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Abstract: Authorship attribution in literary texts remains a challenging task, particularly in
genres like gothic and horror, where stylistic nuances and thematic depth play a crucial role.
This paper presents SpookyAuthor, a novel deep learning-based system designed to
accurately identify authors by analysing their unique narrative styles. Leveraging Recurrent
Neural Networks (RNNs) and Transformer architectures with attention mechanisms, the
model captures lexical, syntactic, and thematic patterns, outperforming traditional methods in
classification accuracy and stylistic interpretation. Trained on a curated dataset from Project
Gutenberg, including works by Poe, Shelley, and Lovecraft, SpookyAuthor also incorporates
temporal modelling to track stylistic evolution over time. Evaluations using perplexity, F1-
score, and expert validation confirm its robustness. The system has potential applications in
literary analysis, plagiarism detection, and creative writing assistance, with future extensions

planned for multilingual and real-time analysis.

Keywords: Authorship Attribution, Deep Learning for Text Analysis, Recurrent Neural

Networks, Transformer Models.

1. INTRODUCTION linguistics and  digital  humanities

2022). hil itional
Authorship  attribution, the task of (Stamatatos,  2022).  While traditiona

e thod | hall lexical
identifying the author of an anonymous methods rely - ofl - shatlow fextcal ot

. syntactic features (e.g., word frequencies,
text based on stylistic patterns, has long 4 (cg 4

. n-grams), the rise of deep learning has
been a cornerstone of computational & ) P &
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enabled more nuanced analyses—
particularly in genre-specific contexts like
gothic and horror literature, where
thematic depth and stylistic idiosyncrasies
defy conventional modeling (Ghoula et al.,
2023). Despite advances, existing systems
often fail to capture the temporal
evolution of an author’s style or
the semantic abstractions that define
literary genres (Barlas et al., 2024). To
address these gaps, we
present SpookyAuthor, a deep learning
framework that combines Recurrent
Neural Networks(RNNs) and Transformer-
based architectures  with  temporal
modelling to achieve robust, interpretable
authorship attribution in gothic and horror

texts.

The challenge of authorship attribution
intensifies in literary genres marked by
deliberate stylistic flourishes, such as
gothic fiction’s reliance on archaic diction,
suspense-building syntax, and recurring
motifs (e.g., decay, the sublime). Recent
studies demonstrate that transformer
models (e.g., BERT, GPT-3) outperform
traditional classifiers in capturing such
features but struggle with domain-specific
adaptations (Rudolph et al., 2023). For
instance, fine-tuning language models on

horror literature requires curated datasets
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and attention to temporal shifts—an
author’s early works may differ starkly
from their later style (e.g., Lovecraft’s
transition from Poe-inspired tales to
cosmic  horror)

2024). SpookyAuthor bridges this gap by

(Labatut et al.,

integrating:

1. Hierarchical attention
mechanisms to weight genre-
salient features (e.g., mood-setting

adjectives, syntactic complexity).

2. Temporal convolutional
networks (TCNs) to track stylistic

evolution across an author’s career.

3. Human-in-the-loop validation to
ensure literary interpretability (e.g.,
expert annotations on "Poe-esque"

tone).

Recent work in NLP has prioritized

general-purpose  authorship  detection
(Kocher & Savoy, 2022), but genre-
specific applications remain underexplored.
For example, gothic literature’s reliance on
archaic pronouns ("thee," "thou") and
semantic fields (e.g., "darkness," "dread")
creates a unique feature space that generic
models misclassify (Smith & Lopez-Lopez,
2025). SpookyAuthor addresses this by
training on the Project Gutenberg

Horror/Gothic Corpus, a curated dataset

19



&

IJTE

spanning 19th-20th century works (Poe,
Shelley, Stoker, etc.), augmented with
stylistic annotations (e.g., '"unreliable
narrator,” "sublime imagery"). This
approach  aligns with the digital
humanities’  shift  toward  context-
aware NLP (Underwood et al., 2023),

where algorithmic outputs are validated

against literary theory.

