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Abstract

Fertility intention data from surveys often serve as a crucial component in modeling fertility behaviors.
Yet, the persistent gap between stated intentions and actual fertility decisions, coupled with the prevalence
of uncertain responses, has cast doubt on the overall utility of intentions and sparked controversies about
their origin and nature. In this study, we use survey data from a representative sample of Dutch women.
With the help of open-ended questions (OEQs) on fertility and Natural Language Processing (NLP)
methods, we are able to conduct an in-depth analysis of fertility narratives. Specifically, we annotated the
(expert) perceived fertility intentions of respondents and compared them to their self-reported intentions
from the survey. Through this analysis, we aim to reveal the disparities between self-reported intentions
and the narratives. Furthermore, by applying neural topic modeling methods, we could uncover which
topics and characteristics are more prevalent among respondents who exhibit a significant discrepancy
between their stated intentions and their probable future behavior, as reflected in their narratives.

Keywords— fertility intentions, constructive preferences, narrative framework, natural language processing, topic
modeling

1 Introduction

Fertility intentions, measured by close-ended questions, are presented in many large-scale demographic surveys (Corsi
et al. 2012; Hough and Mayhew 1983; Vikat et al. 2007) and play a key role in fertility research. Responses to fertility
intentions have been frequently used by researchers as a predictive factor for whether and when people have children
(Liefbroer 2009; Morgan and Rackin 2010; Freitas and Testa 2017; Trinitapoli and Yeatman 2018), but the predictive
validity is not always ideal (Morgan and Bachrach 2011; Aiken et al. 2016). Therefore, the utility of measuring
fertility intentions in predicting individual (or couples’) fertility outcomes has been controversial because intentions
often deviate from outcomes (Morgan and Bachrach 2011; Sennott and Yeatman 2018; Müller et al. 2022). In the
European context, this is often presented in the format of underachieved fertility or “fertility gap” (Philipov 2009).

As a response, researchers have been asking more fundamental questions on the origin and nature of fertility
intentions themselves in recent years. Bhrolcháin and Beaujouan (2019) investigated the prevalent uncertainty in
intentions and argued that fertility intentions are constructed over time, which was supported by the empirical study
from Müller et al. (2022). Vignoli et al. (2020) proclaimed that fertility decisions are based on a combination of
“shadows of the past” and “narratives of the future”.

However, while the theoretical advances call for more empirical support, the data collection method in this field has
rarely been questioned. Although it’s increasingly becoming a consensus in population studies that fertility intentions
are contextual and unstable, they are still measured by close-ended questions with pre-defined options in most surveys.
Therefore, we still know very little about the ”construction” process or factors of fertility intention, nor do we know
the effectiveness of the current format of questions.

In this study, we use online open-ended questions (OEQs) in a survey to collect the narratives behind the fertility
intentions of Dutch women. We first annotate the responses to OEQ by expert readers, to obtain ”our” versions of
fertility intentions from a new and neutral perspective. Then, we make a comparison between the two versions of

1



intentions and model the discrepancy from the characteristics of the respondents. Finally, we use Topic Modeling,
a Natural Language Processing (NLP) method to automatically analyze the open-ended data, which allows us to
interpret large-scale survey qualitative responses. Thus, we expect to identify major narratives on people with different
fertility intentions and different levels of discrepancy between self-reported and annotated intentions. With the
qualitative insights from topic models, we get access to the narratives that were understudied or overlooked in
previous fertility studies.

2 Data

The data used in this study is collected through LISS (Longitudinal Internet Studies for the Social sciences) panel
administered by CentERdata at Tilburg University, The Netherlands1. The panel covers a representative sample of
Dutch individuals who participate in monthly Internet surveys. Only households in which at least one household
member spoke Dutch are included.

The study is based on the second wave of the module Social networks and fertility (in Dutch: Sociale relaties en
kinderkeuzes onderzoek) which was included in the LISS panel in 2021 (as a follow-up to a similar module fielded
in 2018). The module’s objective was to investigate fertility intentions and attitudes in relation to people’s personal
networks 2. For this second wave, 596 female participants were invited and 464 women between the ages of 21 and 44
completed the questionnaire. The survey was conducted in Dutch. Each respondent received €7.50 for completing the
questionnaire, which on average takes 15 minutes to finish. This compensation rate is twice as high as the standard
rate of LISS panel (∼€2.50 per 10 minutes). The OEQ regarding fertility intentions is presented to respondents
who are not currently pregnant (N = 433). After removing six answers that were without information (e.g. “niets”,
nothing, or not in Dutch), there were in total 423 responses available.

