
certain topics, modify the interview structure, or provide additional information in response
to the same questions.

As mentioned above, this dataset differs from other document collections. There are three
main issues to consider. These issues were determined by both the nature of the interviews
and their structure and administration.

They can be summarised as follows: heterogeneity of word distributions both between
and within interviews, interdependence between questions and answers, and finally the lim-
ited size of the dataset (12 interviews with a median of 1667 words per interview), which
is characterised by a domain-specific language (e.g., words such as ASL, which could be
translated as Local Health Authority, and INPS, which is the National Social Security Insti-
tute) and by the Italian spoken language style.

Regarding the heterogeneity of word distributions, three different levels can be consid-
ered. First, the number of words varies between interviews. This variation is usually greater
among respondents than among the interviewers.

Within each interview, there is also heterogeneity in the number of words across the
various answers. This heterogeneity also exists in the questions, though to a lesser extent.
For example, the answers to some questions, especially from certain respondents, consist
of a single word, such as “Yes.” Other answers, as in Interview 13, can exceed 400 words
(Figs. 1, 2).

Third, the number of exchanges (i.e., question—answer pairs) also varies across interviews.

'The paper was produced using data collected within the framework of the project funded by the European
Union — Next Generation EU — Project “Age-It - Ageing well in an ageing society” (PE0000015), CUP
H73C22000900006, Spoke 6, PNRR — PES8 - Mission 4, C2, Investment 1.3. However, the views and opin-
ions expressed are solely those of the authors and do not necessarily reflect those of the European Union or
the European Commission. Neither the European Union nor the European Commission can be held respon-
sible for them.
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Fig. 2 Number of words per turn (Interview 12)

For example, Interview 12 contains a high number of exchanges (42), while others, such
as Interview 1, have only 16. However, despite the high number of exchanges, the inter-
viewee in Interview 12 (about 720 words) spoke a similar number of words as in Interview
13 (about 580 words), which had only three exchanges. These values differ greatly from
Interview 1, which has 16 exchanges and about 2890 words spoken by the interviewee.

The ratio of words produced by the interviewee to those produced by the interviewer is
also noteworthy: it is around 1 in Interview 12 (720 words each) and exceeds 5 in Interview
1 (2890 words for the interviewee vs. 530 for the interviewer). Heterogeneity between inter-
views also includes the limitation of Interview 13 to the general section at the interviewee’s
request, as well as the paper-based format of Interview 6 (Fig. 3).

Such differences in exchange length across interviews can be addressed using a long-
form dataset.

A second issue, related to the nature of the interviews, concerns the non-independence
of question and answer information. This issue is particularly problematic for very short
answers. A frequently occurring answer is “Yes.” However, the relationship between turns
extends beyond single question—answer pairs. Consider, for instance, the question asked by
the interviewer in Interview 11: “Ok, so is it the same for personal care products as well?”
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Fig. 3 Number of words per turn (Interview 6)

This question follows the budget question but refers to a different category. Without con-
sidering the proximity or dependency between questions, such information might be lost.
Similar cases can occur with questions that confirm what has been heard or further explore
an answer.

Finally, the dataset size should be considered, as it includes only 12 interviews. The small
size of the dataset poses several challenges, including difficulties in identifying key topics
in the interviews (topic modeling), grouping interviews by similar themes, and analysing
respondents’ perceptions of certain subjects (sentiment analysis). Moreover, the text con-
tains many technical terms (e.g., ASL, INPS), is in Italian, and is written in a spoken style.
These issues pose challenges both when using pre-trained embedding models and when
fine-tuning embeddings on the text.

4 Methodology
4.1 Methodological framework

The article proposes two methods to standardize interview questions. Given the issues dis-
cussed above, the analysis focuses on the questions rather than on the entire interviews. The
main idea is to match the questions asked in each interview to a set of template questions
used by the interviewer to structure the survey. This alignment enables the extraction and
comparison of information corresponding to the same question across different interviews.
Unlike approaches that aim to discover latent topics in an unsupervised manner, interviews
explicitly impose topics through their questions. Consequently, the core of the analysis lies
in comparing the answers associated with each question. Moreover, as previously noted,
certain specific questions may be excluded in standard topic modeling approaches, whereas
the proposed method preserves question-level information. From a methodological perspec-
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tive, questions also tend to be more homogeneous than answers, making them more suitable
for alignment.

To perform the question mapping, two approaches are considered. The first adopts a
bag-of-words representation, while the second relies on sentence embeddings derived from
different pre-trained models. In addition, a Latent Dirichlet Allocation (LDA) model (Blei
2012) and a BERTopic model (Grootendorst 2022) are used to analyse differences in the
results. In particular, the analysis examines whether the topics identified through topic mod-
eling are reflected in the template questions.

For ease of interpretation, the results originally collected in Italian are translated into
English.

4.2 Bag-of-words model

The first approach uses a bag-of-words (BoW) model, which represents each document
by counting word occurrences and producing a Document—Term Matrix, where rows cor-
respond to documents and columns to terms. Each document is then represented as a vector
of term frequencies.

BoW models are often combined with term frequency—inverse document frequency (TF-
IDF), a weighting scheme that reflects the importance of words by combining their fre-
quency within a document with their rarity across the corpus.

The main steps of this approach are as follows: splitting questions into sentences, pre-
processing, dimensionality reduction, clustering, and training a supervised model to classify
interview questions based on the template questions. As mentioned later, clustering serves
two purposes: first, to provide a general idea of how sentences are grouped by an unsuper-
vised approach, which helps label sentences for the supervised model; second, to serve as
features included in the model.

First, only the questions were extracted from the interviews and the interview template.

Second, the TF-IDF matrix was computed by treating each sentence as an individual
document.

The third step involves clustering. To improve clustering, some metadata variables (num-
ber of words and presence of a question mark) were included as features alongside the
TF-IDF features. Moreover, before performing the clustering procedure, a dimensionality
reduction method was applied. Among the available techniques, Truncated Singular Value
Decomposition (TSVD), also referred to as Latent Semantic Analysis (LSA) in the NLP
literature, is a popular option since it is well-suited for sparse matrices such as those gener-
ated by TF-IDF (Deerwester et al. 1990; Dumais et al. 1996; Jurafsky and Martin 2008).

Improvements in results using LSA may be due to features of the data, such as the degree
of similarity among sentences. LSA may squeeze out redundancy and noise (Dumais et al.
1996). This is expected to improve performance due to the presence of similar but not iden-
tical sentences.

Fourth, the questions were clustered in order to identify groups of similar questions across
different interviews. It should be noted that some questions in the dataset are highly similar.
However, this is often the case with semi-structured interviews. The degree of similarity
depends on both the interview’s topics and the interviewer’s attitude toward the respondent.

A popular method for choosing the number of clusters is the silhouette score. This metric
measures how closely a data point belongs to its own cluster (cohesion) compared to other
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clusters (separation) (Tatsat et al. 2020). Its value ranges from -1 to 1. However, due to
factors such as the interview subjects and the interviewer’s attitude, it is recommended to
inspect the results qualitatively in addition to relying on the silhouette score when determin-
ing the number of clusters (Tatsat et al. 2020).

