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Abstract

Quantitative text analysis relies on high-quality
corpora, but keyword-based collection often re-
trieves irrelevant material, undermining validity.
We show that active learning with a transformer-
based classifier can iteratively refine corpora
by excluding irrelevant documents, prompting
researchers to clarify inclusion criteria and ad-
dress edge cases. Applied to German newspa-
per articles on depression and schizophrenia,
this approach improves construct validity and
reduces labeling effort. The document rele-
vance classifiers reached an Fl-score of 0.8
with just 100-150 labeled snippets, with fur-
ther gains from tuning, outperforming both
random sampling and a weakly supervised
sampling baseline. Filtering non-medical arti-
cles further had little effect on downstream de-
pression stigmatization measures but increased
schizophrenia stigmatization. Active learning
thus enables efficient corpus validation and
clearer concept boundaries with minimal pre-
processing. The source code is publicly avail-
able at https://github.com/jakobstgl/
active-learning-corpus-refinement.

1 Introduction

Recent years have seen a rapid increase in auto-
mated text analyses in the social sciences (Stoltz
and Taylor, 2024; Grimmer et al., 2022). Re-
searchers rely on large text corpora to extract mean-
ing, for example, through sentiment analysis. Be-
yond dictionary-based approaches, machine learn-
ing techniques such as topic modeling (DiMaggio
et al., 2013), or word-embedding-based relation ex-
traction (Stoltz and Taylor, 2021; Arseniev-Koehler
and Foster, 2022; Kozlowski et al., 2019; Nel-
son, 2021; Boutyline and Arseniev-Koehler, 2025),
have become standard tools in computational social
science research.

However, the construction of the underlying cor-
pus remains a critical challenge. Text data are typi-
cally retrieved via keyword searches based on sur-

face forms rather than semantic relevance (Grim-
mer et al., 2022). As a result, these methods of-
ten fail to capture only those documents that re-
flect the construct defined by the research question
(Hanny et al., 2024; Hanani et al., 2001). Therefore,
corpora frequently include conceptually irrelevant
material, which can introduce systematic bias and
compromise the validity of downstream analyses
(Grimmer et al., 2022, p. 41-46).

A core reason for this problem lies in lexical
ambiguity. In fact, in natural language processing
(NLP), polysemy is a long-standing issue (Bevilac-
qua et al., 2021), particularly when corpora are
assembled via keyword search. For example, in
media reporting on mental illness, the term “de-
pression” may refer either to a medical condition or
to an economic downturn. Similarly, “schizophre-
nia” is frequently used metaphorically to describe
contradictory or incoherent situations.

Research on word-sense disambiguation (WSD)
has proposed various solutions to these problems
(Bevilacqua et al., 2021), including rule-based ap-
proaches and supervised classifiers trained on anno-
tated data (Banerjee and Pedersen, 2002; Viveros-
Jiménez et al., 2013; Kapitanov et al., 2019). While
effective, these methods are typically resource-
intensive and are often applied as separate prepro-
cessing steps rather than being integrated into the
main analytical pipeline. Recent work has begun
to use active learning (Lewis and Gale, 1994) for
WSD (e.g. Wang et al., 2018; Zhu and Hovy, 2007),
but this research focuses mostly on benchmark per-
formance and does not assess the downstream im-
pact on relevant outcomes of analyses.

In this paper, we therefore address the following
research questions:

1. Can document relevance classification for
socio-psychological constructs be improved
with uncertainty-based active learning?

2. What is the effect of higher corpus quality
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on downstream analyses of these constructs,
specifically the stigmatization of depression
and schizophrenia?

First, we establish an active-learning-based docu-
ment classification approach that integrates corpus
refinement directly into the research pipeline. We
apply this approach to a corpus of German newspa-
per articles on depression and schizophrenia. Both
illnesses occur in medical and non-medical senses.
However, for our downstream analysis, we are only
interested in the medical usage. Our method to
iteratively exclude irrelevant documents from the
corpus leverages transformer-based models and re-
sults in improved construct validity with minimal
labeling effort.

