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Abstract. In this paper, we investigate automatic classification of one thousand Jewish
Law articles written in Hebrew-Aramaic according to the ethnic group of their authors.
After extracting the stems of the words in each article, the most frequent (>95%) and the
least frequent (<5%) stems were removed. Using 480 stems as inputs to an artificial
neural network model, the classification result, 85% of the validation examples, is
reasonable, considering that the stemming software accuracy is not perfect. Discarding
340 less relevant stems, and retraining with 140 stems gave the same error rate. It seems
that classification based on stems only may suitable for such a classification of other
texts. It will be interesting to check whether stylistic classification can be also used for
other tasks of ethnic classification, e.g.: Sunni Muslims and Shia Muslims; Protestant
Christians and Catholic Christians.

1 Introduction
Text classification (TC) is the supervised learning task of assigning natural
language text documents to one or more predefined classes (also called categories or
topics) according to their content. The meaning of supervised in this definition is that all
the documents in a training set are pre-assigned a class before the training process starts.
The beginning of research in TC can be identified with Maron’s work on
probabilistic text classification [26]. Nowadays, TC is applied in many domains, such as:
document indexing, document filtering, and word sense disambiguation. Moreover,
current-day TC presents challenges due to the large number of features present in the text
set, their dependencies and the large number of training documents. Research in this
domain can contribute to research in other related domains, e.g.: clustering, information
retrieval (IR), information extraction (IE), machine learning (ML), natural language
processing (NLP), Word sense disambiguation (WSD), text filtering, and text mining [20],
[31].
One of the machine learning methods employed for text classification is the artificial
neural networks (ANN) technique [29], which was found superior to some other ML
techniques [13]. ANN modeling was recently employed for predicting the importance of a
literature abstract to researchers downloading references, using the stemmed English
words in the abstract as inputs to the ANN [23]. Thus it was interesting to see if this
method can be also applied to Hebrew-Aramaic texts.
In our research, we plan and apply a model that classifies Responsa (letters written in
response to legal questions) according to the ethnic group of their writers. Our corpus is a
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collection of Responsa written in Hebrew-Aramaic by a number of rabbinic scholars,
which are authorities in Jewish law.
Our plan is to check whether we can succeed in such a task using only stems of
words, excluding very frequent stems and very rare stems. We have built an artificial
neural network (ANN) for implementing this task.
The structure of this paper is as follows. First we describe the basics of the HebrewAramaic languages word structure relevant to the task of TC; then a brief introduction to
the ANN modeling is presented, with a more detailed view of the particulate large-scale
ANN algorithms that we used for the TC task; the data set we used will be presented, with
the pre-processing technique we have employed. Results of the ANN classification will be
shown, and future avenues of research will conclude the paper.