Similarly to the process used for clustering, two supervised models were trained. The
first uses only TF-IDF with Truncated SVD and metadata features (number of words and
presence of a question mark), while the second adds these variables to the clustering results,
treating them as labels obtained from the unsupervised approach described above.

Since the clustering results, which are later used as features, were trained on the entire
dataset, they may lead to data leakage issues. However, since the aim is to classify sentences
in this dataset without predicting on out-of-sample data and given the limited amount of
data, this feature was included in the second model.

In other words, the clustering step has two main purposes. First, it shows how an unsu-
pervised model groups the questions, which is useful for assigning labels for the supervised
process. Second, the clustering results may be included as a feature in the supervised model.
In this case, it is important to check for correlations between the clustering-based features
and the other variables. Furthermore, it is possible to compare models that include the clus-
tering feature with those that do not, to assess whether the supervised model aligns with the
clustering process and to adjust the labels accordingly. This step is especially useful in cases
involving limited data and peculiar semi-structured interviews that require a customized
analytical approach.

Since the list of questions should be known to the interviewer, such template questions
also play a crucial role in defining the labels for the supervised model. Indeed, the cluster-
ing may incorrectly identify every template question, or it may identify some irrelevant
questions.

Subsequently, approximately 20% of the entire dataset was manually validated. Due to
the relatively large number of labels (one per template question), manual validation was
balanced across them.

To identify a model for classifying unlabeled questions, a stratified 5-fold cross-valida-
tion was performed. A stratified 10-fold cross-validation was not feasible, as stratified cross-
validation requires each label to have at least as many samples in the training set as there are
folds. This issue may arise when there are few examples for certain questions.

Furthermore, in order to capture irrelevant questions, a class labeled 0 was introduced.
The idea is to classify questions that differ from the template questions, grouping them into
aresidual cluster rather than forcing the model to classify each sentence into one of the tem-
plate question categories. However, since the non-relevant sentences in the validation set
vary widely across the data, it should be noted that the models may learn to assign a higher
proportion of 0 labels than necessary for non-heterogeneous questions. Moreover, it should
be considered that, during the validation phase, the number of instances assigned to label 0
was proportionally higher than that of the other labels. Nevertheless, sentences assigned to
label 0 were clearly distinguishable from the template questions.

The models used in the cross-validation are the following:

e Random Forest

e Decision Tree
e Logistic Regression
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e Linear SVC
o XGBoost

Once the best model was selected, it was used to predict the labels of previously unlabeled
sentences.

Subsequently, the classified sentences were aggregated back to the question level. Since
each sentence was assigned a label, the final label for each question was determined by
majority vote, selecting the label that appeared most frequently among its constituent sen-
tences. Sentences assigned the label 0 were excluded from this procedure, as this label was
reserved for non-relevant content. This choice reflects the fact that the interviewer often
repeated or rephrased parts of the same question to provide clarification.

The final dataframe has the same dimensions as the original dataframe, but each ques-
tion and its corresponding response are now classified. Given this structure, it is possible
to extract information on a specific topic for a given question and systematically compare
responses across respondents. For example, the different responses to Question 7—concern-
ing the factors that most influence product purchasing decisions—can be analysed and con-
trasted between participants.

4.3 Embeddings

The second approach uses embeddings to match interview questions to template questions.
Embeddings are vector representations that capture the semantic meaning of words. Because
embeddings encode semantic information in a continuous vector space, it is possible to mea-
sure the distance or similarity between two word representations (Goldberg 2017).

Cosine similarity is a widely used metric for semantic similarity analysis and computes
the cosine of the angle between two vectors. It is defined as the ratio of the dot product of
two vectors, a and b, to the product of their magnitudes (or norms), as shown in Equation
(1). Cosine similarity can be interpreted as a normalized dot product, making it insensitive
to differences in vector length. As noted by Curran (2003), the dot product alone “does
not account for the length of each vector, and therefore tends to favor longer vectors.” The
cosine similarity score typically ranges from -1 to 1, although in some applications it is
normalized to fall within the interval [0,1].

a'b

cosine _similarity(a,b) = W )

For example, consider the following two questions:

e Do the elderly allocate any budget to technology?
e Do seniors spend any money on smartphones or tablets?

These questions do not share any relevant terms, yet their meanings are closely related.
Indeed, the cosine similarity between these two questions—computed using pre-trained
embeddings (paraphrase-multilingual-MiniLM-L12-v2) without additional pre-processing—
is approximately 0.75, which is relatively high.
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The process of matching template questions to interview questions consists of the fol-
lowing steps: question splitting, pre-processing, embedding generation, cosine similarity-
based matching, and refinement of the matching using a supervised approach.

With regard to pre-processing, standard techniques were applied, including stop-word
removal, lemmatization, and part-of-speech (POS) tagging. As in the previous approach,
the stop-word list was manually revised to exclude words such as “where” and “when”,
which may carry relevant semantic information in this context. Subsequently, questions
were transformed into vector embeddings. This procedure was performed at both the ques-
tion and sentence levels.

The embedding model employed was SentenceTransformer(“paraphrase-multilingual-
MiniLM-L12-v2”), a multilingual pre-trained model.

As with the BoW model, a supervised approach was employed to refine the matching
results. Consistent with the previous method, 20% of the dataset was manually validated,
and a 5-fold cross-validation was performed to compare the performance of different models.

In this approach, however, the features include the embeddings of interview questions,
obtained by splitting them into sentences, the embedding of template interview questions,
the cosine similarity between each template question and sentence-level interview ques-
tions, and the normalized turn order of the question. The models used in the cross-valida-
tion, identical to those used in the BoW-based method, were trained using an 80/20 train-test
split.

Unlike the BoW model, which provides a classified original dataframe, the Embedding
approach establishes a one-to-one mapping between each template question and interview
sentence. However, to achieve one-to-one matching, only the pair with the highest cosine
similarity between the interview sentence and the template question is selected.

4.4 Topic modeling

The following section presents a more standard topic modeling approach. Topic modeling
is employed to identify latent topics within a collection of documents. In this analysis, both
Latent Dirichlet Allocation (LDA) and BERTopic are applied. The results are subsequently
compared with those obtained from previous approaches, aiming to assess whether topic
modeling can recover the subjects of the template questions and identify latent topics shared
across interviews, or subtopics not detectable by focusing solely on the questions.

