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Rohingya refugees and their Bangladeshi hosts. We show that studying aspirations with
open-ended interviews extends the economics focus on material goals to ideas from philos-
ophy and anthropology that emphasize aspirations for moral and religious values, and the
navigational capacity to achieve these aspirations. This approach allows us to identify sev-
eral novel results including a new type of migrant selection; we show that Rohingya refugees

are negatively selected on education but positively selected on navigational capacity.
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1 Introduction

The qualitative analysis of open-ended interviews has vast potential in economics but has
found limited use. We typically analyse quantitative data from structured survey questions
because they are easier to administer to large representative samples of respondents, and
easier to analyse using standard econometric methods. However, many questions of interest
to economists may be better captured with open-ended interviews rather than structured
questionnaires. These include important concepts like well-being, social norms, cultural
change, vulnerability, resilience, decision-making, processes of change in interventions and

experiments, and - in the case of this paper - aspirations.

This paper outlines a new method to analyse extended, conversational and open-ended
interviews at scale with statistically representative samples by combining interpretative hu-

man coding (typically employed by sociologists) and machine learning. We extend a small
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sample of interpretative human-annotated interviews to a much large sample using super-
vised natural language processing. Using this method, we show that measuring aspirations
with open-ended interviews extends the economic focus on material goals to ideas from phi-
losophy and anthropology that emphasize aspirations for moral and religious values, and the

navigational capacity to achieve these aspirations.

Structured quantitative questions do not work well for complex concepts like “moral
aspirations” where respondents have a heterogeneous understanding of the concept, where
responses can be difficult to predict, and where probes and their range of responses cannot
be anticipated in advance. When structured questions require responses with a number, or a
selection from a set of choices, they can result in metrics that have the appearance of being
clearly defined but hide the complexity of the “truth” (Espeland and Stevens, 1998). Latent
constructs that are more nuanced are, therefore, arguably better studied with open-ended
questions where the respondent is allowed the freedom to respond in a conversational style
and a trained interviewer can probe and clarify an issue. This process also has the advantage
of eliciting information that is more “bottom-up” and driven by the respondent rather than

designed ex-ante by the researcher.

Open-ended approaches to interviews have not been employed much by economists
because analysing them is hard using standard methods (Rao, 2022). Some economists
have proposed using unsupervised NLP methods (e.g. Ferrario and Stantcheva (2022b),
Stantcheva (2020)) and Large Language Models (LLMs) are increasingly being used in
social science research to analyse and annotate text data (Gilardi et al., 2023; Liu and
Sun, 2023). Our paper proposes a different method that we believe is an improvement

on unsupervised NLP for many applications and, in particular, for analysing open-ended
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interviews. It also provides a better alternative to Large Language Model (LLM) based
qualitative analysis, which can introduce misleading biases in non-Western settings (Ashwin

et al., 2025).

Our method scales-up the “interpretive” approach to qualitative data analysis that is
currently primarily the domain of “traditional” qualitative researchers in anthropology,
sociology and related fields. In interpretive qualitative methods researchers take a more
human-centred approach by mulling over recordings or transcripts of interviews for consid-
erable periods of time, listening, reading, interpreting, and carefully coding them within the
context of a theory or conceptual framework. This allows for a more nuanced, detailed and
interpretable analysis of qualitative data but it also requires an expensive labour-intensive
coding process typically done by trained social scientists. Traditional interpretative qualita-
tive analysis is consequently associated with very small sample studies. This small-sample
challenge that has been intrinsic to interpretive qualitative methods has resulted in a large
methodological literature on qualitative and case-study methods focusing on justifying and
interpreting data from interviews gathered from non-representative samples of larger popu-
lations. Their general approach has been to inductively draw out inferences that reflexively
expand our understanding of an issue, or to inform theory, rather than claim statistical

representativeness (Small, 2009).

The method outlined in this paper follows the logic of traditional interpretative qualita-
tive analysis as closely as possible. Briefly, a sub-sample of the transcripts of open-ended
interviews are coded by researchers trained in qualitative analysis who read the transcripts,
decide on a “coding-tree” and then code the transcripts using qualitative analysis software

designed for this purpose. This “human coded” sub-sample is then used as a training set
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to predict the codes on the full, statistically representative sample. The annotated data on
the “enhanced” sample is then analysed using standard regression analysis. The methods
developed in our paper are not as much a major advance in Natural Language Processing
(NLP) and Machine Learning methods as they are a practical contribution to the menu of
tools available to economists and other social scientists. Our method allows social scien-
tists to analyse representative samples of open-ended qualitative interviews, and to do so
by inductively creating a coding structure that emerges from a close, human reading of a
sub-sample of interviews that are then used to predict codes on the larger sample. The key
advantage of this larger sample size is that it can lead to smaller standard errors and give
researchers the power to conduct more sophisticated and granular analyses. We see this
as an organic extension of traditional, interpretative, human-coded qualitative analysis, but

done at scale.

This method has several advantages over existing methods used for analysing text, which
are discussed explicitly in Section 6. We stick as closely as possible to traditional qualitative
analysis by inductively using the judgement of informed human coders to be scaled-up. Given
that analysis is based on codes developed by a close reading of the text, the interpretation
of our measures is clear, which is often not the case for unsupervised methods.! It also has
an advantage over methods such as sentiment analysis which maps text against pre-defined
dictionaries; sentiment analysis can only provide broad assessments of the “sentiments”
observed in the data and is not good for nuanced analysis, and dictionaries in non-European
languages are not well developed. Working with human codes in a sub-set of the data falls

in the category of “supervised” NLP methods — but gives us a training set that is specific to

L An explicit comparison to unsupervised methods is provided in Section 6.3.
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the sample being analysed, and thus has the potential for nuanced, context-specific analysis.
We also show that our method has advantages over LLLMs which can result in biased results
when analysing data from data (such as ours) from interactive open-ended interviews in

non-Western populations.

We believe the method has wide applicability for a variety of questions of interest to
economists. In this paper we apply it to measure parents’ aspirations for their children by
analysing open-ended interviews conducted on a sample of approximately 2,200 Rohingya

refuges and their Bangladeshi hosts in Cox’s Bazaar, Bangladesh.

Aspirations are a useful topic to test the method’s potential because it allows us to mea-
sure aspects of the subject that have not been empirically analysed to date because they are
difficult to capture in structured questionnaires. In a recent literature review, Fruttero et al.
(2025) point out that dimensions of aspirations that go beyond material standards of living
are not easily translated into quantifiable measures, saying that “measures often focus on a
limited set of quantifiable measures (e.g. years of education, earnings, etc.) which are cer-
tainly central but may only partially reflect people’s aspirations.” Thus, despite theoretical
advances in economics that take a broader approach to the idea of aspirations (Genicot and
Ray, 2020) the empirical literature focuses on what the philosopher Agnes Callard (2018)
has called “ambition” - specific material goals that parents may have for their children such
as a level of education, potential earnings or occupation. Open-ended interviews allow us to
expand this, to explore its normative, moral and spiritual dimensions - what Callard calls
“aspiration” - such as being a “good person”, or being religiously inclined. Our approach
also allows us to measure what the anthropologist Arjun Appadurai (2004) has called ”nav-

igational capacity”, which he conceives of as a culturally-shaped and unequally-distributed
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capacity towards achieving aspirational goals. This potentially important idea has been rel-
atively ignored by the economics literature arguably because it is difficult to measure. This
paper uses the analysis of open-ended interviews to define, measure and investigate correlates
of these subtle concepts, in particular to understand their gender dimensions, how they differ
between refugees and hosts, and the degree to which they are intergenerationally transmitted
and thus contribute to the perpetuation of inequality. We demonstrate that these concepts
have distinctly different determinants, and expand our understanding not just of aspirations

but other topics such as migrant selection and inter-generational mobility.

Specifically, we find that the open-ended interviews provide responses on ambition that
are in line with the previous literature. However, on the normative and spiritual dimensions
of aspirations we find that parents are less likely to express both “secular” and “religious”
aspirations for their female children, and more educated parents’ aspirations are more likely
to be secular than religious. This expands our understanding of gender discrimination in

aspirations, and adds insights into the intergenerational transmission of norms and values.

Further, while Rohingya refugees are much less educated than their Bangladeshi hosts
they nevertheless display higher navigational capacity. Refugees are less likely to display low
navigational capacity, across several dimensions, than local Bangladeshis. This is consistent
with a selection effect because of the considerable hardships they have faced in fleeing conflict
and finding their way to the camps. This introduces a potentially significant new dimension
to the literature on migrant selection which has previously focused on education and earnings.
Even if refugees are less educated they may be more “capable” than their hosts - which
could matter for policy in conflict situations. Our key substantive results are discussed in

the context of the relevant economic literature in Section 5.
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Related literature. The difficulties with using qualitative methods at scale on rep-
resentative samples have led to their largely being neglected in modern economics.?2 The
introduction of natural language processing (NLP) methods has led to a recent focus on
using text data in a quantitative manner as an important source of information in economic
research (Gentzkow et al., 2019). Much of this work has focused on “observational” text
data like news articles, political speeches and patent filings, but increasingly economists are
also making use of unsupervised NLP methods to allow analysis of open-ended survey re-
sponses (Stantcheva, 2020; Houde and Wekhof, 2021; Filippini et al., 2021). These paper
mostly focus on analyse open-text fields in online surveys, which are more structured and
less complex than our transcripts of interactive interviews, in the Rohingya language and
two different dialects of Bengali, that we work with. Economists are recognising the need
to directly measuring interview subjects’ thoughts and beliefs in a way that allows them
to express themselves freely, as surveyed in Haaland et al. (2024), and we see our paper as

contributing towards this end.

While we focus on the analysis of interviews conducted with human interviewers, there
is also increasing interest in using artificial intelligence to conduct qualitative interviews
(Chopra and Haaland, 2023; Geiecke and Jaravel, 2024). This is certainly an interesting
avenue to explore, and could indeed be combined with our approach to analysing those
interviews, but we would emphasise that the bias issues we find when using LLMs for analysis,
as discussed in 6.2 and Ashwin et al. (2025), may also be in issue when conducting interviews,
particularly in the context of topics and populations that are not well represented in LLMs’

training data.

2There are notable exceptions, such as the widely used monetary policy shock series developed by Romer
and Romer (2004) that relies on detailed readings of central bank minutes.
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Our approach is to extend a small set of human annotations conducted by qualitative
researchers to a larger representative sample using a model trained on this subsample.? We
are therefore perhaps closest to literature that combines both qualitative work with NLP
methods. It is quite common to use a subset of manually classified articles to validate a
measure derived from text (Baker et al., 2016; Shapiro et al., 2020), but our focus is on
using the manual classifications to construct a measure.* Michalopoulos and Xue (2021) use
an archive of manually coded motifs in folklore introduced by Berezkin (2015) and then use
NLP to classify these motifs into different concepts. A recent paper by Jayachandran et al.
(2021) is similar to ours in spirit, as they use a subset of manually coded documents in order
to identify which quantitative survey questions best capture women’s agency. Although their
approach is methodologically quite different the aim is similar: to scale up the measurement
of nuanced and complex concepts to large samples. In ongoing work Alexander et al. (2017)
conduct a “qualitative census” of poverty in the United States through open-ended interviews
with a representative sample of poor households - a potential use case of the methodology

we discuss here.?

