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Abstract. This paper introduces a solution for native language identification (NLI) on texts
written in English, French, and German, offering diverse applications in education. NLI re-
search provides insights into students’ linguistic backgrounds, enabling educational institutions
to customize materials, assignments, and assessments for individual needs. By identifying stu-
dents who may benefit from language support, institutions can develop targeted language-
specific curricula. Understanding students’ native languages also helps educators incorporate
relevant cultural references and create a more inclusive learning experience. Furthermore, NLI
can guide the creation of targeted training for educators, equipping them with strategies to
address language-specific challenges and foster effective communication in diverse classrooms.
The proposed NLI approach analyzes text samples in non-native languages, providing a ro-
bust solution that captures language usage and production patterns across documents and
languages. The approach is supported by three new corpora in German, French, and English
and has shown superior performance compared to existing state-of-the-art NLI methods and
pre-trained language models like DistilBERT, mBERT, multilingual DeBERTa, and XLM-
RoBERTa. This enhanced NLI model contributes to improved cross-cultural communication
within academic communities, fostering a more inclusive and supportive environment for stu-
dents and faculty alike.

Keywords: Enhancing Educational Equity, Second Language, Native Language, Part-of-
Speech Tagging, Machine Learning

1 Introduction

The native language identification (NLI) task determines an author’s native language (L1) based
on text samples in a non-native language (L2) [1-3]. The L2 learners of different L1 speakers make
different errors (spelling and grammatical mistakes) [1]. Understanding these errors and associating
them with learners from different L1 backgrounds is essential to provide targeted advice to correct
them [1].

This task has diverse and impactful applications in the Education sector. NLI research can
provide valuable insights into the language backgrounds and linguistic needs of diverse student pop-
ulations. This information can be used to tailor educational materials, assignments, and assessments
to better suit the linguistic needs of each student. Educational institutions can use NLI to identify
students who may benefit from language support programs. NLI can inform the development of
language-specific curricula. Understanding the predominant native languages of students can guide
the inclusion of relevant cultural references, examples, and materials, fostering a more inclusive
and culturally sensitive educational experience. Institutions can use NLI to identify the native lan-
guages of their students and provide targeted training for educators. Teachers can develop strategies
to address language-specific challenges, implement effective communication methods, and create a
supportive learning environment. The NLI can inform educational research and contribute to the
development of effective teaching methodologies for linguistically diverse classrooms. NLI can con-
tribute to improved cross-cultural communication within the university community. Awareness of the
native languages of students and faculty can facilitate better understanding and collaboration, creat-
ing a more inclusive and supportive academic environment. Non-native English speakers outnumber
native English speakers at present. Nowadays, people are proficient in more than one language [4-§]
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and as a result of work-related immigration, there is a substantial community of people who have
learned non-English second languages [3, 9]. It has also been estimated that around 45% of the World
Wide Web content is written in non-English languages [9]. Therefore, it is important to measure the
applicability of NLI solutions to other languages (Malmasi and Draz also applied investigated the
effect of different POS tagsets on English, Chinese, and Italian. Their research, however, is limited
to learner corpora).

One of our main objectives is to formulate an NLI solution that can outperform the existing
state-of-the-art NLI method [3] in terms of accuracy. To achieve this main objective, we represent
each document in the training corpus as a collection of point sets. We illustrate this concept using
Figure 1. We partition each document in the training corpus into fixed size fragments. Each resulting
fragment is further partitioned into fixed-size chunks (a chunk is a collection of Tokens, where each
Token represents the content of a text sample separated by a white space character). Following
the document partitioning process, we extract universal part-of-speech (POS) n-gram based features
from each chunk. Specifically, we extract POS bi-grams and POS tri-grams features from each chunk.
As a result, each chunk is represented by a point, each fragment by a point set, and each document
by a collection of point sets in a multidimensional space (see Section 4.1 for more details). Following
the stated document partitioning process, we can devise the native language identification (NLI)
problem as a subsequent set similarity search (SSS) problem. Given a query document, we perform
document partitioning and feature extraction processes on it. As a result, the query document is
transformed into a collection of query fragments (i.e., collection of point sets). The main motivation
behind the collection of point sets document representation model is two-fold:

1. Instead of relying on a single native language prediction, it allows us to generate multiple pre-
dictions for a query document (one prediction per query fragment), which improves NLI task
accuracy. This is because producing numerous predictions for a query document allows us to
eliminate the most speculative assumptions while combining the remainder to get a final fore-
cast encompassing the entire query document (see Section 4.4 for more details).

2. It enables us to apply a variety of set distance measures. Specifically, this collection of point
set document representation models enables us to use set distance measures such as the partial
Hausdorff distance (PHD) [10] and the modified Hausdorff distance (MHD) [11] which help us
capture variations in language structures used within and across the documents (see Section 4.2
for details).

For each query fragment, we identify stylistically similar fragments (SSFs) from the training
corpus. Specifically, we identify top-k SSFs for each query fragment using a set distance function
(e.g., MHD or PHD) as a proximity measure between two point sets. In addition, for each fragment
of the query document, we run an independent set similarity query. The result of a set similarity
query is a set of top-k SSF's. To generate a probabilistic prediction for each query fragment of a query
document we apply the PANN classifier [12] on the retrieved set of top-k SSFs (the motivation for
using PENN is given in Section 4.3). Finally, we aggregate a percentage (i.e., 50%) of most certain
query fragment predictions to make a final prediction that represents the entire query document
(Section 4 Section 4 contains a detailed description of each step of our solution).

