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OLDIES BUT GOLDIES: THE POTENTIAL OF CHARACTER
N-GRAMS FOR ROMANIAN TEXTS

DANA LUPŞA, SANDA-MARIA AVRAM, AND RADU LUPŞA

Abstract. This study addresses the problem of authorship attribution
for Romanian texts using the ROST corpus, a standard benchmark in the
field. We systematically evaluate six machine learning techniques — Sup-
port Vector Machine (SVM), Logistic Regression (LR), k-Nearest Neigh-
bors (k-NN), Decision Trees (DT), Random Forests (RF), and Artificial
Neural Networks (ANN), employing character n-gram features for classifi-
cation. Among these, the ANN model achieved the highest performance,
including perfect classification in four out of fifteen runs when using 5-gram
features. These results demonstrate that lightweight, interpretable charac-
ter n-gram approaches can deliver state-of-the-art accuracy for Romanian
authorship attribution, rivaling more complex methods. Our findings high-
light the potential of simple stylometric features in resource-constrained or
under-studied language settings.

1. Introduction

The authorship determination of a text requires distinguishing the author
particularities that are reflected in the written text. Instruments used to do
automated authorship attribution (AA) can be characterized along several di-
mensions, as detailed in the following. Dataset characteristics include lan-
guage, dataset size, class imbalance, and text type (e.g., emails, novels, social
media posts, or cross-domain/genre scenarios) [22]. Preprocessing steps include
text normalization and punctuation handling [17]. Feature extraction encom-
passes character-based features (e.g., character types - letters, digits; character
n-grams), lexical features (e.g., word frequencies, word n-grams, stop words,
function words), syntactic features (e.g., parts of speech, sentence and phrase
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structure), and semantic features (e.g., topic modeling, word embeddings, con-
textual representations from large language models) [10, 14, 22, 24]. Compu-
tational methods rang from traditional statistical techniques (e.g., stylometry,
PCA) to machine learning algorithms (e.g., Support Vector Machines, Random
Forests), deep learning models (e.g., Recurrent Neural Networks, transform-
ers), and modern large language model (LLM) approaches [12]. Evaluation
metrics include accuracy, macro-averaged accuracy (especially for imbalanced
datasets), precision, recall, F1-score, area under the curve, and confusion ma-
trices [22].

English remains the most studied language in AA research due to the avail-
ability of data and the focus on computational linguistics [22, 10]. However,
research on Romanian texts has seen growing interest in recent years, both
by efforts to support under-resourced languages and by practical applications
such as historical and literary analysis, plagiarism detection, and cybercrime
investigations [5, 3, 2, 15].

The size of the dataset significantly influences the choice of methodology.
Deep learning and LLM-based approaches typically require large datasets for
effective training, validation, and testing. In contrast, classical machine learn-
ing methods are often more suitable for small to mid-scale datasets (e.g.,
10,000–20,000 texts, tens of authors) [11].

Key challenges associated with AA datasets include [23, 14]:
• limited text availability (e.g., few samples per author),
• class imbalance (e.g, in representation of authors or genres),
• generalizability issues (e.g., on cross-domain or cross-genre texts).

The aforementioned challenges are especially pronounced for under-resourced
languages like Romanian [3, 2, 15].

Dataset partitioning into training, testing, and validation subsets also af-
fects performance outcomes, as different splits can yield varying results due to
random sampling effects. Thus, researchers commonly employ multiple splits
or cross-validation techniques to obtain more reliable performance estimates.

While preprocessing transforms raw text into a cleaner format, the feature
representation stage, where texts are converted to numerical vectors, is critical
to classification success. The choice of features can have a profound impact
on the results, often independent of the classification algorithm used, making
feature engineering a central focus of AA research.

Different classification algorithms may yield varying results on the same
data and features. Consequently, studies often compare multiple algorithms
or maintain algorithm consistency when evaluating features. Furthermore,
optimizing algorithm hyperparameters can significantly enhance performance.
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In this paper, we investigate the effectiveness of character n-gram features to
improve authorship attribution performance on the Romanian ROST dataset.

