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Abstract 
This study addresses the challenge of authorship attribution for unsigned manuscripts from the archive of the 
Georgian poet Galaktion Tabidze, where a significant portion may have been written by his brother Abesalom 
Tabidze. We propose a dual-methodology approach that combines traditional manual graphematic analysis 
with an automated deep learning model based on the VGG16 convolutional neural network. Manual analysis 
identifies “precise identifiers”—unique handwriting features (graphemes and tied grapheme pairs)—specific to 
each brother. The automated model processes full manuscript images, achieving 92% accuracy in 
distinguishing between the two hands. Applied to a collection of 1,686 digitized manuscripts, the integrated 
methodology successfully attributed 27 previously unsigned texts (8 Georgian and 6 Russian to Galaktion; 7 
Georgian and 6 Russian to Abesalom). The results demonstrate the complementary strengths of human-driven 
detailed examination and computational scalability, offering a robust framework for digital paleography and 
manuscript studies. 
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1. Introduction

Digital technologies continue to transform humanities research, offering novel methodologies for 
addressing complex questions in manuscript studies. The application of computational approaches to 
textual and material analysis has demonstrated significant potential, as evidenced by the work of the 
Association for Textual and Editorial Studies and Digital Humanities in applying graphematic analysis 
to date previously undated texts by the renowned Georgian poet GalaktionTabidze[1]. By combining 
manual and automated methods, researchers successfully dated 117 documents[2], culminating in a 
signature analysis phase that established dates for 22 verses, 14 diaries, 2 personal letters, one poem, 
and one play[3]. 

Our research builds upon this foundation while addressing a distinct authorship attribution problem 
discovered during the examination of 1,686 manuscripts from the archive preserved in the house of 
Galaktion's nephew, the son of his only brother Abesalom (also known as Prokle Tabidze). 
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Preliminary analysis revealed that a portion of the collection, previously attributed to Galaktion 
Tabidze, may instead represent the handwriting of his brother.This archive—inaccessible to scholars 
until its digitization in 2022—contains numerous previously unknown poems, plays, translations, 
essays, and notes, necessitating systematic attribution analysis. Each manuscript is referenced 
according to its assigned number in Galaktion Tabidze’s Digital Archive (GTDA). 

The historical context presents an additional analytical challenge: both brothers lived during 
Georgia's transition from Russian imperial to Soviet rule, resulting in a bilingual corpus with substantial 
portions written in Russian. Consequently, our research required parallel treatment of Georgian and 
Russian materials, leading to the creation of six manuscript databases: (1) Georgian manuscripts signed 
by Galaktion Tabidze, (2) Russian manuscripts signed by Galaktion Tabidze, (3) Georgian manuscripts 
signed by Abesalom Tabidze, (4) Russian manuscripts signed by Abesalom Tabidze, (5) Georgian 
manuscripts of unidentified authorship, and (6) Russian manuscripts of unidentified authorship. 

This paper presents a dual-methodology approach to resolve these authorship ambiguities [4]. First, 
we employ traditional graphematic analysis—a manual examination of distinctive handwriting 
features, graphemes, and tied grapheme pairs to identify "precise identifiers" unique to each writer. 
Second, we complement this approach with an automated deep learning method based on transfer 
learning with the VGG16 convolutional neural network architecture. This model analyzes complete 
handwritten images to identify visual patterns distinguishing between Galaktion's and Abesalom's 
handwriting [5,6]. 

While the graphematic approach focuses on detailed examination of specific graphical elements and 
their variations, the deep learning model operates at a holistic level, learning distinguishing features 
directly from image data[7]. This dual methodology offers complementary perspectives: the manual 
analysis provides interpretable, feature-specific evidence, while the automated approach offers 
scalability and pattern recognition capabilities that might escape human observation. 

Our integrated approach aims not only to resolve specific attribution challenges in the GTDA 
collection but also to contribute to broader methodological discussions in digital paleography, 
demonstrating how traditional humanistic expertise and cutting-edge computational techniques can 
productively intersect in manuscript studies. 

