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Abstract: In this age of Artificial Intelligence, the dispute over ownership of 
the web contents are increasing. In forensic studies and plagiarism cases, 
determining the author of a document undoubtedly plays a crucial role. The task 
of Authorship Attribution (AA) involves learning the style of the writers based 
on available documents to predict the ownership of unknown documents. 
Hence, capturing the style of writing is primary besides challenging. In this 
work, key features are systematically extracted, multiple deep-learning models 
are trained on various aspects of the text, and two novelties: Distilled and Fused 
Style Embedding (DFSE) and a multi-kernel ensemble model with kernels 
weighted based on Z-scores are proposed. The performance of the proposed 
model is superior to the baseline model and many contemporary models for in-
genre and multi-topic datasets.  

Key words: authorship classification, natural language processing, style 
embedding, neural network, ensemble model. 

1. INTRODUCTION 
Informing the audience about the creator of the content is not only their right but 

also fair recognition for the creators. In a forensic investigation, determining the authors 
of emails, anonymous letters, etc., might help understand the truth. Similarly, in the 
Artificial Intelligence (AI)-driven world, to prevent the spread of misinformation and 
the risk of plagiarism by an AI author, it is crucial to be informed about who wrote what 
on the web. Also, in curbing the spread of rumours or hate comments on social media, 
knowing the authors of the comments would prove efficient. Not limited to these 
applications, the Authorship Attribution (AA) task has a wider scope of usability. To 
classify the text based on authorship, a pattern outlining the style of the author must be 
traced out. That implicitly puts forth the question, “What are the stylistic features which 
distinguishably describe an author?” 

In the literature, many studies have shown the impact of lexical and syntactic 
features [1-5]. Several studies [6-9] also hint at the efficiency of various aspects of the 
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text in stylistic problems. For classification problems, broadly there are two important 
steps: one corresponds to the informativeness of the feature and the other pertains to the 
classifier used. Linear Support Vector Classifier (SVC) is a popular kernel-based 
machine-learning algorithm that has also been useful in AA studies [5]. Considering 
Linear SVC as the baseline model, this work attempts to unveil the usage of a mixture 
of distilled features in AA and the strength of the multi-kernel ensemble SVC model. 
Deep-learning neural models are exploited to distil the features and derive the fused 
embedding, termed Distilled and Fused Style Embedding (DFSE). Then, a novel 
ensemble classifier made of multiple kernels, weighted by Z-scores is developed (taking 
into account the significance of ensemble learning in recent studies [10]) to carry out the 
task of identifying the authorship of the input text.  

The datasets utilised have writings in the same genre in both train and test sets (in-
genre). A custom dataset of fan fiction is derived from a bigger dataset built for a 
different task [11, 12]. It contains uniformly clipped excerpts and is a multi-topic dataset 
(i.e., for a few authors, the topic in their train set differs from their test set). This work 
presents several notable contributions, including: 

- Extracting information-rich key style features through a systematic process. 
- Deriving a new dataset for AA (which will be made public in the repository: 

[13] upon publication) 
- Extracting a novel style embedding achieved by learning from various aspects 

of the text: lexical, phonological, morphological, semantic and syntactic 
features.  

- Building a multi-kernel ensemble model weighted by Z-Scores. 
Moreover, the proposed classifier proves to be more effective than many 

contemporary models and through proper training, our model can also help in other 
classification tasks. The remaining section of the paper is divided into the following 
sections: 

Section 2, discusses the related works. Section 3, explains the nature of the datasets 
used and the procedure employed to extract key features. Section 4, consists of the 
experimental procedures – preparation of DFSE and ensemble model. Section 5 
discusses the results and analyses errors and finally, Section 6, summarises the work.  