The remainder of this paper is organized as follows. Section 2 reviews re-
lated work on authorship attribution, with a focus on approaches relevant to
Romanian texts and the ROST dataset. Section 3 presents the experimen-
tal setup and results, including dataset description, model configurations, and
detailed analyses of classification performance across different feature and pa-
rameter settings. Finally, Section 4 concludes the paper with a summary of
key findings and outlines directions for future research.

2. Related Work

2.1. Challenges in Romanian Authorship Attribution. Authorship at-
tribution (AA) in under-resourced languages, such as Romanian, presents a
distinct set of challenges that set it apart from work in high-resource lan-
guages. One of the primary obstacles is the limited availability of annotated
corpora, which restricts both the scale and diversity of training data avail-
able for model development and evaluation. This scarcity is compounded by
a significant class imbalance, as datasets such as the ROST [3] corpus exhibit
uneven representation of authors, ranging from as few as 27 to as many as 60
texts per author, and substantial variation in text length, from short stories
of 90 words to extensive works exceeding 39,000 words. The ROST dataset
also encompasses a wide range of genres, including stories, fairy tales, novels,
articles, and sketches, and spans a broad historical period from 1850 to 2023,
further increasing heterogeneity and complicating model generalization.

These factors introduce biases and variability that are difficult to control,
making it challenging to develop robust and generalizable AA models for Ro-
manian [3, 2]. Addressing such issues is essential for advancing the field, as
models trained on unbalanced or limited data may fail to perform reliably
across different authors, genres, or time periods.

Recent research has begun to address these challenges by developing hy-
brid models that combine handcrafted linguistic features with contextualized
embeddings, tailored specifically for Romanian and other under-resourced lan-
guages. However, the linguistic complexity of Romanian, characterized by rich
morphology and flexible word order, means that effective solutions for English
or other major languages often do not transfer directly [15]. Similar difficul-
ties have been reported in other under-resourced languages, such as Albanian,
where the lack of large annotated corpora continues to impede progress in
authorship attribution research [13].

Moreover, the scarcity of large, publicly available Romanian corpora lim-
its the applicability of data-intensive deep learning methods, making careful
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feature engineering and rigorous evaluation protocols especially important for
achieving reliable results in this context.

2.2. N-gram Features in Authorship Attribution. N-grams are contigu-
ous sequences of N items, such as characters, words, or other tokens, extracted
from text to capture patterns indicating an author’s unique style. Typically,
n-grams are constructed at the character, word, or syntactic level [24].

Character n-grams have been extensively used in authorship attribution re-
search due to their ability to encode stylistic nuances, lexical patterns, word
order tendencies, and punctuation or capitalization habits [22]. Despite their
widespread use in languages such as English, Romanian texts remain relatively
understudied using this approach [22, 3].

2.2.1. Advantages of Character N-grams.
• Robustness: Character n-grams are resilient to infrequent errors

such as grammatical mistakes or punctuation slips because their dis-
criminative power derives from frequent, recurring patterns [23].

• Preservation of Stylistic Traits: Subtle author-specific variations,
such as repeated punctuation marks or distinctive capitalization, are
naturally encoded within character n-grams [12]. For instance, some
authors rarely use exclamation marks, while others employ them fre-
quently. Similarly, preferences for sentence length can be reflected
through punctuation usage patterns, such as the relative frequency
of periods versus commas, which correspond to shorter or longer sen-
tence structures, respectively [9].

• Language Independence: Character n-grams do not require deep
linguistic knowledge of grammar or semantics, making them applica-
ble across diverse languages without modification.

• Computational Efficiency: Extracting character n-grams is both
straightforward and computationally inexpensive, as it involves direct
processing of raw text without the need for complex preprocessing.