4.4.1 Latent Dirichlet allocation (LDA)

LDA is an unsupervised probabilistic model that generates topics by assuming that docu-
ments are produced by sampling from a set of topics. Each topic is associated with a set
of words, each assigned a certain probability. LDA attempts to reconstruct the document-
generation process and estimates the probability that a document belongs to a specific topic.
The model operates on a term frequency matrix that disregards word order within the cor-
pus. The initial step involves identifying collections of terms related to a given topic, under
the assumption that similar words tend to co-occur within the same topics. Subsequently,
the model estimates the probability distribution of topics within each document, typically
using Gibbs sampling.
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Unlike previous approaches, both this method and BERTopic focus on responses rather
than questions. Applying the same process to questions alone may not yield meaningful
results for comparison. Moreover, responses rather than question-answer pairs were pre-
ferred, as information from questions could have been lost due to the high number of terms
in the responses. The goal is to determine whether topic modeling can retrieve topics closely
related to the subjects of the questions.

LDA was applied at both the sentence and response levels to assess which level of
analysis yields more meaningful, comparable results with respect to the classified question
responses used in previous approaches. The suitability of each level depends on factors such
as sentence and response length, as well as the homogeneity of terms and topics. The final
decision was based on a qualitative evaluation of topic coherence and consistency across
sentences and responses.

4.4.2 BERTopic

Another topic modeling method considered in this study is BERTopic. BERTopic follows
a multi-step pipeline. First, the text is transformed into embeddings, which are generated
by default using sentence-transformers models commonly employed to capture semantic
similarity between documents. Second, dimensionality reduction is applied to facilitate
subsequent clustering. BERTopic uses Uniform Manifold Approximation and Projection
(UMAP) by default, but it also allows alternative techniques such as Principal Component
Analysis (PCA) and Truncated Singular Value Decomposition (TSVD). Third, the embed-
ded documents are clustered using Hierarchical Density-Based Spatial Clustering of Appli-
cations with Noise (HDBSCAN). Owing to its modular design, BERTopic also supports
other clustering algorithms, including K-Means and Agglomerative Clustering. Finally,
BERTopic computes a class-based variant of TF-IDF (c-TF-IDF) to identify the most repre-
sentative terms for each topic.

The pre-trained embedding model used in this analysis is paraphrase-multilingual-
MiniLM-L12-v2, a widely adopted multilingual SentenceTransformers model. For BER-
Topic’s modular components, the default methods described above were used.

As for LDA, BERTopic was performed at both the sentence and response levels.

4.5 Keyword extraction

Once the questions are mapped using the BoW and Embedding approaches, it is possible to
compare responses to the same questions and analyse whether specific topics are associated
with responses from particular respondents. In this analysis, a qualitative approach is used
to compare the results. In particular, keywords are extracted using four different keyword
extraction methods. The most relevant keywords for a selected question (for the BoW and
Embedding approaches) or for a given topic (for the topic modelling approaches) are com-
pared in the Results section.

The following keyword extraction methods are used: TF-IDF, RAKE (Rose et al. 2010),
YAKE (Campos et al. 2018), and KeyBERT (Grootendorst 2020).

RAKE (Rapid Automatic Keyword Extraction) is an unsupervised keyword extraction
technique that employs three measures: the number of co-occurrences (degree), the term
frequency of candidate keywords (non-stop words or word sequences), and the ratio of these
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two measures. Keywords extracted by RAKE are usually sequences of words, since co-
occurring words are combined. The number of selected keywords is computed as one-third
of the unique words in the co-occurrence graph. Because RAKE relies on co-occurrences, it
is domain-independent and language-independent.

YAKE (Yet Another Keyword Extractor) is another unsupervised method that uses fea-
tures such as term frequency, acronym frequency, uppercase term frequency, and term posi-
tion. Like RAKE, YAKE is domain- and language-independent. For both RAKE and YAKE,
no pre-processing was applied, as they operate directly on the raw corpus.

KeyBERT is a keyword extraction method based on BERT pre-trained embeddings. Its
main goal is not merely to select words with high frequency relative to other documents, but
to extract keywords that best represent each document. KeyBERT involves three main steps:
first, the document is embedded using BERT; second, N-grams are extracted from the docu-
ment; and finally, the cosine similarity between the N-gram embeddings and the document
embedding is measured to identify the most representative words or phrases. KeyBERT can
also be applied with different pre-trained embeddings. Note that the results of this method
depend on sentence length and the choice of embeddings.

The different outputs of the keyword extraction methods are reported in the Result
section.

5 Analysis

Due to the issues discussed in the data section, the analysis section applies the methodology
to our data while addressing the issues previously outlined.

5.1 Bag-of-words model

The first step involves splitting the questions into sentences. In our data, this process
involved 332 questions (including the template questions), which were split into 490 sen-
tences. This was done by transitioning to a long-form dataframe to account for the different
lengths of the 12 interviews and by dividing each question into its constituent sentences.
Second, standard pre-processing procedures were applied, including stop-word removal,
lemmatization, part-of-speech (POS) tagging, and other common text-processing steps. It
is worth noting that predefined stop-word lists included words that, in this analysis, carry
relevant information. For instance, the words “where” and “who” were removed from the
stop-word list. Therefore, the stop-word list was manually revised by removing some terms
and adding others.

The TF-IDF matrix was computed by treating each of the 490 sentences as an indepen-
dent observation, yielding 326 features. These 326 unique terms, along with two metadata
variables—the number of words in each sentence and the presence of a question mark—were
used for clustering.

In this analysis, Truncated Singular Value Decomposition (TSVD) was used for dimen-
sionality reduction before performing clustering. The number of components was set to
50, explaining approximately 77.9% of the cumulative variance. Figure 4 shows that the
increase in cumulative explained variance gradually slows as more components are added.
The choice of 50 components represented a trade-off between the elbow of the curve, located
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Fig. 4 Cumulative explained variance using 104
Truncated SVD
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Fig. 5 Comparison of Silhouette scores: with TSVD versus without TSVD (BoW model)

between 25 and 50 components, and the potential loss of information associated with retain-
ing fewer components and therefore a lower cumulative explained variance. Retaining
approximately 80% of the cumulative explained variance while reducing the dimensionality
to only 50 components was therefore considered a reasonable compromise.

Fourth, the questions were clustered. As shown in Fig.5 , the silhouette score increases
with the number of clusters. This behaviour may be explained by the presence of several
closely related questions that differ only in minor details. In other words, the model contin-
ues to identify better splits. This is unusual, since low values of k (especially k£ = 2) tend to
have higher scores. It is evident that the silhouette score begins to level off around k& = 50.

It should be noted that 50 was also the number of components used in the TSVD version.
However, clustering without TSVD achieved similar silhouette scores across the different
values of k. Regarding the qualitative assessment of clustering, at around 16 clusters, almost
all template questions were successfully identified. As mentioned, in addition to the 14 tem-
plate questions, the clustering identified one cluster for each of the four spending areas and
one for “all categories,” for a total of 19. However, after £ = 16, the model starts splitting
clusters of sentences into those referring to the same template question group and those that
are non-relevant.
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Table 1 provides some examples of the three types of clustering outcomes identified
through the clustering process. However, before analyzing the clustering results, it is neces-
sary to recall the structure of the interviews. Specifically, the interview protocol includes six
general questions, six specific questions, and a final set of questions related to suggestions.
As previously mentioned, the specific questions were repeated for each of the four spending
areas. Therefore, if repetition were not expected, one would expect approximately 14 ques-
tions. However, since each specific question had to be answered for all spending areas, the
total number of questions increased to approximately 30.