Second, we introduce a downstream task that
examines the stigmatization of these diseases. Our
methodology is adapted from Best and Arseniev-
Koehler (2023) and operationalizes stigmatization
as the proximity of disease embeddings extracted
from newspaper articles to a latent semantic dimen-
sion in the embedding space. This dimension is
constructed using anchor embeddings of stigmatiz-
ing and anti-stigmatizing terms. For instance, psy-
chiatric disorders are often associated with negative
personality traits (e.g., depression being framed
as laziness). A corresponding stigma dimension
is defined as the difference between embeddings
of negative and positive character traits. Disease
embeddings located closer to the negative pole of
this dimension are interpreted as more stigmatized
in the corpus, with cosine similarity serving as
the stigma score. We then examine whether the
distribution of stigma scores for depression and
schizophrenia shifts after removing irrelevant doc-
uments. The full analysis pipeline is displayed in
Figure 1.

Our approach further demonstrates how active
learning can support corpus preprocessing by en-
couraging researchers to define clear inclusion and
exclusion criteria to resolve edge cases that chal-
lenge the boundaries of the research construct.

2 Related Works
2.1 Active Learning in NLP

Active learning is a machine learning paradigm in-
troduced by Lewis and Gale (1994), in which a
model is iteratively retrained on selectively labeled
data. The process typically begins with a small
labeled dataset used to train an initial classifier. In
each subsequent iteration, a query strategy selects
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Figure 1: Analysis Pipeline. (1) Corpus Acquisition:
Gathering relevant and irrelevant documents. (2) Itera-
tive Refinement: Active learning cycles where experts
label boundary cases to improve classifier robustness.
(3) Global Prediction: Classification of the full corpus
based on learned relevance. (4) Downstream Validation:
Assessing the shift in metric distributions resulting from
the removal of irrelevant data.

the most informative instances from a pool of unla-
beled data. These instances are labeled by a human
annotator (the oracle), added to the training set, and
used to update the classifier. This loop continues
until a stopping criterion is met, such as perfor-
mance convergence or the exhaustion of a labeling
budget.

The choice of a query strategy is central to the
success of active learning, as it determines which
instances are selected for annotation (Kumar and
Gupta, 2020). Uncertainty-based strategies, for ex-
ample, prioritize instances for which the model’s
predictions are least confident. Labeling such high-
uncertainty samples has been shown to accelerate
learning and yield higher performance compared to
random sampling (Miller et al., 2020; Jacobs et al.,
2022). While some strategies rely on prediction
confidence (such as the prediction entropy strat-
egy), others exploit information from embedding
distances or gradient-based criteria (Schroder et al.,
2023, 2022). In a comprehensive evaluation of ac-
tive learning strategies for transformer-based text
classification, Schroder et al. (2022) show that the
breaking ties strategy is most effective. In a binary
classification task, breaking ties is equivalent to the
prediction entropy strategy (Roy and McCallum,
2001).

In addition, numerous approaches have been pro-
posed to further extend active learning and improve
performance (Margatina et al., 2021; Korakakis
et al., 2024; Zhang et al., 2022; Deng et al., 2023).
However, as our priority is to investigate the effec-
tiveness of active learning for corpus refinement
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and to assess the downstream effects of such refine-
ment, the incorporation of more advanced active
learning strategies is left for future work.

2.2 Active Learning for Word-Sense
Disambiguation

Previous research has applied active learning and
related paradigms to problems such as word-sense
disambiguation (WSD) and corpus filtering. For
example, Wang et al. (2018) demonstrate that an
interactive learning algorithm, closely related to
active learning, can substantially reduce labeling
effort when distinguishing ambiguous meanings
of medical terms in WSD datasets. More gen-
erally, the introduction of transformer-based lan-
guage models (Vaswani et al., 2017) has improved
the effectiveness of active learning frameworks (Ja-
cobs et al., 2022), including applications to corpus
refinement. For instance, Hanny et al. (2024) show
that a RoBERTa-based (Liu et al., 2019) active
learning approach outperforms alternative strate-
gies with minimal labeling efforts when identify-
ing disaster-related tweets. Despite these advances,
existing work primarily evaluates active learning
approaches on benchmark tasks. What remains
largely unaddressed is the extent to which corpus
refinement through active learning affects the sub-
stantive results of downstream analyses.