Another main research objective of this investigation is to formulate an NLI solution that can be
applied to different languages. We use universal Part-of-speech (POS) n-grams features to conduct
such a multilingual study for the following reasons. The POS tagging is the core component of most
NLI systems (see Section 2 for details). We note that the POS in monolingual NLI research can
be estimated using the best POS tagger available for the language in question. For example, in the
English language, Penn Treebank classifies words into 36 linguistic categories [3|. Similarly, for the
French and German languages, French Treebank and Stuttgart/Tibinger can be used. These two
POS taggers classify words into 30 and 55 linguistic categories, respectively [3, 13]. On the other
hand, while designing an NLI solution that applies to multiple languages, we need to consider that
different granularity of the linguistics categories for different languages implies that they are not
directly comparable, i.e., English, French and German have 36, 30, and 55 linguistic categories ,
respectively. These various linguistic categories of each language can be converted into a common
set of linguistic categories shared by all languages, making experimental results comparable across
distinct languages. To perform such multilingual research, we use those POS categories which are
common among different languages (see Section 4.1 for details).

We have performed extensive experimental studies to evaluate our solution. Specifically, we com-
pare our solution (SS-NLI) against the existing state-of-the-art NLI method (Comp-NLI) [3]. We
also formulate an improved variant of the existing state-of-the-art NLI method called Comp-NLI-E
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and compare its performance against our solution. In addition to this, we have compared the per-
formance of our solution against machine learning methods that have been extensively employed in
recently published studies (detailed descriptions of each method are given in Section 5.2).

Our main contributions to this investigation can be summarized as follows.

DocFrag; DocFrag,,
Chunk, Chunk,, Chunk,_;,+; Chunk,

EI snammannn EI EI

Fig. 1. Document representation model.

— To improve NLI’s accuracy, we represent each document as a collection of point sets. This
document representation model allows us to remove the most uncertain predictions from a query
document and combine the rest of the predictions to produce a single prediction for the entire
query document. Furthermore, our solution can recognize variations in language structures used
within and across documents.

— We investigate the effectiveness of our document representation model to capture the overlap-
ping information between feature spaces. Specifically, we combine universal POS bi-grams with
universal POS tri-grams features set into one feature vector and compare its performance against
individual feature sets (i.e., POS bi-grams and POS tri-grams). We found that the combined
feature set outperforms the individual feature sets.

— We have performed extensive experimental studies to compare our solution against the compet-
itive techniques. We specifically compare the performance of our solution to that of an existing
state-of-the-art NLI method [3]. In addition to this, we have compared the performance of our
solution against machine learning methods that have been extensively employed in recently
published state-of-the-art studies.

— We also formulate an improved variant of the existing state-of-the-art NLI method called Comp-
NLI-E and compare its performance against our solution.

— Based on the document representation model and universal POS categories, we propose a native
language identification (SS-NLI) solution, and we demonstrate that our solution can be applied
to multiple languages and that it outperforms existing state-of-the-art NLI approaches and pre-
trained language models such as DistilIBERT [14], mBERT [15], multilingual DeBERT4 [16], and
XLM-RoBERTa [17].

As for the rest of the paper, Section 2 reviews previous NLI studies. The problem formulation
and solution overview is presented in Section 3. Section 4 details our solution. We report the findings
of our experimental studies in Section 5. Section 6 contains the conclusions of this investigation and
sets the future work directions.

2 Literature Review

Artificial intelligence (AI) and machine learning (ML) have revolutionized various fields, includ-
ing healthcare, finance, transportation, retail, entertainment, and more, with applications such as
medical imaging analysis, autonomous vehicles, and personalized recommendations. Additionally,
AT aids customer service, manufacturing, agriculture, security, and language translation, offering
efficient and advanced solutions across different industries [18-33]. In this section, we review exist-
ing Al and ML techniques used to perform the author profiling and native language identification
tasks. Author profiling aims to identify an author’s demographic features by analyzing his text sam-
ples [34-37]. Profiling authors based on their native languages (L1) has received extensive attention
in recent years [3, 34, 38—42]. The NLI task requires documents written in L2 of the authors labeled
with their L1s. The NLI works by identifying the common language usage patterns for each group of
authors sharing the same native language. Existing NLI studies have used several types of features,
which can be categorized broadly as follows.

— N-grams Based Features. An n-gram can be defined as a contiguous sequence of n items,
such as characters, words, or part-of-speech (POS) from a text sample. The POS are linguistic
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categories of words in a text that indicate their syntactic functions. The basic linguistic categories
associated with words are nouns, verbs and adjectives. These types can be further expanded
to include morpho-syntactic information. POS n-grams identify the local syntactic patterns of
language usage in documents written in an L2, which can be used to distinguish groups of authors
based on their native languages [2, 43, 44].

— Function Word Features. A function word expresses the structural or grammatical relation-
ships between words in a sentence, for example, conjunctions (e.g., but, and), determiners (e.g.,
the, that), pronouns (e.g., they, she), and prepositions (e.g., in, of) [2, 45-47].

