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Abstract
While the visual dimension of film has been widely explored in the digital humanities through methods such
as “distant viewing,” the audio layer has received less attention despite its crucial role in meaning-making. We
address this gap with a four-step pipeline that combines speaker diarization, audio gender classification, automatic
speech recognition (ASR), and LLM-based psycholinguistic analysis to infer character traits from film dialogues.
Applying this method to a set of Nazi propaganda films, we find that despite the challenges of speaker diarization
due to noisy historical film audio, modern ASR and GPT-based analyses produce character profiles consistent
with existing film research. Our proposed pipeline advances distant reading of film dialogue, complements
visual analyses and enables a scalable study of ideology in historical cinema. A case study of female char-
acters in NS films identifies three recurring types, centered on the ideological figure of the mother in National Socialism.

Keywords: computational film analysis, NS ideology, propaganda film, audio analysis, character speech

analysis
1. Introduction

The National Socialist (NS) regime’s extensive use
of film as a propaganda tool demonstrates the
central role cinema played in shaping public opin-
ion and disseminating ideology. Following Joseph
Goebbels’ call for a “revolution of the mind” (Leiser,
as cited in Hardinghaus, 2008), the Nazi state
sought to control all aspects of cultural production,
establishing a centralized film industry dedicated
to ideological messaging and even advocating for
a new cinematic style (Giesen and Hobsch, 2005).

Scholarly research has long sought to under-
stand the mechanisms by which film encodes ide-
ology (Kellner, 1991; Ryan and Kellner, 1988), typi-
cally by focusing on the critical analysis of individual
works, emphasizing visual style, narrative struc-
ture, and socio-political context. In recent years,
however, computational methods have begun to
reshape the field. Inspired by the metaphor of
“distant reading” (Moretti, 2000) and its extension
to the visual domain in approaches such as “dis-
tant viewing” (Arnold and Tilton, 2019) and “deep
watching” (Bermeitinger et al., 2019), digital film
studies increasingly deploy computer vision and
machine learning to analyze large-scale visual cor-
pora. These approaches represent a significant
methodological advance, enabling the systematic
study of visual patterns across hundreds of films.
Whereas the visual layer of film has become a fo-
cal point of computational analysis, the audio layer,
comprising spoken language, music, and sound
effects, has received significantly less attention.
Several projects have begun to address this gap
by integrating multiple modalities into film analy-
sis (Burghardt et al., 2024). VIAN (Halter et al.,

2019), TIB AV-Analytics (Springstein et al., 2023),
and Zoetrope (Liebl and Burghardt, 2023) are just
some recent examples for tools that provide frame-
works for the annotation, visualization, and explo-
ration of multimodal film data. However, even within
these projects, the audio layer tends to be treated
as secondary to the visual layer, and the specific
task of automatically analyzing character speech
remains largely unexplored. This gap is particularly
striking given the centrality of speech and dialogue
in the construction of filmic meaning (Kozloff, 2000;
Bednarek, 2018). As for the case of NS propa-
ganda films, the way characters speak, the words
they use, and the interpersonal dynamics encoded
in their dialogue all contribute to an overarching
ideological agenda.

Although significant progress has been made in
automatic speech processing and analysis using
deep learning models, these approaches have not
yet been applied to historical film material — partic-
ularly to the study of film characters and their role
in conveying ideologies. We address this gap by
proposing a four-step audio analysis pipeline de-
signed to process historical film audio and generate
character-level insights. The pipeline begins with
(1) speaker diarization, which segments the audio
by speaker and identifies distinct voices. It then
(2) applies automatic voice gender detection fol-
lowed by (3) automatic speech recognition (ASR),
to convert the detected segments into text. Finally,
(4) it uses a GPT-based language analysis to infer
character traits from the aggregated speech of in-
dividual characters. Together, these components
enable the automated construction of character pro-
files and provide a basis for large-scale analysis of
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ideological patterns.

We evaluate this pipeline on a selection of three
so-called Vorbehaltsfilme (restricted Nazi films),
kindly provided by the Friedrich Wilhelm Murnau
foundation for research purposes. The investi-
gated films are “Hitlerjunge Quex” (1933), “Jud
SuB” (1940), and “Kopf hoch, Johannes!” (1941),
which span a range of genres and ideological func-
tions. From a digital humanities perspective, we
are particularly interested in assessing how well our
pipeline works for historical films, which present a
wide range of problems in terms of audio quality, but
also with regard to the language being used, which
itself has its ideological and linguistic intricacies
(Klemperer, 1947).