2.3 Stigma in Newspaper Reports

Stigmatization is a social process in which human
differences are labeled and subsequently linked to
negative stereotypes, such as negative personality
traits (Link and Phelan, 2001; Phelan et al., 2008).
These stereotypes often form the basis for discrimi-
nation against affected individuals. One theorized
mechanism behind the formation of such stereo-
types is the social enforcement of norm conformity:
individuals who deviate from perceived norms are
labeled as outsiders and stigmatized in an effort to
maintain group cohesion (Phelan et al., 2008; Link
and Phelan, 2014). Many survey studies find pre-
vailing stigmatizing attitudes toward people with
mental illness, with notable variation across differ-
ent diagnoses (Schomerus et al., 2022; Pescosolido
et al., 2021). Media coverage also plays a key role
in the reproduction of such stigmas. Qualitative re-
search has shown that news articles provide cultur-
ally available frames of stigmatization, for instance
by associating those suffering from schizophrenia
with dangerousness and unpredictability (Corrigan
et al., 2004; Sittner et al., 2024). These representa-

tions shape public perceptions, as readers internal-
ize media narratives and project these stigmas onto
others (Best and Arseniev-Koehler, 2023).

3 Methods: Active Learning for Corpus
Validation

Beyond its computational efficiency, we argue that
active learning offers particular advantages for so-
cial research, where research topics are often theo-
retical constructs whose operationalization is not
self-evident. This also applies to seemingly well-
defined concepts such as diseases. While standard-
ized classifications like the International Classifica-
tion of Diseases (ICD) (World Health Organization,
2019/2021) provide clear clinical definitions, their
usage in natural language is considerably more am-
biguous. In textual corpora, disease terms occur
in borderline, colloquial, or metaphorical contexts,
making relevance decisions non-trivial and depen-
dent on theory.

Moreover, even before determining the contex-
tual framing of such references, researchers must
make deliberate methodological decisions on the
types of usage they aim to investigate. Both the de-
cision about whether a document is relevant for the
research question, as well as the degree to which
the concept is prevalent in the article, thus depend
on the subjective expertise of the researcher. Active
learning is especially suited here for two reasons.
First, the learning loop explicitly returns samples
for which the prediction is uncertain (Miller et al.,
2020). These samples not only help the model gen-
eralize better, but also challenge the researcher in
the definition of the scope of their research, since
they have to decide on edge cases. Secondly, in
contrast to a zero-shot learning approach, active
learning enables experts to provide domain knowl-
edge. They can thus actively partake in how the
classifier learns a certain concept of interest (Wang
et al., 2018; Miller et al., 2020).

3.1 Analytical Strategy

Our analytical strategy comprises two main steps.
First, we compute a stigma score for each docu-
ment in a large corpus of German newspaper snip-
pets on depression and schizophrenia, following
the embedding-based method proposed by Best
and Arseniev-Koehler (2023). While stigmatiza-
tion is not the primary object of investigation, these
scores serve as a downstream outcome with which
we evaluate the effects of our corpus refinement
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procedure.

Second, an iteratively trained active-learning-
based classifier distinguishes medically relevant
references to mental illness from non-medical
or metaphorical uses. After training, we assess
whether the filtered corpus differs meaningfully
from the full corpus with respect to stigma score
distributions. Specifically, we compare the distribu-
tions visually and quantify differences using effect
sizes. All analyses are conducted separately for de-
pression and schizophrenia to allow for diagnostic
contrasts.

3.2 Criteria of Inclusion and Exclusion

Before initiating the active learning loop, we de-
fined explicit inclusion and exclusion criteria to
guide labeling decisions. Our objective was to
retain only those documents in which mental ill-
ness terms are used in a medical and colloquial
mental health context. This includes snippets de-
scribing symptoms, diagnosis or treatment, per-
sonal accounts, or societal impact of depression and
schizophrenia. In contrast, we exclude metaphor-
ical uses (e.g. "economic depression") as well as
other polysemous meanings that are unrelated to
mental health.