2.2.2. Limitations of Character N-grams.
• Redundancy: Due to the overlapping nature of n-grams, each n-

gram shares N−1 characters with adjacent ones. Therefore, many n-
grams represent slight variations of the same lexical unit (e.g., "in_",
"in.", "in!"). While this redundancy can reinforce stylistic signals
such as affixation (prefix/suffix) or punctuation preferences, it may
also lead to overfitting if not properly managed.

• Sparsity and High Dimensionality: Compared to word-level n-
grams, character n-grams, especially for larger N , tend to generate
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very high-dimensional and sparse feature spaces, which can pose chal-
lenges for model training and generalization [23, 20].

2.3. Computational Methods. A wide range of classification algorithms has
been applied to authorship attribution (AA) leveraging character n-gram fea-
tures [4, 6, 7, 1, 18, 26]. Next, we provide a concise overview of the principal
methods utilized in this study:

Support Vector Machine (SVM) is a supervised learning model that
identifies an optimal hyperplane to separate author classes by maximizing the
margin between data points of different classes. It excels in handling high-
dimensional feature spaces such as those generated by n-grams and is robust
against overfitting and noise, making it a popular choice in stylometric analysis.

Logistic Regression (LR) is a probabilistic linear model used for binary
and multiclass classification. It maps input features to class probabilities via
the logistic (sigmoid) function and applies regularization (L1 or L2 penalties)
to prevent overfitting. LR provides interpretable coefficients, which can be
valuable for understanding the contribution of specific n-grams, particularly in
smaller datasets.

k-Nearest Neighbors (k-NN) is a non-parametric, instance-based clas-
sifier that assigns a class label based on the majority vote of the k nearest
neighbors in the feature space. It relies on distance metrics such as Euclidean,
cosine, or Minkowski distance. While simple to implement and intuitive, k-
NN can be computationally expensive for large datasets and high-dimensional
n-gram features.

Decision Trees (DT) recursively partition the feature space by select-
ing feature thresholds that maximize class purity, typically using criteria like
entropy or Gini impurity. The resulting tree structure yields interpretable
decision rules that can highlight stylometric patterns, such as frequent char-
acter sequences. However, DTs are prone to overfitting, especially with high-
dimensional n-gram data.

Random Forest (RF) is an ensemble method that constructs multiple
decision trees using random subsets of the data and features, aggregating their
predictions via majority voting. This approach reduces overfitting through
bagging and feature randomness. RF handles noisy, high-dimensional n-gram
data effectively and provides measures of feature importance, enabling identi-
fication of discriminative n-grams.

Artificial Neural Networks (ANN) consist of interconnected layers of
neurons that learn hierarchical feature representations through backpropaga-
tion. Activation functions such as ReLU enable the modeling of complex,
non-linear relationships among features. While deep ANNs typically require



30 DANA LUPŞA, SANDA-MARIA AVRAM, AND RADU LUPŞA

large datasets, shallow architectures (1–2 hidden layers) are well-suited for
moderate-sized corpora like ROST [3].

Among the aforementioned methods, SVM and RF have traditionally dom-
inated AA research [23] due to their strong performance with stylometric fea-
tures such as n-grams. ANNs, particularly deep learning models, are gaining
traction but generally demand larger datasets. Logistic Regression and k-NN
often serve as baseline benchmarks, while standalone Decision Trees are less
commonly employed due to their susceptibility to overfitting.

2.4. Evaluation Metrics. Authorship attribution studies commonly employ
the following evaluation metrics to assess model performance:

2.4.1. Accuracy. Accuracy measures the proportion of correctly classified texts
across all classes. While widely used, accuracy can be misleading for imbal-
anced datasets, as it may overemphasize performance on majority classes.

2.4.2. Macro-Accuracy (Balanced Accuracy). Macro-accuracy addresses class
imbalance by calculating accuracy for each class independently and then aver-
aging the results:

Macro-Accuracy =
1

C

C∑
i=1

AccuracyClassi

where C is the number of classes (authors). This metric ensures all authors
contribute equally to the final score, making it more representative for datasets
with uneven class distributions.