— Idiosyncratic Features. Idiosyncratic features are related to language usage anomalies such
as grammatical mistakes and misspellings |2, 4].

These aforementioned features have been extensively investigated in several existing NLI studies [2, 3,
43, 45, 47, 48]. For example, [43] performed the pioneer NLI study using function words, and part-of-
speech (POS) features on a corpus containing samples from 31 Japanese and 6 Chinese native authors.
Later on, [2] perform NLI on text samples from five groups of non-native English authors (Czech,
Bulgarian, French, Spanish and Russian) and reported 80 % accuracy. They employed several types
of features including character n-grams, POS bi-grams, function words, and idiosyncratic features.

As for the classification methods, the most commonly used classifiers in recently published state-
of-the-art NLI studies are support vector machines (SVM), followed by mazimum entropy analysis
(MaxEnt) and linear discriminant analysis (LDA) [45, 47-51]. In this investigation, we compare the
performance of our solution against the performance of those classifiers that have been extensively
used in recently published state-of-the-art NLI studies (see Section 5.2 for a detailed description of
these classifiers).

2.1 Part of Speech tagging and Native Language Identification

In this investigation, we aim at formulating a native language identification (SS-NLI) solution that
can outperform existing state-of-the-art NLI solutions. The different granularity of linguistic cate-
gories for different languages implies that these languages are not directly comparable (i.e., English,
French and German have 36, 30, and 55 linguistic categories, respectively) [3]. However, to make
different languages comparable using POS-based features, one can introduce linguistic categories
that are common among different languages (see Section 4.1 for more details).

Malmasi and Draz proposed a native language identification method [3] and measured its per-

formance on multiple languages. This method is based on linear support vector machines (SVM)
classifier and they used several types of features including POS uni-grams, POS bi-grams, POS tri-
grams, and function words. They have shown that the POS tri-grams outperform the other types of
features for the NLI task. However, the accuracy level of this existing state-of-the-art NLI method
can still greatly be improved. For instance, the existing state-of-the-art NLI method has reported
an accuracy level of less than 60% using universal POS tags [3]. Consequently, in this investigation,
we propose an NLI solution that improves the accuracy of the NLI task.
Comparison with our solution. Our solution (SS-NLI) outperforms the existing state-of-the-art
NLI method (Comp-NLI) [3], because, unlike Comp-NLI, our solution is capable of (i) producing
multiple predictions for a query document which enable us to remove uncertain predictions of a query
document before combining them to produce a single prediction for the entire query document, and
(ii) capturing the variations in language structures used within and across documents. As a result,
our solution outperforms the existing state-of-the-art NLI method.

2.2 Summary

Most NLI studies have reported that POS n-grams outperform other types of features, so they are
considered a core set of features to perform the NLI task. Most commonly used types of classification
methods in recently published NLI studies are the support vector machines (SVM), followed by
mazimum entropy analysis (MaxEnt) and linear discriminant analysis (LDA) [45, 47-61]. However,
most of these NLI studies have shown that SVM outperforms other classifiers [3, 62]. Though several
researchers have extensively investigated the NLI task, most of the existing NLI studies reported
have focused on English corpora. However, nowadays, people are trying to be proficient in more than
one language [4, 5, 63-65]. For example, according to [9] , more than half of the world’s population
is fluent in more than one language. Similarly, the European Union has reported that, on average,
94.5% secondary school students learn more than one language [66]. Moreover, it has been reported
that around 45% of web content is written in non-English languages [9]. Thus, there is a substantial
need to formulate an effective NLI solution to improve the performance of NLI.
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3 Problem Formulation and Solution Overview

In this section, we redefine the native language identification (NLI) into probabilistic NLI. For ease
of exposition, we first provide the overview of our solution using figure 2. The proposed solution has
four stages. (i) preprocessing; (ii) set similarity search; (iii) probabilistic k nearest neighbor (PXNN)
classification; and (iv) prediction aggregation.

In the preprocessing step, we perform the document partitioning and feature extraction processes.
Specifically, we perform partitioning of each document into fixed-size fragments. Each resulting
fragment is further partitioned into fixed-size chunks. Following document partitioning, we extract
two types of attributes from each chunk. These features are based on part-of-speech (POS) n-grams.
Specifically, we extract (i) POS bi-grams; and (ii) POS tri-grams from each chunk. As a result, in a
multidimensional space, each chunk is represented by a point and each fragment by a set of points.
Following the stated document partitioning process, we can devise the native language identification
(NLI) problem as a subsequent set similarity search problem.

1. We apply the preprocessing step of our solution to a given query document. That is, we partition
a query document into fixed-size fragments. Each resulting query fragment is further partitioned
into fixed-size chunks. Following the query document partitioning process, we extract two types
of features (i) POS bi-grams; and (ii) POS tri-grams from each chunk. Consequently, each chunk
is represented as a point and a fragment is represented as a set of points in a multidimensional
space.

2. For each query fragment of a query document, we identify stylistically similar fragments (SSFs)
from the corpus. Specifically, we identify top-k SSFs for each query fragment using modified
Hausdorff distance [11] as a proximity measure between two point sets. As stated before, we
execute an individual set similarity query for each fragment of the query document. For instance,
we conduct m independent set similarity queries if a query document provides m query fragments
after the document segmentation and feature extraction processes.