2 The Hebrew and the Aramaic Languages
2.1 The Hebrew Language
Hebrew is a Semitic language. It is written from right to left. Hebrew texts present
special problems: (1) function words tend to be conflated into word affixes in Hebrew,
thus decreasing the number of function words but increasing the amount of morphological
features that can be exploited and (2) the richness of Hebrew morphology (more details
are given below).
Hebrew words in general and Hebrew verbs in particular are based on three
(sometimes four) basic letters that create the word's stem.
Except for the word’s stem, there are other several components which create the
word’s declensions, e.g.: conjugations, verb types, subject, prepositions, belonging, object
and terminal letters. In Hebrew, it is impossible to find the declensions of a certain stem
without an exact morphological analysis based on the features mentioned above.
The English language is richer in its vocabulary than Hebrew. The English language
has about 40,000 stems while Hebrew has only about 3,500 and the number of lexical
entries in the English dictionary is 150,000 compared with only 35,000 in the Hebrew
dictionary [1].
However, the Hebrew language is richer in its morphology forms. The Hebrew
language has 70,000,000 valid (inflected) forms while English has only 1,000,000. For
example, the single Hebrew word vkhsykhvhv ( )וכשיכוהוis translated into the following
sequence of six English words: “and when they will hit him”. In comparison to the
Hebrew verb which undergoes a few changes the English verb stays the same.
In Hebrew, there are up to seven thousand declensions for only one stem, while in
English there is only a few declensions. For example, the English word eat has only four
declensions (eats, eating, eaten and ate). The relevant Hebrew stem ‘khl (אכל,”eat”) has
thousands of declensions. Ten of them are presented below: (1) ‘khlty (אכלתי, “I ate”), (2)
‘khlt (אכלת, “you ate”), (3) ‘khlnv (אכלנו, “we ate”), (4) ‘khvl (אוכל, “he eats”), (5) ‘khvlym
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(אוכלים, “they eat”), (6) ‘tkhl (תאכל, “ she will eat”), (7) l‘khvl (לאכל, “to eat”), (8) ‘khltyv
(אכלתיו, “I ate it”), (9) v‘khlty (ואכלתי, “and I ate”) and (10) ks‘khlt (כשאכלת, “when you
ate”).
2.2 The Aramaic Language
Aramaic is another Semitic language. The term Aramaic is derived from Aram, the fifth
son of Shem, the firstborn of Noah. [Gen. 10:22]. It is particularly closely related to
Hebrew, and was written in a variety of alphabetic scripts. (What is usually called
"Hebrew" script is actually an Aramaic script). Aramaic was the language of Semitic
peoples throughout the ancient Near East. It is spoken for at least three thousand years.
Aramaic is still spoken today in its many dialects, especially among the Chaldeans and
Assyrians. [35]. In the Bible, there are large sections of Aramaic texts in the books of
Daniel and Ezra and odd words in other books. Aramaic has influenced Hebrew (as
French has influenced English) in words, phrases and grammar.
Although Aramaic and Hebrew have much in common, there are several major
differences between them. The main difference in grammar is that while Hebrew uses
aspects and word order to create tenses, Aramaic uses tense forms. Another important
difference is that there are several types of changes in one particular letter in many words.
For instance: (1) in some cases an Hebrew prefix is replaced in Aramaic by a suffix (e.g.
the Hebrew prefix  הis changed into the Aramaic suffix ( )א2) the Hebrew plural noun
suffixes  ותand ים, are changed into  יןand  נאin Aramaic and (3) the word which that is
integrated as the prefix  שin Hebrew is changed into  דin Aramaic.