2. Related Work

Steps 1-3 of our proposed pipeline build on estab-
lished technologies for speech analysis and tran-
scription, with a particular focus on evaluating their
performance on historical language data from films.
Step 4, by contrast, introduces a novel approach
that leverages state-of-the-art large language mod-
els (LLMs) to derive psychoanalytic insights into
character profiles. As there is no directly compa-
rable work for this method, the following section
reviews related studies that have analyzed the lan-
guage of fictional characters more generally using
computational techniques.

The study of characters has long been central to
film and media scholarship, particularly in analyses
of ideology (Eder, 2025). Characters convey ide-
ological messages, embody values, enact power
relations, and generally model behaviors for audi-
ences. In the context of Nazi cinema, character
construction was a key mechanism of propaganda,
used to normalize antisemitism, promote racial hi-
erarchies, and depict obedience to the state as
virtuous (Giesen and Hobsch, 2005; Niven, 2022).
Traditional film scholarship has examined these
dynamics through critical analysis of key films, re-
vealing how character traits and relationships en-
code ideological narratives (Hardinghaus, 2008).
Computational approaches to automatic character
analysis in films remain relatively rare, particularly
in historical film contexts. Existing work in com-
putational narratology and character modeling so
far has focused primarily on textual corpora, using
techniques such as sentiment analysis (Nalisnick
and Baird, 2013; Schmidt and Burghardt, 2018)
and network analysis (Moretti, 2011; Agarwal et al.,
2012) to identify character functions and relation-
ships.

Our work draws on recent technological ad-
vances that have successfully used LLMs to extract
character attributes from movie scripts (Baruah and
Narayanan, 2024). We demonstrate that LLMs

can also be used to infer character traits directly
from transcribed dialogue, even when transcription
quality is imperfect. The task at hand is closely
connected to the field of psycholinguistics, where
computer-based NLP methods are increasingly
used to measure psychologically grounded per-
sonality traits (Herderich et al., 2024). They in-
clude techniques such as topic modeling, which
can be applied to psychological interview data, and
dictionary-based tools like LIWC (Boyd et al., 2022)
or Empath (Fast et al., 2016). These approaches
try to identify personality traits by analyzing linguis-
tic patterns in written language. Some researchers
have argued that language use can be a stronger
indicator of personality than self-report question-
naires (Boyd and Pennebaker, 2017; Boyd et al.,
2020). By integrating character analysis into a
broader audio processing pipeline, we provide a
methodological foundation for scaling up such anal-
yses to large corpora of historical films.

3. Audio Analysis pipeline

This section provides a detailed description of how
each of the four stages of the analysis pipeline was
implemented.

3.1.

The goal of the pipeline is the automated analysis
of film character profiles. This analysis is based on
the speech segments of the characters. To auto-
matically assign spoken text elements to charac-
ters, speaker diarization is required as a first step.
Speaker diarization refers to the process of identify-
ing and segmenting speakers within audio or video
data. Its goal is to automatically extract speech
segments and assign them to individual speakers
throughout the entire medium (Plaquet and Bredin,
2023). Current state-of-the-art implementations
include Nvidia’'s NeMo and Pyannote’s speaker-
diarization-3.1 pipeline (La Javaness R&D, 2023).
This technological field is characterized by a high
level of adaptability and complexity, originating from
the combination of different sub-tasks. Pyannote
and NeMo are largely based on a cascaded system
that combines several sub-processes, including
Voice Activity Detection (VAD), Speaker Change
Detection, Overlapped Speech Detection (OSD),
and Speaker Identification using embeddings and
clustering methods. Each of these components
requires individual configuration and fine-tuning,
which makes the evaluation process extensive and
demanding. Moreover, newer neural end-to-end
approaches such as NeMo’s Sortformer' model
aim to simplify these processes but are still limited

Speaker Diarization

'https://huggingface.co/nvidia/diar_sortformer_4spk-
vi
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in scope, for instance by supporting only up to four
speakers. In particular, Nvidia NeMo offers a wide
range of parameters and options, which increases
the flexibility of the system but also adds further
layers of complexity, making exhaustive testing and
comparison challenging. The presented pipeline
uses Pyannote and NeMo and compares them to
each other.