3. The result of a set similarity query is a set of top-k SSFs. We then apply the PENN classifier [12]
to the retrieved set of top-k SSFs to produce a probabilistic prediction for each query fragment
of a query document.

4. Finally, we aggregate all query fragment predictions to make a final prediction that represents
the entire query document. To clearly describe the process of fragment prediction aggregation,
we redefine the native language identification problem into a probabilistic native language identi-
fication problem. The main idea is that for each query fragment of the query document, instead
of making one single native language prediction, we produce a probabilistic prediction over a set
of native languages as follows.

Probabilistic NLI. Probabilistic NLI attempts to identify the native language likelihood by
calculating the PMF (Probability Mass Function) over a set of likely native languages of a query
fragment.

The following subsections provide a detailed discussion of each step of the proposed solution.
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4 Proposed Solution

In this section, we discuss each of our four-step solutions in detail.

4.1 Preprocessing

In our solution, the preprocessing step is in charge of performing document partitioning and feature
extraction processes. In the document partitioning process, we partition each document into fixed-
size fragments. Each resulting fragment is further decomposed into fixed-size chunks. Following the
partitioning of the document, we extract part-of-speech (POS) n-gram based features from each
chunk. As a result, each chunk is represented as a point, each fragment as a point set, and each
document as a collection of point sets. Recall that the main motivation behind collection of point
sets document representation model is two-fold:

1. Instead of relying solely on one native language prediction, it allows us to generate numerous
predictions for each query document, which improves accuracy. This is because making multiple
predictions for a query document allows us to remove a percentage of uncertain predictions
before combining them to make a final prediction that represents the entire query document,

2. It enables us to apply a variety of set similarity functions. This collection of point set document
representation models, in particular, allows us to apply set similarity functions with outlier han-
dling mechanisms, such as partial Hausdorff distance [10] and modified Hausdor(f distance [11],
to improve the NLI task’s performance.

We set the sizes of a fragment and a chunk to 15000 and 1500 tokens (A text sample’s content
separated by a white space character), respectively, to obtain reliable stylometric information. Fol-
lowing the partitioning of the document, we extract two types of attributes from each chunk. These
attributes are based on part-of-speech (POS) n-grams. Specifically, we extract (i) POS bi-grams; and
(ii) POS tri-grams from each chunk.

Algorithm 1 shows the preprocessing step of our solution. The algorithm iterates through all the
documents in the corpus. Specifically, the procedure Partition(d, L) partitions each document d of
the corpus into fixed size Fragments, where L denotes the size of each resulting fragment F' (Line
4). The Algorithm 1 next iterates through all resulting Fragments of a document d and further
partitions each fragment F' into fixed-size chunks, where [ denotes the size of each resulting chunk
C (Lines 5 to 6). Next, the Algorithm 1 iterates through all resulting Chunks of each fragment F
and extracts features from each chunk C (Lines 7 to 8). Finally, each chunk is represented as a point
in multidimensional space, whereas each fragment is represented as a cluster of points.
Part-of-Speech Features. Part-of-speech (POS) tagging is the core component of most NLI sys-
tems as illustrated earlier in Section 2. POS refers to linguistic categories in a corpus according to
a specific part of speech, based on the definition of the word and its context, e.g., nouns, verbs, and
adjectives. Several tagsets have been developed for many languages over the past few years. Each
of these tagsets is distinct and designed for a specific language. We note that these tagsets can also
differ in their levels of granularity within the same language and across the languages. That is, the
size of these tagsets varies according to their amount of syntactic classification while giving varying
quantities of syntactically significant information [3]. These tagsets are classified into two cate-
gories. In discriminating between syntactic categories, they can be fine-grained or coarse-grained.
More morpho-syntactic information, such as number, gender, person, and verb transitivity, is con-
tained in fine-grained tagsets. A coarser-grained tagset, on the other hand, contains wider syntactic
categories such as noun and verb [3].

As reported in many previous NLI studies, the n-grams extracted from these POS tags can
discriminate between patterns of language usage among different groups of authors with different
native languages. In most of the NLI studies, the POS n-grams are considered to be a core set of
features to perform the native language identification task (see Section 2).

We will now discuss our feature extraction process in detail. When conducting a monolingual
NLI study, the best POS tagger available for a given language can be used to calculate POS. For
example, for the English language, one can use Penn Treebank which classifies the words into 36
linguistic categories [3]. Similarly, for the French and German languages, one can use French Treebank
and Stuttgart/Tibinger which classify words into 30 and 55 linguistic categories respectively [3, 13,
67]. However, when designing an NLI solution, we must keep in mind that the different granularity
of the linguistics categories for different languages implies that they are not directly comparable,
i.e., 36, 30 and 55 linguistic categories for English, French and German languages, respectively.
These various linguistic categories of each language can be converted into a common set of linguistic
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categories shared by all languages, making experimental results comparable across languages. We
used Universal POS tagger [68] to conduct such a multilingual study. The Universal POS tagger
categorizes words into 12 linguistic categories (Verb (verbs), Noun (nouns), Adv (adverbs), Adj
(adjectives), Det (articles and determiners), Pron (pronouns), Num (numerals), Adp (prepositions
and postpositions), Prt (particles), 7. (punctuation marks), Conj (conjunctions) and X (all other
categories such as foreign words or abbreviations.)) which are universal across different languages
in our corpora. Based on the identified linguistic categories, we calculate POS bi-grams and POS
tri-grams from each chunk as shown in Algorithm 1.