2.4.3. Precision, Recall, and F1-Score. These metrics provide complementary
insights into model performance, particularly for imbalanced data:

• Precision The proportion of correctly attributed texts for an author
out of all texts predicted as that author. High precision minimizes
false attributions.

• Recall The proportion of correctly attributed texts for an author
out of all texts actually written by that author. High recall indicates
strong retrieval of true positives.

• F1-Score The harmonic mean of precision and recall. It reflects how
well a system is at finding relevant items (precision) and all of them
(recall), without being skewed by abundant irrelevant items. Partic-
ularly important for imbalanced datasets, where, if one class signifi-
cantly outnumbers the others, a model can achieve high accuracy by
simply predicting the majority class.
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2.4.4. Confusion Matrix. A table showing the number of correct and incorrect
predictions for each class. Reveals which authors are frequently confused. It
summarizes the true positives, true negatives, false positives, and false nega-
tives, from which accuracy is derived.

3. Experiments and results

3.1. The dataset. Motivated by the relative scarcity of research on Romanian
authorship attribution (AA) and the challenges posed by the ROST corpus,
our work aims to advance the field by exploring lightweight yet effective feature
representations. The ROST dataset, comprising approximately 400 texts au-
thored by 10 writers, is characterized by significant class imbalance and diverse
text lengths and genres, making it a challenging benchmark for AA [3, 2].

Previous studies have established important baselines on ROST: Avram et
al. (2022) introduced the dataset and evaluated five classification methods,
including Artificial Neural Networks (ANN), Multi Expression Programming
(MEP), k-Nearest Neighbors (k-NN), Support Vector Machines (SVM), and
C5.0 Decision Trees, using inflexible part-of-speech tags as features. Their best
macro-accuracy was 80.94%, with an overall error rate of 20.40% [3]. Avram
(2023) leveraged a Romanian-specific BERT model, achieving approximately
87% macro-accuracy [2]. Nitu et al. (2024) proposed a hybrid Transformer
architecture combining handcrafted linguistic features (lexical, syntactic, se-
mantic, discourse markers) with BERT embeddings, reaching a state-of-the-art
F1-score of 0.95 and reducing the error rate to 4% [15].

While transformer-based approaches demonstrate impressive performance,
their reliance on large pretrained models and substantial computational re-
sources limits their accessibility, especially in resource-constrained environ-
ments. In contrast, our study investigates character n-grams, a lightweight,
interpretable feature set, to assess whether they can achieve comparable per-
formance on the ROST dataset. By systematically evaluating n-gram sizes
ranging from 2 to 5, we aim to demonstrate that simpler, computationally
efficient methods can provide competitive accuracy while offering greater in-
terpretability and ease of deployment.

3.2. Data Preprocessing. In the raw text preprocessing phase, we apply
normalization to standardize the textual data. Therefore, texts were initially
preprocessed to address specific character encoding variations like:

• Diacritic standardization: converting Romanian characters such
as Ş/ş and Ţ/ţ to their canonical forms S, /s, and T, /t, ;

• Punctuation unification:
– convert smart quotes ( „ “ ” ’ ) to straight quotes (")
– convert en/em dashes (–——) to hyphens (-)
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– convert ellipses (. . . ) to triple periods (...)
• Whitespace regularization: collapse multiple contiguous white-

space into a single space

These steps ensure consistency and reduce noise in the dataset, facilitating
more reliable downstream analysis.

In addition to normalization, we performed the following preprocessing steps:

• Case Handling: We conducted experiments using both lowercase
text and the original case, to assess the impact of letter casing on
authorship attribution.

• Digit Replacement: Since the specific values of the numbers were
not relevant to our analysis, all digits were replaced with a special
character (@), which does not occur in the original texts.

• Punctuation Preservation: All other special characters (punctu-
ation marks) were left unchanged, as patterns in punctuation usage
may reflect individual authorial style.