There is a related literature outside economics on training supervised models on human
annotations. However, this typically focuses on either maximizing predictive performance or

assisting an ongoing coding process, rather than whether and how such methods can assist

3In Section 7 we extensively explore the effect of varying the size of this annotated set, and find that, in our
application at least, annotating even a relatively small number of interviews and scaling these up gives most
of the benefits of our method.

4There are also examples of manually annotating large samples, e.g. Andre et al. (2024) use open-ended
survey responses to measure narratives about the macroeconomy, but rely on research assistants to annotate
their entire sample.

5Using basic human-coding to create a training set has been used by a few others to analyse large corpora of
secondary text data (e.g. Bonikowski and DiMaggio (2022)). Coding packages such as Atlas-TI can be used
to compare the “thematic proximity” between themes identified by qualitative analysis Armborst (2017).
While this approach uses the annotations provided by qualitative analysis, it does not expand the size of the
annotated sample as we are proposing.
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substantive economic analysis.® Yordanova et al. (2019) provide a summary of the litera-
ture that focuses on predictive performance which generally aims to show that a particular
modelling approach yields superior predictive performance in these tasks. In contrast to this
literature, we cross-validate over a wide range of both text representations and classifiers
- allowing the data to determine which modelling approach is optimal in a given context.
To the best of our knowledge, our paper represents the first attempt to demonstrate that
extending samples in this way can add value in a context of open-ended interviews dealing
with nuanced and complex topics of interest to social scientists.

Good examples of using NLP to assist the process of human annotation are Liew et al.
(2014) and Wiedemann (2019) who propose an “active learning” approach in which a model
is trained on a small annotated sample to maximizing the true positives, which are then
corrected manually. Meanwhile, Karamshuk et al. (2017) use a hybrid approach where they
first get a small number of high quality annotations, and then use these to crowd-source a
much larger one and train a neural network on this larger sample. While we think this is
potentially a very useful approach, the use of crowd-sourced annotations may not be ideally
suited to nuanced and complex concepts. Other work, such as Chen et al. (2018), focuses on
ambiguity and disagreement across coders, this is certainly an important issue in qualitative
work and one where NLP techniques may prove useful, but not the focus of our paper. Our
approach also contrasts with the growing literature that assesses the value of Large Language
Models for annotating text documents, which we explicitly address in Section 6.2.

The paper proceeds next by giving a general presentation of the Method in Section 2. We

then introduce our example application relating to aspirations of Rohingya refugees and their

SFurthermore, the text features dealt with here are often quite straightforward, so potentially quite different
from concepts like aspiration and navigational capacity. In fact, Crowston et al. (2010) find that simple
rule-based algorithms perform better for many of their text features than their supervised models.



Qualitative Analysis with Large-N 11

Bangladeshi hosts, describing our data and qualitative coding process in Section 3. Section
4 then discusses our results from a methodological perspective, including a range of tests
that assess the value of the enhanced sample. Section 5 then shows and discusses the key
substantive results of our application to aspirations. Section 6 then compares our method
to alternative approaches including traditional quantitative survey questions and other tools
from the NLP literature. Section 7 then describes a series of experiments in which we assess
how the number of human and machine annotated documents affect results. Finally, Section

8 concludes and makes suggestions for further work.

2 General Presentation of the Method

In this Section, we describe our approach. We give a brief introduction to qualitative analysis,
before describing our strategy in general terms. We then discuss details and options for the
supervised models, text representations and training method we use. Finally, we discuss
assessing the value the enhanced sample with tests for out-of-sample performance, bias and

efficiency.

2.1 Qualitative Analysis

The approach to data collection and analysis emphasized in this paper is bottom-up and
reflexive Rao (2022) aiming to give respondents as much freedom as possible in shaping their
answers, unlike the more rigid structure typical of standard quantitative surveys. Interview-
ers are trained to begin with open-ended prompts, such as: “What are your hopes and dreams
for your children?” Respondents may reply with a few words, short phrases, or extended nar-

ratives. Interviewers are instructed to listen attentively and pose follow-up questions that
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encourage elaboration or clarification without leading or steering the conversation. The goal

is a natural, organically unfolding dialogue.

In disciplines like anthropology and sociology, where this style of data collection is com-
mon, the interview transcripts are subsequently analysed through a process of summarization
and coding. This method—referred to as flexible coding Detering and Waters (2018) and
that enables researchers to use a predefined set of codes (often derived from theory) while
also allowing new codes to emerge inductively from close textual analysis. In this way, re-
searchers construct a hierarchical coding framework or coding tree, using both deductive and

inductive reasoning.

Ideally, coding is conducted collaboratively in a team to mitigate the influence of any one
researcher’s subjective approach. Coding trees are typically developed through an iterative
and adaptive process: as analysts work through a subset of interviews, they may revise,
refine, or expand the coding scheme until a final structure is established. Intuitively, it is
important that the number of documents reviewed in creating the coding tree is sufficiently
big to capture the variation across the whole sample, so researchers generally increase this

sample size until they feel that it is no longer necessary to add additional categories.

Once the coding tree is finalized, codes are applied at a standardized level—such as a
line of text, a question—answer pair, or an entire interview. In our study, we assigned codes
at the level of question-answer (QA) pairs to facilitate out-of-sample prediction. To further
support this predictive analysis, the qualitative codes were assigned in a binary format. The
coding tree and annotation process in our application to aspirations are described in Section

3.
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2.2 QOur supervised NLP approach

Our goal is to use our subset of annotated interviews to provide reliable annotations for the
remainder of the sample, thus allowing statistical analysis that would not be possible on
a smaller sample. We do this by training classifier models on our annotated set and then
using this model to predict annotations for the unannotated set. More concretely, for a total
of N interviews, let Ny be the number for which we have high-quality human annotations
and N,, = N — N the number of interviews which have not been human annotated. Our
goal is to to create an “enhanced” sample in which we retain the N; human annotations
but add machine annotations for the remaining NV, interviews. As qualitative annotations
are binary and defined at a standardised level (QA pairs) we can represent each code as an

independent QA-level binary classification problem.”

Figure 1 illustrates our overall methodology for a single code. On the left hand side we
see a “human” sample of size Ny, in which interviews include both text w and annotations
y, and a “machine” sample in which interviews include only the text. We represent wfG
as the text of the sth QA in interview i in the human sample, with yﬁS being the binary
annotation of the code on that QA. In other words, yﬁs will be equal to one if that QA has

been annotated as displaying that code, and will be zero otherwise.

We then train a classifier f() parametrised by 6 to predict yﬁs based on the QA text wfs
There are many options for both the classifier we can use here, as well as how to represent the
text numerically (discussed in Section 2.3). A key point here is that the text representation

is unsupervised - i.e. we do not use any information about y or about the interview subject

"In future work, we aim to explore the potential of using more nuanced coding schemes, including multi-label
or probabilistic (“maybe”) codes.
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Figure 1: Summary of iQual methodology
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when creating a numerical representation of the text. Given this trained classifier we can
then predict annotations g7 at the QA level for our unannotated “machine” sample.

Training at this granular level, rather than at the level of the whole interview has two
advantages. Firstly it allows our qualitative coders to be more precise: potentially picking
up multiple contradictory signals within a single interview, or allowing a comparison of the
frequency with which a signal appears within interviews. Secondly, it gives our NLP models
a greater number of more precise observations on which to be trained, while splitting up the
interviews in a way that we can replicate in the unannotated sample.

The observed and predicted QA level annotations are aggregated to interview level with
function g(). The choice g() is in part a choice that depends on the research question. For
example, the mean value of y across an interview’s QA pairs gives a measure of the intensity
with which this concept comes up, while the maximum value identified interviews where this
concept comes up at least once. The observed human annotations and machine annotations
are combined into the enhanced sample Y. We can use the enhanced sample for substantive
analysis, taking advantage of the sample size to identify effects that would otherwise not be
observable. The predicted annotations for the human sample can also be used to assess the

measurement errors introduced by the model (see Section 2.4).

2.3 Modelling choices

Using the QA pairs to predict their interview-level annotations requires a numerical repre-
sentation of the text, a classifier model and a aggregation function g(). While the choice
of aggregation function is something that we leave to researchers’ discretion, we use k-fold

cross-validation to select the text representation and the classifier, as well as to tune any
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necessary hyperparameters. Training classifiers for each annotation independently allows for
the fact that different classifiers or text representation may be optimal for different codes.
The options we select over in our main results are discussed in Section 4.1, while Appendix
C.1 gives the full list currently implemented in our Python package, and we describe how
this package works in practice in Appendix E. We use a combination of a grid search and
the Optuna hyperparameter tuning framework Akiba et al. (2019) to choose the text repre-
sentation, classifier and hyperparameters of that classifier that give the best validation set
performance (as measured by the F1 score).

Although the main results we present in this paper are based on a training set of 400
interviews with a test set of a further 389, our cross-validation approach also allows us to
approximate out-of-sample performance even when using the entire annotated sample as a
training set. Our enhanced sample results in our application to aspirations are very similar
whether we use 400 interviews or the full 789 as a training set, as shown in Appendix D.6.

We use two forms of bootstrapping to account for uncertainty in our predicted annota-
tions. Firstly, when using the entire available training set we re-train the models with a
different draw for the validation set split and any stochastic processes involved in training
the model. Secondly, as described in more detail in Section 7, we also train models on a

subset of the training data which is sampled without replacement.

2.4 Assessing the enhanced sample’s value

By enhancing our human annotated sample we increase the sample size, but introduce an
additional source of measurement error. A priori, we therefore do not know if the enhanced

sample is an improvement. By quantifying the measurement errors in our test/validation
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sets and comparing results in the human and enhanced sample we can assess whether our
enhanced sample adds value along two dimensions: bias and efficiency. The potential advan-
tage of our method is that the larger sample size allows for statistical analyses that would
not be possible in a smaller human annotated sample. For this advantage to be realised, it
must be the case that the extra annotations do not introduce a bias into results and that
the measurement error is small enough that it results in an increase in efficiency (i.e. more

precise estimates).

Most straightforwardly, we can (and do) check the out-of-sample performance of our
classifiers, in a held-out test set or validation sets. However, while this is certainly of interest
and we need to verify that our classifiers perform better than random guesses, it is only a
means to the end of a larger sample size for further analysis. We therefore care much more
about whether the inevitable measurement error introduces a bias into the sample, or are so
noisy that they lead to a decrease in efficiency (i.e. do not lead to reduced standard errors).