Algorithm 1 Preprocessing

1: procedure PREPROCESSING(d)
2: L + 15,000 tokens

3: [ < 1,500 tokens

4: DocumentFragments < Partition(d, L)
5: for F' in DocumentFragments do

6: FragmentChunks < Partition(F, I)
7 for C in FragmentChunks do

8: Vectors|i] + CalculateFeatures(C)
9: end for

10: end for

11: return Vectors

12: end procedure

4.2 Set similarity Search

Algorithm 2 shows the set similarity search step of our solution. While processing a given query docu-
ment Q, we first apply our solution’s preprocessing step (Line 2) to Q. Recall that, the preprocessing
step of our solution contains two processes (i) document partitioning; and (ii) feature extraction.
Specifically, we partition Q into fixed-size query fragments. We then partition each query fragment
Q into fixed-size chunks. Once the query document partitioning process is completed, we extract two
types of features from each chunk as explained in Section 4.1. As a result, the Q can be represented
as a set of point sets (collection of fragments) in a multidimensional space where each point set
(fragment) contains a fixed number of points. We conduct an independent set similarity query for
each @ in Q to extract the top-k SSFs from the corpus after we complete preprocessing. It is worth
noting that we run a separate set similarity query for each fragment of the query document. For
instance, we conduct m independent set similarity queries if a query document provides m query
fragments after the document segmentation and feature extraction processes (Lines 3 to 5).

We experimented three set similarity techniques while retrieving the top-k SSFs:(i) standard
Hausdorff Distanct (SHD), (ii) partial Hausdorff Distanct (PHD) [10] and standard Hausdorff Dis-
tanct (MHD) [69] as a proximity measure between two point sets.

Assume there are two point sets; () and F. The SHD between these two points sets can be
calculated by following steps;

1. arranges all data points in a query fragment @ in order of their shortest distance to the fragment
F, and
2. selects the utmost of the shortest distances.

According to many previous studies, SHD is sensitive to outliers. To address the outlier sensitivity
issue associated with SHD, researchers developed two SHD versions:modified Hausdorff distance
(MHD) [69] and partial Hausdorff distance (PHD) [10]|. Dubuisson et al. [69] proposed MHD, which
averages out the effect of the outlier over the minimum distances. The MHD calculation process is
given in Algorithm 3. Assume @ and F' are two-point sets. The MHD can be calculated by following
these steps.

1. rank all data points in a query fragment ) based on the shortest distance to the fragment F
and

2. calculate the average of the shortest distances within a given range i.e., (50%,100%] [69, 70]
(cf. Algorithm 3).
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Huttenlocher et al. [10] proposed PHD, which considers the top K% distance values as outliers and
discards them from the distance calculations. Section 5.3 reports on the experimental results for set
distance measures.

Algorithm 2 Set Similarity Search

1: procedure SETSIMILARITYSEARCH(Q)
2: QueryFragments < Preprocessing(Q)
for @ in QueryFragments do
SSFs.top-k «+ MHD(Q, DocumentFragments)
top-k SSFs <— SSFs.Top-k
end for
return top-k SSFs
end procedure

Algorithm 3 MHD calculations

1: procedure MHD(Q , F)
2: MinDists < ||

3 MHDDist < 0

4 for ¢ in @ do

5: dmin < oo

6: for fin F do

7 dist < dist(q, f)

8: if dist < dmin then
9: dmin < dist

10: end if

11: end for

12: MinDists. Append(dmin)

13: end for

14: MinDists < Sort(MinDists)

15: MHDDist + ComputeAvg[MinDists, (50%, 100%)]]
16: return M HDD:ist

17: end procedure

4.3 Probabilistic-k Nearest Neighbor Classification

To generate a probabilistic prediction for each query fragment, we use a probabilistic k-nearest
neighbor classifier (PENN) with a radial basis function (Gaussian) kernel [12] on the retrieved top-k
SSFs in this step.

A simple method to make a probabilistic prediction using PANN is to count the number of
objects (Fragments) normalized with k value. As a result, we get a prediction which is probability
mass function (PMF) over the set of all the classes of kNN set (i.e., set of top-k SSFs in our case).
The PMF measured by this method can be formally expressed as follows:

1
p(y|x, D) = ?ZjEneighbor(m,K,D)I(y = yj) (1)

There are two main problems associated with the aforementioned PMF calculation method:

— The first problem is that the probability values associated with each class are proportional
to their object frequencies. Consequently, less frequent classes result with negligible probabil-
ity [12]. In order to handle this issue, an exponential function () can be applied to soften the
probability distribution. Setting a high value of the exponential function () (e.g., close to 100)
produces spiky probability distribution over classes. Contrarily, decreasing the v value uniforms
the probability distribution.