2. RELATED WORKS 
Across different studies set out to enhance the success rates in AA tasks, the lexical 

features are ubiquitous. This pattern is widely seen since it has been promising in 
capturing certain valuable authorial writing styles. However, the combination of various 
aspects of the text has also proved to improve the accuracy of identifying the authors. In 
[4], the authors fused the lexical and syntactic information (like Parts-of-Speech (POS), 
etc.,) of texts and introduced the structural information with the help of a Hierarchical 
Attention Network (HAN), developing the Style HAN. The ablation study showed that 
individually Lexical HAN and Syntactic HAN performed inferiorly compared to their 
fusion Style HAN. Similar options of using lexical and syntactic features to accomplish 
AA are observed in the work of [3] where the Siamese network, Bi-directional Long-
short Term Memory (BLSTM) and attention mechanisms are incorporated.  
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There are works which ventured to produce general embedding that could be used 
for style-based classification of text. One such notable work is from the authors of [14] 
in which a universal style encoder was built using the BLSTM encoder and soft voting 
ensemble classifier. Another important tool for extracting stylistic information is 
StyloMetrix [7, 15] which is an open-source tool to compute and collect lexical, 
syntactic, tenses-related, psycholinguistic and other information about the input text. The 
readings are normalised over the length of the text and it is made available for multiple 
languages as well including English. For English, 196 features are available. In our work, 
a subset of those features along with an assortment of other features are employed.  

In the work of [1] a strong opinion is put forward about the usefulness of n-grams 
in stylistic classification as opposed to topical classification and the authors achieved 
state-of-the-art (SOTA) performance in AA with continuous n-gram representations. 
Our work finds relevance to the potential of n-grams by considering them in the feature 
group.  Although lexical features and syntax information are prevalent in AA tasks, the 
efficiency of varied aspects of texts – like the inclusion of semantic features – are 
emphasised in the work of [6] in which the authors added multifarious features to the 
feature set formed basically with [1] to achieve SOTA performance in the AA task. In 
[2] the authors carried out the AA task by utilising syntax trees, syntax-level encoding, 
Convolutional Neural Networks (CNN) with Max pooling mechanism and content-level 
encoding. Authors of [16] analysed the relationship between different features and the 
characteristics of datasets in the AA problem. They concluded that for datasets with high 
topical variance, content-related features are more helpful and style-related features 
would help for datasets with less topical variance. The authors of [17] explored the 
efficiency of the multi-channel self-attention network incorporating multiple features to 
distinguish one author from another. Our work (illustrated in Figure 1) shares a 
commonality with [17] in terms of employing n-grams at both character and word levels. 

3. DATASET PROCESSING  
Four balanced datasets used in this study as shown in Table 1 pertain to in-genre and 

multi-topic setups. They are as follows: 
• CCAT_50 and CCAT_10 are benchmark in-genre datasets (i.e.) all the articles 

are from news columns. (The underscore precedes the number of authors present 
in the dataset.)  

• FANFIC_22 is a custom-prepared dataset derived from the works of [12] and 
[11] which was originally built for the author verification problem. This is a 
relatively smaller dataset with 22 authors each having 20 instances of fanfiction 
excerpts. 9% of the authors are considered multi-topic authors, indicating that 
they have written for multiple fanbases. If the models have sufficient generality 
to encompass the style, they can classify these writers accurately. Furthermore, 
it should be acknowledged that certain authors can write across different sub-
genres, such as romance and horror. This would allow the model to assimilate 
and engage with various styles without bias towards specific sub-genres. 

• IMDB_62 is also a well-known benchmark dataset for AA containing around 
61987 movie reviews from 62 different users. Given the substantial size of the 
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original dataset and the computational resources needed for its processing, a 
random sample of this dataset is utilised for the study. 