We describe a test for each of these below.

Bias. If our machine annotations introduce a sizeable bias, this is obviously a problem for
any later analysis (e.g. if we always over-predict a code for men and under-predict for women,
we might get misleading results in the enhanced sample). We therefore need verify that any
results in our enhanced sample are not driven by biases introduced in the predictions. This
is particularly important if we have reason to think that the human annotated sample is

different from the unannotated sample in some important way.

We can test for potential bias by testing the association of test or validation set prediction
errors with any explanatory variables of interest, which we will refer to for the rest of this

Section as “Interview characteristics.” These interview characteristics could be attributes of



18 The Economic Journal

the interviewee (e.g. gender, age, education or occupation) or of the interview itself (e.g.
when and where the interview occurred). A simple way to do this, as demonstrated in
Section , is to regress the prediction errors on a range of explanatory variables of interest,
with the F-statistic of these regressions forming a natural test of bias. If a bias is identified,

this can be quantified and accounted for in subsequent analysis.

Efficiency. Even if measurement error does not introduce a bias in the machine anno-
tations, it will add extra noise to these observations. How one assesses the efficiency gains
of an enhanced sample will of course depend on the specific context and research question
being considered. However, we propose a general test that can be used to demonstrate that
an enhanced sample yields more precise results than the human annotated sample, while
making minimal assumptions on the nature of the relationships in the data. This test com-
pares the statistical significance of regressions of annotations on interview characteristics in

the enhanced and human annotated samples.

Assuming text-based variables are related in some way to interview characteristics, then
our enhanced sample ought to give stronger evidence of this relationship. We can therefore
compare F statistics for regression of annotations on interview characteristics in the human
and enhanced samples. If the enhanced sample increases this F statistic relative to the
human sample it suggests that the larger sample leads to more interpretable results in spite
of the greater measurement error. Note that this test does not require any assumptions on
how the text and interview characteristics are related, just the relatively weak assumption

that there is some relationship between them.

An alternative, more stylised test of efficiency is discussed in Appendix C.3. Following

Elbers et al. (2003), we show how we can account for two of the types of error in our machine
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annotations: prediction error and model error.® Assuming that these errors are independent
and normally distributed, we can then directly quantify their effect on a statistic of interest.
We show that the standard error on a sample mean estimated in the enhanced sample will
therefore be smaller than that estimated in the human sample if the following condition is
met:

~2
Om

Np, + 2Ny,
< —.

- (1)

o
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where 62, is the variance of the machine annotated sample, accounting for prediction and
model errors and (}% is the variance of the human annotated sample. In words, the estimates
will be more precise in the enhanced sample if the additional variance due to measurement
error is low relative to the increase in sample size. We calculate these variances along with
adjusted standard errors for a sample mean across the codes in our application. In all cases,
the standard error of the enhanced sample mean is lower than that of the human sample

(Table C.12), showing increased precision.

3 Empirical Example - Aspirations of Rohingya

Refugees

In this Section we introduce the context in which we will apply our method - interviews
with Rohingya refugees and their Bangladeshi hosts about their aspirations and ambitions
for their children. First, we draw on theories from economics, anthropology and philosophy

to distinguish between the concepts of ambition, aspirations and navigational capacity. We

8The authors thank Berk Ozler for his suggestions on this point.
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then describe our data collection and qualitative analysis processes, as well as details of the

quantitative variables available to us.

3.1 A conceptual framework

There is a thriving literature on aspirations in development economics that emerged from
Debraj Ray’s seminal paper (Ray, 2006) which extended conventional economic models of
human capital investments by arguing that preferences are not exogenously determined but
are social - shaped by what an individual observes around in their “cognitive neighbourhood”
that results in an “aspirations window.” This aspirations window can be multidimensional
and include things ranging from education and income to dignity and good-health. This
idea was then extended by Genicot and Ray (2017) and others, reviewed in Genicot and
Ray (2020), to show that socially determined aspirations can fundamentally affect issues
that range from education and mobility to collective action and conflict. The development
of theory has gone in parallel with a large empirical literature that analyses how aspirations
matter in a variety of important spheres, and particularly in educational and labour market
investments (Fruttero et al., 2025).

The empirical literature is based on quantitative measures of aspirations using structured
questionnaires and, perhaps consequently, does not delve into the broader dimensions of
aspirations that Ray first highlight about such as dignity or cultural heritage which are
more difficult to measure. It also misses an important point first made by the anthropologist
Arjun Appadurai (2004) that aspirations are affected not just by an individual’s ability to
imagine a different future for themselves or their children, and by the economic resources

that they can draw on by, but also by their “capacity to aspire.” This is a cultural and
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cognitive resource that allows them to navigate their way to a better future, that we refer

to throughout as “navigational capacity.”

Furthermore the philosopher Agnes Callard has argued that it is important to distinguish
between what she calls “ambition” and “aspiration” (Callard, 2018). She defines an “aspi-
ration” as a process of reversing a “core value” that results in a “change in the self.” They
are the learning process involved in “becoming someone” - of acquiring norms, perspective,
values around which “our lives will come to turn.” An “ambition”, on the other hand, is
a specific goal that “she is fully capable of grasping in advance of achieving it” (Callard,
2018, page 229). Ambition is “directed at those goods — wealth, power, fame — that can be
well appreciated even by those who do not have them.” By Callard’s definition, economists’
understanding of aspiration is more in line with “ambition” rather than “aspiration”, a

distinction that we adopt in this paper.

These distinctions are not just semantic. They have implications for measurement. Nav-
igational capacity, being a cognitive and culturally determined capacity, is likely to be less
amenable to structured questions where responses to questions are not easy to predict in ad-
vance. Similarly, aspirations in Callard’s sense, as transformative processes are potentially
very differently conceived by different individuals and thus have heterogeneous understand-
ings of the latent concept — which also make them difficult to capture with structured

questionnaires.

These distinctions could have potentially important implications for policy — if naviga-
tional capacity matters for economic outcomes this could justify interventions to improve
cognitive ability, as might interventions to guide less advantaged people towards achieving

their goals. If aspirations have distinct determinants and effects from ambitions, it might
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be important to distinguish between them in understanding how people might invest time
and resources in achieving aspirations vs ambitions, and — perhaps - in designing interven-
tions that, for instance, are delivered by cultural or faith-based institutions rather than
government. In measuring and quantifying these concepts, our approach allows us to take

an important step towards potentially integrating them into the policy-making process.

3.2 Open-ended interviews

The data analysed in this paper are from Cox’s Bazaar in Bangladesh where about 750,000
Rohingya refugees who were forcibly displaced from Myanmar between 2017-18 are primarily
housed. We survey from both this population of Rohingya refugees and the local Bangladeshi
host population. Our data comes from a three round survey. First, a baseline survey was
conducted of 5,020 households in 2019 covering a wide range of topics (finances, education,
gender, age, trauma) through traditional quantitative survey questions. There were then two
further rounds in which we conducted open-ended interviews. “Round 2” in 2020 included
~10 minute interviews on aspirations with household head of 1,020 of the previously sampled
households. “Round 3” was conducted in 2021 and included a further 2,040 open-ended
interviews with household heads, this time ~30 minutes long and covering three distinct
topics: aspirations, belonging and well-being. In this paper, we focus on the interviews
about aspirations. Of the 3,038 interviews conducted we restrict ourselves in this analysis to
households that whose eldest child lived with them and was still of school-going age. which
leaves us with 2,177. Further detail on the Cox’s Bazaar context and our data collection are

in Appendix A.
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While the interviews were conducted in Bengali, we work with English translations of

the transcripts.

The qualitative coding described in the next Section was performed on

machine translations of the transcripts that were manually corrected.” Across both Round

2 and Round 3, the interviews are on average 12.6 QA pairs long, with the average being

13.7 words long. In addition to the open-ended interviews, we also use several quantitative

variables from the baseline survey on household characteristics. Table 2 shows summary

statistics for these variables. In Round 2 subjects were also asked to rate their education

ambitions on a scale from 1 to 7, where 1 is no education and 7 is postgraduate.

9We discuss the merits of machine vs human translation in more detail in Section 2.
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3.3 Qualitative coding

We follow a traditional “flexible” coding processes (Detering and Waters, 2018), which com-
bines careful inductive reading of the qualitative interviews within a conceptual framework
that combines theoretical insights from economics (Genicot and Ray, 2020), anthropology
(Appadurai, 2004) and philosophy (Callard, 2018). We develop a “coding tree” which
classifies interview transcripts at the QA pair level across 25 hierarchical and potentially

overlapping categories.'®

Figure 2 shows the coding tree. The qualitative distinctions between aspiration and
ambition were adapted in this paper within the context and nature of “dreams” parents
expressed for their children. For example, concrete and measurable dreams for child (e.g
wishing a child would become a doctor, teacher, entrepreneur, or specific educational goals)
was used as definition for ambition while intangible, value oriented goals (e.g wishing the
child to live with dignity or be a good human being) was classified as aspiration. Aspirations,
following Callard’s definition, were divided into “Religious” and “Secular” . Ambition was
divided into seven major categories — education (further sub-coded into High, Low, Neutral
and Religious), Salaried Employment, Marriage, Entrepreneurship, Migration, Vocational
Training, and No Ambition. Navigational Capacity was coded into six sub-codes — Low and
High “Ability” and Low and High “Budget”. There were three additional codes that did not
fit into the structure of aspiration, ambition and navigational capacity (Covid Impacts, Pub-
lic Assistance and Worries/ Anxieties). Descriptions and examples of each code are displayed

in Appendix B.3.

10Further details on the development of the coding tree and coding process are given in Appendix B.
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Table 1: Qualitative human annotations summary

Proportion of QA pairs Proportion of interviews

Category Code R2 R3 Total R2 R3 Total
Aspirations Aspiration: Religious 0.036  0.028  0.030  0.208 0.234 0.221
Secular 0.053 0.028 0.036 0.332 0.332 0.332
No Ambition 0.009 0.012 0.011  0.056 0.137 0.096
Salaried Employment 0.089 0.107  0.102  0.456 0.731 0.593
Vocational Training 0.007 0.004  0.005  0.041 0.041 0.041
Entrepreneur 0.031 0.012  0.018  0.154 0.122 0.138
Ambition Education High 0.064 0.048 0.053 0.375 0.454 0.414
Education Neutral 0.185 0.062 0.101  0.772 0.574 0.673
Education Low 0.013 0.035 0.028 0.094 0.475 0.284
Education Religious 0.035 0.016 0.022 0.210 0.168 0.189
Marriage 0.082 0.036 0.051 0.385 0.396 0.390
Migration 0.022 0.007  0.012  0.104 0.079 0.091
Vague Non Specific 0.066 0.017  0.033  0.420 0.234 0.327
Reliance On God 0.039 0.017 0.024 0.243 0.228 0.236
Ability High 0.048 0.032 0.037 0.311 0.424 0.368
Capacity Ability Low 0.035 0.033 0.034 0.230 0.360 0.295
Budget High 0.033 0.013 0.020 0.200 0.188 0.194
Budget Low 0.111 0.039  0.062 0.522 0.401 0.461

Awareness Information High 0.070 0.031  0.043  0.387 0.297 0.342
Awareness Information Low  0.007 0.012  0.010  0.061 0.145 0.103

Note: This Table shows the prevalence of each code across human annotated interviews in each round and
across the whole human annotated sample. The first three columns show the proportion of QA pairs in which
the code occurs, while the last three columns show the proportion of interviews in which the code appears
at least once.