4 Experimental Setup

4.1 Dataset

We use data from the Mannheim German Refer-
ence Corpus (DeReKo), a large archive of German-
language texts (Kupietz et al., 2010). Licensing
restrictions limit access to short text snippets. In
our corpus, these snippets have an average length
of 70 words.

We retrieved documents using keyword-based
searches. The initial keyword lists for depres-
sion and schizophrenia were taken from Best and
Arseniev-Koehler (2023) and extended using ter-
minology from the International Classification of
Diseases (ICD-11) (World Health Organization,
2019/2021). Data collection was automated us-
ing Selenium (Gojare et al., 2015). In total, we
collected 631,176 newspaper snippets published
between 2000 and 2024. Of these, 516,382 snip-
pets contain keywords related to depression and
114,794 to schizophrenia. As a result of the
keyword-based retrieval strategy, the raw corpus
inevitably contains a substantial number of non-
medical and metaphorical uses of disease terms,

motivating the corpus refinement approach de-
scribed below.

4.2 Corpus Filtering Evaluation
4.2.1 Active Learning Procedure

We implement active learning using the
small-text library in Python (Schroder et al.,
2023), which provides a modular framework for
combining query strategies with transformer-based
text classifiers. Since all classification tasks in our
study are binary, we employ a prediction-entropy
query strategy (Roy and McCallum, 2001), which
prioritizes instances for which the model exhibits
the highest class uncertainty.

We trained two classifiers using active learning,
one for depression and one for schizophrenia, fol-
lowing the same learning protocol. For each task,
we randomly sampled 100 instances as a fixed test
set and 50 instances as an initial labeled training
set. In each active learning iteration, we anno-
tated batches of 25-100 instances, depending on
the model performance (Figure 3). After labeling
350 examples per classifier, we halted training due
to self-imposed budget constraints.

4.2.2 SetFit for Classification

As classifier, we employ SetFit (Tunstall et al.,
2022), an approach based on a transformer-based
encoder model (Vaswani et al., 2017) optimized
for a few-shot learning setup. SetFit combines
embeddings from a pre-trained sentence-encoder
(Reimers and Gurevych, 2019) with a contrastive
step, followed by classification using logistic re-
gression. During contrastive training, the model
constructs positive and negative pairs of sentences
based on class labels and adjusts the embedding
space to bring semantically near pairs closer to-
gether while pushing dissimilar ones apart (Tun-
stall et al., 2022). This procedure enables efficient
learning from small labeled datasets. In our case,
after contrastive training of the embedding space,
a simple classifier predicts whether a snippet refers
to a mental illness in a medical context or not. We
choose the paraphrase-multilingual-MiniLM-L12-
v2 Sentence Transformer model as a backbone
because of its computational efficiency and ro-
bust multilingual support (Reimers and Gurevych,
2019).

4.2.3 Baselines

We compare the proposed active learning approach
against two baseline sampling strategies. All meth-
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Figure 2: Hyperparameter optimization for the depression (left) and schizophrenia (right) model. High = F1 > 0.8,
mid = F1 > 0.75, low = F1 <= 0.75. Each line represents a separate model that was trained.

ods start from the same labeled seed set as the ac-
tive learner and query three batches of 100 samples
each. As a first baseline, we employ a random sam-
pling strategy which selects instances uniformly at
random for annotation. Second, as a weakly super-
vised baseline, we implement an iterative bootstrap-
ping procedure based on cosine similarity. Sen-
tence embeddings, extracted from the paraphrase-
multilingual-MiniLM-L12-v2 model (Reimers and
Gurevych, 2019), serve as the foundation. At each
iteration, cosine similarities between all unlabeled
instances and the current labeled set are calculated
separately for each class. Each unlabeled instance
is then assigned a pseudo-label corresponding to
the class with the highest maximum similarity.
Confidence is defined as the margin between max-
imum similarity scores for the two classes. The
top-N most confident instances are added to the la-
beled set, removed from the unlabeled pool, and the
process is repeated until the labeled set size reaches
the same size as in the active learning setup.