— The second problem is that the distances of all candidate objects (Fragments) are ignored. As a
result, a large k is required to obtain reliable statistics. To solve this problem, a weight function
(w) can be applied based on the distance of the objects (Fragments) from the query fragment.
Candidate fragments with a large distance from query fragments will have less weight.
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By incorporating the wight function (w) and exponential function (v) into the aforementioned
frequency-based method results with the following expression.

exp[(7/K) Zjnaw(@, 2)I(y = y;)]
Ey/exp[(v/K)Eszw(m, l’j)I(y/ = y])]

In order to obtain the desired performance, we conducted several experiments to identify the
values for w and . PEKNN was chosen because it requires little or no training and achieves classifi-
cation by comparing instances stored in memory rather than using a generalized model [70]. As a
result, no information is lost due to generalization, and new data can be incorporated at any time
during the process [70]. Moreover, this classification technique can employ a complex target func-
tion [70]. Besides that, due to the non-parametric nature of this classifier, prior knowledge regarding
the probability distribution is not required to perform classification. In addition, PkNN allows us
to apply a wide range of set similarity functions, including ones with outlier control procedures like
MHD, to increase the NLI task’s performance.

p(ylz, D, K,v) =

(2)

4.4 Prediction Aggregation

Prediction aggregation is the last step of our solution. As previously stated, each fragment of the
query document is executed to an independent set similarity (SS) query. For instance, after per-
forming the preprocessing step of our solution on the query document Q, if Q is partitioned into 4
query fragments (), we execute 4 independent SS queries. Consequently, we make one probabilistic
prediction for each query fragment ) with the help of PENN classifier. The final step of our solution
is to combine all of the probabilistic predictions into a single native language prediction for the entire
Q. To accomplish this, we simply take the average of all probabilistic predictions. However, not all
probabilistic predictions of a query document Q (one for each query fragment) are equally valuable;
for example, some predictions may be extremely uncertain. Incorporating extremely uncertain pre-
dictions into the final Q@ prediction can harm the overall result. At this point, we use entropy as
an uncertainty metric to detect and exclude uncertain predictions from the prediction aggregation
process. Specifically, we make use of the most certain k% prediction only in the process of predic-
tion aggregation. The average PMF of the most certain k% prediction is used to compute the final
probabilistic prediction of the entire Q. Table 1 shows an example of this process.

Assume a query document Q yielded four query fragments @Q1,Q2, Q3 and Q4. We run four
separate set similarity queries, one for each fragment (cf. the 15 column in Table 1). As a result, for
each query fragment, we get one probabilistic prediction (e.g., Q1: [G : 0.33, H :0.34, I :0.33], Qa:
[G:0.36, H:0.32, I:0.32], Qs: [G:0.32, H:0.35, I:0.33], and Qq: [G:0.33, H:0.34, I:0.33])
where G, H, and I denote the native languages (cf. 2,,4 column in Table 1). We can identify and remove
incorrect predictions by using entropy as a measure of uncertainty in the prediction aggregation
process as indicated in the third column of 1. Assume that the value of x is equal to 50. As
indicated by the symbol * (with the low entropy values), the top 50% most certain predictions
belong to @2 and Q3. The average PMF of ()5 and )3 is used to calculate the final prediction of
the entire query document Q.

Table 1. Prediction Aggregation Process (*Top most certain k50% predictions).

Query Fragment (Q)|Query Fragment Prediction (PMF)|Entropy
Q1 [G:0.33, H:0.34, I:0.33] 1.5848
Q5 [G:0.36, H:0.32, I:0.32] 1.5827
Q3 [G:0.32, H:0.35, I:0.33] 1.5840
Q4 G:0.33, H:0.34, I:0.33] 1.5848
Final Prediction G :0.34, H:0.335, I:0.325] -

5 Performance Evaluation

In this section, we describe the experimental setup, previous state-of-the-art approaches, and the
results of our extensive experimental experiments.
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5.1 Experimental Setup

In this subsection, we illustrate the statistics of the corpora used in this study, along with parameter
settings, evaluation measures, and evaluation strategy.

Corpora. We created three corpora which are obtained from Project Gutenberg [71] written in
French, German, and English, respectively. Each document is from a different author to avoid any
influence of the authorship identification task. The Table 2 shows the details of each corpus.

Table 2. The three languages and their L1 classes are broken down.

English French German
L1 # Docs.|Text Length L1 # Docs.|Text Length L1 # Docs.|Text Length
French 32 312,234 English 38 420,174 English 36 310,487
German 31 381,187 Dutch 23 431,158 French 24 304,647
Spanish 23 497,033 Finnish 19 371,540 Dutch 20 334,321
Swedish 7 417,475 Portuguese 14 422,152 Finnish 12 369,073
Norwegian 7 357,743 Russian 6 350,875 Portuguese 8 301,054

Evaluation Measures. As explained in Section 4 we make native-language predictions at two
levels, namely, (i) fragment-level prediction; and (ii) document-level prediction. Thus, we evaluate
accuracy at these two levels.

1. Fragment Accuracy: A fragment is correctly predicted if the correct L1 is identified as the query
document’s most likely L1.

2. Document Accuracy: The aggregated prediction (final prediction) produced from the prediction
aggregation process with the correct L1 as the most likely L1 of the query document.