Using Atlas-TI, a qualitative data analysis software, a team of two co-authors (AH and
AK) coded 789 transcripts. 400 interviews (comprising 50% host and 50% refugee) were
randomly drawn from the 1,040 transcripts to be coded in Round 2. A further 400 interviews,
again equally split by refugee status, were randomly drawn from the 2,040 transcripts in
Round 3. Of these 800 allocated interviews, 11 were left uncoded due to either poor audio,
call drops-off, or very short responses with no plausible code applicability. Coders annotated
interviews at the QA pair level to preserve granularity while being able to replicate the

sub-division of interviews in the unannotated documents. We follow a standard approach to
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ensuring cross-coder agreement, with each interview being reviewed and any disagreements
resolved through discussion between AH, AK and MB (Appendix B.2).

Many annotations are very sparse at the QA pair level, as illustrated by Table 1 which
shows some summary statistics for the human annotations. For example only 3.0% QA
pairs are annotated as Religious Aspirations. However, when aggregated to the interview
level there is much less sparsity (for example, 22% of interviews have at least one Religious
Aspirations annotation). Although the same coders and coding tree were used throughout,
there are also notable differences between rounds. These are partly due to slightly longer
interviews in Round 3 as well as changes in circumstances/attitudes over the intervening

year.

3.4 Quantitative variables

In addition to the open-ended interviews, we also use several quantitative variables from the
baseline survey. Table 2 shows summary statistics for these variables. In addition to the
open ended interviews, subjects in Round 2 were asked to rate their education ambitions on
a scale from 1 to 7, where 1 is no education and 7 is postgraduate level. This variable can
also be used as a quantitative measure of education ambition, as discussed in Section 6.1.
Going forward, when we refer to “household characteristics” we mean the variables in Table

2, with the exception of Quant Education Ambition.

4 Methodological Results

In this Section, we provide details on the model training process and which supervised

models, text representations were selected. We discuss out of sample performance of our
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Table 2: Quantitative variable summary statistics

Variable N Mean  St. Dev. Notes

Refugee status 2,407  0.460 0.498 Dummy variable, 1 for refugee

Female eldest child 2,293  0.474 0.499 Dummy variable, 1 for female

Eldest child’s age 2,295 10.381 4.636 Integer for age in years

Female household head 2,407 0.185 0.388 Dummy variable, 1 for female

Household head’s age 2,407  38.726 11.768 Integer for age in years

Number of children 2,405 2.675 1.463 Integer for number of children

Parent’s years of education 2,398 3.548 3.837 Integer for number of years

Parent’s religious education 2,398 0.036 0.186 Dummy variable, 1 for religiously educated

HH asset index 2,406 0.147 1.820 Principle Component of assets owned
following Filmer and Pritchett (2001)

HH income 2,407  1.125 2.340 Last month’s income (10,000s Bangladeshi taka)

Trauma event score 2,287 2.641 2.410 Sum of positive responses for experience of
twelve possible traumatic events
following Harvard Trauma Questionnaire

Quant Education Ambition 1,267  4.272 1.657 Ordered categorical (1-7) from question on

parents’ ambitions for eldest child’s education

Note: This Table shows summary statistics for the quantitative household characteristic variables used

throughout.
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classifiers, before testing whether our enhanced sample has introduced bias and/or increased
efficiency. Our results in this Section and the next are based on a training set of 400 interviews
and so a held-out test set of 389 interviews. In Appendix D.6 we show results where the full
789 interviews were used as a training set and validation set errors are used in place of test

set errors.

4.1 Model Training

We have 9,964 distinct QA pair level observations in the human annotated sample, which
come from the 789 annotated interviews. In our main results, we use a subsample of 400
interviews as our training set and the remaining 389 as a held-out test set. This training
set is randomly sampled, but weighted so that it is balanced with respect to refugee status
and eldest child’s gender. We select the text representation, classifiers and hyperparameters
through three-fold cross validation. We re-train the models 25 times with a different draw
for the validation set split and any stochastic processes involved in training the model, to
provide a bootstrapped measure of the uncertainty in our predicted annotations. In Section
7 we show how varying the size of the annotated sample affects performance.

We allow the text representation to vary along two dimensions, illustrated by the first two
panels of Figure 3, which show the proportion of bootstraps in which each representation is
chosen. First, we include the answer of each QA pair only, or both the question and answer.
As shown in the first panel of Figure 3, in many cases only the answer is selected. However,
for some annotations, both the question and answer are usually included. Second, we select
over a range of approaches to transform the text into numerical vectors. This include simple

vectors based on phrase counts such as the CountVectorizer and TfidfVectorizer as well
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as vectors based on pre-trained word embedding models, described in detail in Appendix
C.1. When using count based metrics we allow for both single and two word phrases. In
our main results, we use machine translations (Google Translate) of the Bengali transcripts
into English. As discussed in Appendix C.2, we found that the machine English translation
outperforms human translation in most cases as well as Bengali and Latin-transliterated
Bengali. This may be because the translation process reduces noise while preserving the

signal.

Figure 3: Choices of text representation and classifier
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Note: This Figure shows the selected text representation and classifier for each annotation across 25
bootstraps. The first panel shows the proportion of runs in which the Question is included in the text
representation. The second panel shows the selected vectorizer, which is applied to convert the text into
numeric vectors. The third panel shows the selected classifier.

We select over a range of five popular classification models including logistic regression,

random forest, support vector classifier, stochastic gradient descent classifier and a simple
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neural network, see Appendix C.1. Each of these models have a separate set of hyperpa-
rameters that are chosen through 3-fold cross validation. Unsurprisingly, given the sparse
nature of our annotations and the small training set, we find that simpler classifiers such as

a random forest and logistic regression outperform larger models such as neural networks.

As we will conduct out substantive analysis at the household level, we aggregate the
annotations into interview-level variables. We do this by computing the mean annotation
value across QA pairs within an interview, which we refer to as the “prevalence” of this code.

In the notation of Section 2, this prevalence measure for a given code is defined as

Yi=9Wi1,¥is) =

S
Z Yi,s (2)

0|~

where y; ; is the binary annotation for QA pair s in interview ¢. This gives us a quasi-
continuous measure between 0 and 1, where 0 would denote that the annotation does not
appear at all in the interview and 1 would denote that every QA pair in the interview has

that annotation.

4.2 Out-of-sample performance

In our application, we have a large enough set of human annotated transcripts that we can
separate these into a test and training set, however in other applications this may not be
possible. In such a situation validation set performance can still gives us a measure of how the
classifiers perform out-of-sample. We therefore present results here both in our test set and
the validation set to illustrate that in a more resource constrained environment, researchers

would still be able to get a sense of their models’ out-of-sample performance even without a
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dedicated test set. The analysis in Section 7 also confirms that validation set performance
is a good indication of out-of-sample performance. Given that many of our codes are very
sparse, a raw accuracy statistic (i.e. proportion of correctly classified observations) is not
a good measure of performance. Instead, we use F1 scores which balances precision (ratio
of true positive predictions to total predicted positives) and recall (ratio of true positive

predictions to total actual positives).!

Figure 4: Out-of-sample prediction performance
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Note: This Figure shows test set (left panel) and validation set (right panel) performance of the selected
model for each code and each bootstrap run, as measured by the F1 score. The sparsity of the codes across
QA pairs is shown in red as a reference point: this would be the expected F1 score if predictions were drawn
randomly based on the overall proportion of positives.

Figure 4 shows the test and validation set F1 scores, across each code and bootstrap run.
Sparsity, which corresponds to the expected F1 score under random guesses, is shown in red

as a natural benchmark. In all cases our text-based models do much better than random

11 As shown in Figure D.2, because of the sparsity of the annotations, accuracy in all cases is over 90%.
Precision and recall scores for each code are roughly balanced indicating that there is neither over- or
under-prediction.
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and validation set performance is an excellent predictor of test set performance. However,
there is considerable heterogeneity across codes. In particular, codes associated with less
concrete concepts (e.g. Awareness Information Low, No Ambition and Vague Non Specific)

appear to be harder to predict.

A key question we explore in more detail in Section 7, is how many human annotated
interviews is “enough”. Increasing Nj, the number of human annotated interviews, will
improve the out-of-sample performance of the classifier models as they can be trained on a
larger sample. However, annotating extra interviews without compromising the annotation
quality is both time consuming and expensive. To assess how much performance improves
as the annotated sample size N, increases, we draw subsets of our human annotated sample
without replacement, varying the sample size from 100 to the full 789 (drawing 10 separate
samples for each possible NV},). We then train our classifier models on these subsets, selecting

the text representation and model independently in each case.

As Ny, increases, there are improvements in both validation set and test set performance
(see Figure D.6). When the human annotated sample is very small, test set performance
is worse than validation set performance, but from a training set of around 400 interviews
performance converges for most codes. Averaging across annotations, moving from 100 to
200 human annotated interviews increases the out of sample F1 score by 0.05, moving to 300
then gives an extra 0.03, moving to 400 an extra 0.013. So while increasing the size of the
human annotated set does improve prediction performance, there appear to be diminishing

returns.!?

12There may of course be non-linearities in the performance of the text based classifier models, particularly
if for very large samples a more sophisticated model becomes feasible. However, for the number documents
that it would be realistic to annotate manually this is unlikely to be a concern.
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4.3 Bias and efficiency tests

In Section 2.4 we proposed two tests to assess the value of our enhanced sample, in the
context of the inevitable measurement errors, along two dimensions: bias and efficiency.

Bias. If our machine annotations introduce a sizeable bias, this is obviously a problem
for any later analysis (e.g. if we always over-predict certain codes for refugees we might get
misleading results in the enhanced sample). We therefore need verify that any results in
our enhanced sample are not driven by biases introduced in the predictions. We test the
association of prediction errors with household characteristics for each interview described
in Table 2. We use the test set predictions and regress the implied prediction errors on a
range of household characteristics. The F-statistic of these regressions tests whether there is
evidence of a significant relationship between household characteristics and the predictions
errors and so forms a natural test of bias.

The left panel of Figure 5 shows the F-statistics for this bias test across each code. The
test is carried about for each bootstrap iteration (show as the hollow points) as well as for
the median value across bootstraps (the solid points). The colour of each point indicates
the significance level. A statistically significant F-statistic here indicates that there may be
a bias in the prediction errors that is related to the household characteristics.