• Whitespace Encoding: Recognizing the potential importance of
whitespace as a stylistic marker, we replaced spaces and tabs with the
underscore character (_), and newlines with the dollar sign ($). This
allows us to explicitly encode paragraph boundaries and whitespace
usage into the N-grams as distinct features.

3.3. Feature Extraction Process. We employ character N-grams to con-
struct stylometric representations of texts, following these steps:

3.3.1. N-gram Definition and Range. Drawing on prior stylometric studies
(Houvardas et al., 2006; Ramezani et al., 2013; Ntoulas et al., 2006; Smith
& Jones, 2022) [8, 19, 21, 24], we analyze character sequences of length N = 2
to N = 5. This range captures both local orthographic patterns (e.g., bigrams)
and longer morphological features (e.g., pentagrams).

3.3.2. Vectorization via TF-IDF. Each document is transformed into a nu-
merical vector using Term Frequency-Inverse Document Frequency (TF-IDF)
weighting. This approach emphasizes N-grams that are statistically distinctive
to individual documents while down-weighting common sequences.

3.3.3. Comprehensive Feature Inclusion. To avoid potential information loss
from premature feature selection, we retain all extracted character N-grams
during initial modeling. This ensures maximal preservation of potential stylis-
tic markers.
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3.3.4. Feature Matrix Construction. The final representation is a D×F matrix,
where:

• D = Number of documents
• F = Total unique N-grams across all N values
• Cell values = TF-IDF weights for N-gram/document pairs

3.4. Experimental Setup and Classification Methods.

3.4.1. Implementation Details. All experiments were conducted in Python, uti-
lizing the following libraries and tools:

• Data Processing and Manipulation: numpy and pandas for nu-
merical operations and data handling.

• Feature Extraction: using TfidfVectorizer from scikit-learn
to generate character N-gram feature representations.

• Model Training and Evaluation: scikit-learn for implementing
and evaluating machine learning classifiers.

3.4.2. Classification Algorithms. We explored several supervised learning algo-
rithms: Support Vector Machine (SVM), Logistic Regression (LR), k-Nearest
Neighbor (k-NN), Decision Trees (DT), Random Forest (RF), and Artificial
Neural Networks (ANN).

3.4.3. Model Evaluation. We use standard metrics including accuracy, macro-
accuracy (aka. balanced accuracy or macro-averaged accuracy), and the clas-
sification report (precision, recall, F1-score), as provided by scikit-learn.

3.5. Experimental Procedure. For each of the classification methods de-
scribed above, we conducted a set of experiments to identify the configuration
yielding the best performance. Our investigation included the following key
aspects:

• Parameter Exploration: For k-NN, we evaluated five different val-
ues of k to determine the optimal neighborhood size.

• Robustness to Randomness: To mitigate the effects of stochastic
variability inherent in certain models, we repeated the training and
evaluation of DT, RF, and ANN five times, each with a different
random seed. This procedure allowed us to assess the stability and
reliability of the results.

• Evaluation Metrics: Performance was assessed using multiple met-
rics, including accuracy and balanced accuracy, to provide a com-
prehensive understanding of classifier effectiveness across potentially
imbalanced classes.
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• Data Splitting: We employed randomly selected train-test splits
to preserve class distribution during evaluation, ensuring fair and
representative performance estimates.

This rigorous experimental protocol ensures that observed performance dif-
ferences reflect genuine model capabilities rather than artifacts of data sam-
pling or initialization.

ML Model Hyperparameters Variation Parameters

SVM kernel: linear —
LR solver: lbfgs, penalty: l2 —
k-NN metric: minkowski n_neighbors = {3, 5, 7, 9, 11}
DT criterion: gini randomstate = {7, 17, 42, 67, 101}
RF n_estimators: 100 randomstate = {7, 17, 42, 67, 101}

criterion: gini
ANN activation: relu randomstate = {7, 17, 42, 67, 101}

hidden layer sizes: (100,50)

Table 1. Summary of machine learning models and their hyperparam-
eters. To ensure that performance differences reflect model characteristics
rather than random variation, DT, RF, ANN were each trained and eval-
uated five times using different random seeds. For k-Nearest Neighbors
(k-NN), five different values of the number of neighbors were tested.