Parameters Setting. Although not shown here, we experimented with different values for each
parameter and found that the parameter values listed in Table 3 achieved the best accuracy. For
PkNN, the k value denotes the k SSFs that are closest to the Q. The values, (50%, 100%] denotes the
MHD ranges while (50%, 75%)] PHD ranges, respectively. The L value denotes the size of the query
fragment, @, i.e., 15,000 tokens. The [ value represents the chunk size, i.e., 1500 tokens. The x number
represents the percentage of query fragment predictions that are taken into account throughout the
prediction aggregation procedure to produce the final prediction for a query document.

Table 3. Default parameter settings.

% [MHD PHD L I K
10[(50%, 100%]|(50%, 75%]|15,000 tokens| 1,500 tokens|50%

o

Parameter Settings for Pre-trained Models: To fine-tune pre-trained multilingual language
models, we use the huggingface Tensorflow implementation for fine-tuning [72], with the hyper-
parameters given in Table 4. All models are base models, with 12 layers (except DistilBERT, which
has 6 layers), a hidden size of 768, and 12 attention heads. DistilBERT has a vocabulary size of
31K tokens, mBERT has a vocabulary size of 120K tokens, and Multilingual DeBERTa, and XLM-
RoBERTa have a vocabulary size of 250K tokens.

Table 4. Parameter settings of the pre-trained multilingual language models.

Pre-trained Language Models
Parameter|Value
# Epochs|5
Batch Size|8
Optimizer|Adam

Learning Rate[2e "
Loss|BinaryCrossentropy

Evaluation Strategy: For every experimental study, the reported results are average accuracy
obtained through leave-one-out cross-validation. Recall that, similar to documents in the corpus,
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we partition the query document into fragments and run an independent set similarity query for
each query fragment. The leave-one-out validation assures that a document used for model testing
is utilized exclusively for model testing.

5.2 Competitive Techniques

In this subsection, we provide the descriptions of the competitive techniques. Our solution (SS-
NLI) is compared against the current state-of-the-art native language identification method (Comp-
NLI) [3] and its enhanced version. Moreover, we also compare the performance of our solution (SS-
NLI) against machine learning methods that have been extensively employed in recently published
state-of-the-art studies to perform the native language identification task. These classifiers include
support vector machines (SVM), linear discriminant analysis (LDA) and mazimum entropy classifier
(MaxEnt) [3, 47, 62]. The descriptions of all competitors are provided in the following paragraphs.
Comp-NLI. This competitive technique is based on linear support vector machines (SVM) classifier
and they used several types of features including POS uni-grams, POS bi-grams, POS tri-grams,
and function words. SVM classifier creates statistical models to distinguish between the pairs of L1
classes in the training data by representing each document as a point in multidimensional space. To
distinguish between L1 classes, the SVM model uses the mathematical means to build a decision
boundary (or hyperplane) that best separates the documents of a specific L1 class from the docu-
ments of other L1 classes by maximizing the distance between the L1 classes and the hyperplane
that separates them [3]. In contrast to Comp-NLI [3], each document in our representation is rep-
resented as a series of point sets.As a result, our solution is capable of (i) capturing language usage
and production patterns of the authors, (ii) handling noise in the data; and (iii) removing uncertain
predictions of a query document before combining them to produce a single prediction for the entire
query document, which in turn help outperform the existing state-of-the-art NLI method.
Comp-NLI-E. Moreover, in this paper, we formulate an improved variant of the Comp-NLI. We
found that, (i) partitioning each document into chunks. (ii) producing the probabilistic output for
each chunk; and (iii) applying our prediction aggregation process illustrated in Section 4 improves the
accuracy of Comp-NLI (see Section 5.3 for performance comparison). We call this improvement in
the competitive technique, Comp-NLI entropy, which is abbreviated to Comp-NLI-E for conciseness.
In addition to this, we have compared the performance of our solution (SS-NLI) against machine
learning methods that have been extensively employed in recently published state-of-the-art studies
to perform native language identification tasks (see Section 5.3). These classifiers include Linear
discriminant analysis (LDA) and Mazimum entropy classifier (MaxEnt) [47, 62]. The descriptions
of these machine learning methods are given in the following paragraphs.
LDA-NLI. Linear discriminant analysis (LDA) is similar to the SVM classifier in the sense that
LDA also represents each document in the training data as a point in the multidimensional space.
Instead of creating margins to separate L1 classes, the LDA determines the mathematical centroid
of all the documents representing a particular L1 class. LDA thus determines a separate centroid
for each L1 class and it classifies the test document by plotting it in the multidimensional space by
computing its distance to each centroid. The test document is identified as belonging to an L1 class
with minimum distance [62].
MaxEnt-NLI. Mazimum entropy classifier (MaxEnt) relies on the concept of information theory
which states that if nothing is known regarding a test document, the probability of its L1 class
association is equally distributed across all the L1 classes until we start examining each feature of
the document and how these features are distributed across the documents representing different L1
classes. For instance, in the case of eight candidate L1 classes and one of them is Norwegian, the prior
probability that the writer of the test document is Norwegian is 1/8. Notwithstanding, if the test
document contains a feature that occurs 25% of the time in the documents written by Norwegian
authors, then the probability that the author of the test document is Norwegian increases to 1/4.
It also modifies the other L1 classes in a way that is proportional to the distribution of that feature
across different L1 classes. In case of multiple features, the MaxEnt model assigns the probability
distribution as evenly as possible, so that it calculates the entropy of all the conditional probabilities
and identifies the most unconstrained distribution [47, 62].
DistilBERT. DistilBERT is a streamlined version of the formidable BERT (Bidirectional Encoder
Representations from Transformers) model, designed to deliver remarkable computational efficiency
without compromising on performance. At its core, DistilBERT employs a clever knowledge dis-
tillation technique. It learns from the immense linguistic knowledge contained in BERT, a larger
and more resource-intensive model, and distills this knowledge into a leaner form. One of the most
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notable advantages of DistilBERT is its significantly improved inference speed. This makes it an ex-
cellent choice for real-time applications, including chatbots, virtual assistants, and recommendation
systems, where rapid responses are crucial. Moreover, DistilBERT’s versatility is evident in its abil-
ity to excel across a wide range of NLP tasks. Through pre-training on extensive text data followed
by task-specific fine-tuning, it maintains competitive performance levels. This means it can han-
dle tasks such as native language identification, sentiment analysis, text classification, and named
entity recognition with precision. Accessing DistilBERT is a breeze, thanks to the Hugging Face
Transformers library, making it a valuable tool for developers and researchers seeking to leverage its
efficiency and capability for their NLP endeavors. In essence, DistilBERT represents a pivotal step
forward in the pursuit of efficient, high-performance NLP models, unlocking a world of possibilities
in language understanding and generation.