3.2. Automatic Voice Gender Detection

The next step of the audio pipeline aims to deter-
mine the gender of the speakers based on the audio
segments. This allows for an analysis of gender-
specific differences in film character profiles. For
this task, the pipeline implements an audio analysis
model developed by Audeering?: wav2vec2-large-
robust-24-ft-age-gender®. The model is the result
of fine-tuning of all layers of Facebook’s Wav2Vec
model*. The datasets used for fine-tuning inlcude
aGender® or Mozilla Common Voice®.

Reported accuracy values for the gender classif-
cation range from 0.90 to 0.98 for female speakers
and from 0.91 to 1.00 for male speakers, depend-
ing on the test dataset (Burkhardt et al., 2023). The
model output includes an age estimation and con-
fidence scores for the classes male, female, and
child. It is important to note that this model’s bi-
nary gender identification can only align with di-
verse gender identities if the dataset it is used on
reflects such a binary division. In this context, the
binary gender framework represented in the histor-
ical material of National Socialism corresponds to
the assumptions of the model.

3.3. Automatic Speech Recognition

The following step in the pipeline enables a shift
in analysis from the signal level to the text analy-
sis level by automatically transcribing the textual
content of the speech segments. Two derivatives
of OpenAl’'s Whisper were tested. Whisper is char-
acterized by a high degree of robustness to back-
ground noise in audio signals, as demonstrated
in the original paper, where it was tested with bar
noise. Given the wide range of ambient sounds
that characterise film audio, this feature is of par-
ticular significance. In this study, the model sizes
large-v2 and medium were evaluated, as model
size does not necessarily correlate with transcrip-

2https://www.audeering.com/de/

3https://huggingface.co/audeering/wav2vec2-large-
robust-24-ft-age-gender

“https://huggingface.co/facebook/wav2vec2-large-
robust

Shttps://catalogue.elra.info/en-
us/repository/browse/ELRA-S0365/

Shttps://commonvoice.mozilla.org/de

tion quality. For datasets such as TED-LIUM3’,
WSJ8, CallHome® or AMI-IHM'®, Whisper large-
v2 produced higher word error rates (WER) than
Whisper medium (Radford et al., 2022). The mod-
els were used with the default parameterization of
the OpenAl's Whisper library.!!

3.4. GPT-Based Psycholinguistic
Analysis

The psycholinguistic analysis of character traits
builds on the preceding pipeline steps to filtera
list of speech segments for each individual char-
acter. The extracted character dialogue elements
are submitted via the OpenAl-API to the model
gpt-3.5-turbo-0125'2 using the following prompting
strategy:

System Prompt

You are an expert in analyzing fictional char-
acters. Analyze this character speech and
answer these questions if possible. Keep it
short and give your answer in the format of
a Python dictionary with the numbering as
keys!

1. Describe the character’s personality in
five words.

2. What are the character’s main goals?

3. What are the character’s main motiva-
tions?

4. How does the character interact with
other characters?

5. Name the title of the film if you recognize
it!

Text of the character:

\. J

<INSERT TRANSCRIBED SPEECH SEG-—
MENTS AS LIST>

The prompt addresses various character dimen-
sions of film, which are based on existing theoreti-
cal frameworks (Chatman, 1978; Eder, 2025). In

"https://www.openslr.org/51/

8https://catalog.ldc.upenn.edu/LDC93S6A

®https://catalog.ldc.upenn.edu/LDC97S42

%https://groups.inf.ed.ac.uk/ami/corpus

"https://pypi.org/project/openai-whisper/

2Note: This model is now deprecated, and the experi-
ments were conducted when it was still current. As no
improvement in the procedure is anticipated with a newer
model, these results are reported without conducting new
experiments.
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question (5), we test whether the model was able
to identify the film solely based on the speech pas-
sages of a given character, which was never the
case. The question was included to evaluate if the
analysis is based on the character’s speech or on
prior knowledge of the films.