SpookyAuthor’s contributions are threefold:

o Genre-Adaptive  Modeling: By
combining RNNs (for sequential style
tracking) and transformers (for
thematic  abstraction), the system
achieves  94.2%  accuracy in
distinguishing authors within the
gothic/horror ~ canon—outperforming
CNN-based models by 12% (cf. Zhang

et al., 2024).

e Temporal Interpretability:  The
system maps stylistic shifts (e.g., Poe’s
transition from macabre tales to
detective fiction) using attention

heatmaps, offering insights for literary

scholars.
e Practical Applications:  Beyond
attribution, the model aids

in  plagiarism  detection (e.g.,

identifying pastiches of Lovecraft’s
creative

style) and writing
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tools (suggesting genre-consistent

edits).
2. LITERATURE SURVEY

Authorship attribution (AA) has evolved
from traditional statistical methods to deep
learning-driven approaches, with recent
work emphasizing genre-specific
adaptations and interpretability. This
section synthesizes key advancements and

gaps, focusing on applications to

horror/gothic literature.

2.1 Traditional Methods and Their

Limitations

Early AA systems relied on handcrafted
features  (e.g., word  frequencies,
punctuation patterns) and classifiers
like Naive Bayes and Support Vector
Machines (SVMs). While effective for
distinguishing authors with stark stylistic
differences (Stamatatos, 2022), these
methods fail to capture deeper semantic
and syntactic nuances in literary texts. For
example, Barlas et al. (2024) demonstrated
that bag-of-words models achieved
only 72% accuracy on the Project
Gutenberg Horror Corpus, as they ignored
contextual dependencies in gothic tropes

nmn

(e.g., "eldritch horrors," "sublime terror").

2.2 Deep Learning Breakthroughs
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The shift to neural networks addressed

these limitations by modeling sequential

and hierarchical text features:

RNNs/LSTMs: Ghoula et al. (2023)
used BILSTMs with attention to
classify 19th-century gothic novels,
achieving 85% accuracy by tracking
long-range dependencies in descriptive
passages. However, RNNs struggled
with non-linear stylistic evolution (e.g.,

Lovecraft’s shift from Poe-inspired

tales to cosmic horror).

CNNs: Zhang et al. (2024) applied
CNNs to detect local stylistic patterns
(e.g., recurring adjective-noun pairs
like "cyclopean ruins") in horror short
stories, but performance plateaued for

longer texts due to fixed window sizes.

Transformers: Pretrained models like
BERT and RoBERTa revolutionized
AA by
semantics. Rudolph et al. (2023) fine-
tuned BERT on horror
91%
distinguishing Poe from Stoker, though

capturing  genre-specific

literature,
showing accuracy in
the model required extensive domain-

specific pretraining.

2.3 Genre-Specific Challenges

TECHNO-ENGINEERING

Gothic/horror

texts pose unique AA

challenges due to:

Thematic Overlaps: Shared motifs

madness, the supernatural)

(e.g.,
reduce feature discriminability. Smith
& Lopez-Lopez (2025) addressed this
by augmenting embeddings
with genre-specific ontologies (e.g.,

"sublime" vs. '"macabre"

tagging

descriptors).

Temporal Style Shifts: Labatut et al.
(2024) used Temporal Convolutional
Networks (TCNs) to map Shelley’s
transition from Frankenstein to later
works, revealing a decline in epistolary

framing but increased psychological

depth.

Data Scarcity: Few annotated horror
corpora exist. Underwood et al. (2023)
mitigated this via semi-supervised
learning, leveraging unlabeled texts
from niche publishers (e.g., Weird

Tales).

2.4 Hybrid and Ensemble Approaches

Recent studies combine traditional and

deep learning methods:

Kocher & Savoy (2022)
fused stylometric features (e.g.,
sentence  length  variance)  with
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transformer embeddings, improving
accuracy by 7% on mixed-genre

datasets.

e Ensemble models (e.g.,
CNN+BiLSTM) outperformed single
architectures in the Spooky Author
Identification Kaggle Challenge (2023),
but faced interpretability trade-offs

(Barlas et al., 2024).
2.5 Open Challenges
Despite progress, critical gaps remain:

o Interpretability: Most deep learning
AA systems act as "black boxes."
Recent work by Zhang et al. (2024)
used attention heatmaps to highlight
Poe’s preference for anaphora (e.g.,
"nevermore"), but linking these to
literary  theory

requires  human

collaboration.

e Multilingual AA: Gothic literature
spans languages (e.g.,
German Schauerromantik), but current

models are English-centric (Ghoula et

al., 2023).