3.1. Feature Extraction 
Stylistic features include lexical features regarding passive voice, active voice, type-

token ratio, repetitive word, possessives, punctuation counts, first, second and third-
person singular pronouns and third-person plural pronouns, a total of 13 features arrived 
with a subset of StyloMetrix embeddings [7], in addition to syntactic features (POS 
unigrams and bigrams), linguistic features (frequency of hapax legomena and dis 
legomena), phonological features (syllable counts), semantic features (sentence labels 
through semantic clustering), and frequency information at word levels and character 
levels (n-grams) [5]. As for the retrieval of sentence labels, the below steps are followed: 

• a sentence transformer [18] is employed to extract the embedding  
• the embedding (vector, say 𝑒𝑒𝑖𝑖  ) is normalised over the L2 norm as shown in the 

formula: 𝑒𝑒𝑖𝑖‖𝑒𝑒𝑖𝑖‖
 𝑤𝑤ℎ𝑒𝑒𝑟𝑟𝑒𝑒  ‖𝑒𝑒𝑖𝑖‖ = �� 𝑒𝑒𝑖𝑖𝑗𝑗

2
𝑛𝑛

𝑗𝑗=1
 and 𝑒𝑒𝑖𝑖𝑗𝑗 is jth component of 𝑒𝑒𝑖𝑖 

• the embeddings are passed into the agglomerative clustering algorithm 
• the labels produced for both the train and test sets are collected 
As a starting point for semantic clustering, we initially utilised the default 

configuration of two clusters in the scikit-learn implementation of Agglomerative 
clustering [19]. This bi-cluster setup proved informative when validated through a high 
mutual information score. Moreover, increasing the number of clusters could introduce 
superfluous complexity without substantial enhancements in performance, as evaluated 
through further trials.  

For syntax representation, POS tags formed the basis. Unigrams and bigrams of 10 
POS tags are recorded. Moreover, the linguistic features popular in AA research: hapax 
legomena and dis legomena, which record rare word occurrences in an author’s writing 
are extracted. For selecting character and word level n-grams (bigrams, trigrams, 
quadrigrams and pentagrams), K-Best features are selected using the F-test and grid 
search of K (where K = 500, 600, 700, 800) based on accuracy.  

Further, average sentence length, total uppercase letters, total short words and digit 
frequencies are also incorporated for preparing the stylistic feature group. 
Firstly, mutual information scores of the above information are computed during 
which, the features scoring 0.0 are eliminated and the remaining are retained (say, Set 
A). All the features in Set A, except the sentence labels, are normalised based on the 
text length for consistency. Secondly, those scored above or equal to 0.09 are taken (say, 
Set B). As a customary analysis process, both Sets are evaluated by the baseline model. 
Ultimately, Set A (explained in Select_stylistic_features() in pseudocode in Figure 2) 
is carried forward as the finalised key stylistic feature group based on its better 
performance. 

Lower-cased and tokenised text is used for training Glove [20] and Fasttext [21] 
models (obtained from the functions Get_glove_embed() and Get_fasttext_embed() 
respectively as per pseudocode in Figure 2). The maximum sequence length is calculated 
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from the mean (𝑥̅𝑥𝑑𝑑𝑑𝑑) and standard deviation (𝜎𝜎𝑑𝑑𝑑𝑑) of the document length (dl) by the 
formula: 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟(𝑥̅𝑥𝑑𝑑𝑑𝑑 + 𝜎𝜎𝑑𝑑𝑑𝑑). Details about the vocabulary size and maximum sequence 
length, alongside the extracted stylistic feature set size, are presented in Table 1.  

Since accuracy provides a reliable representation of the model performance with 
balanced datasets, it is primarily used for evaluation in this study, besides F1 score, 
precision and recall for error analysis. 

 
Table 1. Dataset details 

Dataset No. of. 
authors 

Genre Instances 
per 

author 

max 
sequence 

length 

vocabulary 
size 

No. of. 
Finalised 

stylistic features  

33 50 News 100 636 17693 702 

CCAT_10 10 News 100 643 17643 743 

Fanfic_22 22 Fanfiction 20 1000 17355 569 

Imdb_62 62 Reviews 100 561 49386 599 

4. DFSE AND ENSEMBLE CLASSIFIER 
In addition to the extraction of finalised stylistic features, the proposed 

methodology comprises two phases, as depicted in Figure 1 and detailed in the 
pseudocode in Figure 2. They are as follows:  

- Deriving DFSE through fusing features of several aspects and distilling them 
through deep learning algorithms (proposed feature) and 

- Building a Z-score-weighted ensemble SVM model with multiple kernels for 
classifying the authors (proposed method/ feature vector model). 

