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Abstract - This paper presents a new modality of exploring variants in a 
textual collation through the support of a visual tool. In particular, 
techniques from Information Visualization were applied to explore the 
patterns of variants in a collation.  To apply the visual tool in a practical 
case, we used a collation of manuscripts provided by a simulated textual 
tradition. We show how such an approach may be very useful to quickly 
discover specific variants, patterns of variants, and compare variants 
between pairs of manuscripts. 
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1.  INTRODUCTION 
 
There are several situations in the real world where we try to 
understand some phenomena, data, and events using graphics. 
Some aspects, such as when people need to find a route in a city, 
the stock market trends during a certain period, the weather 
forecast in Europe, may be understood better using graphics rather 
than text. Graphics are powerful as they instantly convey large 
amounts of information to our mind, and allow us to recognize 
essential features and to make important inferential processes. 
Thanks to their spatial clarity (Larkin and Simon, 1987), well 
constructed graphical representations of data allow people to 
quickly discover regularities, relationships, patterns, trends, 
clusters and outliers in data, and therefore to gain insights that 
might lead to significant discoveries. 
Visualization, meant as the graphical display of data with the aim 
of maximizing comprehension1, has had a great expansion over the 
 
1 A Dictionary of Computing. Oxford University Press, 2004. Oxford Reference 
Online, Oxford University Press. 

The Evolution of Texts: Confronting stemmatological and Genetical Methods, Proceedings of the 
International Workshop held in Louvain-la-Neuve on September 1-2, 2004, edited by C. Macé, P. Baret, 

A. Bozzi, L. Cignoni”.  Linguistica Computazionale, volumes XXIV-XXV. Istituti Editoriali e Poligrafici 
Internazionali, Pisa-Roma. ISBN: 88-8147-435-2. ISSN: 0392-6907. 
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last years thanks to the availability of more and more powerful 
computers at low cost. A new discipline, Information Visualization 
(Spence, 2001; Card et al., 1999) explores the use of computer-
supported interactive visual representations with the aim of 
explaining data and amplifying cognition. The basic principle of 
Information Visualization is to present abstract data in a visual 
form and use human perceptual abilities for their interpretation. 
The term ‘abstract data’ is used to distinguish between data that 
has a physical correspondence and is closely related to 
mathematical structures and models (e.g. the airflow around the 
wing of an airplane, or the density of the ozone layer surrounding 
the earth) and data that is more abstract in nature (e.g. the stock 
market fluctuations, people, texts, etc.). Information Visualization 
is dealing with abstract data sets as a distinct flavor (Hermann et 
al., 2000). 

Information Visualization is applied in three major tasks: 
exploration (searching for relationships, trends, and interesting 
phenomena); confirmation (validating or refuting hypotheses); and 
presentation (conveying information to others). By managing 
complex multi-dimensional data with appropriate visualization 
techniques people form mental models of the data and obtain a 
better understanding of specific features of the data (Spence, 
2001). 

Computers may facilitate the visualization process with some 
visualization tools. Thanks to computers, visualizations can be 
‘interactive’, which means that people can manipulate 
visualization, e.g. zooming in on a relevant item, or filtering out 
unnecessary items. People can then identify interesting facts when 
the visual display changes. For instance, one can have at a glance 
an overview of the whole dataset, and then zoom to a particular 
area of the visualization that seems to present some regularity. As 
Ben Shneiderman wrote in the foreword of Chen (2004), 
Visualizations are especially potent in promoting the intuition and 
insights that lead to breakthroughs in understanding the relevant 
connections and salient features. 

This methodology could be applied to philology. Since 
philologists are trying to gather together the manuscripts that share 
the same patterns of variants, such an approach may be very useful 
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to quickly discover those patterns and form mental models. In 
order to test this methodology, we decided to apply one of the most 
popular visualization tools on an artificial manuscript tradition. 

 
 
2. TABLELENS 
 
Among the several tools available for the visual analysis of 
multidimensional data, we have chosen TableLens. It was 
originally created by Rao and Card (1994) and has now become 
commercial software by Inxight Software, Inc. TableLens allows 
exploration of large amounts of record-oriented, tabular data in 
columns and rows. Instead of displaying numbers and words, 
TableLens fills the cells with scaled horizontal bars (Figure 1). 
However, the power of TableLens lies in the interactions that can 
be performed by the user on the visualization. Users can 
manipulate and rearrange data to be displayed in different orders 
and focus on specific values. In particular, users can: 
 
• Sort by clicking on columns. 
• Rearrange columns by drag and drop. 
• Promote columns to create subgroups.  
• Focus by clicking on a cell or by clicking and dragging to 

focus a whole row or multiple rows.  
• Filter subsets to create smaller - more specific - datasets.  
• Spotlight data (rows/columns) to track particular information.  
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Figure 1 - The TableLens application. Image from Inxight website 

By rearranging and manipulating the visualization, a user is able to 
compare a large number of variables and find both expected and 
unexpected patterns, trends, and relationships between data sets. In 
fact, mapping the data to the lines in the histogram makes it easier 
for a user to view patterns in the entire dataset. A user can then 
focus his attention on a particular column or range of data by 
expanding the data behind the visualization without losing the 
surrounding patterns. 
 
 
3.  DATA ANALYSIS 
 
To apply the visual tool in a practical case, we used data provided 
by an artificial manuscript tradition (see Baret et al., this volume). 
The collation consists of 12 manuscripts produced from the 
archetype, the first manuscript considered as the original one. In 
this experiment we want to compare the archetype text against the 
different texts by identifying variants among them. 
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A matrix was created that encodes a (reduced) set of variants found 
in each manuscript with respect to the archetype text, used as 
reference (see Table 1). The total number of variants considered 
was 56. 