The clustering results reflect this structure. The identified groups can be divided into
three categories: non-relevant sentences (residual cluster), general questions, and specific
questions.

The residual cluster, containing 201 sentences, primarily consists of non-question state-
ments and follow-up prompts. For example, it contains sentences (translated from Italian
into English for clarity) such as “By seniors, we mean those over 65” or “Could you explain
in more detail how this system works?”. In addition, some sentences were used to introduce
the structure of the specific questions or to provide other meta-information. For example,
the specific section begins with the statement: “So now, for four categories—nutrition and
supplements, personal care and health, technology, and leisure—I will ask some questions,
always from the perspective of senior citizens.” Other sentences are responses to the inter-
viewer or expressions typical of oral interactions. Such sentences often constitute noise,
which is why analysis was performed at the sentence level. The presence of repeated sen-
tences resulting from a split question is very limited.

The remaining two types of clusters correspond to general questions and questions
related to specific spending areas. Since general questions are not repeated across spend-
ing areas, they are easier to identify through clustering. In contrast, the specific questions
exhibit greater heterogeneity in their formulation.

This heterogeneity arises because the interviewer did not repeat the full wording of the
same question across spending areas. The structure of the specific section had already been
explained to the participants.

In practice, participants were asked specific questions in two distinct ways. The first
phrasing explicitly mentioned both the main subject of the question and the spending area
(e.g., “Which factors most influence the purchase of personal care and health products?”).
The second phrasing referred only to the spending area, without restating the main subject
(e.g., “And what about technological products?”).

Finally, another group of questions consists of confirmation prompts, such as “All cat-
egories?”, which were used to verify whether a given answer applied to all spending areas.

Table 1 Examples of question cluster types

Category Example

Residual cluster By seniors, we mean those over sixty-five

General questions What is the hierarchy of needs for goods and services among
senior citizens?

Spending areas questions Where do senior citizens obtain information for purchasing
basic food products and supplements?

Spending areas questions When it comes to leisure, which ones do people buy the most?

Spending areas questions Technological products?

Spending areas questions All categories?
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Table 2 Cross-validation accuracy (BoW approach with and without the clustering feature)

Model Accuracy (no clustering) Accuracy (with clustering)
Random Forest 0.816 0.864
Decision Tree 0.696 0.792
Logistic Regression 0.728 0.824
Linear SVC 0.856 0.896
XGBoost 0.792 0.816

Table 3 Accuracy and F1 scores for the LinearSVC model with different Train—Test splits and stratification
settings (BoW approach without the clustering feature)

80/20 split 70/30 split
Stratification Non stratified Stratified Non stratified Stratified
Accuracy 0.84 0.80 0.74 0.84
F1-score (weighted) 0.89 0.79 0.77 0.84
F1-score (macro) 0.82 0.80 0.71 0.85

Table 4 Accuracy and F1 scores for the linearSVC model with different Train—Test splits and tratification
settings (BoW approach with the clustering feature)

80/20 split 70/30 split
Stratification Non stratified Stratified Non stratified Stratified
Accuracy 0.96 0.88 0.76 0.95
F1-score (weighted) 0.95 0.85 0.78 0.94
F1-score (macro) 0.97 0.83 0.68 0.95

Moving to the supervised approach step, the number of clusters was kept at 16, as in the
previous section. As mentioned in the Methodology section, two models are trained. The
first includes the clustering results as a feature, while the second does not. Twenty labels
were used for training. This number was determined based on the clustering results and the
structure of the interview template. Each label was associated with a specific question.

The label set comprises six general questions, seven specific questions, one question
related to suggestions and comments, four labels referring exclusively to spending areas,
one label indicating that a response applies to all four spending areas, and a final label (label
0) assigned to non-relevant sentences or questions.

The labels were treated as nominal rather than ordinal. This is because, even though the
labels followed the order of the questions in the interviews, they also include questions spe-
cific to each category, such as “Technological products?”. Furthermore, treating the labels as
an ordinal variable with many categories would have introduced several problems.

The models evaluated during cross-validation and their corresponding accuracy results
are reported in Table 2.

The best-performing model was LinearSVC based on cross-validation accuracy. How-
ever, when the accuracy and F1 scores (weighted and macro) are examined, as shown in
Tables 3 and 4, it is evident that the results are unstable. This variability in accuracy and F1
scores is likely due to the high number of labels and the presence of several rare classes,
coupled with the limited dataset. This instability is more relevant for the model that includes
the clustering feature.
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Regarding the two models, the model with the clustering feature is more accurate, likely
due to data leakage. However, it does not decrease substantially when the clustering features
are removed.

The model that shows the largest decrease is the Decision Tree model, which is highly
dependent on the number of observations and does not involve any bagging (as in Random
Forest) or boosting (as in XGBoost). Another model whose performance is affected by the
use of clustering features is Logistic Regression.

This suggests that the information captured through clustering is also captured by the
supervised model.

The correlation matrices for both models trained with and without the clustering features
are reported in the Appendix. They both show low inter-feature correlation.

The correlation matrix without the clustering features was expected to show no strong
correlations among the features since this model only uses TSVD components and meta-
data. However, the clustering feature may have been correlated with the TSVD components.

Another issue to consider is the presence of very similar (sometimes almost identical)
sentences in the dataset, which may appear in both the training and test sets. This character-
istic of the data may inflate the accuracy and F1 scores.

In other words, the model may be recognizing existing examples from the training set
rather than generalizing features. For this reason, it should be noted that the semi-structured
interview context is typically characterized by similar, if not almost identical, sentences.

The LinearSVC model was selected to predict the labels of previously unlabeled sen-
tences. Subsequently, the 490 sentences were aggregated back into the original set of 332
questions.

Because the validation labels follow the order of the interview template, the expected
range is 1-13. As shown in Table 5, the predicted labels generally preserve the original order
of the interview questions. In this interview, label 0 was correctly assigned to non-relevant
or follow-up sentences. These zero-labeled sentences were subsequently merged with the
preceding non-zero labeled question.

The same merging strategy was applied to labels 14 (Food and supplements), 15 (Per-
sonal care and health), 16 (Technology), and 17 (Leisure), which refer to specific spending
areas associated with a preceding question, as well as to label 19 (All categories), which
was used to confirm whether a response applied to all four spending areas. Finally, label
18 (Seasonality) corresponds to a question that was not included in the original interview
template but emerged during the interviews.

As illustrated in Table 5, Question 7 (the first question in the specific section) includes
both formulations that explicitly restate the main subject-namely, the factors that most
influence product purchasing decisions—and formulations that mention only the spending
area. This latter formulation occurs particularly frequently in technology-related questions.