3.6. Parameter Tuning and Model Selection. The dataset was parti-
tioned into training (80%) and testing (20%) subsets. This splitting procedure
was repeated five times to generate distinct train-test partitions, ensuring ro-
bustness and reliability of the evaluation. For each partition, all six machine
learning models (SVM, LR, k-NN, DT, RF, ANN) were trained and evaluated
using the hyperparameter configurations detailed in Table 1.

Furthermore, to assess the impact of text casing on model performance,
experiments were conducted on both the original case and fully lowercased
versions of the texts.

3.7. Results Overview and Key Findings.

3.7.1. Impact of Letter Casing on Classification Performance. We conducted
experiments comparing classification performance on original-case versus fully
lowercased texts. The observed differences in Macro-Accuracy (MAcc) were
generally minor. The largest difference, 0.031, occurred with the k-Nearest
Neighbors (k-NN) classifier at n-gram size N = 3, where the lowercase repre-
sentation slightly outperformed the original case.

Figure 1 depicts the variation in MAcc differences across all classifiers and
n-gram sizes. Overall, lowercase texts tend to yield marginally better results,
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Figure 1. Differences in Macro-Accuracy (MAcc) averages between
fully lower-cased and original-case texts for each N-gram size (N = 2 to 5)
and for each of the six classification methods: SVM, LR, k-NN, DT, RF,
and ANN. The values used to calculate the differences presented in the
chart, were computed as follows: for each N-gram size, each classification
method and each (letter) casing, several runs were executed (as described
in Table 1 and in section 3.6) and the results were averaged.

particularly for k > 3 and for the k-NN and LR classifiers. However, in most
cases, the difference remains below 0.02, which is negligible and likely falls
within the range of normal variation due to hyperparameter tuning.

For ANN, the average difference between casing strategies is even smaller,
approximately 0.009. Interestingly, at n-gram size N = 5, the trend reverses
slightly, with original-case texts performing better, as further illustrated in
Figure 4.

These findings suggest that letter casing has no consistent or substantial
impact on classification performance across the evaluated methods. The minor
differences observed are unlikely to affect practical outcomes or model selection
decisions.

3.7.2. The Impact of N-gram Size on Classification Performance. Figure 2
presents the variation in of Macro-Accuracy (MAcc) with respect to the N-
gram size parameter k (ranging from 2 to 5) for each of the six classification
methods: SVM, LR, k-NN, DT, RF, and ANN.

It is important to note that in Figures 2e and 2f, the y-axis scale is adjusted
to focus on the observed variations in MAcc, rather than spanning the full
range from 0 to 1. This scaling facilitates a clearer visualization of performance
trends as k changes.
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A noticeable decline in MAcc is observed for RF (Figure 2e) as the N-gram
size increases. Conversely, ANN shows a general upward trend in MAcc with
larger N-gram dimensions. For SVM, the highest MAcc is achieved at k = 4,
while k-NN attains its peak performance at k = 2. The remaining methods do
not exhibit a clear monotonic trend in MAcc relative to the N-gram size.

3.7.3. Best Results. ANN achieved the best overall performance, with average
accuracy and macro-accuracy (MAcc) values exceeding 0.9, as summarized in
Table 2. Tables 3 and 4 present the average accuracy and MAcc for each
model across N-gram sizes (N = 2 to 5), reported separately for original-case
and lowercase texts.

Model Macro-Accuracy (avg) Accuracy (avg)

SVM 0.761 0.762
LR 0.701 0.725
k-NN 0.608 0.590
DT 0.632 0.631
RF 0.874 0.884
ANN 0.934 0.935

Table 2. The average of Macro-Accuracy and Accuracy scores obtained
for all six classification methods (SVM, LR, k-NN, DT, RF, ANN).