e Ethical Concerns: AA tools risk
misapplication in plagiarism detection

without  context-aware  thresholds

(Stamatatos, 2022).
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2.6 SpookyAuthor’s Position in the

Landscape
Our work advances AA by:

o Integrating temporal modeling (TCNs)
and hierarchical attention to address
genre-specific and evolutionary

challenges.

e Curating a balanced horror/gothic
corpus with stylistic annotations (e.g.,

"unreliable narrator").

e Prioritizing  interpretability  via

collaboration with literary scholars.
3. PROPOSED METHODOLOGY

To address the challenges in spooky author
identification, several improvements can
be made to enhance the accuracy and
effectiveness of the model. One key
solution is the incorporation of advanced
natural language processing (NLP)
techniques, particularly transformer-based
models like BERT. These models excel at
capturing contextual relationships between
words, allowing them to detect deeper
linguistic patterns that traditional methods
may miss. By processing the text at a more
nuanced level, these models can better
differentiate between the authors' unique
writing styles, even when their thematic

content overlaps. This would significantly
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improve the model's ability to make
accurate attributions, even with short text

samples.

Another proposed solution is to address
the issue of short text length through data
augmentation and text  generation
techniques. By expanding the available
dataset with methods such as paraphrasing
or generating synthetic text, more diverse
training samples can be created.
Additionally, incorporating longer excerpts
from the authors’ works can provide richer
context for training the model, allowing it
to learn the stylistic features more
effectively. With more data to analyze, the
model would be better equipped to identify
the subtle differences in writing style
between the authors, even when the texts

are brief.

To tackle the problem of class imbalance,
techniques such as oversampling the
minority class, undersampling the majority
class, or adjusting class weights during
training should be implemented. These
methods would ensure that the model
receives a balanced amount of data from
each author, preventing it from developing
a bias toward the more frequent class. By
giving equal representation to each

author’s work, the model will be able to

TECHNO-ENGINEERING

classify text excerpts more fairly and
accurately, leading to better performance
across all authors. This approach would
help mitigate the skewed predictions that

often occur in imbalanced datasets.

Finally, the model could benefit from a
more comprehensive contextual and
thematic analysis of the text. In addition to
analyzing linguistic features, the model
could integrate techniques like topic
modeling or use domain-specific pre-
trained models to capture common motifs
and themes found in the authors’ works.
This  would provide a  broader
understanding of the content, such as
recognizing supernatural elements or

psychological states, which are recurrent

across the authors’ writings.

SYSTEM WORKFLOW
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Fig.1 System workflow

The proposed system, SpookyAuthor, is a
hybrid deep learning framework designed
to identify and analyse the distinctive
writing styles of authors in the gothic and
horror literary domains. The architecture
combines state-of-the-art neural networks
for sequential learning, contextual
understanding, and stylistic evolution
modelling. Below 1is a step-by-step
explanation of the system’s core

components.
3.1 Data Collection and Preprocessing

The system uses a curated literary dataset
primarily sourced from Project Gutenberg,

focusing on classic gothic authors such as
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Edgar Allan Poe, Mary Shelley, and H.P.
Lovecraft. The preprocessing stage

involves the following steps:

e Text Cleaning: Removal of metadata,
headers/footers, and  non-content

elements.

o Tokenization: Splitting sentences into
meaningful words or sub-word tokens

using BERT-style tokenizers.

e POS and syntactic tagging: Helps to

embed grammatical structures.

e Stylometric Feature Extraction
(optional):  Extracting hand-crafted
features such as sentence length,
vocabulary richness, punctuation usage,

and passive constructions.
3.2 Feature Representation

Instead of relying solely on bag-of-words
or TF-IDF vectors, SpookyAuthor uses
advanced contextual embeddings
generated from Transformer models (e.g.,
BERT) and Recurrent Neural Networks
(RNNs) like LSTM for sequential text

understanding.

3.3 Recurrent Neural Networks (RNNs)

for Sequential Analysis

To capture the temporal flow and syntactic

style in text, Bidirectional Long Short-
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Term Memory (BiILSTM) networks are

utilized:

RNNs are designed to handle sequential
data. The Long Short-Term Memory
(LSTM) network addresses the vanishing
gradient problem of standard RNNs. The

core equations of LSTM for time step are

= ( [ 1+ )
= (C [ - 1+ )
= C [ - 1+ )
~ L+
= [ 2 1+ )
= tanh( )

e Input: Pre-processed sequences of

tokens/embeddings.
e Operation:

o LSTMs handle long-range
dependencies, which is crucial for
analyzing sentence structure and

progression over paragraphs.

o Bidirectional LSTMs read the
sequence forward and backward to
better understand contextual

dependencies.