TABLE 1 

Encoding the variants (partial table) 

 A B C D F J L M S T
2 

U V 

1 0 0 0 0 0 0 0 1 0 0 0 0 

2 0 0 0 0 0 0 0 0 0 1 0 0 

3 0 0 1 1 0 0 0 1 1 0 0 0 

4 0 0 0 0 0 1 0 0 0 0 0 0 

5 1 0 1 1 1 1 0 1 1 0 1 1 

6 0 1 0 0 1 0 1 0 0 0 1 1 

7 0 0 0 0 0 1 0 0 0 0 0 0 

8 0 0 0 0 0 0 1 0 0 0 0 0 

9 0 0 0 0 0 0 0 1 0 0 0 0 

10 1 0 1 0 0 1 0 1 0 0 1 0 

11 0 0 0 0 1 0 0 1 0 0 0 0 

… . . . . . . . . . . . . 

… . . . . . . . . . . . . 

56 0 0 1 1 0 0 0 1 1 0 0 0 

Columns correspond to the manuscripts of the collation. Each row 
in the matrix corresponds to a variant found in one or more texts. 
For each variant, we record a:  
 
• 0 if the reading matches the reference text 
• 1 if the reading does not match the reference text 
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Each single row corresponds to a place where a word (or a group 
of words) is changed to the same variant in one or more 
manuscripts. For instance, in variant 11 the word ‘rassasier’ that 
we find in a particular location of the reference text is changed to 
‘rassassier’ in documents F and M. A particular word (or group of 
words) of the reference text changed into different variants 
corresponds to different rows in the table. So each row corresponds 
to a specific reading across the manuscripts. 

 

Figure 2 - TableLens displaying data from Table 1 

We used the TableLens tool to analyze the manuscript variants 
encoded in Table 1. A screenshot with the first graphical 
representation produced with TableLens is represented in Figure 2. 
Columns in that representation correspond to manuscripts. Each 
row reports a specific variant, identified with a horizontal bar in the 
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manuscripts in which this appears. No distinction was made 
between different variants; therefore, all the horizontal bars have 
the same length. 

Clearly, the table represented in Figure 2 cannot provide us with 
any sort of insight. However, humans have remarkable perceptual 
abilities to quickly detect patterns in such a representation. We can 
manipulate and rearrange data to be displayed in a different order 
and focus on specific patterns that might emerge in such 
manipulations. In particular, we rearranged the data in Figure 2 in 
order to put documents that share most of the variants next to each 
other, and ordered the vertical bars to have most of the patterns 
emerging. The results of the rearrangement are depicted in Figure 
3. In the next sections we will explore some insights that can be 
gained with such a graphical representation. 

 

Figure 3 - Rearrangement of data 
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3.1. Isolating specific variants 
 

 

Figure 4 - Isolating specific variants. The labelled rectangles were added 
manually to highlight the group of isolated variants.  

First, we start with detecting isolated variants, which are variants 
that are specific for a particular manuscript and are not shared with 
others. It appears from Figure 4 that manuscripts J, A, M, D, V, L, 
and T2 have at least one specific variant. Also, the cardinality of 
such variants can be seen: manuscript M, for instance, has 8 
specific variants, while manuscript D has only 1 specific variant. 
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3.2. Detecting patterns  
 

 

Figure 5 - Detecting patterns 

The next step in the visual analysis is the detection of patterns of 
variants. Patterns consist of groups of documents sharing some 
variants. We decided to take into account patterns of documents 
sharing (arbitrarily) two or more variants. Figure 5 shows that 
patterns are formed by the following groups of manuscripts: 



 10 

TABLE 2 

Patterns derived by representation in Figure 5 

P1 JAMCSDFUV 
P2 JAMCSDFUVB 
P3 JAMCSDF 
P4 JAMCSFT2 
P5 JA 
P6 JAMC 
P7 MC 
P8 FUVBL 
P9 BL 
P10 MCSD 
P11 FUV 

  
 
3.3. Comparing documents 
 

  

Figure 6 - Comparing variants between couples of manuscripts 

TableLens can also be used to directly compare pairs of 
manuscripts. We can filter out columns and leave only manuscripts 
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that we want to compare. Figure 6 shows two screenshots that 
show the variant relationships between manuscripts M and C (on 
the left), and manuscripts C and S (on the right). Columns are 
rearranged in order to visually differentiate groups of variants. For 
instance, we can see from Figure 6 on the left that manuscripts M 
and C share a lot of variants. Furthermore, manuscript M has 
several specific variants with respect to manuscript C and, at the 
same time, manuscript C has one variant that is not present in 
manuscript M.  
 
 
4. CONCLUSIONS AND FUTURE WORK 
 
In this paper we applied a visualization tool to depict the variants 
obtained in a textual collation. We have seen how the interactive 
exploration of variants in TableLens may be very useful to quickly 
discover specific variants, patterns of variants, and compare 
variants between couples of manuscripts.  

Here we adopted a merely visual and statistical approach that 
may be considered arguable by philologists. In fact, philologists 
take into consideration other evidence when analyzing variants 
(orthographical, lexical, historical, etc.). However, we think that 
such a visual approach, alongside other philological and linguistic 
techniques, might lead to interesting results. In particular, we can 
visually differentiate different types of variants. For instance, we 
can use different colours to distinguish between different types of 
variants (an orthographical error, the addition of a word, the 
inversion of two words, etc.). The length of the horizontal bars on 
the TableLens tool can be mapped with the length of the variant in 
number of words. For instance, an omission of 5 words can be 
represented with a horizontal bar that is 5 times longer than an 
omission of 1 word. Moreover, it would  be helpful to provide the 
user with the possibility to point with the mouse to a variant and 
open a new window displaying more information (for instance, 
reading, location, type, etc.).  
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