4.1. Deriving Distilled and Fused Style Embedding  
In this phase, three deep learning models are trained with different aspects of text 

and their weights are extracted to form the proposed feature, DFSE.  
Style NN (S) – This is a feed-forward neural network with five hidden layers 

activated with the ReLU activation function and three dropout layers trained with the 
group of finalised stylistic features prepared as mentioned in Section 3 (and dimensions 
mentioned in Table 1). The output layer is operated by the softmax activation function. 
Also, early stopping is used. 

Glove-LSTM (L) – As the name implies, pre-trained Glove embeddings [20] of 100 
dimensions (D) available on the Stanford website are used to train a Long-Short Term 
Memory (LSTM) model. This is supposed to capture the contextual aspect of the text or 
the semantics. 

Fasttext-CNN (C) – The Fasttext [21] model trained in an unsupervised fashion 
over individual corpora is used to capture the morphological aspect of the text. The 
extracted embeddings of 200 D are used for training the CNN model with a max pooling 
layer.  
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For both the Glove-LSTM and Fasttext-CNN models, two embedding layers – one 
trainable and the other non-trainable – are set and merged to connect to the rest of the 
layers. As a common setup for all the models, a modified exponential scheduler (𝐿𝐿𝐿𝐿(𝑡𝑡)) 
as in Equation 1, with epoch (𝑡𝑡) and a customisable parameter (𝑛𝑛𝑛𝑛𝑛𝑛) is implemented 
with categorical cross-entropy loss, and the Adam optimiser with the initial learning rate 
(𝜂𝜂) set to 0.001.  

                                  𝐿𝐿𝐿𝐿(𝑡𝑡) = �
𝜂𝜂               𝑖𝑖𝑓𝑓 𝑡𝑡 < 𝑛𝑛𝑛𝑛𝑛𝑛

𝜂𝜂 ⋅ 𝑒𝑒−0⋅1      𝑖𝑖𝑓𝑓 𝑡𝑡 >= 𝑛𝑛𝑛𝑛𝑛𝑛                                            (1) 

After the training, the outputs of the train and test set from the last hidden layer 
(ℎ(𝑛𝑛−1)𝑦𝑦) are extracted from each model and fused (concatenated ⊕) to obtain 448 
dimensions of distilled style embedding, termed DFSE. Here, in Equation 2, n-1 denotes 
the last but one of ‘n’ dense layers and y is the output of the hidden layer h. Before and 
after fusing, the weights are tested against the baseline Linear SVC model. 

                                  𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷 ∶ 𝑆𝑆�ℎ(𝑛𝑛−1)𝑦𝑦� ⊕ L�ℎ(𝑛𝑛−1)𝑦𝑦� ⊕ C�ℎ(𝑛𝑛−1)𝑦𝑦�                        (2) 
The stratified 5-fold cross-validated performance of DFSE and StyloMetrix [7] 

embedding, variedly treated with the Baseline Linear SVC model are tabulated in Table 
2. As for the feature treatments of StyloMetrix features, adding features mentioned in 
Section 3.1, deleting the features with no information (or with zeroes in all the rows) and 
retaining features with standard deviation (σ) and mutual information score (mutual info) 
greater than or equal to threshold 0.09 are considered.  