ANN consistently outperformed other models, except at k = 2, where RF
achieved superior results. This trend is illustrated graphically in Figure 3,
which visualizes the MAcc values from the aforementioned tables.

For ANN, the highest performance was observed at k = 4 using original-
case letters, and at k = 5 using lowercase letters—with lowercase slightly
outperforming original case by 0.003 in MAcc. Conversely, RF achieved the
best results at k = 2, with average macro-accuracy values of 0.914 (original
case) and 0.919 (lowercase). Examining RF results further (Figures 2e ) we
observe a slight decrease in average accuracy as k increases, although MAcc
values across different k are not clearly separated.

Notably, ANN achieved perfect classification (accuracy = 1.0) in one of the
test runs. This raises the question of whether such perfect accuracy reflects
a consistent pattern for that particular train-test split, or if it is an isolated
occurrence. To address this, we conducted an extended series of 15 experiments
using different random seeds:

{7, 17, 29, 31, 37, 41, 42, 43, 47, 53, 59, 67, 83, 101, 137}
for both original-case and lowercase texts, for that specific split . As shown in
Figure 4, perfect accuracy was reached in four cases: twice for random_state =
42 (in both casing conditions) and two additional times for original-case texts.
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Model 2-gram 3-gram 4-gram 5-gram

SVM MAcc avg 0.328 0.869 0.934 0.899
Acc avg 0.309 0.874 0.933 0.911

LR MAcc avg 0.502 0.791 0.795 0.744
Acc avg 0.531 0.807 0.812 0.770

k-NN MAcc avg 0.772 0.603 0.526 0.559
Acc avg 0.765 0.589 0.502 0.535

DT MAcc avg 0.635 0.575 0.666 0.676
Acc avg 0.633 0.581 0.667 0.675

RF MAcc avg 0.919 0.883 0.857 0.838
Acc avg 0.916 0.893 0.869 0.857

ANN MAcc avg 0.894 0.945 0.951 0.954
Acc avg 0.899 0.944 0.951 0.952

Table 3. The Macro-Accuracy (MAcc) and Accuracy (Acc) scores ob-
tained for different N-gram sizes (N = 2 to 5), using fully lowercased text,
for all six classification methods (SVM, LR, k-NN, DT, RF, ANN). Values
shown represent the average of the macro-accuracy scores computed over
multiple experimental runs.

Model 2-gram 3-gram 4-gram 5-gram

SVM MAcc avg 0.356 0.872 0.938 0.894
Acc avg 0.348 0.877 0.938 0.909

LR MAcc avg 0.510 0.771 0.777 0.719
Acc avg 0.541 0.793 0.798 0.748

k-NN MAcc avg 0.755 0.572 0.511 0.550
Acc avg 0.768 0.550 0.483 0.526

DT MAcc avg 0.611 0.577 0.660 0.657
Acc avg 0.603 0.575 0.662 0.655

RF MAcc avg 0.914 0.890 0.848 0.841
Acc avg 0.912 0.898 0.863 0.863

ANN MAcc avg 0.889 0.947 0.951 0.945
Acc avg 0.895 0.943 0.950 0.948

Table 4. The Macro-Accuracy (MAcc) and Accuracy (Acc) scores ob-
tained for different N-gram sizes (N = 2 to 5), using original case text,
for all six classification methods (SVM, LR, k-NN, DT, RF, ANN). Values
shown represent the average of the macro-accuracy scores computed over
multiple experimental runs.
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(a) (b)

(c) (d)

(e) (f)

Figure 2. Variation of MAcc across different N-gram sizes (N = 2 to
5) for all six classification methods: (A) SVM, (B) LR, (C) k-NN, (D) DT,
(E) RF, and (F) ANN. This analysis examines how varying the N-gram
size affects the models’ performance. Values shown represent the average
of the macro-accuracy scores computed over multiple experimental runs.