TECHNO-ENGINEERING

e Output: Hidden state representations
of each sentence/paragraph that

encapsulate authorial style.

This helps the model capture subtle
sequential stylistic patterns such as
sentence rhythm, structure, and pacing —

all of which are crucial in gothic literature.

3.4 Transformer-Based Models for

Contextual Representation: BERT

BERT (Bidirectional Encoder
Representations from Transformers) is a
state-of-the-art language representation
model introduced by Devlin et al. (2018)
that is pre-trained on a large corpus of text
in a Dbidirectional manner. Unlike
traditional left-to-right or right-to-left
language models, BERT considers both
left and right context simultaneously,
making it particularly effective at
capturing nuanced semantic and syntactic

patterns — essential for identifying subtle

authorial styles.

BERT is based on the Transformer
encoder architecture. The input to the
model is a sequence of tokens, which are

first converted into embeddings:

+ + |l
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Each input token passes through a stack of

multi-head self-attention and feed-
forward layers. The attention mechanism

is defined as:

Attention(Q, K, V) ft (QKT)
ention( ¢/, £, — soltmax
vy,

Where:

e Q)K, V, are the query, key, and value

matrices derived from the input

embeddings.
e diis the dimension of the key vectors.
e The

result 1S a context-aware

embedding for each token.
Pre-training Objectives

BERT is pre-trained on two unsupervised

tasks:
1. Masked Language Modelling (MLM):

Random tokens are masked from the input,

and the model is trained to predict them
Lossariar = — E log P(w;|w\;)
ieM
Where:

e M is the set of masked positions

. \ is the sequence with the

—  token masked

This forces BERT to understand both left
and right context deeply.

2. Next Sentence Prediction (NSP):

Given two sentences A and B, BERT

predicts whether B follows A in the corpus:
Lossysp = — log P(IsNext|A, B)

For style-based author identification, NSP

helps capture discourse-level coherence.

3.5 Attention Mechanism for Style

Differentiation

To improve the interpretability and
precision of the model, SpookyAuthor
integrates an attention mechanism after

feature extraction:

e Purpose: Directs the model to focus
on salient stylistic elements such as
frequent gothic motifs (e.g., death,
decay), peculiar grammar usage, or

repeated stylistic cues.
e Mechanism:

o Scores are computed for each

word/token based on relevance.

o Weighted averages are taken over
hidden states to form a global

representation.
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o Benefit: Enhances the model’s ability
to emphasize author-specific patterns

over general content.

3.6 Temporal Modelling for Stylistic

Evolution

To trace how an author’s style evolves

over time, temporal modeling is applied:

e Input: Chronologically sorted works

or chapters from a single author.
e Approach:

o A time-aware LSTM or temporal
attention model is used to model

stylistic transitions over time.

o Each document’s embedding includes
a timestamp or publication sequence

indicator.

e Qutput: Enables tracking and
visualization of stylistic drift or

consistency across an author’s career.

This component not only enhances author
identification but adds explainability to
the system, as scholars can investigate how
authors like Mary Shelley developed their

narrative voice over time.

7. Classification Layer

TECHNO-ENGINEERING

Once features are extracted and fused, they
are passed through a dense classification

layer:
e Architecture:

o Fully connected layers followed by

dropout (to prevent overfitting).

o Softmax activation at the output

layer.

e Output: Probabilities
corresponding to each known

author in the system.

4. EXPERIMENTAL
INVESTIGATIONS

The experimental investigation of the
Spooky Author Identification system
focused on evaluating the model’s ability
to accurately identify the authorship of text
based on stylistic and linguistic patterns.
The system was tested on widely-used
literary datasets and publicly available
author corpora, which provide diverse and
complex writing styles for training and
validation. The core experimental setup
involved training a hybrid model
combining Recurrent Neural Networks
(RNNs) or Long Short-Term Memory
(LSTM) networks for sequence modelling,
alongside transformers like BERT for

capturing contextual nuances in the text.
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The system was enhanced with a
stylometric feature extraction module to
further improve authorship identification

based on subtle writing style indicators.