4.2.4 Model Evaluation

Given the significant class imbalance, where ’rel-
evant’ instances constitute the majority, we report
the F1-score as the primary evaluation metric. We
focus on the Fl-score for the minority class (ir-
relevant), because we are primarily interested in
the identification of such sparse samples. To pro-
vide a holistic view of the classifier’s performance
across both classes and prevent our classifier from
labeling ’irrelevant’ too aggressively, we report the
F1-macro as well.

4.2.5 Training Parameter Optimization

Initially, we trained all models using the default
SetFit hyperparameters: a batch size of 16, a learn-
ing rate of 2 x 1075, and a single training epoch.
To further improve classification performance, we
conducted hyperparameter optimization using the
Optuna library in Python (Akiba et al., 2019). This
optimization process is carried out using the full
350 samples from the uncertainty based active
learning method for each disease. We evaluated
20 hyperparameter configurations by varying the
learning rate (107 to 10~%), batch size (16-32),
the maximum number of training steps (20-300)
and the number of iterations used to generate sen-
tence pairs (10-50). The resulting classifiers were
subsequently employed to generate inclusion and
exclusion predictions for the entire corpus.

4.3 Downstream Task

4.3.1 Further Preprocessing Steps

For the downstream task, we applied further prepro-
cessing steps. We excluded all snippets containing
fewer than 20 words and identified near-duplicate
snippets published in the same year by calculating
cosine similarity scores between tf-idf representa-
tions. Documents with a similarity greater than
0.85 are reduced to one instance. After preprocess-
ing, the final dataset comprised 507,440 snippets,
of which 427,078 were related to depression and
80,362 to schizophrenia. In contrast to the active
learning analysis, stopwords and punctuation were
removed for the computation of stigma scores. Fi-
nally, all lexical variants of disease terms (e.g. "de-
pressed" and "depressive") were normalized to a
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Figure 3: Evolution of the F1-score for the minority class on the test-set by number of labeled examples and

sampling method for schizophrenia and depression.

single keyword (e.g. "depression"). These steps
reflect the requirements for the static word embed-
dings on which the downstream task is based.

4.3.2 Measuring Stigma

To measure stigma in our corpus, we first define a
latent semantic dimension that captures stigmatiza-
tion using word embeddings. Here, stigmatization
reflects how strongly a disease is reported about
in the context of negative personality traits. To
construct the stigma dimension, we compute av-
erage embeddings for two sets of character trait
keywords, one representing positive traits and one
representing negative traits. The vector difference
between these two averages yields a vector which
is often referred to as a semantic direction in the
embedding space (Arseniev-Koehler and Foster,
2022; Stoltz et al., 2024).

Second, we project each document into this di-
mension to obtain a stigma score. Each snippet’s
stigma score is computed as the cosine similarity
between the embedding of the disease term and
the stigma dimension. To improve interpretation,
we z-standardize these scores with respect to the
distribution of cosine similarities of all other words
appearing in the corpus. A score of 1 indicates
that the disease term in a given snippet is located
one standard deviation closer to the negative traits
(stigmatizing) pole of the dimension than the av-
erage of all other words in the corpus (Best and

Arseniev-Koehler, 2023).

Because our data consists of short newspaper
snippets, we adopt the a la carte (ALC) embed-
ding approach (Khodak et al., 2018; Rodriguez
et al., 2023b) implemented in the ConText pack-
age in R (Rodriguez et al., 2023a), which adapts
pre-trained word vectors to the local context of a
smaller corpus. As pre-trained embeddings, we
use FastText embeddings (Bojanowski et al., 2017)
trained on the German Wikipedia (Wirsching et al.,
2025) with a context window of 10.