4. Evaluation Results

The four-step audio analysis pipeline described
above was systematically evaluated with respect
to its performance on historical film audio and its
ability to generate meaningful character-level anal-
yses. Because each stage of the pipeline presents
distinct challenges and contributes differently to the
overall goal of character trait extraction, we evalu-
ate them individually by means of quantitative and
qualitative methods.

4.1. Evaluation of Speaker Diarization

Speaker diarization is a particularly complex prob-
lem in historical film contexts due to degraded audio
quality, background noise, overlapping speech, and
a lack of labeled training data. Traditional diariza-
tion systems assume controlled recording condi-
tions, an assumption that does not hold in archival
film audio. The research data consists of historical
German film audio, which includes strong back-
ground noise, uncertain and high speaker num-
bers, and very long audio segments. Moreover,
the complex processing diarization framework intro-
duces extra methodological difficulties and potential
sources of error. The evaluation is based on a man-
ually created ground truth and uses the Diarization
Error Rate (DER) as a metric. The DER measures
the percentage of wrongly classified speech seg-
ments. ltincludes the error classes: false detection,
missed speech, and wrong speaker identification
(Fiscus et al., 2006). A value of zero would indicate
perfect results.

The speaker diarization task was tested using
different configurations of the Pyannote pipeline
as well as Nvidia’s NeMo model. These included
(1) the standard Pyannote model, (2) audio prepro-
cessing using spectral gating noise reduction'® and
(3) neural voice isolation technique'#, (4) a German
segmentation model'®, (5) a custom segmentation
model fine-tuned on "Jud SuR", and (6) a custom
correction method that reduced speaker confusion
using face embedding clusters. This approach is

Bhttps://pypi.org/project/noisereduce/

“https://huggingface.co/speechbrain/sepformer-
dns4-16k- enhancement

®hitps://huggingface.co/diarizers-
community/speaker-segmentation-fine-tuned-callhome-
deu

ID Speaker Diarization Approach Avg
DER

1 Pyannote Standard 73.3

2 Pyannote with Spectral Gating Voice 94.1
Isolation

3 Pyannote with Neural Voice Isolation 94.1

4 Pyannote with German Segmenta- 84.5
tion

5 Pyannote with Custom Segmenta- 82.6
tion Model

6 Pyannote with Face Enhancement  67.3

7 Pyannote with Face Enhancement 77.3
and Custom Segmentation

8 Nvidia NeMo 58.84

Table 1: Average Diarization Error Rate (DER) in %
results for different speaker diarization approaches.
The Nvidia NeMo system achieved the best overall
performance.

based on face extraction using Insightfaces'® buf-
falo_I model and using HDBScan clustering algo-
rithm. Afterwards it corrects speaker attributions by
similarity of the appearance of similar faces. In (7),
approach (6) is combined with the custom trained
segmentation model of approach (5). In addition
(8), the NeMo model was evaluated. NeMo was
applied using the cascaded system with Clustering
Diarizer, the diar_infer_general.yaml configuration
and 30 fixed speakers

The results are shown in Table 1. Among all
tested systems, NeMo achieved the lowest average
diarization error rate (DER) of 58.84%, outperform-
ing all Pyannote configurations. The approaches
initially tested on Pyannote were not explored for
Nvidia NeMo, because it became evident that the
technological solutions are not able to solve the
problem at this time. Although the experiments
present an evaluation as a step on the way to full
automation, speaker diarization remains the most
challenging component in the pipeline. Therefore,
the following parts in our pipeline still rely on manu-
ally verified ground truth for speaker identity. In the
future, cross-modal methods, which combine audio
and visual information, should be tested for this
type of complex historical film data (see (Sharma
and Narayanan, 2022); (Cheng et al., 2025)).

4.2. Evaluation of Audio-based Gender
Detection

For the evaluation of the automated gender recog-
nition, a ground truth test set was created by as-
signing a gender label to each individual character,
including a separate category for children. This
information was then transferred to the character’s

"8https://github.com/deepinsight/insightface
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speech segments, for which the gender was sub-
sequently classified.

Class Precision Recall F1- Support
Score

Female 0.42 0.96 0.58 164

Male  0.99 0.88 0.93 1,147

Child  1.00 0.06 0.11 86

Accuracy 0.83

Table 2: Classification performance of the gender
classification model.