3 Previous Stylistic Classification of Hebrew-Aramaic Texts
CHAT, a system for stylistic classification of Hebrew-Aramaic texts is presented in [29],
[24], [25]. CHAT present applications of several TC tasks to Hebrew-Aramaic texts:
1. Which of a set of known authors is the most likely author of a given document of
unknown provenance?
2. Were two given corpora written/edited by the same author or not?
3. Which of a set of documents preceded which and did some influence others?
4. From which version (manuscript) of a document is a given fragment taken?
CHAT uses as features only single words, prefixes and suffixes. This system uses
simple ML methods such as Winnow and Perceptron. Its datasets contain a few hundreds
of documents. CHAT does not investigate the classification of responsa according to the
ethnic group of their authors.
Classification of Biblical documents has been done by Radai [32], [34], [35].
However, he did not implement any ML method.
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4 A Brief Introduction on Artificial Neural Networks Modeling
ANN modeling is done by learning from examples. ANN is a network of simple
(sigmoid, for example) mathematical “neurons” connected by adjustable weighted links.
The most used ANN architecture is feed-forward two-layer ANN, in which neurons are
placed in one hidden layer between the data inputs and the neurons of the output layer,
and the information flows only from the inputs to the hidden neurons and from them to the
output neurons. Training examples are presented as inputs to the ANN, which uses a
“teacher” to train the model. An error is defined as the difference between the model
outputs and the known “teacher” outputs. Error back-propagation algorithms adjust the
initial random-valued model connection weights to decrease the error, by repeated
presentations of input vectors [40], [38], [41], [3]. Once the ANN is trained and verified
by presenting inputs not used in the training, the ANN is used to predict outputs of new
inputs presented to it.
There are several obstacles in applying an ANN to systems containing a large
number of inputs and outputs. Most ANN training algorithms need thousands of repeated
presentations (“epochs”) of the inputs to finally achieve small modeling errors. Large
ANN tends to get stuck in local minima during the training.
An efficient training algorithm set, developed by Guterman and Boger [19], [5], can
easily train large scale ANN models, as it pre-computes non-random initial connection
weights from the manipulation of training data sets, avoiding or escaping local minima
during the training. The ANN architecture used by the Guterman-Boger algorithm is the
most common one - fully connected forward only, one hidden layer, and sigmoid
activation function. The Guterman-Boger algorithm was successfully used to train ANN
models with hundreds to thousands of inputs and outputs [4], [18], [7], [8].
In real-life models, not all inputs are influencing the model outputs in the same
degree. A knowledge extraction technique is the ranking of the inputs according to their
relevance to the ANN prediction accuracy. Calculating the relative contribution of each
input to the variance in the hidden neurons inputs when the training set is presented to the
trained ANN model does this. A low relative contribution means that either the variance
of the input is small, or that the ANN training has assigned low connection weights from
that input to all hidden neurons [5]. The detailed derivation of the input relevance
calculation is given in [10]. The least relevant inputs may be discarded and the ANN can
be re-trained with the reduced input set that usually gives better prediction accuracy. The
explanations for this possible improvement are: a) Elimination of noise or conflicting data
in the non-relevant inputs; b) Reduction of the number of connection weights in the ANN
that improves the ratio of the number of examples to the number of connection weights,
thus reducing the chance of over-fitting small number of examples to a model with many
parameters (“over-training”).
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5 The Application of ANN to Text Classification
The idea to match the capabilities of ANN modeling to information retrieval is not
new, and many papers are dealing with it. Most of the papers use the unsupervised selforganized maps (SOM) technique for grouping similar examples into clusters [21]. Thus
text clusters are formed based on the similarity of keywords in the texts. Once trained, the
ANN will classify new documents as belonging to one of these clusters. [36], [37], [42],
[28]. Recent reviews discuss ANN along with other “soft” tools for Web mining
application [30] and text classification [39]. Several text classification algorithms were
compared, and ANN modeling was found to be superior [13]. One of us has used ANN to
predict the importance of an e-mail message, or the relevance of a downloaded paper
abstract to a researcher [9], [23].
The ability of the ANN to model non-linear, non-obvious relationships can be
applied to the matching of the textual features (inputs to the ANN) to the user relevance
rating (ANN outputs). When applying statistical methods for the required modeling,
subjective selections of the number of terms and the form of the model equations are
made. No such assumptions are needed in ANN modeling.
In order to use a classification mechanism such as an ANN for document filtering, an
appropriate document representation is required. In our case we used a binary vector
representation of terms to represent the documents.