 
Table 2. Comparison of DFSE with variants of StyloMetrix embeddings based on accuracy 

Features with Linear SVC CCAT_10 CCAT_50 Fanfic_22 Imdb_62 

Proposed DFSE 82 76.54 54.77 49.66 

StyloMetrix (all 196 features) 38.1 19.12 36.36 43.21 

StyloMetrix with σ!=0 38.1 19.10 36.36 43.21 

StyloMetrix with σ>=0.09 38.1 18.76 36.13 42.95 

subset of StyloMetrix with ngrams 
and mutual info !=0 46.7 19 42.26 27.27 

subset of StyloMetrix with ngrams 
and mutual info >=0.09 46.6 18 42.26 27.27 

 

4.2. Weighted Ensemble Model 
In the second phase, 10 different kernels such as additive chi-square, chi-square, 

linear, poly kernel, polynomial kernel, Radial Basis Function kernel (RBF), Laplacian 
kernel, sigmoid, cosine and Neural Tangent Kernel (NTK) are set up to train SVC 
models. The weights of these kernels are decided by the Z-score of their performance 
scores as detailed in the pseudocodes in Figure 2. 
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Figure 1. The architecture of the proposed methodology. 

 
Figure 2. Pseudo code of the proposed work 

5. RESULTS AND DISCUSSION 
The novel ensemble model is validated through 5-fold stratified cross-validation and 

the mean scores of the test sets are compared against contemporary works and tabulated 
in Table 3 where the readings in bold represent the highest scores in other works and 
proposed works. It is evident that the proposed feature and model outperform the 
baseline model and many SOTA models while they perform comparatively to some other 
SOTA models. This proves the applicability of DFSE and the proposed ensemble 
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classifier in the AA tasks. Also, the performance of DFSE compared with the variants 
of StyloMetrix embeddings classified by the baseline Linear SVC model as recorded in 
Table 2 shows the relative superior performance of DFSE. To understand the reason for 
the shortcomings of the model, an error analysis is carried out. 

 
Table 3. Comparison of proposed methods and features with existing works based on accuracy 

Methods CCAT_10 CCAT_50 Fanfic_22 Imdb_62 

POS-HAN  [4] 63.14 41.3   
Structural-HAN [3] 65.4 45.2   

[1] 74.8 72.6   
content features [16] 76.2 72.88   

[17] 77 65.64   
with all their proposed features [6]  80.07 77.75   
Baseline Linear SVC with DFSE 82 76.54 54.77 49.66 
The proposed model and DFSE 83.3 79.04 55.91 51.46 

[2] 88.2 81   
Style-HAN [4] 90.58 82.35   

 

5.1. Error Analysis and Ablation Study of DFSE 
Ablation studies as reported in Table 4, manual analysis of the text of certain authors 

with classification reports and loss curves of the models are the tools exploited to analyse 
the errors.  

Table 3 hints at the wide scope for improvement especially in Fanfic_22 and 
sampled IMDB_62. On investigating we can observe that both the former and the latter 
have limited data in terms of fewer instances per author and short texts per author 
respectively. On increasing the instances, IMDB_62 may yield better results; this could 
be explored in the future. Figure 3 (i) depicts that contextual features (from L) and 
morphological features (from C) help differentiate some authors correctly whereas some 
authors have more stylistic variations which are spotted by the style embeddings of 
DFSE. For instance, author ‘0’ has achieved a precision of 100% in Figure 3 (i) owing 
to the style embeddings (from S) whereas Figure 3 (ii) depicts scores as low as 0%. Also, 
the variant in Figure 3 (iii) could differentiate authors ‘0’, ‘1’, ‘7’, ‘9’ and ‘19’ as well, 
which CNN+LSTM in Figure 3 (ii) failed to achieve indicating strong stylistic variations 
in these authorial writings. Figure 3 (i, ii, iv) shows features that are capable of 
attributing author ‘20’ correctly unlike that in Figure (iii); this highlights the contextual 
and lexical-rich writing of that author. DFSE benefits from the mixture of embeddings, 
although the strength of stylistic features has not been utilised by it completely (eg. the 
scores against author ‘1’ across subplots in Figure 3). This could be due to the tuning 
and optimization required in the architecture of model S. This assumption is also 
validated through the Figure 4 (i) loss curves. However, while considering the multi-
topic authors (authors ‘5’ and ‘6’) in Fanfic_22 (in Figure 3), reasonable generalisability 
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is found to be achieved. Also, the performance of DFSE is observed to be very effective 
in CCAT_10 (Figure 4 (ii)). 