In one case there is evidence of at the 1% level of a relationship between household
characteristics and prediction errors - No Ambition. In a further two cases there is evidence
at the 5% level - Awareness Information High and Education Neutral, so we can inspect
these in more detail. The regressions in question, shown in Table D.13, indicate that No
Ambition is slightly over-predicted for households with an older and male household head,

as well as slightly over-predicted for parents of a female eldest child. For Education Neutral,
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Figure 5: Bias and Efficiency tests
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Note: This Figure shows the results of our bias and efficiency tests. For both panels, the hollow circles
represent the results for each bootstrap run and the solid circles represents results based on the mean
prediction across each bootstrap. The left panel shows the results of our bias test - the log F statistic for
the regression of the test set errors on household characteristics, for each code. The colour of each point
indicates the significance level of the F statistic. The right panel shows the results of our efficiency test -
the log F statistic for the regression of each code on household characteristics in the enhanced and human
samples. The human sample statistics are shown as crosses and the enhanced sample as circles. In every
case the statistic increases in the enhanced sample, suggesting an increase in efficiency.
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we see over-prediction in interviews that where carried out in Round 3 (i.e. in 2021 rather
than 2020).'3 These effects are quantitatively quite small, but we will need to bear them in
mind in our substantive analysis. We also include a dummy variable for whether an interview
is machine or human annotated in any regressions using enhanced sample data, and show

results for the human sample in parallel to enhanced sample results.

Efficiency. As described in Section 2.4, we use a general test of whether our enhanced
sample creates efficiency gains. This test compares the F statistics of regressions of anno-
tations on household characteristics in the enhanced and human annotated samples. If the
enhanced sample increases this F statistic relative to the human sample it suggests that
the larger sample leads to more precise and interpretable results in spite of the additional

measurement error.

The right panel of Figure 5 shows the F statistics of these regression in the human
and enhanced sample. The F statistic in the human sample is shown as the cross and the
enhanced sample as a hollow circle for each bootstrap iteration, with the solid circle for the
mean prediction across bootstraps. In all cases the F statistic in the mean enhanced sample
is higher than in the human sample, although in some cases this difference is quite small
(e.g. Vocational Training). So while there is no theoretical guarantee of increased precision
and interpretability when we enhance our sample, in all our cases we see an increase for the
mean across bootstrap iterations. This is confirmed in Section 5, where we find increased

precision in the enhanced sample in virtually all cases.

I3Results for some alternative versions of the bias test are shown in Figure D.3, which is based on the
prediction errors in the training set and Figure D.14 which is based on a specification in which the full
annotated sample is used as a training set. Although the precise details of the biases vary across specifications,
the overall picture is quite similar.
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5 Substantive Results

In this Section we highlight our key results on ambition, aspirations and capacity, based on
our data from Cox’s Bazaar. Subsection 5.1 analyses the determinants of open-ended and
quantitative responses on ambition. Our findings on ambition are largely consistent with
previous literature: refugees, parents of female children and less educated parents generally
display lower levels of ambition. We also identify interesting correlations between Callardian
aspirations and ambition. In Subsection 5.2, we analyse our open-ended measures of secular
and religious aspirations. We find that aspirations show distinct gender effects with parents
of female children less likely to express both religious and secular aspirations. We also see
that more educated parents’ aspirations are more likely to be secular. Finally, Subsection
5.3 explores the variation in our open-ended measures of navigational capacity for Rohingya
refugees and Bangladeshi hosts. Here we find that, refugees are less likely to display low
navigational capacity across several dimensions, which we argue could be evidence of a novel

migrant selection effect.

Across this Section we show results for the enhanced and human samples in parallel to
illustrate that the statistics estimated on the enhanced sample generally have similar point
estimates to their human sample counterparts, but are considerably more precise. This
tighter standard errors allow us to draw conclusions in the enhanced sample that would not

be possible from the human sample alone.
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5.1 Ambition

Our coding tree (Figure 2) includes seven categories for ambition. The Education category is
split into four sub-codes (low, neutral, high and religious). The remaining six categories re-
fer to specific material goals: Entrepreneur (non-wage enterprise job); Marriage; Migration
(leaving the current place of residence for work, study or settlement); Salaried Employ-
ment (specific salaried occupations); Vocational training (vocational rather than academic
training) and No Ambition (expressions of helplessness, implied unwillingness to or lack of
dreaming and planning).!* As this coding structure was developed after reading the tran-
scripts, the categories arose from the topics that our interview subjects talked about, rather
than being imposed by researchers beforehand. These dimensions of ambition are thus the
dimensions that are important to our interview subjects.

Table 1 shows that most parents express clear “ambitions” with 60% wanting their chil-
dren to have salaried jobs, while 14% would like them to be entrepreneurs. Education,
consistent with the literature on aspirations, is also a priority with 41% wanting a “high”
education for their children (defined as post high school), 19% want them to have an Islamic
religious education, and 39% would like to see them married.

The prevalence of these different dimensions of ambition varies considerably across house-
holds. Figure 6 displays coefficients and confidence intervals from regressions of the preva-
lence of these codes on household characteristics for human and enhanced samples. The
key methodological point is that the point estimates of coefficients from the human and
enhanced samples are generally close together, but the enhanced sample coefficients have

smaller standard errors.

1See Appendix B.3 for more detailed descriptions of each code.
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Figure 6: Ambition and household characteristics
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Note: This Figure shows coefficients for regressions with the prevalence of ambition codes on the left hand
side and a range of household characteristics and other control variables on the right hand side. Coefficients
estimated on the human coded sample are shown in blue, with the estimate using the enhanced sample in
red. We display coefficients on refugee status, female eldest child and parent’s years of education here, in
separate panels from left to right. The underlying regressions contain additional household characteristics:
number of children, whether household head is female, age of household head, whether parent is religiously
educated, age of eldest child, household assets, household income and a parent trauma score. We also include
an indicator for which round the interview was conducted in and for the enhanced sample an indicator for
whether that transcript was machine annotated. Full results for these regressions are shown in Appendix
D.5.2.

Looking at Figure 6, we see a clear relationship between gender and ambition. Consistent
with the existing aspirations literature (Beaman et al., 2012; Favara, 2017; Roy et al., 2018),
parents have higher ambitions for male over female children. Parents of female children
express lower ambition on salaried employment, migration, entrepreneurship, education and
religious education, and are more likely to express No Ambition for female children. They
are also, overwhelmingly, more likely focus their ambitions for female children on marriage.
Also consistent with the existing literature, more educated parents are more likely to have

high education ambitions for their children and also have ambitions that are directed towards
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salaried employment. Rohingya and Bangladeshi parents show similar levels of ambition on

most occupation and education levels.

Table 3: Quantitative

ambition variable regressions on enhanced sample

Dependent Variable:

Quantitative education ambition (scale from 1 to 7)

Model: (1) (2) (3) (4)
Variables

Constant 407 (0.18) 4.1 (0.20)  3.7*** (0.36) 3.7 (0.40)
R3 -0.001 (0.08)  -0.02 (0.18)  0.06 (0.16)  0.04 (0.18)
Refugee status -1.5%** (0.12) -1.5%** (0.20)  -1.5*** (0.21)
Number of children -0.01 (0.03) 0.06 (0.06) 0.05 (0.06)
Female HH head 0.02 (0.10) 0.05 (0.19) 0.11 (0.19)
Age of HH head 0.008* (0.004) 0.007 (0.007)  0.007 (0.007)
Parent’s years of education 0.08*** (0.01) 0.04* (0.02) 0.03 (0.02)
Religioulsy educated parent 0.74*** (0.20) 0.42 (0.34) 0.41 (0.34)
Female eldest child -0.38*** (0.08) -0.15 (0.14) -0.12 (0.15)
Age of eldest child 0.03** (0.01) 0.03 (0.02) 0.04 (0.02)
HH asset index 0.06** (0.03) 0.05 (0.05) 0.05 (0.06)
HH income 0.02 (0.02) 0.009 (0.03) 0.01 (0.03)
Parent trauma experience 0.03 (0.02) 0.01 (0.03) 0.02 (0.03)
Machine annotated -0.07 (0.15) -0.11 (0.13) -0.09 (0.13)
Ambition: No Ambition -10.9*** (2.8)  -4.3* (24) -4.1% (2.4)
Ambition: Salaried Employment 2.7 (0.64)  1.7* (0.57)  1.7*** (0.60)
Ambition: Vocational Training -3.8% (2.0) -2.4 (1.7) -2.8 (1.7)
Ambition: Entrepreneur 0.52 (1.0) -1.7* (0.95) -1.5 (0.96)
Ambition: Education Low -4.1%** (1.6) -1.2 (1.4) -1.8 (1.4)
Ambition: Education Neutral -0.88* (0.50) 0.03 (0.44) -0.27 (0.46)
Ambition: Education High 3.6™* (0.82)  2.6™* (0.75)  2.4*** (0.77)
Ambition: Education Religious -3.3** (0.97)  -1.4* (0.85) -0.36 (1.2)
Ambition: Marriage -1.9** (0.72)  -1.8** (0.69) -1.9*** (0.69)
Ambition: Migration -0.06 (1.3) 1.1 (1.4) 1.7 (1.4)
Aspiration: Religious -1.3 (1.1)
Aspiration: Secular 1.5** (0.67)
Capacity: Vague Non Specific 0.40 (0.83)
Capacity: Reliance On God -0.55 (0.94)
Capacity: Ability High 2.4** (1.1)
Capacity: Ability Low 0.65 (1.1)
Capacity: Budget High -1.5 (1.3)
Capacity: Budget Low -0.85 (0.65)
Capacity: Awareness Information High -0.58 (0.72)
Capacity: Awareness Information Low 2.0 (2.1)
Fit statistics

Observations 1,183 426 392 392

R? 0.396 0.286 0.519 0.538
Adjusted R? 0.390 0.266 0.489 0.495
F-test 64.1 13.8 17.3 12.6

1ID standard-errors in parentheses, Signif.

Codes: ***: 0.01, **: 0.05, *: 0.1

Note: This Table shows results for regressions of the quantitative education ambition variable on household
characteristics and the qualitative measures. Results here are only for the enhanced sample, with human
sample results shown in Table D.22.
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Parents ambitions for their child’s education is has been widely studied in the aspirations
literature using standard quantitative survey questions. Our data includes such a question,
as described in Section 3, which allows us to compare our qualitative variables with this
quantitative one. Table 3 which shows results regressing the same set of household char-
acteristics on the quantitative education response, and then adds the qualitative ambition

codes.