The system’s performance was evaluated
using standard evaluation metrics such as
accuracy, precision, recall, Fl-score, and
confusion matrices, along with human
evaluations to assess the relevance and
correctness of the authorship predictions.
Additionally, the system’s ability to
generalize to unseen authors or novel
writing styles was tested by introducing
new texts from authors not present in the

training data.

In terms of model robustness, the system
was extended to handle short and long-
form writing content, where it identified
authorship for various types of textual data,
such as emails, articles, essays, and books.
The performance on unseen text types (e.g.,
personal communication or online forums)
was evaluated to measure how well the

model adapts to different writing contexts.

The results demonstrated Spooky Author
Identification's ability to handle diverse
textual content, generating highly accurate
predictions of authorship while capturing
the subtle nuances of an author’s writing

style. ~ However, challenges  were

TECHNO-ENGINEERING

encountered in dealing with ambiguous
writing styles and sparse data from niche
authors, especially in cases of overlapping
stylistic features. Furthermore, processing
large-scale data in real-time proved
difficult in some cases, especially when
dealing with large corpora or when using
computationally intensive models like

BERT.

Despite these challenges, the system

performed favourably compared to
existing authorship attribution models,
producing more contextually aware and
human-like predictions. Future work will
focus on enhancing scalability, improving
real-time processing, and addressing
challenges related to handling novel and
ambiguous writing styles. Additionally,
further research will be directed towards
the integration of multilingual support to

improve the system’s applicability across

different languages and writing contexts.
EVALUATION METRICS

To assess the efficacy of the proposed
SpookyAuthor Identification System, a set
of widely accepted performance evaluation
metrics were used: Accuracy, Precision,
Recall, F1-Score, and Confusion Matrix.
These metrics provide both an overall and

fine-grained understanding of model
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performance, especially for multi-class
classification tasks like author

identification.
1. Accuracy

Accuracy measures the proportion of total
correct predictions (true positives + true

negatives) to the total number of

predictions.

Formula: =— : "
Where:

e TP: True Positives — correct

predictions for a given author

e TN: True Negatives — correctly

predicted non-matches

e FP: False Positives — incorrect

assignments to an author

e FN: False Negatives — missed

assignments to the correct author
2. Precision

Precision measures the proportion of
correctly predicted positive instances
(correct author predictions) among all
instances predicted as positive for that
author.

Table.1Performance Metrics Table
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Formula: =

3. Recall

Recall (also called Sensitivity or True
Positive Rate) measures the proportion of

actual positives that were correctly

identified by the model.
Formula: =

+
4. F1-Score

The F1-Score is the harmonic mean of
precision and recall. It is a balanced metric
that accounts for both false positives and

false negatives.

Il
(N

Formula: 1 —

5. RESULTS AND ANALYSIS

The SpookyAuthor system was rigorously
evaluated  using multiple neural
architectures and hybrid configurations.
The evaluation focused on four key
metrics: accuracy, precision, recall, and
F1-score, measured across six different
model configurations, including RNN,

LSTM, BERT, and their combinations with

a stylometric feature extraction module

Model Accuracy

Precision Recall

F1-Score
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RNN 0.84 0.82 0.81 0.81
LSTM 0.86 0.85 0.84 0.84
BERT 0.89 0.88 0.87 0.87
RNN + Stylometry 0.88 0.87 0.86 0.86
LSTM + Stylometry | 0.90 0.89 0.88 0.88
BERT + Stylometry 0.94 0.93 0.92 0.92

With the provided table The BERT + Stylometry model demonstrated the best overall
performance, significantly outperforming traditional RNN and LSTM models. The
integration of stylometric features helped boost contextual understanding of authorial traits,

especially in complex or overlapping writing styles.

Accuracy:

100- Accuracy Comparison Across Models

0.95
0.90

0.85

Accuracy

0.80 |

0.75

0.70

Fig.2 Accuracy comparison

Precision
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6. CONCLUSION notable authors such as Edgar Allan Poe,
Mary Shelley, and H.P. Lovecraft. Results
demonstrated that the hybrid BERT +

This paper presented SpookyAuthor, an

advanced author identification system
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