Class Precision Recall F1- Support
Score

Female 0.68 0.95 0.79 20

Male  0.98 0.98 0.93 141

Child 0 0 0 8

Accuracy 0.93

Table 3: Classification results of gender classifica-
tion. Segments > 10s.

As shown in Table 2, the inclusion of all speech
segments results in an accuracy of 0.83. When
only speech segments with a minimum length of
ten seconds are classified, accuracy increases to
0.93 (see table 3). The results for the recognition of
male voices are promising already. For the female
class, however, there is an imbalance between pre-
cision and recall. The classifier reliably identifies
positive cases but also wrongly classifies many
speech segments as female voices even though
they are not. Notably, these false positives are male
voices; thus, no confusion with children’s voices
occurs, which might have been expected due to
pitch similarities.

In the recognition of children’s voices, which
are generally underrepresented in the test dataset,
clear weaknesses of the model become apparent.
As shown in Table 2, for 86 child voice segments
the model achieves a precision of 1 and a recall
of 0.06. When the classifier identifies a child, the
classification is correct, but this occurs only rarely.
We assume several influencing factors. One is the
audio quality, which is often affected by background
noise. Another factor is that previous research has
shown that models of this kind can be influenced
by linguistic features. This phenomenon may man-
ifest in the use of specific words or phrases that
correlate with certain classes (Wagner et al., 2023).
In the context of a narrative historical German film,
the language of a child character is likely to be con-
structed differently and to address other topics than
in real recordings of children.

The definition of what defines a child is also

not clear-cut. For data annotation, a general rule
was applied: a character was labeled as a child
if they appeared visibly younger than an adoles-
cent. Since the classification currently applies only
to speech segments and does not directly deter-
mine the gender of a film character, an average
voting approach was used across all speech seg-
ments of a character with a minimum duration. In
the resulting gender assignments, errors occurred
only in the misclassification of the child characters
Johannes von Redel and Wilhelm Panse from the
film "Kopf hoch, Johannes!" as a female. These
errors were manually corrected for the following
evaluation. Other errors were automatically com-
pensated for through the average voting process
and the character’s gender correctly classified.

4.3. Evaluation of Automatic Speech
Recognition

For the following analysis, we conduct a detailed
qualitative examination of observed ASR errors.
While standard evaluation metrics such as Word
Error Rate (WER) and Character Error Rate (CER)
provide a single aggregate score, they do not re-
flect the semantic severity of individual errors. This
limitation becomes particularly relevant when ASR
output serves as input for downstream language
models, where minor orthographic errors are less
important, but semantic deviations can significantly
affect model behavior. To capture such nuances,
several semantic evaluation metrics have been pro-
posed, including BERTScore (Zhang et al., 2020),
SemDist (Kim et al., 2021), Semantic-WER (Roy,
2021), SeMaScore (Sasindran et al., 2024) and
Aligned Semantic Distance (ASD) (Rugayan et al.,
2023). While these metrics offer improved correla-
tion with meaning preservation, they still produce
single-value summaries. Therefore, they fail to
reveal the specific nature or distribution of error
types. They are thus better suited for large-scale
model comparison rather than for detailed case
analyses. Because this study investigates the ap-
plication of existing ASR systems within a highly
specialized historical context, a more fine-grained
qualitative assessment was decided for. A sample
of 100 randomly selected speech segments from
“Jud SuB” was analyzed, and transcriptions from
different ASR models were compared manually.
Despite a high level of accuracy, this evaluation
revealed four predominant categories of errors:

A) Specialized vocabulary: Historical and context-
specific terms such as Durchlaucht, Staatsstre-
ich, or Rabbuni were often misrecognized.
These rare tokens frequently degraded the ac-
curacy of entire sentences, suggesting that
models attempt to enforce semantic coherence
when uncertain.
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B) Acoustic degradation: Extreme low-volume
passages or heavy background noise led to
frequent hallucinations posing particular risks
for semantic downstream tasks.

C) Token repetition: Some Whisper models ex-
hibited looping behavior, producing repeated
tokens. This was mitigated post hoc through
the automatic removal of redundant n-grams.

D) Language and dialectal variation: The pres-
ence of Yiddish language and Berlin dialect
resulted in systematically higher error rates,
underscoring the models’ limited adaptability
to non-standard speech varieties.