The quantitative and qualitative education ambition results have very similar signs and
significance levels, but the qualitative measures add important context. The refugee coef-
ficient on quantitative education ambition is strongly negative which would lead us to to
believe that refugees have much lower education ambitions than hosts. The qualitative code
regressions (as shown in Figure 6), however, reveal a more complex interpretation. Refugees
have similar levels of high and low education ambition as hosts. However, they are much
more likely to report “Neutral” Education Ambition. Neutral is the code we used for sit-
uations where respondents expressed helplessness in context of ambitions or said that were
unable to have dreams or plans on a given topic. This tells us that it is not that refugees
are no explicitly less ambitious on education than hosts, but that having had disrupted lives
they have more trouble expressing a clear education ambition. Column (3) of Table 3 also
shows that when the qualitative education ambition codes are added to the regression on
quantitative education ambition, they add explanatory power without substantially changing
the coefficients on the original set of right hand side variables suggesting that are capturing

different dimensions.
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While ambition is relatively easy to elicit using structured questions, latent concepts like
“aspiration” and “capacity” are harder because they are more subtle. We show that an open-
ended discussion on aspirations and navigational capacity captured a great deal of content.
We see in column (4) in Table 3 that these concepts have meaningful correlations with
quantitative education ambition. Parents who value secular aspirations for their children
tend to have higher education ambitions, while high ability parents also tend to express

higher levels of education ambition.

5.2 Aspirations, gender and education

Aspirations are a cultural, normative process which we have coded as religious and secular
aspirations for children. We observe both in a high proportion of interviews, 22% of respon-
dent demonstrate religious aspirations for their children and 33% express secular aspirations
(Table 1).

A QA pair is tagged as “Aspirations: Secular” when a parent expressed goals in terms of
positive character traits, which can be intangible, or desire for unspecified positive things to
happen to the child, e.g. hoping for a good life partner for the child or hoping the child will
attain decent standard of living. Examples here include: taking care of wife and children
and elderly parents; earning enough to live a beautiful life; being healthy and having a
respectable job; being given recognition; earning well and building a house; being happy;
and becoming a doctor for the good of the nation.

“Aspiration: Religious”, on the other hand, is coded when a parent expressed an
aspiration (rather than an ambition) for their child that was religiously motivated. Ex-

amples that are coded for religious aspirations include: ability to read The Quran;
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maintaining Islamic dress; praying regularly; working in an Islamic bank; becoming a
maulvi/alem/alemdar/elamdar/mawlana (i.e an Islamic scholar); becoming hafiz/hafez or
attending hafez khana (i.e memorize Quran); attending noorani madrassa or madrassa
school (i.e schooling for religious education); and learning/studying Arabic. Pinning down

these nebulous concepts is difficult, and so challenging in a quantitative survey.
Figure 7: Aspiration and household characteristics
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Note: This Figure shows coefficients for regressions with the prevalence of aspiration codes on household
characteristics. A full description of the figure is given in the note for Figure 6 and the full regression results
are shown in Appendix D.5.3

Figure 7 displays coefficients and confidence intervals from regressions of the prevalence
of these codes for human and enhanced samples. We see that “aspirations” also show distinct
gender effects. Parents of female children are less likely to express both religious and secular
aspirations for them reserving those more moral desires for their male children. Rohingya
refugees and their Bangladeshi hosts have similar conditional levels of religious and secular
aspirations. However, educated parents are far more likely to express secular aspirations
for their children rather than religious aspirations.'® This suggests that the lack of inter-
generational mobility observed in education (Black et al., 2005; Black and Devereux, 2011)

may also extend into the inter-generational transmission of norms and values. Callardian

15Note that several of these effects are only statistically significant in the enhanced sample.
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aspirations can be distinguished and measured apart from goal-oriented ambitions should
perhaps be explored further, moving beyond the focus on goal-oriented ambitions that the
empirical literature on both aspirations and inter-generational mobility currently has. Open-
ended questions have the potential to explore such concepts that reflect different disciplinary

conceptions about what aspirations mean.
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Table 4: Definitions and Examples from transcripts of Navigational Capacity

Code

Definition and examples from transcripts

Vague/Non Specific

When parent mentioned unspecific or unclear attempts/measures to help
achieve dreams for child. Examples include: trying hard; will do as much as

I can; will do my best; let’s see what happen.

Reliance on God

When either the parent fully/partially relies on God to fulfil future dream for
children or is fully/partially reliant on God at present. Examples include:
even if there is hope, it depends on God willing; god is running our lives

somehow.

Ability High

Coded when the parent demonstrates having gone the extra mile ensure a
better future for the child. Examples include: I am somehow managing my
children’s education by borrowing money from my brothers; we try to cover
our expenditures by selling some of the items from the monthly aid that we

get.

Ability Low

Coded when the parent specified having no resources to help the child. Ex-

amples include: what can we do from here? We are have to stay how we are.

Budget High

Coded when the parent expresses having money, including an ability to

save/spend.
Budget Low Coded when the parent expresses not having money.
Awareness Information | Coded when the parent displays awareness of information relevant to their
High goals.
Awareness Information | Not knowing what to do, cluelessness.
Low

Note: This Table shows the definition, and in some cases examples from the transcripts, to illustrate the
meaning of Navigational Capacity codes. More details are given in Appendix B.3.
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5.3 Navigational capacity, refugee status and education

Our open-ended interviews and interpretative qualitative structure can also quantify Ap-
padurai’s (Appadurai, 2004) notion of “navigational capacity”; a culturally shaped ability to
imagine a better future and take concrete actions towards realizing it. Our coding tree, devel-
oped inductively through a close reading of the transcripts, quantifies navigational capacity
across several different dimensions. Definitions and examples of each of these are shown in
Table 4. The codes Ability High, Ability Low, Vague/Non Specific and Reliance on God are,
in particular, directly related to the "navigational capacity”. The codes Budget High and
Low and Awareness-Information High and Low are more instrumental and straightforward.

Figure 8 displays coefficients and confidence intervals for these ambition variables, and
focuses on the same household variables as previous Subsections. On child’s gender, we
find little significant variation in capacity, which is perhaps unsurprising as capacity is an
attribute of parents rather than children. However, parent’s education shows some striking
patterns - more educated parents are less likely to be budget constrained. Importantly,
parent’s with low levels of education show low navigational capacity through a higher reliance
on god, lower ability and lower information awareness. On the other hand, parents with high
education are more likely to show high ability and high information awareness. This has
clear policy implications and highlights a potential mechanism preventing inter-generational
mobility. Low education levels associated with poverty may result in worse outcomes of
children because parents have lower capacity to realize their aspirations for their children,
in addition to lower budgets.

Interestingly, while refugees are considerably less educated than hosts (average of 1.94

vs 4.92 years of schooling) we consistently find that, conditional on our household variables,



46

Figure 8: Capacity and household characteristics
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Note: This Figure shows coefficients for regressions with the prevalence of aspirations codes on household
characteristics. A full description of the figure is given in the note for Figure 6 and the full regression results
are shown in Appendix D.5.4.

refugees are less likely to display low capacity than hosts. Rohingya refugees give fewer vague
responses about their plans to achieve their aspirations, are less likely to rely on god, and are
less likely to display low ability. Although investigating the mechanism behind this is beyond
the scope of this paper, this result could be explained by the fact that refugees who have
managed to reach the camps in Bangladesh are a selected population who have survived
a very difficult ordeal to get there. This would adds a new dimension to the literature
on migrant selection (Chiswick (1999) which focuses on education and earnings with an
active debate on whether migrants display positive or negative selection (e.g. (Chiquiar and
Hanson, 2005), Borjas et al. (2019), Birgier et al. (2016)). Migrants, particularly refugees

fleeing violence and conflict, may have greater navigational capacity than hosts given the

challenges they have overcome in reaching the relative safety of a refugee camp.
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Open-ended responses can thus give novel and meaningful measures of subtle concepts
like Appadurai’s navigational capacity and Callard’s normative notions of aspirations, while
being consistent with with earlier empirical work on concepts like goal-oriented ambition

that have been extensively studied with structured questions.

6 Comparing to alternative methods

In this Section we compare our approach to alternative methods. We first discuss traditional
quantitative survey methods in Subsection 6.1, we then consider whether Large Language
Models (LLMs) might act as a substitute for our approach in Subsection 6.2 and then with
then briefly turn to a range of other alternative NLP approaches to extracting information
from text in Subsection 6.3. We find that some of these alternative approaches can have
dangerous flaws (dictionary methods in Section 6.3.2 and the LLM annotation in Section 6.2),
while other methods yield some interesting results, but do not give us clear measurements

of aspirations or navigational capacity.

6.1 Quantitative survey questions

While open-ended interviews are relatively rare in economics, structured surveys and ques-
tionnaires are very common. In contrast to traditional quantitative survey questions, open-
ended questions follow a more respondent-driven, “bottom-up” approach to eliciting re-
sponses, giving respondents the opportunity to engage in more natural conversation that
allows less concrete and emergent concepts to be probed. This has the added advantage of

allowing respondents more freedom to interpret complex concepts from their point of view
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rather than select a limited set of structured responses that reflect the researcher’s interpre-
tation. The emphasis on structured questionnaires is arguably one reason why the empirical
aspirations literature in economics has focused on goal-oriented ambition rather than moral
and normative aspirations, and culturally and cognitively driven ideas like “navigational

capacity.”

A good structured questionnaire requires a great deal of work to get right. For example
Bernard and Taffesse (2014) describe how designing an aspirations questionnaire focused
on goal-oriented ambition required repeated rounds of pre-testing and contextualization to
develop. Indeed this process of developing a good structured questionnaire can involve
open-ended interviews or focus groups in earlier rounds, as discussed by Jayachandran et al.
(2021). Our experience in collecting these data has taught us that open-ended questions, by
not requiring researchers to thoroughly anticipate a full set of possible of possible responses,
can be designed with a shorter period of pre-testing. Furthermore, by allowing for a process
of iterative questioning they allow interviewers to probe concepts that a structured interview
may find difficult to capture altogether. However, they also require a very different approach
to selecting and training interviewers who skills need to include the ability to engage in
empathetic and informed conversations. This is particularly important for vulnerable or
displaced populations where repeated sampling can be difficult and for whom surveys that

work on other populations might not transfer well.

A question that arises with this is if responses to open-ended and structured questions are
different? Are “facts” elicited with open-ended responses reliable? We can see an answer this
in Table 3, which shows that our quantitative and qualitative education ambition variables

display very similar patterns across our sample, but the qualitative question adds context
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and captures additional variation. Open-ended responses thus provide factual answers that
are similar to those elicited from standard structured questions, but with more nuance.
Furthermore, more subtle concepts, like moral aspirations or navigational capacity, are
hard to turn into good structured questions. This can be for a range of reasons: respondents
have a heterogeneous understanding of the concept; responses can be difficult to predict
making probes of multiple choice options hard to anticipate in advance; the concept in
question may be something that the respondent themselves is not consciously aware of; or
the complexity/abstractness of any quantitative question may make it difficult to ensure
honest, thoughtful and conscientious reporting. In such cases, it may be possible to elicit
responses that are a closer reflection of the respondent with an open-ended approach. In
fact, in the case of aspirations and navigational capacity, we are not aware of any work that
has attempted to quantify these in structured questionnaires which can be interpreted as

evidence for the difficulty of formulating such structured questions.