5 Results

5.1 Filtering Performance

Figure 3 shows classification performance as a
function of labeled instances for active learning
and two baselines, separately for depression and
schizophrenia. Both active learning models im-
prove rapidly within the first 120-150 labeled in-
stances, although the schizophrenia model learns
the task more efficiently. With only 50 labeled in-
stances, the schizophrenia classifier already reaches
an Fl1-score of 0.44, whereas the depression model
fails to generalize at this stage due to severe class
imbalance in the initial sample. Despite differing
query sizes, learning trajectories are similar. The
depression model benefits strongly from the initial
large query, while later iterations yield diminishing
returns. After annotating 350 instances, we termi-
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Depression Schizophrenia
Subset Mean+=SD N % Mean+=SD N %
Unfiltered 1.33+£1.22 427,078 100 1.80+£1.35 80,362 100
Medical 1.40+1.21 370,729 87 2.10+x1.30 60,374 75
Non-Medical 0.84+1.12 56,349 13 0.89+1.09 19,988 25

Table 1: Mean and standard deviation of the stigma score distribution for depression and schizophrenia by the subset

of snippets.

nated the active learning loop, achieving F1-scores
of 0.80 (depression) and 0.81 (schizophrenia), al-
though strong performance was already reached
after three iterations (100-120 instances). This
indicates that the learning loop could have been
stopped earlier. Across all iterations, active learn-
ing consistently outperforms both baselines. Ran-
dom sampling reaches final F1-scores of 0.67 for
both diseases, while cosine-similarity bootstrap-
ping performs substantially worse (0.22 for depres-
sion, 0.32 for schizophrenia).

As shown in Figure A.2, the F1-macro exhibits
a similar performance trajectory to Minority F1 but
yields consistently higher absolute scores, while
simultaneously narrowing the performance margins
between sampling methods (see Tables A.1, A.2,
A.3 for exact figures). Especially in later sampling
iterations, active learning and random sampling
show more similar results, though the superiority
of active learning in the remains visible, especially
in the early iterations.

To qualitatively illustrate the corpus filtering re-
sults, examples of snippets with the highest pre-
dicted probability of belonging to the non-medical
class include:

“This bold move is intended to further
increase the money supply and stabilize
the financial system in the midst of the
worst economic crisis since the Great De-
pression of the 1930s.”

“[...] we have a schizophrenic situation.
Bremen is actually a rich state; we are
among the leaders in terms of millionaire
income, yet the public coffers are empty

[...]”7

These examples are clearly irrelevant to our
study of mental health conditions in a clinical con-
text and therefore validate the quantitative results
of our approach.

5.1.1 Hyperparameter Tuning

To evaluate the hyperparameter tuning results for
the active learning models, we visualize all tested
configurations in Figure 2. For the depression clas-
sifier, high-performing configurations consistently
use a batch size of 16, low learning rates (6 x 1076
and 8 x 1075), and larger numbers of training steps.
The best configuration achieves an F1-score of 0.83,
improving performance by 0.03 over the best model
obtained after active learning. For schizophrenia,
the results are less consistent, with strong config-
urations spread across the parameter space and no
single dominant setting beyond batch sizes of 16
or 32. Nevertheless, the best model again reaches
an Fl-score of 0.83. The exact hyperparameters of
the best models are reported in Table A.4.

5.2 Impact on Downstream Stigmatization
Analysis

Figure 4 displays the kernel density estimates of
stigma scores before and after filtering. For de-
pression, the mean stigma score increases only
marginally from 1.33 in the unfiltered corpus to
1.40 in the medical-only subset, indicating that fil-
tering has little impact on the aggregate stigmati-
zation. In contrast, the distribution for schizophre-
nia showcases a more substantial shift: the mean
score increases from 1.80 to 2.10, suggesting sub-
stantially stronger stigmatization once non-medical
uses are removed. Consistent with this interpreta-
tion, the non-medical subsets of both corpora ex-
hibit lower and more similar average scores (0.84
for depression and 0.89 for schizophrenia). This
pattern indicates that the filtering procedure suc-
cessfully separates semantically distinct types of us-
age that would otherwise mislead the downstream
analysis. As reported in Table 1, these distribu-
tional differences also reflect the relative sizes of
the filtered subsets. For depression, only 13% of
the corpus is excluded as non-medical, whereas
26% of schizophrenia-related articles are removed.
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Figure 4: Kernel Density Estimate (KDE) plots for the distributions of stigma scores by disease.