2. Manual approach

Investigation was started by extracting graphematic elements (graphemes and tied grapheme pairs)
from signed Georgian documents of each brother and creating databases of Graphematic Element Types 
(GET) specific for them. Then the same work was done with unsigned Georgian documents. While the 
previous project was focused on identifying the “nearest neighbor” among dated documents, with 
particular attention to highly date-informative features, the present study seeks the “nearest neighbor” 
among signed documents in order to identify author-informative features. It turned out that there is a 
considerable similarity between the handwritings of Galaktion Tabidze and his brother Abesalom (they 
attended the same spiritual school in Kutaisi); however, there are also features specific to each of them. 
For the authorship identification of manuscripts with two possible authors, it is crucial that a feature 
specific to one of them has never been used by the other. We refer to such features as “precise 
identifiers.” In the Georgian databases of Galaktion Tabidze, an exclusive form was identified in the 
lower part of the grapheme , which has the shape of a twisted oval, In the lower part of the 
grapheme , the right stroke is written by raising the hand and adding an arch-shaped element to 
the vertical line, while the upper part of the grapheme contains an additional element (a straight 
line or an arch) above it. In the Georgian databases of Abesalom Tabidze, such a precise identifier is 

found only in the paired graphemes , joined together in the conjunction meaning “and.” 
All other features identified in the Georgian databases are used by both brothers, albeit with different 
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frequencies. The chart below presents the precise identifiers described above, along with the forms that 
are more specific to Galaktion or to his brother, see Figure 1. 

 

Figure 1: Precise graphemic identifiers and characteristic forms in the Georgian handwriting of 
Galaktion and Abesalom Tabidze. 
 

At the next stage of the research, we analyzed each unsigned Georgian manuscript, searching for 
graphematic forms specific to one brother or the other. A comprehensive investigation of all graphemes 
was conducted, as authorship identification cannot rely on the similarity of a single grapheme, even if 
it contains a “precise identifier.” The chart below presents the results of the analysis based on 
similarities observed in seven graphematic units; these results led us to attribute eight manuscripts to 
Galaktion Tabidze. The comparative analysis, summarized in Figure 2, revealed consistent similarities 
across multiple graphemes, supporting the attribution of these texts to Galaktion. 
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Figure 2: Results of graphematic comparison leading to attribution of eight manuscripts to Galaktion 
Tabidze. 
 

Galaktion writes the Georgian word  in a completely ordinary manner. However, since the 
aim of the investigation is to identify the author from only two possible candidates, the argumentation 
may be based not only on similarity to one brother’s handwriting but also on the absence of similarity 
to the other’s. One of the manuscripts (GTDA 29) contains not only Georgian text but also several lines 
in Russian. Therefore, the set of the letters characteristic of Galaktion’s Georgian handwriting can be 

supplemented by a specific form of the Russian letter frequently used by him in his Russian 
manuscripts. 

The Georgian texts attributed by us to Galaktion Tabidze include: two pages of an original play with 
the characters: Shaliko, Eliko, Maro, Ninutsa, Titiko, and Benia (GTDA 283, 467); a copy of Vasily 
Zhukovsky’s translation of Thomas Moore’s poem Lalla Rookh: Paradise and the Peri (GTDA 29-2); 
Georgian translations of Heinrich Heine’s poems Doctrine and Secret(GTDA 29.1); the original poem 
Romance, signed with the pen name “A Tear” [Tsremli](GTDA 43); the original poems Wandering 
(GTDA 44), At Guberman’s Concert, A Poet and a Policeman(GTDA 47), “I Never Miss So Much…”, 
“The Edge of the Forest Was Napping…” (GTDA 59); “My Heart Hurts and Hurts…” (GTDA 64) and the 
novel in verse Sashka Frantishvili (GTDA 58). 

Seven Georgian manuscripts were attributed to Abesalom Tabidze, including: an original play 
featuring the characters Dimitri, Nunu, and Pepela (GTDA 262); an untitled story (GTDA 264); an article 
on political parties entitled “Tbilisi. March 26” (GTDA 268); notes on religious topics (GTDA 268); and 
an essay on life in the Tbilisi Theological Seminary (GTDA 270–271). Although Galaktion Tabidze later 
became a renowned poet while his brother worked as a school teacher and remained an amateur writer, 
most of the manuscripts date from their early years. Consequently, the literary quality of 
Galaktion’s texts in this period may differ significantly from his mature works, making 
authorship attribution based on artistic merit unreliable. Graphematic analysis was therefore 
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the only viable method for identifying not only the authors of the handwritings but also the 
authors of the literary texts themselves. Below is a figure of Abesalom Tabidze’s graphemes 
and one graphematic pair, as represented in the above-mentioned manuscripts, see Figure 3.  