The standard deviation of MAcc across these runs was approximately 0.02
(0.02039 for lowercase, 0.01938 for original case, and 0.02040 overall). No clear
pattern emerged relating accuracy variation to the random seed. However,
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(a) (b)

Figure 3. Comparison of Macro-Accuracy (MAcc) scores for N-gram
with N = 2 to 5, for original case text (A), and fully lowercased text (B)
and for all six classification methods (SVM, LR, k-NN, DT, RF, ANN).
Values shown represent the average of the macro-accuracy scores computed
over multiple experimental runs.

original-case texts tended to perform slightly better on average, with a 0.01
higher MAcc (0.974 vs. 0.962 for lowercase), reversing the trend observed in
Tables 3 and 4. Given the small magnitude of these differences, and the re-
versed trend in the second set of experiments for ANN, we conclude that casing
(original vs. lowercase) does not have a significant impact on classification per-
formance.

3.8. Comparison with Existing Results. In the literature, the best re-
ported accuracies for authorship attribution often exceed 95%. For example,
Posadas et al. [16] combined word N-grams with the Doc2Vec method, achiev-
ing over 98% accuracy on some test sets. Similarly, Zhang et al. [25] explored
character-level convolutional neural networks (CNNs) and reported a minimal
error rate of 1.31% when using N-grams.

Reported accuracies vary widely depending on the dataset, feature selection,
and classification methods, typically ranging from approximately 70% upwards.

Authorship attribution for Romanian is still relatively underexplored, al-
though recent interest has been increasing. Notably, Nit,u et al. [15] reported
an F1-score of 0.87 on a 19-author dataset, improving to 0.95 on ROST, the
same dataset used in our study. Also on ROST, Avram et al. [3] achieved
a lowest overall error rate of 20.40% across several machine learning models,
while Avram et al. [2] reported macro-accuracy up to 87% using a Romanian
pretrained BERT model.

Our approach, employing an Artificial Neural Network (ANN), achieved an
initial average macro-accuracy of 0.935 across five data splits, with one split
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Figure 4. The Macro-Accuracy (MAcc) scores corresponding to each
of the 15 experimental runs of the Artificial Neural Network (ANN) and
for the one split that produced the highest classification accuracy in the
previous experiments. rs denotes the random_state value used to initial-
ize the ANN and shows the 15 distinct parameter settings.

yielding perfect classification (macro-accuracy = 1.0). To evaluate the con-
sistency of this result, we extended the analysis to 15 additional runs with
randomized seeds (Section 3.7.3). For original-case texts, the expanded tri-
als demonstrated a mean macro-accuracy of 0.974 (with a standard deviation
σ ≈ 0.02), aligning with the 0.979 baseline from initial testing on the same split.
Perfect classification occurred in four runs: once under lowercase transforma-
tion and three times with original casing. Notably, random seed 42 produced
perfect classification under both text conditions.

These results demonstrate that our lightweight, character N-gram based ap-
proach with ANN matches or surpasses existing benchmarks for Romanian au-
thorship attribution, offering a competitive alternative to more complex models
such as BERT or transformer-based approaches.

4. Conclusions and Future Work

In this paper, we addressed the authorship attribution problem using a
Romanian dataset previously employed in [2] and [3]. To our knowledge, this
is the first study to apply character N-gram based methods for Romanian
authorship attribution.
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We evaluated six machine learning techniques: Support Vector Machine
(SVM), Logistic Regression (LR), k-Nearest Neighbor (k-NN), Decision Trees
(DT), Random Forest (RF), and Artificial Neural Networks (ANN). Among
these, the ANN model achieved the best performance, including perfect clas-
sification in four out of thirty runs for 5-gram features.

For future work, we plan to extend our research in the direction of identi-
fying significant character-level stylistic features. We also plan to extend our
investigation by incorporating additional feature types such as word N-grams,
part-of-speech tags, and other linguistic markers. These enhancements aim
to further improve attribution accuracy. Given the good evaluation scores
reported in some papers over the collection of texts we used, we also plan to
develop a more challenging benchmark for Romanian and with a higher real-life
relevance.
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