6.2 Annotating with LLMs

An alternative way to scale up human coding to a larger sample would be to use a Large
Language Model (LLM) for annotation, once a coding tree has been developed as described
in Section 3. Previous work has shown that using these techniques can help LLM out-
perform crowd workers in text annotation tasks (Gilardi et al., 2023). We can thus think
of using LLMs for large scale annotation as conceptually similar to using untrained human
annotators. We find that LLMs perform considerably worse than our “small” supervised
models in terms of prediction performance, and also introduce a significant amount of bias

through their prediction errors.
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To test this, we created detailed textual instructions for each code, similar to those one
would give to human annotators. We then provided these to several LLMs as prompts
including precise directives for the LLM, employing ”few-shot learning” (Brown et al., 2020)
by giving several examples, and ”chain of thought” prompting (Wei et al., 2022) by asking
the LLM to explain the reasons for its decision. An example of this prompt is shown in
Figure D.5. We tested three different LLMs: the closed-source ChatGPT (gpt-3.5-turbo) by
OpenAl, as well as two open-source LLMs by Meta, the Llama-2 (13b) and its fine-tuned

“chat” variant (Touvron et al., 2023).

We evaluated the the prediction performance of the three LLMs compared to our method
(iQual) in terms of accuracy, F1 score, precision and recall (see Figure D.4). All three LLMs
perform worse in most cases across all metrics except for the recall score. The relatively
good performance in terms of recall is because the LLMs tend to heavily over-predict most
codes and so have fewer false negatives (but many more false positives). This over-prediction
is a potentially dangerous source of bias that would need to be corrected for if researchers
want to, for example, compare the prevalence of two different codes. Furthermore, if we run
the bias test as described in Section 2.4 we find that there is much stronger evidence of bias
with respect to household characteristics in the annotations provided by the LLMs than for
those generated with iQual. This comparison between human, iQual and LLM annotations
with a particular focus on bias is explored in more detail in Ashwin et al. (2025), in which
we show that using LLM annotation in our dataset can lead to misleading inferences due to

the significant bias that the LLM annotations introduce.

The crucial conceptual difference between LLMs and our methodology is that iQual is

a “small” language model trained only on our expert human annotations while LLMs are
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trained on huge datasets of text from a wide range of different contexts. This may explain
why iQual performs better in the case of our transcripts. Our data is drawn from a particular
context and we want to extract a very specific set of features. By creating a bespoke training
set through expert human annotation and then training much smaller supervised models
on this training set, we thus avoid bringing in at best irrelevant and at worst misleading
information from models trained on a much wider range of data and designed for much
more general applications. Having said this, if LLM annotations perform well, it would
be straightforward to include them as one of the potential models that we select over, as

described in 2.3.

6.3 Alternative NLP approaches

Once open-ended interviews have been conducted and transcribed, our approach of scaling up
interpretative qualitative analysis is not the only one researchers could take in analysing the
text. In this Section we discuss a range of alternative NLP-based approaches that researchers

could take, outlining the advantages of our approach.

6.3.1 Simple word/phrase frequency methods

Perhaps the simplest approach to text analysis is to count the occurrence of words and
phrases. An example of this can be seen in Figure 9 which shows the frequency of unique
terms and bi-grams in interviews with refugees (on the vertical axis) and hosts (on the
horizontal axis). Terms that appear frequently for one group but not the other, i.e. terms
that appear in the north west and south east of the chart, can be thought of as having a high

“keyness” score, in the vocabulary of Ferrario and Stantcheva (2022a). This analysis throws
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up some interesting patterns. For example, we see far more references to specific education
and employment goals for hosts (“ssc exam”, “honors masters”, “magistrate”, “policeman”).
However, relating that a these patterns to specific hypotheses around ambition, aspiration
and navigational capacity is difficult. Furthermore, the sheer dimensionality of methods
based on the raw frequency of all words or phrases across large corpora quickly becomes

unmanageable.

On a similar note, we can compare basic summary statistics of the interview transcripts
across groups. For example, we find that interviews of parents with a female eldest child
are generally slightly longer than those with parents of a male eldest child, while there is no
significant difference in length between refugees and hosts. While these sorts of comparisons
may be very enlightening in some contexts, in many cases they will not provide strong

evidence to a specific research question or hypothesis.

6.3.2 Dictionary methods

Dictionary or lexicon methods are commonly used in social science. These involve counting
the number of occurrences of words in pre-specified lists. Many sentiment analysis methods
apply this approach by, for example, comparing the frequency of words in a list of “positive”
words with the frequency of words in a list of “negative” words. Dictionary methods can
be very effective and robust, particularly for analysis of broad concepts like sentiment -
VADER (Hutto and Gilbert, 2014) is still regularly used as a benchmark for sentiment
analysis methods. Researchers have proposed context-specific dictionaries to measure a

wide variety of concepts such as moral values (Enke, 2020), central bank “hawkishness”
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Figure 9: N-gram frequency for refugees and hosts
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Note: This Figure shows the frequency of words and phrases interviews with hosts on the horizontal axes

and refugees on the vertical. Phrases in the north-west thus appear relatively more frequently for refugees

and phrases in the south-east appear relatively more frequently for hosts.
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(Apel and Grimaldi, 2012) and the tone of financial news Loughran and McDonald (2011).

The context-specificity of these word lists is of course a limitation as well as an advantage.'®

Figure 10: An example of misleading dictionary methods

(a) Prevalence of emotion across groups (b) Terms most frequently assigned to emo-
tion
Dependent Variable: Anger Fear Trust Anger Fear Trust
Variables money government teach
Refugee status 20116 -1.13** 1,00 bad marry hope
(0.117)  (0.164)  (0.248) diffculy god money
Female eldest child -0.260** -0.044 0.290 lawyer bad school
(0.108)  (0.151)  (0.228) masery dificutt good
Parent’s years of education -0.059***  -0.008  0.065** ot doct
(0.015)  (0.021)  (0.032) pray octor
words problem happy
Signif. Codes: ***: 0.01, **: 0.05, *: 0.1 - medical marry
e difficulty god
die father

Note: This Figure illustrates how applying dictionary methods from another context can lead to misleading
results. Panel (a) shows how the prevalence of terms in different emotion categories, as assigned by Mo-
hammad and Turney (2013), relate to various household characteristics. In panel (b) we see the 10 words
in each emotion category that appear most frequently in our transcripts. The font size indicates how often
each word occurs.

A major drawback of dictionary methods is thus that they obviously require the existence
of a dictionary appropriate for the question and context. As far as we are aware, there are
no established dictionaries that measure ambition, aspiration and navigational capacity of
parents for their children. Furthermore, even if there were such a dictionary, it is unclear
whether applying it in the specific context of Rohingya refugees in Bangladesh. For example
the vocabulary that would reveal that a parent in the US has high navigational capacity
to achieve their goals for their children would be very different than that for a Rohingya

refugee.

161n fact, Ashwin et al. (2024) suggest that, as tailored dictionaries have been constructed with previous
observations in mind, they do not capture unexpected phenomena as well as general purpose methods.
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Figure 10 illustrates how dictionary methods might give misleading results in our context.
Here, we construct metrics at the interview level based on three emotions from the widely
used NRC emotion dictionaries (Mohammad and Turney, 2013): anger, fear and trust. We
regress these emotion metrics on the subjects refugee status and whether their eldest child
is female, as shown in panel (a) finding some apparently interesting results but misleading
results. Parents of female children are apparently less likely to express anger and more likely
to express trust, while refugees are less likely to express fear and more likely to express trust.
To see that these results are misleading, we can identify the most frequently occurring words
in our transcripts that are classified as indicating each emotion by the NRC dictionaries,
as shown in panel (b). The presence of these words thus drives the variation in the metric
for each of these emotions in our data. It is clear here that many of the terms driving
these emotion results are inappropriate in out context. For example, the term “mosque” is
classified under anger, “marry” is classified under fear and “money” under trust. In some
contexts these classifications may be appropriate, but in interviews with Bangladeshis and

Rohingya refugees on their aspirations for their children they are clearly misleading.

6.3.3 Topic modelling

Another popular NLP approach in social science is topic modelling, in which documents are
decomposed into latent “topics” that capture the variation across documents. For example,
Parthasarathy et al. (2019) use a structural topic model (Roberts et al., 2014) to analyse
the transcripts of village assemblies in rural India. Topic modelling allows analysis of large

corpora without the need for a close reading, but human judgement is necessary to interpret
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the resulting topics. In some cases, this works well, with the model learning relevant and

clearly interpretable topics. However, this is often not the case.

Figure 11: Structural Topic Model results

(a) Refugee effect

TL:marri.becom stillsend.see.eat —e—
T2:hope.want.fulfil.futur.pass.ssc —e— |
T3:job.educ.one.grow.master.hous —e—
T4:girl.home.well.know.understand.due +
T5:will.dont.give.god.teacher.sister —e— :
T6:now.son.child.brother.said.old —e— H
| T7:teach.class.like.desir.big.ten ——e—
T8:yes.daughter.tri.eldest. f;lay admit ————eo———
T9:studi.can.els.anyth. helpexpect ——
T10:get.money.say.think.even.someth —e—
T11:make.read.boy.take.father.noth +
T12:much.cant.year.yet.parent.given
T13:work.children.happi.also. madraéa litth —e—
T14:school.allah.doctor.peopl.govern.pay —e—
T15:dream.good.mani kind.life.anoth —e—

T T T T
-0.04 -0.02 0.00 0.02

(b) Female eldest child effect in topic model

TL:marri.becom still send.see.eat —e—
T2:hope.want.fulfil.futur.pass.ssc +
T3:job.educ.one.grow.master.nous —e—
T4:girl.home.well. know understand.due —e—
T5:will.dont.give.god.teacher. slster ——
[T6:now.son.child.brother.said.old —e—
T7:teach.class.like.desir.big.ten +
T8:yes. daugh!ér tri.eldest.stay.admit ———e——
T9:studi.can.els.anyth.help.expect 4—v
T10:get.money.say.think.even.someth +
T1l:make.read.boy.take.father.noth —e— ‘
T12:much.cant.year.yet.parent.given |—e—
T13:work.children.happi.also.madrasa.littl —e— H
T14:school.allah.doctor.peopl.govern.pay —e— :
T15:dream.good.mani.kind.life.anoth —e— :

T T T T
-0.04 -0.02 0.00 0.02

Note: This Figure shows the output of a Structural Topic model estimated on interview transcripts, where
the prevalence of each topic is related to household characteristics. The upper panel shows the effect of
refugee status on the prevalence of each topic and the lower panel the effect of a female eldest child.