5.2 Embeddings
The first steps of the embedding-based approach are similar to the BoW approach. The

number of sentences after splitting the questions is the same. Minor changes were made in
the pre-processing; in particular, a less aggressive text-cleaning approach was preferred.
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Table 5 Example of predicted labels (Interview 2) (BoW model, both with and without the clustering feature)

Turn  Questions Pre-
dict-
ed
label

By seniors we mean people over sixty-five. I’d like to ask you to introduce yourself; tell us 1
what role you have in the third sector, particularly in relation to seniors

—_

So, could you describe your experience with providing goods or services to senior citizens?
Is it managed by you or by the region?

And do you find this service to be an interesting idea?

As far as you know, is this something that exists only in Tuscany?

[ NV, NN NS I )
W o O O N

So, what do they need the most? According to your experience, what is the hierarchy of

needs for goods and services among senior citizens?

7 So, based on your experience—although you have already answered part of this, but feel 4
free to add anything—what are the biggest difficulties senior citizens face when accessing
goods and services intended for them?

8 According to your experience, what have been the main changes in recent years regarding 5

the provision of goods and services to senior citizens?

9 So, what do you think will be the main future changes? 6

10 Now we’ll move to the specific part; it’s very brief, don’t imagine anything long. I’ll ask 7
you various questions about four categories: food and supplements, personal care and
health, technology, and leisure. So, in your experience, which factors most influence the
purchase of food products and supplements? So which factors most influence the purchase
of food products and supplements?

11 So which factors most influence the purchase of personal care and health products? 7
12 Technology products? 16
13 And what about products and services for leisure—what factors influence their purchase? 7

Table 6 Template-to-interview question turn alignment across 12 interviews (embedding approach)
Template questions Int.1 Int.2 Int.3 Int4 Int5 Int.6 Int.7 Int.8 Int.9 Int.10 Int.11 Int.12

1 1 1 1 4 1 1 1 1 1 1 3 1
2 2 2 2 2 6 2 2 4 2 2 3 2
3 2 6 3 4 7 3 2 4 2 3 10 2
4 2 7 4 4 8 4 5 5 3 4 10 2
5 7 8 5 7 9 5 6 6 4 5 11 2
6 7 9 6 9 10 6 7 7 4 6 12 2
7 9 10 8 19 11 7 8 8 5 7 15 2
8 9 14 17 19 11 11 12 12 9 9 17 2
9 10 18 17 14 13 15 17 16 10 10 22 2
10 8 20 17 15 14 16 17 24 5 18 34 2
11 12 23 17 19 6 16 17 24 2 2 22 2
12 13 20 21 21 15 21 21 27 2 18 34 2
13 9 14 17 19 11 7 8 24 9 9 15 2
14 15 27 28 23 17 23 23 35 14 27 5 2

Once the embeddings were generated, each question in a given interview was matched
to each template question. Table 6 presents the order in which the interview questions were
matched to the 14 template questions.

As mentioned, the template questions follow their original order in the template. How-
ever, the interview questions also include follow-up questions, which can lengthen the
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Table 7 Cross-validation accuracy (Embeddings approach)

Model Accuracy
RandomForest 0.883
DecisionTree 0.836
LogisticRegression 0.905
LinearSVC 0.907
XGBoost 0.875

Table 8 Accuracy and F1 scores for the LinearSVC using stratified Train—Test splits (embedding approach)

Level 80/20 split 70/30 split
Accuracy 0.91 0.90
F1-score (weighted) 0.89 0.89
F1-score (macro) 0.91 0.90

interviews. Table 6 reports the order of the cosine similarity matches between the template
questions and the interview sentences. To ensure accurate matching, a qualitative approach
would be preferable. However, the purpose of Table 6 is to investigate whether the sequence
of numbers associated with the questions is preserved, as this suggests that the main ques-
tions have been correctly identified. In other words, the template questions are asked in the
template order, while additional follow-up questions are asked, increasing the number of
turns within an interview.

Table 6 shows that some interviews closely follow the template questions, while others
include more follow-up questions. For example, in Interview 3, the respondent appears not
to have received any follow-up questions in the first part of the interview. Conversely, other
interviews show less consistent alignment with the template questions, such as Interview
11. In Interview 12, only three exchanges were recorded due to the respondent’s limited
participation. In addition, some matches may not be accurate, since an interview sentence
(which relates to the subject of template question 3) may contain noise and may be matched
to a different template question (question 4, for example).

The best-performing model was LinearSVC. Cross-validation results are reported in
Table 7, while Table 8 shows accuracy and F1 scores for LinearSVC with stratified 80/20
and 70/30 training-test splits.

Unlike the previous model, the training process does not appear to be affected by the high
number of classes and the relatively small number of observations.

The accuracy and F1 scores are high, as the model was trained on 2617 sentences iden-
tified by matching each template question to each sentence and removing matches with
a cosine similarity below 0.4. The choice of a 0.4 threshold was motivated by a trade-off
between retaining sentences that would otherwise have been omitted with a higher thresh-
old and maintaining an adequate dataset size. In other words, the lower the threshold, the
fewer the sentences that were excluded and the larger the number of examples to be classi-
fied. Furthermore, lower thresholds yielded sentences that were less similar to the template
questions.

As shown in Tables 7 and 8, the model achieves high accuracy and F1 scores, although
these evaluation metrics may be inflated due to the use of duplicates (similar sentences
among different interviews) and the training process. Indeed, since the training process pairs
each sentence with all template questions, this introduces a risk of information leakage
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into the evaluation process, leading to overly optimistic scores. For this reason, the manual
evaluation was conducted by limiting duplicate entries. However, removing highly similar
duplicate entries from the dataset may excessively reduce its size. In other words, the model
focuses on identifying patterns of similar sentences rather than generalizing.

After predicting the unlabeled sentences, the cosine similarity score is used to retain the
best match between interview sentences and template questions. Finally, the predicted labels
can be used to retrieve responses to specific questions. If Question 9 (budget allocation) is
of interest, the responses classified as 9 are retrieved.

5.3 Latent Dirichlet allocation (LDA)

LDA was applied at both the response and sentence levels. The response-level analysis ben-
efits from greater semantic similarity across entire answers, while the sentence-level analy-
sis provides a larger number of observations. The dataset comprises 210 responses and 742
sentences. Modeling was performed using single words as well as bigrams and trigrams.
The coherence scores for the four models are shown in Fig. 6. Among the different mod-
els, the 11-topic sentence-level model achieved the highest average coherence across the
four approaches. Sentence-level models generally exhibited higher coherence scores. The
two highest coherence scores for the bigram/trigram sentence-level model are 0.541 (6 top-
ics) and 0.540 (11 topics). For the unigram sentence-level model, the highest value is 0.523
(8 topics). For unigram response-level models, the top coherence scores are 0.444 (2 topics),
0.408 (14 topics), and 0.400 (20 topics). In the bigram/trigram response-level models, high
coherence values were observed for 10 and 20 topics (0.419 and 0.409, respectively).