 

 
Figure 3. Classification reports from the proposed ensemble model (from one of the cross-

validation runs) with (i) DFSE, (ii)its constituent (CNN+LSTM), (iii) StyloMetrix variant and 
(iv) the input to model S of the Fanfic_22 dataset. 

Figure 4. (i)Loss curves of Fanfic_22. The blue curves denote the train losses and the orange 
curves denote the validation losses (ii) CCAT_10 confusion matrix 

Observing the loss curves of the models in all the datasets, chances of slight 
overfitting due to increased epochs, sufficient learning and underfitting due to early 
stopping are traceable in C, L and S models respectively. As put forth by the authors of 
[16], CCAT_10 and CCAT_50 are rich in author-representative context rather than style, 
thus model C and model L uplifted the performance alongside the minimal contribution 
of model S’s feature vectors. The writers whose styles cannot be captured only through, 
for instance, n-grams or lexical features, still have possibilities to be represented well 
through DFSE. In other words, better generalisability of DFSE can be attributed to the 
various aspects of text captured to train the models which also adds to its robustness. 
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Table 4. Ablation study report of components of DFSE with the proposed model (Here, * and ** 

denote statistical significance - p value <0.05 and <0.01 respectively when paired right-tailed 
t-test is performed between the scores of DFSE and its constituents)  

Dataset Features Dimension Accuracy F1 score 
 
 
 

CCAT_50 
  

DFSE 448 79.04 78.72 
CNN + LSTM 320 78.98 78.65 

CNN + STYLE NN 384 77.86** 77.43** 
STYLE NN + LSTM 192 61.84** 61.89** 

CNN 256 77.98** 77.58** 
LSTM 64 62.58** 62.59** 

STYLE NN 128 2.00** 0.08** 
 
 
 

CCAT_10 
  

DFSE 448 83.3 83.06 
CNN + LSTM 320 83 82.84 

CNN + STYLE NN 384 81.4* 80.82* 
STYLE NN + LSTM 192 72.6** 71.34** 

CNN 256 82.8 82.47 
LSTM 64 72.5** 72.07** 

STYLE NN 128 10.1** 8.25** 
 
 
 

FANFIC_22 
 
  

DFSE 448 55.91 53.54 
CNN + LSTM 320 55.45 52.73 

CNN + STYLE NN 384 51.82** 49.77* 
STYLE NN + LSTM 192 50.22** 49.96* 

CNN 256 51.13** 49.09** 
LSTM 64 49.77** 49.23** 

STYLE NN 128 7.95** 2.65** 
 
 
 

IMDB_62 

DFSE 448 51.47 52.54 
CNN + LSTM 320 50.04* 51.07* 

CNN + STYLE NN 384 43.67** 43.71** 
STYLE NN + LSTM 192 28.37** 30.07** 

CNN 256 44.35** 44.42** 
LSTM 64 29.11** 30.90** 

STYLE NN 128 1.5** 0.68** 
 

6. CONCLUSION 

This work aimed to enhance the accuracy of the authorship attribution task by using 
various aspects of the text and validated its findings using three benchmark datasets: 
CCAT_50, CCAT_10, IMDB_62 and a custom-derived Fanfic_22. Multiple aspects of 
the text are extracted systematically to capture the style print of the authors, later 
selectively distilled by deep neural networks to produce novel DFSE embeddings. This 
proposed feature produces results superior to SOTA AA embeddings. Secondly, a novel 
ensemble model with unique kernels weighted leveraging Z-scores is developed. The 
proposed ensemble model outperformed the baseline and several other SOTA models. 
Yet, optimisation in terms of the architecture of neural networks and hyperparameter 
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tuning could be considered for enhancement in the future. Also, the applicability of 
DFSE in other style-related problems could be explored further.  
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