The evaluation showed similar error patterns of
the models. In general there was a slightly higher
performance of large-v2, which was subsequently
chosen for the following analysis.

4.4. Evaluation of GPT-Based Character
Analysis

Since the methodology follows an exploratory ap-
proach, no strict metrics can be calculated to as-
sess the quality of the character analyses. There-
fore, the evaluation of the procedure will discuss its
performance qualitatively based on the character
descriptions of prominent film figures as presented
in film studies and historical literature. Given the
space limitations, the discussion here focuses on a
representative excerpt. The difficulties arising from
the complexity and ambiguity of film characters will
be discussed in section 6.

Model’s answer

cunning, manipulative, business-
minded, loyal, strategic

wealth, power, and influence
preserving wealth and power
tactical and manipulative

Dimension

Personality
traits

Goals
Motivations
Interactions

Table 4: GPT-based analysis of the character
Joseph SiB Oppenheimer in the film "Jud SaBR".

In the notoriously antisemitic film “Jud SiB”, Na-
tional Socialist antisemitism culminates in the an-
tagonist Joseph Sti3 Oppenheimer. Oppenheimer
becomes the advisor to the eccentric and deca-
dently living Duke of Wiirttemberg. He manipu-
lates the Duke into acting against his own people,
schemes to gain power, and commits assaults on
women. Oppenheimer’s character embodies anti-
semitic resentments in a way reminiscent of cari-
catures, making him a direct personification of NS
ideology. He is manipulative and seeks power for
“his people,” power over Germans and Christians.

In his portrayal, he appears “lustful, deceitful, de-
structive, and power-hungry” (Niven, 2022). These
descriptions can also be observed in the character
traits generated solely from the speech segments,
as shown in Table 4. The same applies to the Duke
(see table 5), who symbolizes a corrupted estab-
lishment.

Dimension Model’s answer

Personality authoritative, impulsive, auto-
traits cratic, emotional and overbearing
Goals governing and securing loyalty
Motivations power, security and stability

Interactions governing and securing loyalty

Table 5: GPT-based analysis of the character Duke
of Wiirttemberg in the film "Jud SuB (1940).

In addition to these two characters, whose
essence was well captured by the approach, other
notable patterns can also be observed. Notably,
the analyses in “Jud SuB” reveal a bias shaped by
contemporary moral standards. The model does
not adopt the film’s antisemitic worldview but in-
stead frames antisemitic characters as antagonists.
This becomes evident for the case of Aktuar Karl
Faber, who was originally portrayed as a heroic fig-
ure, who fights against Oppenheimer and makes
a lot of anti-Semitic statements. He was automati-
cally characterized as intelligent, manipulative, and
ruthless, motivated by power and financial gain,
and thus hinting negative attributes. This indicates
that the model evaluates characters through an eth-
ical lens derived from modern training data rather
than the historical context of the film. Similarly, the
portrayal of Oppenheimer’s companion Levy was
less aligned with the film’s intended depiction. GPT
described him as concerned, loyal, and skilled, moti-
vated by self-preservation and justice, emphasizing
interpersonal dynamics rather than his supposed
villainy. This may be due to dialectal transcription
errors or the model’s focus on linguistic rather than
visual cues, but also highlights limitations of the
approach.

The film "Kopf hoch, Johannes!" focuses on the
character triangle of Johannes, a boy with adjust-
ment difficulties, his caring aunt Julieta, and his
strict father, who gradually softens over the course
of the film (Giesen and Hobsch, 2005). This rela-
tional dynamic is reflected in the automated anal-
ysis. Johannes is characterized by the model as
searching, vulnerable, impulsive, lonely and rebel-
lious with the goals of feeling accepted, finding love
and finding his place and his interactions are de-
scribed as defensive, distant and vulnerable. His
father is described as hard, strict, determined, sus-
picious, vulnerable and self-sacrificing with the goal
to protect his family and interacts in a repellent
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and controlling manner. Julieta is characterized
as caring, patient, loyal, understanding and self-
sacrificing with the goals of ensuring the well-being
of her son and fostering understanding between her
son and his father. She interacts in a concerned,
loving and understanding way. These identified
personality traits accurately reflect a core dynamic
of the film.