LDA Coherence Score Comparison: Document Levels and 2/3-grams vs 1-gram
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Fig.6 LDA Coherence Scores
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5.4 BERTopic

As with LDA, BERTopic was applied at both the sentence and response levels. As with
LDA, the response-level analysis yields fewer observations (210 responses) than the sen-
tence-level analysis (742 sentences). In both cases, the outlier topic (-1) was handled using
the reduce outliers function, which reassigns outlier documents to the most appropriate
topic.

5.5 Keyword extraction

Regarding keyword extraction, the different methods were reviewed manually using a quali-
tative approach. The Results section shows the most relevant keywords extracted using
the aforementioned methods. As explained below, Question 9 (budget allocation across
four spending areas) is considered a case study. Among the information extraction meth-
ods, YAKE performs best, while RAKE performs slightly worse. TF-IDF performs poorly
because it relies solely on word frequency, while KeyBERT (using paraphrase-multilingual-
MiniLM-L12-v2) has limitations due to its reliance on a pre-trained model and language-
specific patterns. The results using TF-IDF, RAKE and KeyBERT are available in the
Appendix (Tables 19, 20 and 21).

6 Results

The results analysed in this paragraph focus exclusively on Question 9 (budget allocated to
four spending areas), which was chosen as an example. The budget represents a key issue in
the SENIOR project, which aims specifically at studying the spending behaviours of elderly
people. Furthermore, Question 9 is part of the specific section of the interview template,
in which each question is repeated for the four spending areas. As shown in the clustering
results, the specific section may be more problematic in the classification process. Tables
9 and 10 show the top 3 most relevant key phrases extracted from the responses to Ques-
tion 9 of the two supervised models. As shown, YAKE correctly focuses on numbers and
captures budget percentages. The results for each interview appear to emphasize a specific
spending area, likely because in some interviews Question 9 was asked for different areas,

Table 9 Top 3 relevant key phrases using YAKE (BoW model)
Responses Top 3 relevant key phrases

Crtainly technological ten, forty forty anyway, thirty thirty forty

Oh God, population, I would throw out numbers

Food products, supplements, I think forty percent, food supplements
Important share, twenty—thirty percent, I would say food products
Food and supplements, personal care, food products

Technology fortunately, fortunately as we allocate, price reduced
We easily go, easily to seventy, food

Food products, let’s say sixty, need to eat

Budget is managed, the budget comes, it is managed

Ten percent technology, twenty percent food, personal care

— = 0 00 N O W N =

_ o

A lot of budget is given, it is given, it is given
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Table 10 Top 3 relevant key phrases using YAKE (Embeddings model)
Responses Top 3 relevant key phrases

Stock to keep, keep, third place

Definitely technological ten, forty forty roughly, thirty thirty forty
Food products supplements, I think forty percent, food supplements
Important share, twenty—thirty percent, I would say food products
Food and supplements, personal care, food products

Technology fortunately, fortunately as we allocate, reduced the price
Food products, let’s say sixty, need to eat

Budget is managed, budget comes, is managed

Ten percent technology, twenty percent food, personal care

— O 00 N N AW N =

S

A lot of budget is given, it is given, it is

while in others a single response covered multiple categories. The two models obtained
similar results. Starting with the BoW model, 11 responses were assigned label 9. Since one
interviewee did not respond to the specific part, only one interview is missing. Moving to
the embedding-based model, 10 responses were correctly classified.

The results show clear evidence of budget percentages. Furthermore, the percentages do
not seem to be limited to specific spending areas but instead vary across categories.

The food category percentage shows high variability, with values between 20 and 70
percent. Indeed, Response 3 of the BoW model mentions “forty percent” in addition to
the keywords “food products,” “supplements,” and “food supplements.” Response 8 high-
lights the “need to eat” and estimates 60 percent of the budget for food products. A smaller
percentage is allocated according to Response 4, in which “20-30 percent” is mentioned.
However, Response 4 also mentions that the food category represents an “important share”.

Moving to the technology category, the budget is estimated to be around 10 percent. This
estimate is supported by the first (“certainly technological ten’) and tenth (“ten percent tech-
nology”) responses of the BoW model. Interestingly, alongside the “certainly technological
ten” keywords, the other keywords seem to indicate the percentages of the other spending
areas: “forty forty anyway”, “thirty thirty forty”.

The results also show responses that express uncertainty regarding such a question.
For example, the keywords “oh God”, “population”, and “I would throw out numbers” in
Response 2 of the BoW model suggest a general reference to the budget question; however,
the keyword extractor does not seem to retrieve any relevant information regarding budget
percentages.

Regarding the results of the LDA model, Tables 11 and 12 show the top 5 most relevant
terms for the sentence-level and response-level 2- and 3-gram models. The model identi-
fies several interesting topics, although some do not correspond to a template question.
For example, a topic coincides with a template question regarding the difficulties faced
by seniors. Indeed, both tables mention terms such as “problem” and “difficulties”. On
the other hand, other topics include terms such as “pathology”, “assistance”, and “visit”.
Another topic concerns visits from family members. However, there is no specific ques-
tion about the relationship between seniors and their relatives. Regarding the four spending
areas, they are not easily identifiable. For example, the health category is spread across dif-
ferent topics, while other categories do not seem to belong to a single group, and some may
not be present in any topic.
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Table 11 Top 5 relevant terms using LDA (2/3-gram sentence level and N topics = 11)

N topics Counts Top 5 relevant terms

1 60 To depend, pathology, question, result, point

2 59 Part, healthcare, to say, subject, to manage

3 35 Category, technology, year, to search, way

4 62 Doctor, pharmacy, drug, technological, information
5 28 To exist, initiative, kind, visit, to make

6 45 Model, to see, family member, patient, large

7 43 Society, cooperative, university, municipality, large
8 42 Problematic issue, difficulty, widespread, supplement,..
9 218 Elderly, service, person, type, need

10 40 Small, topic, other, to take, specific

11 110 Cooperative, social, percent, to succeed, assistance

Table 12 Top 5 relevant terms using LDA (2/3-gram response level and N topics = 10)

N topics Counts Top 5 relevant terms

1 56 Pharmacy, home, elderly, information, service
2 16 Healthcare, economic, large, public, problem
3 14 Cooperative, facility, pathology, model, social
4 32 Percent, free time, elderly, fund, technology

5 26 Elderly, need, issue, understand, visit

6 26 Service, difficulty, elderly, country, eating

7 10 Integration, occupy, product, senior, means

8 22 Drug, university, society, winter, initiative

9 42 Service, doctor, social, patient, cooperative

10 13 Assistance, population, service, category, healthcare

Regarding the budget question, the term “percent” appears in Topic 11 of the sentence-
level model and in Topic 4 of the response-level model. On the sentence level, the topic
containing the “percent” term includes 110 observations. This topic is highly heterogeneous
in terms of subjects, and it does not identify a subtopic focused solely on budget allocation.