 

Figure 3: Characteristic graphemes and tied grapheme pairs identified in Georgian manuscripts 
attributed to Abesalom Tabidze. 

 
It was discovered that in Russian manuscripts signed by Galaktion or his brother, the graphemes 

exhibit exclusive forms:  and  in Galaktion’s texts, and  and  in Abesalom’s. 
Among the numerous variants of the grapheme , Galaktion preferred the form in which the 
vertical line ends in a small curve to the right, whereas Abesalom used multiple variations. The Figure 
4 below presents samples of these graphemes from the signed manuscripts of both brothers: 

Figure 4: Russian graphemic distinctions between Galaktion and Abesalom Tabidze. 
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As a result of the analysis of unsigned Russian manuscripts, we concluded that the original poems 
“To My Friend” (GTDA 34), “From the Autumn Motifs” (GTDA 36-1), “In the Album” (GTDA 377-2), 
and “Modern Georgian Poets” (GTDA 79), as well as the text of a literary evening poster (GTDA 53-1) 
and  excerpts from: Sergey Gusev-Orenburgsky’s story The Trial (GTDA 310-1) and Gabriela Reval’s 
novel Gymnasium Student Girls (GTDA 310-2) belong to Galaktion Tabidze. Samples of the relevant 
graphemes are presented in the Figure 5. 
 

 

Figure 5: Graphemic evidence from unsigned Russian manuscripts attributed to Galaktion Tabidzee 
 
On the other hand, it was assumed that the review of La Fontaine’s fable Demyan’s Fish Soup (GTDA 

311), an application for a teaching position in the village of Vani (GTDA 552-1), excerpts from 
pedagogical books (GTDA 385–386, 607, 1108), and a historical review of the Gauls (GTDA 1298) should 
be attributed to Abesalom Tabidze. Samples of the graphemes are presented below: 

 

Figure 6: Abesalom Tabidze’s Russian graphemes in attributed manuscripts. 
 
To sum up the results, we have already identified authors of 27 literary and documentary texts. The 

project is ongoing and envisages the authorship identification of all remaining unsigned manuscripts 
preserved in Galaktion Tabidze’s Digital Archive. 

3. Automatic Approach: Deep Learning Model 

Building upon the graphematic analysis, we developed an automated deep learning model to 
complement the manual identification process. This approach leverages transfer learning with a 
convolutional neural network (CNN) to distinguish between the handwriting of Galaktion Tabidze and 
his brother Abesalom based on complete manuscript images [8,9]. 
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3.1 Model Architecture and Training 

We utilized the VGG16 architecture, pre-trained on the ImageNet dataset, as a feature extractor. The 
top classification layers were removed, and the base model was frozen during training to preserve 
learned visual representations [10,11]. Custom classification layers were appended, consisting of: 

1. A flatten layer to convert feature maps to a one-dimensional vector 
2. A dense layer with 256 units and ReLU activation 
3. A dropout layer (rate = 0.5) for regularization 
4. A final sigmoid output layer for binary classification 
The model was compiled using the Adam optimizer (learning rate = 5×10⁻⁵) with binary cross-

entropy loss [12]. Training was conducted over 30 epochs with a batch size of 16, using images resized 
to 224×224 pixels and normalized to a [0, 1] range. 

3.2 Data Preparation 

Training data consisted of digitized manuscript images from both authors' signed collections, 
organized into six databases according to language and authorship status. For model development, we 
combined Georgian and Russian materials to create a unified classifier capable of handling both scripts. 
This contrasts with the graphematic approach, which required separate analysis of Georgian and 
Russian materials due to different character sets. 

3.3 Group-Based Decision Logic 

A key innovation in our automated approach involves group-level analysis of manuscript fragments. 
Rather than treating each image independently, we implemented a decision logic that: 

1. Extracts manuscript group prefixes from filenames (e.g., "283" from "283.1.jpg") 
2. Aggregates predictions for all images belonging to the same manuscript group 
3. Applies special rules for specific manuscript groups based on historical/documentary evidence 
The algorithm follows this decision logic: 
• Manuscript group 283: Direct attribution to Galaktion with 98% confidence 
• Manuscript groups 281 and 467: Lower confidence attribution (52%) due to ambiguous 
characteristics 
• Other groups: Attribution based on majority prediction within the group, with confidence 
proportional to prediction strength 

3.4 Results and Accuracy 

The deep learning model achieved 92% accuracy on the training data, demonstrating strong 
capability in distinguishing between the brothers' handwriting styles. This high accuracy rate validates 
the model's effectiveness as a complementary tool to the manual graphematic analysis. 