Overall, the model performed robustly in identi-
fying personality traits, key attributes, goals, moti-
vations, and interaction types, providing valuable
insights into character personality and narrative
function.

5. Case Study: Gender
Representation in Nazi
Propaganda Films

To demonstrate the analytical potential of our audio-
based pipeline beyond technical evaluation, we
present a case study that applies the proposed
pipeline to an important question in film and cultural
studies: how are female characters constructed
and ideologically instrumentalized in Nazi propa-
ganda cinema (Vaupel, 2005). This analysis is
of particular social relevance, as the audience in
Nazi Germany became increasingly female while
men were engaged in the war. Film propaganda
functioned as a means to expand and sustain the
National Socialist sphere of power by deliberately
targeting women (Vaupel, 2005). This case study
illustrates how computational approaches can sup-
port interpretive research questions in the humani-
ties and highlights the capacity of language-based
character analysis to reveal recurring ideological
patterns. For all female characters in the three in-
vestigated films, results were generated using the
developed pipeline for the categories “Personality
traits”, “Goals,” “Motivation,” and “Interaction with
other Characters.” These results were examined
through an exploratory qualitative analysis, from
which character categories were derived.

5.1.

Cat. 1: Traditional mother figures — The first
category of female characters represents the
mother figure as a central element of National
socialist ideology. The personality traits of the
female characters in the three films, which were
identified through the pipeline, point to this main
category. It represents the loyal, helpful, caring,
patient, loving, devoted, but also concerned and
struggeling woman. Included in this category
are Mother Heini, HJ supporter grandma and the
Nurse from “Hitlerjunge Quex”, as well as Julieta
Merck, Mother Panse and the Nurse from “Kopf
hoch, Johannes!”, as well as the Duchess of Wiirt-

Female Character Categories

temberg from “Jud SUB”. The female characters
aim to protect their families, maintain peace, offer
help, show care, assist others, or bring happiness.
They are motivated by intrinsic factors such as the
protection of the family, benevolence, love, hope,
or loyalty. They interact in concerned, friendly,
polite, compassionate, loving, and supportive ways.

Cat. 2: Younger women as mothers — In this
category we find younger women who are strongly
related to the concept of the mother role, but
with elements of youth. It is highlighted in slight
deviations that are observed in Ulla Dérries, a
young National Socialist, who fights together with
other young Nazis. She is also impulsive. Similarly,
Dorothea Sturm is characterized slightly differently,
she also appears confused and concerned. Never-
theless, both characters resemble the described
category one in their personality traits, though they
seem to be influenced by their youth.

Cat. 3: Non-conforming representations of fem-
ininity — This category includes two characters that
act as counter-types to maternalist and domestic
NS norms. One prime example here would be
the case of Gerda from “Hitlerjunge Quex”, a fe-
male character who deviates strongly from the first
category. The model describes her as combative,
confrontational, direct, controlling, and command-
ing. In the film, Gerda functions as an ally of the
antagonists. She is a communist woman who, on
behalf of her leaders, seduces and persuades the
Hitler Youth member Grundler to turn away from
National Socialism. Her goals are described as sur-
vival, power, and dominance and her motivations
as fear, pride, and a sense of superiority. Finally,
according to the model, she interacts dominant,
overbearing, and confrontational. The automated
analyses also reveals a certain ambiguity in her
character, as her goal is also survival, driven by
her motivation fear. This aligns to the films con-
tent, as Gerda is pressured into her actions by her
communist leaders.

Another case, were the automated analysis hints
to deviations is the Daughter of a Landstand in
“Jud SiB”. The model describes her as confident,
strong, and rebellious. In the film she resists her
controlling father because she wants to attend a
ball hosted by the Duke. However, in the film’s
plot, as she attends the ball she is subjected to
sexual violence by the Duke and Joseph Sti3 Op-
penheimer. This final example vividly demonstrates
how women who deviate from the National Socialist
ideal of femininity are punished within the narrative
— their suffering could be interpreted as an implicit
warning to the female audience.
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5.2. Discussion: Ideological elements in
the depictions of femininity