On the other hand, at the response level, the topic includes 33 responses, and the term
“percent” has the highest average contribution score in that topic, which represents the
average topic probability across documents. Indeed, of the 33 documents, 8 explicitly men-
tion percentages. Some other responses mention percentages or numbers not related to the
budget, as well as responses to other questions, such as the hierarchical priority of needs. In
other words, the topic captures the importance of the term “percentage” even when “budget”
is absent. However, there is no dedicated topic for it, and some responses do not include
relevant LDA keywords at the response level. For 17 of the 33 responses in Topic 4, the
results are shown in Table 13. As mentioned later, some responses not related to the budget
still involve numbers and the concept of purchase.

Moving to BERTopic, Tables 14 and 15 show better results compared to LDA. The four
main areas are better identified, and both latent topics and spending areas are captured.
For example, a latent topic concerns loneliness and relationships with relatives or children.
Regarding the spending areas, they appear to reflect information from the template ques-
tions, such as the place where a product is purchased (pharmacy, small market, supermar-
ket) or the type of activity involved (e.g., yoga, gym, and laboratory). There is also a topic
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Table 13 Top 3 relevant key phrases using YAKE (LDA - Topic 4 - response level)
Responses Top 3 relevant key phrases

Stock to keep, keep, third place

Because I come from, a lot of experience, another user area

Food supplements, I think forty percent, food supplements
Example, free, all in all

Ten percent technology, twenty percent nutrition, personal care

I have to divide them, divide them, I have to

I would say participation, participation in clubs, clubs and purchase
Assistance-related, elderly people, self-sufficient

Personal care treatment, physical appearance, inner appearance

O 00 1 &N L A LN~ O

Elderly people buy more, the question depends, difficult to answer
Food products, let’s say sixty percent, need to eat

—_ =
_- o

Ministerial Decree seventy-seven, Ministerial Decree, Ministerial seventy-seven

—_
[§S)

Hierarchical priority, priority scale, hierarchical

j—
w

Technology, to see

—
'S

Impertinent and very comprehensive, impertinent questions, I would say

—_
W

Mind, comes

—_
N

They buy them, medications that they must, must buy

—
-

Thirty percent, percent, thirty

Table 14 Top 5 relevant terms using BERTopic (Sentence level)

Topic ID Counts Top 5 relevant terms

0 143 Elderly, person, family, son, to depend

1 97 Health, service, hospital, need, assistance

2 76 Cooperative, subject, entity, company, fund

3 61 Technological, to use, television, telephone, minimal
4 38 Beautiful, to tell, perfect, exact, to do it

5 40 Supplement, percent, food product, food product supplement, to believe
6 35 Rest, question, to answer, seasonality, to pose

7 39 Region, territory, system, poor, space

8 34 Pharmacy, drug, pharmacist, pharmacies, to ask

9 28 Free time, cinema, theater, transport, product

10 28 To occupy, director, cooperative, year, healthcare

11 27 Summer, winter, spring, period, to buy

12 32 Technology, third age, style, senior, interest

13 28 Percent, wind, half, to consume, hand

14 22 Doctor, patient, chronic, cultural, to take care

15 14 Shop, supermarket, old, small market, small

related to difficulties (economic and bureaucratic) and seasonality (summer, winter, and
spring). Regarding the comparison between the two levels of analysis, the response level
provides more general topics and involves longer texts but fewer observations within each
topic. However, at the sentence level, the texts are shorter, but each topic has a larger num-
ber of observations.

Similarly to LDA, the topics containing the term “percentage” are inspected.
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Table 15 Top 5 relevant terms using BERTopic (Response level)

Topic ID Counts Top 5 relevant terms

0 43 Service, need, doctor, patient, person

1 28 Technological, use, technological product, online, technology
2 23 Elderly, family member, child, take, person

3 18 Percent, product, food product, part, supplement

4 19 Pharmacy, pharmacist, doctor, depend, part

5 22 Healthcare, social, service, type, deal with

6 16 Product, disorder, gym, nutrition, elderly

7 12 Summer, winter, period, spring, go out

8 14 Drug, leisure time, territory, laboratory, yoga

9 7 Part, category, young, greater attention, pessimistic
10 8 List, economic, difficulty, transport, bureaucratic

Table 16 Top 3 relevant key phrases using YAKE (BERTopic - subtopic of topic 5 - sentence level)

Responses Top 3 relevant key phrases

Fifty to sixty years, supplement category, fifty years

Would put last, fourth place, third place

Certainly ten technological, forty forty roughly, are used

Food supplements products, about forty percent, food supplements
2011 there was, there was thirty percent, patients who consume
Patients consume eighty, consume eighty percent, percent of resources
Thirty-forty percent, personal care, health about thirty-forty

Personal care, twenty percent nutrition, ten percent technology

O 00 I N L AW =

Given a lot budget, is given, is given
Ninety percent, percent, ninety

—_ =
_- o

Personal hygiene products, forty percent, percent including nutrition

At the sentence level, two topics include the term “percentage”, namely Topics 5 and
13. Topic 5 involves 40 observations, and the term “percentage” is associated with the food
category. Indeed, the other terms include “supplement”, “food product”, and “food supple-
ment”. However, further analysis reveals that this topic can be divided into two subtop-
ics. The first concerns the food category and includes terms such as “pasta”, “nutrition”,
“integration”, and “supermarket”. The second contains the term “percent”, along with other
terms such as “free time”, “part”, “patient”, and “technology”. Table 16 shows the terms
associated with the subtopic of Topic 5, which involves the term “percent”. The results show
that the grouping process appears to focus on numbers, rather than percentages or budgets
themselves. Indeed, the topic also includes terms such as "fifty years" and "fourth place",
along with budget percentages.

Regarding Topic 13, it includes terms that do not seem to belong to a particular category.
Indeed, the term “percent” is not always present in Topic 13. Unlike the term “percent”
linked to the food category, in Topic 13 it may either appear in another topic or not appear at
all. This lack of stability is a typical issue in methods that aggregate observations.

Moving to the BERTopic results at the response level, 9 of the 18 responses are related
to budget allocation. These 9 responses have the highest topic score values and are therefore
the most representative documents. However, only 7 responses contain neither numbers
nor the term “percentage”. The two remaining responses contain percentage values but are
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Table 17 Top 3 relevant key phrases using YAKE (BERTopic - Topic 3 - response level)

Responses Top 3 relevant key phrases

Surely technological ten, forty forty roughly, thirty thirty forty
Food products supplements, I think forty percent, food supplements
Important share, twenty-thirty percent, I would say food products
Ten percent technology, twenty percent nutrition, personal care
Given large budget, is given, given

Food products, let’s say sixty, need to eat

I have to split them, split them, I have to

00 N N AW N =

I explain what I mean, I mean, I explain

9 Here are forty, will be, twenty

10 We easily reach, around seventy, food

11 Type of nutrition, health type, mainly

12 Hard to answer, answer, difficult

13 Thirty percent, percent, thirty

14 Personal tastes, tastes, personal

15 Person definitely detergents, moisturizing cleansing products, detergents moisturizers
16 Certainly meeting, digital transition, over seventy-five

17 Food products, depends, products

18 Red meat mainly, bread and pasta, vegetables and fruit

Table 18 Top 5 relevant terms identified by BERTopic for Topic 3 (Technology) at the sentence level

Topic ID Counts Top 5 relevant terms

-1 7 Part, to use, person, to pay, utility

0 26 Technological, cultural_level, to think, internet, technology
19 Television, media, means, information, friend

2 9 Telephone, mobile_phone, smartphone, camera, elderly

not related to the budget question. The most relevant keywords extracted using YAKE are
shown in Table 17. As mentioned, BERTopic provides better results than LDA. Indeed,
the number of responses on the topic of percentages is smaller and more homogeneous.
However, the topic still includes some examples that are not related to the budget. The het-
erogeneity of the elements within each topic may be due both to the use of key terms such
as “budget” or “percentage” in different contexts and to cases where shared terms across
topics lead to the merging of different topics. Both cases result in broader and less controlled
selections of topic elements.