This larger proportion of non-medical usage likely
amplifies the effect of filtering in the schizophrenia
corpus.

5.2.1 Comparison of Effect Sizes

To quantify distributional differences, we compute
pairwise effect sizes using Cohen’s d (Figure A.1).
Comparing medical-only subsets with the unfil-
tered corpora shows a small effect for depression
(d = 0.06) and a moderate effect for schizophrenia
(d = 0.23). We further compare stigma score dis-
tributions between depression and schizophrenia
before and after filtering, a contrast central to men-
tal health research (Kilian et al., 2021). Filtering
reinforces this difference: the effect size increases
by 0.20 when only medically relevant articles are
retained, indicating a more pronounced stigmatiza-
tion gap once non-medical uses are removed.

6 Discussion

Our analyses demonstrate the importance of sys-
tematic corpus preprocessing for applied text anal-
ysis. In the case of depression, substantially similar
results could be achieved even without excluding
irrelevant documents. However, this appears to
be more a matter of coincidence than validity. By
contrast, the schizophrenia corpus illustrates that
filtering can substantially alter the distribution of
stigma scores. Together, these findings suggest
that while corpus refinement may not always be
strictly necessary to obtain stable results, it consti-
tutes a sufficient method for construct validity, as
its importance cannot be determined in advance. In
addition, the human-machine interaction inherent
in active learning proves particularly valuable for

clarifying the scope of the research construct. The
human-in-the-loop setup supports the iterative re-
finement of an extensional decision boundary, as
encoded in the classifier, while simultaneously re-
quiring researchers to make principled, intensional
decisions about inclusion and exclusion when la-
beling ambiguous cases.

In contrast to passive and weakly supervised al-
ternatives, the proposed active learning approach
achieved robust classification performance with rel-
atively little labeled data. Across all iterations,
active learning consistently outperforms both ran-
dom sampling and cosine-similarity-based boot-
strapping on F1-minority and F1-macro, demon-
strating that its gains are not merely driven by ad-
ditional supervision but by the targeted selection
of informative instances. These findings are in line
with prior work highlighting the efficiency of active
learning (Jacobs et al., 2022; Hanny et al., 2024;
Miller et al., 2020). Additional performance gains
from hyperparameter tuning were modest.

More broadly, our findings support the view
that corpus validation and conceptual sharpen-
ing should be treated as integral components of
the analytical pipeline. For example, the static
embedding-based stigma scoring approach by Best
and Arseniev-Koehler (2023) could be extended
into a supervised classification task, where active
learning is used to jointly classify document rel-
evance and stigmatization in a multiclass frame-
work.

We see multiple paths for future improve-
ment. Explainability frameworks such as Captum
(Kokhlikyan et al., 2020) could help to identify the
semantic features driving the classifier’s decisions,

959



thereby supporting a more intensionally constituted
definition of the research concept.

Finally, we deliberately decided not to use large
language models (LLMs) for annotation in order to
retain control over the labeling process and avoid
the propagation of model-internal biases (Abid
etal., 2021; Naous et al., 2024). Nevertheless, hy-
brid annotation schemes in which LLMs act as aux-
iliary raters within the active learning loop could
improve reliability and help uncover systematic
bias in both human and machine judgment.

7 Conclusion

This paper underscores the importance of system-
atic corpus preprocessing in quantitative text anal-
ysis, showing that the inclusion or exclusion of
irrelevant documents can substantially affect down-
stream results and substantive conclusions. More-
over, active learning enables rapid improvement
in classification performance with minimal labeled
data while integrating corpus refinement and con-
cept validation through an iterative, human-in-the-
loop workflow.

Limitations

Our study has several limitations. First, the test
sets used to evaluate classification performance
consisted of only 100 randomly drawn snippets per
condition. These samples may not fully capture the
diversity of the underlying corpus, which limits the
precision and generalizability of the reported per-
formance estimates. Furthermore, we do not report
confidence intervals for the classification results,
as our labeling budget did not allow us to repeat
the labeling process multiple times. Consequently,
we cannot entirely rule out the possibility that the
observed performance gains from active learning
are attributable to random variation.