To illustrate this we estimate a 15 topic model using the stm R package (Roberts et al.,
2019), where each interview is represented as a distribution over topics and the prevalence
of these topics are related to our set of household characteristics. We follow standard pre-
processing steps, removing stopwords and stemming words. Figure 11 shows the estimated

coefficient on the refugee status and female eldest child variables for each topic - a more
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positive coefficient indicates that this topic is more prevalent in refugee’s interviews, con-
ditional on the other household characteristics. Each topic is represented as its five most

highly weighted terms. These terms can be used to give an interpretation to each topic.

Giving a clear interpretation to topics can be difficult and, furthermore, imposing the
structure of a topic model may obscure subtleties in the text. We can see this from the fact
that there are multiple topics which could broadly be interpreted as being about education:
topics 3, 7, 9, and 14 all feature terms such as “teach”, “educ”, “school” and “studi”. Some
of these topics are more prevalent for refugees and others are more prevalent for hosts, but
drawing any firm conclusions from this is difficult. This illustrates how our approach can

add value over unsupervised methods.

6.3.4 Semantic similarity

A variety of methods can be used to compare the “semantic similarity” between two docu-
ments. Word embedding models such as BERT (Devlin et al., 2018) and RoBerta (Liu et al.,
2019) represent individual words or whole documents in numerical vector space. In fact, we
include a variety of word embedding models as potential options for the text vectorization
in our iQual package (see Appendix C.1). These vector representations of documents can
be used as a measure of how closely related documents are, or two cluster documents into
groups. In order for patterns in semantic similarity to be interpretable though, we need to
move beyond a purely unsupervised approach. A potential way to proceed here is to use
word-embeddings to compare the semantic similarity of documents to some paradigm (Ace-

moglu et al., 2022). This illustrates that moving beyond a purely statistical representation



58 The Economic Journal

of text to some interpretable metrics requires human input. Our approach can be thought of

as a generalisation of approaches that use word embeddings to capture semantic similarity.

7 How many annotated transcripts are “enough”?

A key question for researchers looking to scale up manual annotations using supervised mod-
els is how many of their documents to annotate in order to make the most of their data. We
test this by varying the size of both the human annotated (N) and machine annotated (N,,)
samples. The coding tree is the same across simulations. While out-of-sample performance
and interpretability of results increases with the number of human annotated interviews,
both of these display diminishing returns to scale. Our results remain largely the same if at
least 400 interviews are annotated. We also show that simple cost-benefit-analysis exercises
based on either (i) maximising the average F statistic in enhanced sample regressions or (ii)
minimising the standard errors of key estimated coefficients, recommend a role for machine
annotation. While these exercises are obviously specific to our context, and may not carry
over to other applications, they suggest that in our case annotating more than around four

or five hundred transcripts is probably unnecessary.

7.1 Efficiency

The precision of our estimates can be affected by increasing both N and N, - we get
stronger results by either annotating more interviews or by conducting additional interviews
and machine annotating them. For each model trained on subsamples from 100 to the full

789 human annotated interviews, as described in Section 4.2, we generate predictions for
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a randomly sampled subset of the unannotated interviews, from 200 to 1,400 (drawing 10

separate samples for each combination of Nj, and N,,).

Figure 12: Distribution of regression coefficients of interest with N, and N,
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Note: This Figure shows how the distribution of coefficient estimates for two coefficients of interest change
as the number of human annotated interviews (Np) and the number of machine annotated interviews (N, )
vary. The upper panels represent the coefficient on refugee status for Ability Low (see Figure 8) while
the lower panels represent the coefficient on female eldest child for Secular Aspirations (see Figure 7). The
distribution of the coefficient estimated on the human sample is in blue and on the enhanced sample is in red.
Across panels, from left to right we increase N, and as N}, increases we see that the coefficient estimated
on the human sample becomes more precise. Within the panels, from left to right we show the effect of an
increase in Ny,. As Ny, increase the coefficient estimated on the enhanced sample becomes more precise.
The coefficient distributions are calculated through bootstrapping both which interviews are included in the
training sample and the coefficient estimate itself.

Our enhanced sample efficiency measure (see Figure 5) increases as extra interviews are
added through Nj and N,,. Averaging across all codes, we find adding 100 extra human
annotated interviews increases the F statistic in our enhanced sample regressions by 8.4%

while adding 100 more machine annotated interviews increases it by an average of 6.1%.
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Annotating an additional 100 existing interviews by hand therefore increases the F statistic
by around 2.3%. On average, an additional interview therefore has around 3 times the benefit

of annotating an existing interview.!”

We also examine the effect of increasing N, while holding N = Nj,+ N, fixed. Intuitively,
we can think of this as human annotating existing interviews, so the overall sample size
doesn’t increase. Interestingly, while the enhanced sample F statistics do increase somewhat
with IV, this increase is relatively small suggesting that it may be sufficient to annotate a
relatively small number of interviews. In many cases there appear to be diminishing returns

- at some point human annotating additional interviews makes little difference.'®

As an alternative to the very general approach of focusing on the F-statistic across all
codes, we can instead focus on how estimates of specific coefficients change as the sample
sizes change. This approach may be more appropriate in many applications where there
will be a specific effect or effects that are of primary interest. To illustrate this, Figure 12
shows how two coefficients of interest from Section 5 (the coefficients on refugee status for
Capacity: Ability Low and female eldest child for Aspiration: Secular) vary as the size of the
human annotated and machine annotated samples changes. This distribution of the coeffi-
cients in the enhanced sample are shown in red and the human sample in blue. Strikingly,
the enhanced sample coefficients do not change very much with N, again suggesting that

enhancing the sample is useful even with very few human annotated interviews.

17This efficiency measure for each code as both N, and N, vary is shown in Figure D.7.
18Results for this exercise are shown in Figure D.8.



Qualitative Analysis with Large-N 61

7.2 A cost benefit analysis

To give a sense of the trade-off a researcher may face in deciding on how many interviews to
conduct and how many to annotate, we conduct a simple cos t benefit analysis exercise. In
our case, the marginal cost of conducting a single additional interview was around $12 while
the marginal cost of annotating one additional interview was around $3 (2021 US dollars)
and took around 15 minutes.!® For given budgets (between $10,000 and $20,000) we then
find the combination of N and N, that maximises some objective. We report results under
three different objectives here: (i) maximising the average F statistic in the enhanced samples
for a regression of codes on household characteristics across all codes; (ii) minimising the
95% confidence interval of the refugee status coefficient in the enhanced sample regression
on ability low, i.e. upper panels in Figure 12; minimising the 95% confidence interval of the
refugee status coefficient in the enhanced sample regression on secular aspiration, i.e. lower
panels in Figure 12.

For each objective, increasing either Ny, or N,, generally leads to a better outcome, but
is more expensive. For a given budget we can thus calculate out the optimal mix of N,,, and
N},.20 Table 5 shows the optimal combination of N, and N,, for budgets of $10,000, $15,000
and $20,000. In each case, a mix of human annotated and machine annotated interviews
appears to be preferred, suggesting that there is value in the enhanced sample procedure
set out in this paper. For the most general objective (the average F statistic), our exercise
suggests that as the budget increases, it may be preferable to actually only annotated 200

annotations with the expert codes and then use the additional funds for extra machine

19The cost for annotation is likely an underestimate as the major difficulty with high quality annotation is
finding annotators with the adequate skills. Costs for other studies in other countries and languages may of
course vary substantially.

20These combinations are shown in Figure D.9
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annotated interviews. This further suggests that a relatively small human annotated sample

can lead to good results when combined with machine annotation of a larger sample.

Table 5: Cost Benefit Scenarios

Objective Budget Ny, Np, Price

Average F statistic $10,000 100 600 $8,700
Ability Low Refugee effect $10,000 500 200 $9,900
Secular Aspirations Female child effect ~ $10,000 500 200 $9,900
Average F statistic $15,000 200 1,000 $15,000
Ability Low Refugee effect $15,000 500 600 $14,700
Secular Aspirations Female child effect ~ $15,000 789 200 $14,235
Average F statistic $20,000 200 1,400 $19,800
Ability Low Refugee effect $20,000 789 600 $19,035

Secular Aspirations Female child effect $20,000 400 1,000  $18,000

Note: This Table shoes the optimal N; and N,, for budgets of $10,000, $15,000 and $20,000 according
three objectives: maximising the average F statistic in enhanced sample regressions of code prevalence on
household characteristics, and minimising the 95% confidence interval on two specific coefficients. In each
case, we find that it is optimal to machine annotate some of the interviews.

This cost benefit analysis exercise is obviously specific to our context, but a similar
approach could be used to iteratively determine an appropriate human annotated sample
size in other contexts. After annotating some initial minimal number of documents (which
would already be necessary in creating the coding tree), we would suggest that researchers
test our methodology and, if the results suggest that their sample is underpowered, they can
either manually annotate another batch of existing interviews, or conduct some more and

machine annotate them.

8 Conclusion

This paper introduces a new method (iQual) to analyse transcripts from interactive open-

ended interviews at scale by using supervised natural language processing (NLP) to scale


https://github.com/worldbank/iQual
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insights from a small set of human-annotated interviews to a larger, representative sample.
We rigorously evaluate the reliability and robustness of this method, including guidance
on how many human-coded interviews are needed for researchers with budget constraints.
Our approach outperforms alternatives such as unsupervised NLP techniques and direct
annotation using large language models. We apply it to 2,200 open-ended interviews on
parental aspirations for children, conducted with Rohingya refugees and their Bangladeshi
hosts. Our analysis shows that open-ended interviews could enrich the economic study of
aspirations by incorporating philosophical and anthropological concepts—such as moral and
religious values, and the capacity to pursue them. This method also uncovers novel findings,
including a potential form of migrant selection: while Rohingya refugees have lower education

levels than their Bangladeshi hosts, they may be positively selected on navigational capacity.

Interpretative qualitative analysis, which is a common tool in anthropology, sociology
and related disciplines but not used by economists, is potentially of considerable value. It is
predicated on a close, careful, inductive, and nuanced human reading and coding of textual
information — usually on open-ended interviews with respondents. The method is “reflexive”
in that it allows for data to be collected and analysed in a more bottom-up manner that is
driven more by respondents than by researchers. Instead of requiring respondents to provide
quantitative responses to questions that may force false structure on a latent concept, it
allows respondents to speak about a topic in a manner that is closer to how they understand

the concept resulting in more accurate and nuanced responses.

Interpretative qualitative analysis could be potentially very useful for a variety of topics
of interest to contemporary economists such as well-being, cultural change, social norms, net-

works, decision-making and the topic of this paper — aspirations. It could also be potentially
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of value in understanding change processes and mechanisms in experiments and randomized
trials. However, the high level of human effort required in employing the method has gen-
erally restricted its use to small samples. This is one reason why it has not been used by
economists. Our method provides a feasible option for researchers who wish to take advan-
tage of the benefits of interpretative qualitative analysis without sacrificing the benefits of

large samples.
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