As shown, the term “percent” is mentioned within the food-category topic. However,
it may also be distributed across different spending-area topics. Therefore, the technology
topic at the sentence level is analysed using YAKE to extract information related to percent-
ages and budget allocation. For example, there are terms such as “definitely technological
ten, forty forty anyway, to be used, thirty thirty forty, technological ten” or “technological is
minimal, technological, minimal”. However, only 3 of the 61 sentences involve budget allo-
cation. Indeed, as shown in Table 18, no subtopics that exclusively involve budget alloca-
tion within the tech category are identified. In other words, this budget-related information
is lost within the technology topic.
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7 Conclusions

The article provides an exploratory analysis of possible approaches for analyzing semi-
structured interviews that present several challenges inherent to their format. Some of these
issues include differences in interview length, variations in the number of terms across
answers (or questions) within the same interview, and differences in answer length to the
same question across participants. Additional challenges involve the dependencies between
questions and answers, which may lead to information loss if not properly considered. Fur-
thermore, this case study is constrained by a limited dataset, the use of Italian, and domain-
specific terminology.

This analysis attempts to address these issues by mapping interview responses to the
template questions originally used by the interviewer to guide the conversation. The results
are then compared with those obtained using two standard topic modeling methods, namely
LDA and BERTopic.

The results show that the outcomes of the matching process differ from those of the topic
modeling methods. Indeed, while topic models identify latent topics, the matching process
focuses on identifying the template subjects. In other words, topic modeling is better at
uncovering hidden themes, but it may not highlight certain information embedded in the
questions. Conversely, the mapping method is designed to retrieve responses to specific
questions, though it may fail to capture latent topics.

More specifically, even when topic modeling is able to identify the subject of a question,
the resulting topic may also include additional subjects, making it broader than necessary. In
other words, the topic may be heterogeneous with respect to the subjects under investigation
due to the limited control provided by a model without manual labeling.

This is often due to terms that are unintentionally agglomerated. As shown, budget-
related responses also include records containing numerical values. However, some of these
numerical values are not related to budget allocation. Such cases may lead to incorrect
conclusions, especially because topic modeling does not often take into account the ques-
tion associated with each response; when it does, the question itself may introduce noise.
Another issue concerns the splitting of a specific subject, such as the budget, across different
topics. For example, some budget-related responses were split into topics associated with
a particular spending area, such as the technology category. In other words, some budget-
related responses were embedded in topics related to technology due to the terms used in
this category. Furthermore, the results of topic modeling are not stable and may vary across
iterations.

On the other hand, the focus on questions in supervised methods allows the content of
the responses to be better controlled, resulting in more homogeneous groups of responses.

However, supervised methods require manual labeling, while topic modeling does not. In
addition, the problem of information loss is not completely solved, and questions may not
be easily identifiable, which makes them difficult to classify.

The effectiveness of supervised approaches and topic modeling is linked to the goal of
the analysis. If certain information needs to be extracted, then supervised approaches pro-
vide more controlled and homogeneous results. On the other hand, if the goal is to explore
interview responses in order to identify which topics appear most frequently, then topic
modeling is more appropriate. Furthermore, this article focuses on a limited dataset and
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on semi-structured interviews. Therefore, the characteristics of the data must be taken into
account and the methodology adjusted accordingly.

This study provides an exploratory analysis, which involves several potential improve-
ments. Indeed, this approach focuses on semi-structured interviews, which typically feature
highly similar questions. Furthermore, the management of information from questions not
included in the template was not addressed. The limited dataset size represents another
constraint, which could be mitigated by expanding it in future studies. Regarding the pre-
trained models used for the embeddings, more recent models may be implemented.

8 Appendix

See (Figs.7, 8,9, 10) and See (Tables 19, 20, 21)
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Fig. 7 Flow diagram of the process
(BoW approach)
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Fig. 8 Flow diagram of the process Interview questions
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Correlation matrix

Fig.9 Correlation matrix with clustering features (BoW approach)
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Fig. 10 Correlation matrix without clustering features (BoW approach)
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Table 19 Top 5 relevant terms using TF-IDF

Responses Top 3 relevant key phrases

Part, enough, to use, minimum, technological
To know, population, really, rice, food

Percent, to believe, equal, roughly, to allocate
To say, percent, product, remaining, share
Priority, to produce, instance, personal, health
Prevention, price, inaccessible, to orient, export
To go, easily, clothing, to eat, to remain
Supplement, food, product, to take, need
Product, category, consumption, interest, aging
Percent, nutrition, personal, technology, leisure

—_ = 0 00 3 O W B~ W N =

_- o

To give, to come, less, home, budget

Table 20 Top 3 relevant key phrases using Rake

Responses Top 3 relevant key phrases

1 Quite thirty thirty forty forty, anyway quite important, definitely makes one hun-
dred, technological ten, food part in my opinion

1 would shoot numbers, four hundred euros, four tins

Food products supplements, I think forty percent, twenty percent
Remaining free time, health about thirty, I would say food products
Food products, first instance, then products

Prices still very high, free time export, zero cost simply

Clothing comes after, rest goes after, something remains

Food products yes, supplements however, well, staying there

O 00 N N L AW

Budget is managed, over sixty-five years, generally pays attention

—_
(=]

Then twenty percent free time, personal care in my opinion, another twenty percent

—
j—

Comes... eighty food products supplements, given a lot of budget, fifty percent

Table 21 Top 3 relevant key phrases using KeyBERT
Responses Top 5 relevant terms

Buy technology, minimum technology, technology part

Rest of the population, population indeed, population awareness
Regarding health, percentage product, percentage regarding
Food supplement, food product, percentage product

Food supplement, food product, personal health

Usable healthcare, lesser need, healthcare affected

Food share, eating clothing, remaining eating

Food supplement, buy supplement, supplement supplement

O 00 N N L AW =

Aging product, successful aging, aging aging

—_
(=)

Percentage nutrition, nutrition percentage, percentage technology
11 Budget allocation, budget, less at home
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