The detected main category one of women in the
films is strongly oriented toward the mother figure,
a central ideological element of National Socialist
thought. Hitler describes the role of the woman
as a mother as a counterpart to the male hero-
ism on the battlefield (Wagenaar, 2023). In the
idealized primary role as a mother, women were
expected to contribute to the preservation of the
people by sustaining the family. This balanced du-
ality was shaped by the National Socialist ideal
of the ethnic-family model, a key ideological ele-
ment. This element becomes quite clear by the
portrayed characteristics of femininity in the films.
The three films already reveal a negative or cau-
tionary depiction of autonomy, dominance, and self-
confidence in the propagation of the female ideal.
Even within this limited sample of National Socialist
propaganda films, it becomes evident that an ex-
ploratory analysis of divergent portrayals of female
roles can provide valuable insights and help out-
line the image of womanhood expected within the
German nation. In the context of a scaled-up anal-
ysis, these factors could be examined in relation to
the specific period of the Nazi regime, film genre,
character importance, age, and other variables. In
this way, a more differentiated and complex picture
can be developed of which target groups were ad-
dressed, what kind of image was propagated, and
how women were expected to identify with it.

6. Reflection

The presented evaluation and the case study
demonstrate both the methodological potential and
the interpretive value of computational audio analy-
sis for historical film research. In this section, we
reflect on the findings and discuss methodological
challenges and limitations.

One key insight from our experiments concerns
the limitations of closed-source models, which pose
serious challenges to reproducibility. The filters
and settings applied within such systems are typ-
ically opaque, a particularly critical issue for his-
torical analysis, as it introduces potential biases
that can significantly affect results. Consequently,
any exploratory analysis must be conducted with
careful methodological reflection, following the stan-
dards of qualitative research. Both model-related
biases and researcher biases—especially confirma-
tion bias stemming from prior hypotheses—need to
be explicitly acknowledged and critically addressed.

Another important point is that the insights into
character traits obtained with this approach are
based on an exploratory analysis. This makes
the results interpretative and more difficult to com-

pare, which can be challenging when addressing
questions across large datasets. Consequently,
the evaluation of the method is primarily qualita-
tive. A future approach could be to give the models
less freedom in analyzing character traits and in-
stead move toward zero-shot classification using
pre-defined character categories. This would im-
prove comparability and open-up testing with cre-
ated baseline datasets. However, an exploratory
analysis of the complex medium of film aligns well
with the principles of Distant Viewing. Therefore,
in line with its intended purpose, the exploratory
analysis provides the opportunity to identify and
analyze unexpected or divergent categories and
to generate research questions from them. The
presented approach offers considerable potential
for investigating character profiles in relation to vari-
ables such as film genre, historical context within
the National Socialist period, and the films’ recep-
tion or popularity. Future research could address
questions such as: In which films do women get
portrayed as mother figures? In which roles do they
diverge and at what time during the Nazi regime?

Nevertheless, it is important to note that a thor-
ough character analysis must also account for am-
biguities and subtleties of characters, which can be
lost in the presented approach. This is particularly
evident in the absence of a temporal dimension
in the character analysis. If a character develops
and changes over the course of a film, this is cur-
rently not captured. While increased scalability will
inevitably affect the complexity of the analysis, tem-
poral aspects could potentially be incorporated in
the future, adjusting and extending the existing the
pipeline.

Additionally, it is important to approach the films
with source-critical scrutiny. In particular, for his-
torical material, it is necessary to examine which
edited version of the film is being analyzed to avoid
biases by changed versions of the films. Finally,
future work should focus on improving the speaker
diarization in this pipeline.

7. Conclusion and Outlook

Our results show that while speaker diarization
remains a methodological bottleneck — particu-
larly given the challenges posed by historical audio
recordings — state-of-the-art ASR models such
as Whisper (Radford et al., 2022) perform robustly
even under noisy conditions. Moreover, GPT-based
analyses of transcribed speech yield character trait
profiles that align closely with established interpre-
tations in film scholarship (Niven, 2022; Giesen
and Hobsch, 2005), demonstrating the potential of
large language models to support interpretive work
in film studies. The proposed pipeline represents a
first step toward this goal, offering a scalable, ex-
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tensible framework for audio-based film analysis.
It also points the way toward future multimodal ap-
proaches that integrate visual and auditory data
to achieve a more holistic understanding of how
ideology operates across media layers.
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