Second, the labeling process was conducted by
a single annotator rather than multiple indepen-
dent coders. Although the annotator is a gradu-
ate student with experience in the field of mental
illness stigmatization research, we cannot assess
inter-coder reliability. This introduces the risk of
systematic labeling bias. In particular, it cannot be
ruled out that some inclusion decisions reflect im-
plicit assumptions about stigmatization rather than
strictly non-medical ones. Since these decisions
directly propagate into the downstream analysis,
such potential biases may have affected the results.
Future work should therefore incorporate multiple

annotators to evaluate the labeling regime more
transparently.

Third, the embedding-based stigma scoring used
as the downstream task represents only one partic-
ular class of applications in computational social
science. It remains unclear to what extent the ob-
served effects of corpus refinement generalize to
other downstream tasks, such as transformer-based
text classification or topic modeling.

Finally, although we compare active learning
against random sampling and a weakly supervised
bootstrapping approach, we do not evaluate its per-
formance relative to more specialized corpus fil-
tering or word-sense disambiguation methods. A
more comprehensive comparison across alternative
refinement strategies would further strengthen the
empirical assessment of active learning’s advan-
tages for corpus validation and downstream infer-
ence.
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A Appendix
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Figure A.1: Cohen’s d effect sizes between full corpus
and medical articles grouped by disease.

964



Schizophrenia Depression
N  Minority F1 MacroF1 N Minority F1  Macro F1
50 043 0.65 50 0.00 0.47
75 0.64 0.77 100 0.38 0.66
125 0.80 0.86 125 0.56 0.76
225 0.69 0.80 150 0.69 0.82
250 0.75 0.83 175 0.66 0.81
275 0.77 0.85 225 0.69 0.83
300 0.78 0.86 325 0.66 0.81
350 0.81 0.87 350 0.80 0.89

Table A.1: Active learning history for schizophrenia and depression

Schizophrenia Depression
N Minority F1 MacroF1 N Minority F1 Macro F1
50 0.50 0.69 50  0.00 0.47
150 0.57 0.73 150 0.47 0.71
250 0.57 0.73 250 0.53 0.74
350 0.67 0.79 350 0.67 0.81

Table A.2: Random sampling learning history for schizophrenia and depression

Schizophrenia Depression

N  Minority F1 MacroF1 N Minority F1  Macro F1

50 042 0.64 50 0.00 0.47
150 0.28 0.48 150 0.14 0.50
250 0.39 0.52 250 0.12 0.42
350 0.34 0.49 350 0.23 0.45

Table A.3: Cosine similarity bootstrapping learning history for schizophrenia and depression

Disease F1 Batch Size  Learning Rate  Max Steps ~ Num Iterations
Depression 0.833 16 8.39e-06 260 30
Depression 0.833 16 6.87e-06 260 30
Schizophrenia  0.830 32 1.16e-05 260 50
Schizophrenia  0.830 16 2.71e-05 80 20

Table A.4: Training parameter configurations for the best performing models for schizophrenia and depression.

Comparison Cohen’s d [95% CI]  Interpretation
Depression (Unfiltered vs Medical) 0.06 [0.057, 0.066] Small Effect
Schizophrenia (Unfiltered vs Medical) 0.23[0.216, 0.237] Small to Medium Effect

Schizophrenia vs Depression (Unfiltered)  0.376 [0.368, 0.383]  Medium Effect
Schizophrenia vs Depression (Medical) 0.565 [0.556,0.573] Medium to Large Effect

Table A.5: Cohen’s d comparing the full corpus and medical documents between groups.
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Disease Predicted Class n Percent  Label
Schizophrenia 0 24,945 26.1 Non-Medical
Schizophrenia 1 70,784 73.9 Medical
Depression 0 56,407 13.2 Non-Medical
Depression 1 370,638  86.8 Medical

Table A.6: Label distributions of the final classifiers trained with active learning on the full corpus for each
schizophrenia and depression.
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Figure A.2: Evolution of the Macro F1-score on the test-set by number of labeled examples and sampling method
for schizophrenia and depression.
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