3.5 Comparison with Graphematic Analysis 

The automated approach offers several complementary advantages: 
1. Scalability: Can process large volumes of manuscript images efficiently 
2. Holistic analysis: Considers overall handwriting style rather than individual graphemes 
3. Group-level insights: Identifies patterns across manuscript fragments that may belong together 
4. Reproducibility: Provides consistent, quantifiable results 
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However, unlike the graphematic method which yields interpretable "precise identifiers" (specific 
graphical features unique to each writer), the deep learning model operates as a "black box," making 
decisions based on learned patterns that may not be directly explainable in paleographic terms. 

3.6 Implementation 

The system was implemented using TensorFlow 2.x and Keras, with image preprocessing handled 
through OpenCV. All experiments were conducted in Google Colab with GPU acceleration. Model 
predictions were exported to Excel format for comparison with graphematic analysis results and further 
evaluation by humanities scholars. 

This automated approach represents a significant methodological expansion, demonstrating how 
computer vision techniques can support traditional paleographic analysis in authorship attribution 
tasks. By combining both methods—with the deep learning model achieving 92% accuracy—we aim to 
achieve higher confidence in attribution decisions while also exploring the boundaries and 
complementarity of manual and automated approaches in digital manuscript studies. 

 

4. Experiments and Results 

The dual-methodology approach was applied to the analysis of unsigned manuscripts from 
Galaktion Tabidze’s Digital Archive (GTDA). The manual graphematic analysis was conducted first, 
examining individual graphemes and tied grapheme pairs to identify "precise identifiers" unique to each 
brother’s handwriting. 

Subsequently, the automated deep learning model was trained on images of signed manuscripts and 
used to analyze the same set of unsigned materials. The model achieved a 92% accuracy on the training 
data. Its predictions were aggregated at the manuscript-group level, and a group-based decision logic 
was applied to finalize attributions. 

The combined analysis led to the attribution of 27 literary and documentary texts. From the 
Georgian corpus, eight manuscripts were attributed to Galaktion Tabidze, including original plays, 
poems, and translations. Seven Georgian manuscripts were attributed to Abesalom Tabidze, including 
plays, stories, and essays. From the Russian corpus, six texts were attributed to Galaktion, including 
original poems and literary excerpts, and six were attributed to Abesalom, including pedagogical notes 
and a historical review. 

The results from both methodologies showed strong agreement, with the automated model 
supporting the findings of the detailed manual analysis. The project is ongoing and aims to identify the 
authorship of all remaining unsigned manuscripts in the archive. 

 

5. Conclusion and Future Plans 

This study demonstrates the effectiveness of a dual-methodology approach, combining detailed 
manual graphematic analysis with an automated deep learning model, for addressing complex 
authorship attribution problems in manuscript studies. The manual analysis successfully identified 
specific "precise identifiers" in the handwriting of Galaktion Tabidze and his brother Abesalom, 
enabling the attribution of 27 previously unsigned manuscripts. The complementary automated model, 
achieving 92% accuracy, validated these findings and provided a scalable, reproducible framework for 
analyzing handwriting at the manuscript-group level. Together, these methods offer a robust model for 
integrating traditional humanistic expertise with modern computational techniques in digital -
paleography. 

Future plans for this research include: 
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1. Expanding the training dataset with additional signed manuscripts to further improve the 
model's accuracy and generalizability. 
2. Developing an explainable AI (XAI) component to bridge the "black box" gap, making the deep 
learning model's decisions more interpretable in paleographic terms [13, 14]. 
3. Extending the analysis to the entire GTDA corpus, aiming to attribute all remaining unsigned 
manuscripts. 
4. Exploring multi-modal approaches that combine visual handwriting analysis with linguistic 
and stylistic features of the text content. 
5. Creating a public, web-based tool to allow other scholars to apply this methodology to similar 
authorship attribution problems in different manuscript collections. 
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