2.1 Open-ended question

We used an open-ended question (OEQ) to capture narratives on fertility intentions and uncertainty. Since the
usage of online OEQs and automatic analysis of responses is innovative in demographic research, we conducted an
experiment on evaluating data quality before this study, which proved that the quality of responses was satisfactory.

The OEQ was placed directly after the standard closed questions on fertility intention from the Generations &
Gender Surveys (GGS) (Gauthier, Cabaço, and Emery 2018). The OEQ asked, “Can you tell us more about what
makes you (un)certain about whether or not to have children?”3 The answers contain 31 words on average.

3 Methods

3.1 Annotation

The open-ended responses were annotated by three native Dutch speakers. Two of whom are authors of this paper
and experts in the field of the demographic study of fertility intentions, and the third one was a university student
without demographic background. The annotators were asked to choose the fertility outcome of the respondent from
“definitely yes”, “probably yes”, “do not know”, “definitely no” and “probably no”, based on the responses they read.
After each annotator finishes the coding task individually, they will meet up to settle the disagreements and finalize
the annotation.

3.2 Modeling discrepancy

We assess the effects of respondent characteristics on the discrepancy between the self-reported and annotated fertility
intentions, measured by the distance between them. Here, we define the five categories (“definitely yes”, “probably
yes”, “do not know”, “definitely no” and “probably no”) as number 1 to 5, and use the absolute value of the difference
between the two numbers as the distance. For respondent characteristics, we included age and education level as
indicators of the ability of respondents, where the education levels were classified into low/medium/high according
to the International Standard Classification of Education (ISCED) based on mapping to Dutch education system by
the United Nations Educational, Scientific and Cultural Organization (UNESCO). Whether respondents used a PC
(N = 235) or mobile devices (smartphone or tablet) (N = 198) will also be included.

1https://www.lissdata.nl/
2See https://doi.org/10.34894/EZCDOA for full details on the study, as well as Stulp 2021 and Buijs and Stulp 2022.
3Two versions of questions with slight differences were tested in a previous study. Since answers to these two questions were

similar on a suite of characteristics (e.g., sentence length, number of nouns), we did not differentiate between these two questions
in the subsequent analyses. Original question in Dutch.
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3.3 Topic modeling

The advance of natural language processing (NLP) techniques has made large-scale automatic analysis of responses
to OEQs possible (Züll 2016; Schonlau and Couper 2016; He and Schonlau 2020). Topic Modeling (Blei and Jordan
2003) is a popular method to extract narrative themes from textual data and has been widely applied in processing
responses to OEQs in other disciplines such as social media study and marketing (Roberts, Stewart, Tingley, Airoldi,
et al. 2013; Roberts, Stewart, Tingley, Lucas, et al. 2014; Pietsch and Lessmann 2018). The model extracts frequently
mentioned topics from the answers of respondents who varied in their certainty of fertility preferences.

In conventional topic modeling algorithms, such as the Latent Dirichlet Allocation (LDA) (Blei, Ng, and Jordan
2003), each response to an open question is seen as being generated by a distribution of latent topics. In turn, topics
are probabilistic distributions of words that co-occur across responses in the data set, and are therefore considered to
be generated from a single latent topic. For example, a set of responses that involved discussions on housing concerns
may contain terms such as rent, mortgage and apartment. Their common co-occurrences would be recognized by the
model and the words would be identified to appear in the same topic with high probability. The results can then be
interpreted by researchers and identified as relevant to housing.

A limitation of LDA is that it does not make use of word ordering in the documents. This can be problematic when
using short texts such as survey responses (Phan et al. 2010), because they ignore the relation between words and
lead to the problem of data sparsity (Rao et al. 2016). In recent years, pre-trained neural language models have been
increasingly used in NLP tasks. Instead of representing documents as bags of words (BoW), they treat documents
as a continuous sequence of tokens, and produce contextualized representations that contain information on semantic
and order relationships among words, which leads them to be increasingly used in topic modeling tasks. Promising
novel methods that integrated deep neural networks and embeddings, include Top2Vec (Angelov 2020), SCHOLAR
(Card, Tan, and Smith 2017) and Contextualized Topic Models (Bianchi, Terragni, and Hovy 2020), all of which show
superior performance on various quantitative metrics compared to LDA (Zhao et al. 2021). In this study, we used
Contextualized Topic Models (CTM) in this study. To incorporate prior knowledge on the Dutch language, we use
RobBERT (Delobelle, Winters, and Berendt 2020), a Dutch BERT model pre-trained on over 126 million lines of
Dutch text.

4 Results

Results will be included in the future version of this paper.
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