6 Our Model
Our model, in general, is composed of the six following steps (several steps will be
explained below):
(1) Building a data set composed of various Jewish Law articles.
(2) For each article transform each word (excluding stop-list words) into its estimated
stem using a stem learning program.
(3) Represent each document as vector of its stems
(4) Stems in the bottom 5% and top 95% count were discarded
(5) Apply the ANN on these stems
(6) Analyze the trained ANN model to identify the more relevant stems
(7) Reduce the stem set
(8) Re-apply the ANN on the reduced set of stems
At step (2) we applied a program that proposes an estimated stem for any given word
(without its context) written either in Hebrew or in Aramaic [Daya et al, 2004; Daya
2005]. This program is based on WINNOW (a simple ML method), identifies the correct
stem in about 80% chance of success. It produces only stems made up of three letters.
That is, it doesn’t find the correct stems for words that their stems contain more than three
letters.
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7 Experiments
The dataset employed contained 1000 reponsa collected from 20 different rabbinic
books, 500 written by Sepharadic Jews and 500 written by Askenazic Jews. Although this
data set is relatively small, it is important to point out that these responsa are hard to
obtain, because usually they are not available online. These responsa were downloaded
from The Global Jewish Database (The Responsa Project1) at Bar-Ilan University.
The total number of words in all the files was 2,278,683. After reducing stop-list words,
abbreviations and words that contain only one letter, the total number of words in all the
files was 1,043,550.These words were transformed to 887 different 3-letter stems using
the stem-program mentioned above.
For the ANN modeling, stems in the bottom 5% and top 95% count were discarded,
and the rest were used to form a binary vector, where 1 signifies the presence of a stem in
the text. The number of different legal stems with frequency in files between 5% <-->
95% was 480, the number of stems that were removed, was 407. Thus, an ANN model
was trained with the term presence vector as input, and with five hidden neurons and two
binary outputs. The ANN target for a document is a 2-bit binary vector with 1 at the
Sepharadic position or 1 at the Ashkenazic position.
The data was partitioned by a random selection into 701 training set and 299
validation set, not used in the training. The ANN was trained with the Guterman-Boger set
of algorithms described in the earlier sections. The trained ANN model was analyzed for
identifying the more relevant inputs that were used to train another, smaller, ANN.
The ANN modeling, using 480 inputs, 5 hidden neurons and 2 outputs architecture,
gave zero errors on the training set, 15.4% errors on the validation set. Analysis of the
trained ANN model identified 140 stems as the more relevant ones. Retraining an ANN
with these inputs, gave a slightly better error rate, 15.0%.
These 140 stems appear to be the most significant for classifying Jewish Law articles
according to the Ethnic group of their writers since they have different distribution
between the two Ethnic groups. In contrast, the 340 removed stems have the same
distribution between the two Ethnic groups.
Among the 140 stems that found to support the classification task we find a few
Aramaic stems that are more common in use of Ashkenazic Jews, e.g.: (1)  כויthat stands
as a stem for the word  כוותיהוand (2)  פקעthat stands as a stem for the word אפקעינן.
Examples for stems that are more common in use of Sephardic Jews are: (1)  מורthat
stands as a stem for the word ( מרןwhich is a pen name for one of the most important
Sephardic Rabies) and (2)  צדקthat stands as a stem for the word צדיק.

1

http://www.biu.ac.il/ICJI/Responsa/index.html
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Among the 340 removed stems on the one side we can find rather frequent stems such
as: (1)  למדthat stands as a stem for the family of words related to the Hebrew word למד
(learn) and (2)  דברthat stands as a stem for the family of words related to the Hebrew
word ( דברtalk). On the other side we can find non-frequent stems such as: (1)  נגחthat
stands as a stem for the family of words related to the Hebrew word ( נגחgore) and (2) נגנ
that stands as a stem for the family of words related to the Hebrew word ( נגנto play
music).
The 85% correct classification result is reasonable. A possible explanation to this
finding might be that classification based on stems depends on the efficiency of the
stemming program to correctly represent the words.

8 Conclusions and Future Work
Stem-based classification although its simplicity has been found as rather successful
for ethnic classification of responsa written in Hebrew-Aramaic.
Future directions for research are: (1) Conducting more experiments using additional
Hebrew-Aramaic documents from additional domains, (2) Checking whether stem-based
classification can be also used for other tasks of ethnic classification, e.g.: Sunni Muslims
and Shia Muslims; Protestant Christians and Catholic Christians and (3) It will be
interesting to compare our research to the same classification task based on more complex
feature such as words and/or linguistic features.
Concerning research on additional ethnic groups, there are many additional potential
directions. For example: (1) Which baseline methods are good for which classification
tasks? (2) What are the specific reasons for methods to perform better or worse on
different classification tasks? (3) What are the guidelines to choose the correct methods
for a certain classification task?

Acknowledgements. The authors would like to thank Ezra Daya, Dan Roth and Shuly
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