mBERT. Multilingual BERT, commonly known as mBERT, is a pioneering language model devel-
oped by Google AL It stands out in the field of Natural Language Processing (NLP) for its ability
to understand and process text in multiple languages. mBERT is an extension of the original BERT
(Bidirectional Encoder Representations from Transformers) model, specifically tailored to address
the challenges posed by multilingual text. At its core, mBERT is a pre-trained model that captures
contextual information from text in over 100 different languages. It learns to understand nuances,
idiomatic expressions, and grammatical structures across these diverse languages, making it a valu-
able resource for a wide range of multilingual NLP tasks. One of the most significant advantages
of mBERT is its versatility. Researchers and developers can leverage this model for various tasks,
including native language identification, sentiment analysis, machine translation, and cross-lingual
information retrieval. By fine-tuning mBERT on specific tasks, it can adapt its multilingual knowl-
edge to perform exceptionally well in a targeted application. mBERT has democratized access to
NLP capabilities across languages and regions, enabling applications that cater to a global audience.
Its availability and flexibility make it an indispensable tool for those seeking to bridge language
barriers and develop multilingual NLP solutions. In essence, mBERT paves the way for a more
connected and linguistically inclusive digital landscape.

DeBERTa. DeBERTa, or Decoding-enhanced BERT with Disentangled Attention, is an advanced
language model that pushes the boundaries of language understanding and generation. Developed
as an evolution of the BERT (Bidirectional Encoder Representations from Transformers) architec-
ture, DeBERTa introduces several groundbreaking features that enhance its capabilities. The most
notable innovation in DeBERTa is its disentangled attention mechanism, which allows the model to
focus on specific parts of a text while ignoring irrelevant information. This fine-grained control over
attention makes DeBERTa exceptionally effective at capturing subtle nuances and long-range depen-
dencies in language, making it a versatile choice for a wide range of NLP tasks. With its advanced
architecture, DeBERTa achieves state-of-the-art results across various NLP benchmarks and tasks,
including text classification, question-answering, and language modeling. Researchers and develop-
ers can fine-tune DeBERTa on specific tasks to harness its remarkable language understanding and
generation capabilities. DeBERTa exemplifies the continuous innovation in NLP, offering enhanced
performance, fine-grained attention control, and improved text generation. Its availability empowers
the development of more sophisticated and context-aware NLP applications, further enriching the
capabilities of natural language understanding and generation systems.

XLMRoBERTa. The XLM-RoBERTa, an exceptional model in the realm of Natural Language
Processing (NLP), represents the fusion of two powerful language models: RoBERTa and XLM.
Developed by Facebook AI, XLM-RoBERTa stands out for its remarkable ability to understand and
process text in multiple languages, making it a cornerstone in the field of multilingual NLP. At its
core, XLM-RoBERTa combines the strengths of RoOBERTa, which is known for its state-of-the-art
performance in monolingual tasks, with XLM, a model designed for cross-lingual applications. This
fusion results in a versatile model capable of handling a broad spectrum of languages and linguis-
tic complexities. XLM-RoBERTa’s pre-training involves learning from a diverse corpus of text in
over 100 languages, allowing it to capture linguistic nuances, idiomatic expressions, and grammati-
cal structures across a multitude of languages. This comprehensive understanding is invaluable for
various multilingual NLP tasks, including machine translation, language identification, sentiment
analysis, and cross-lingual information retrieval. We can fine-tune XLM-RoBERTa for specific tasks,
ensuring that it adapts its multilingual knowledge effectively. The model’s performance consistently
ranks at the forefront of multilingual benchmarks, highlighting its efficacy and versatility in en-
abling global communication and information access. In essence, XLM-RoBERTa is a game-changer
for multilingual NLP, providing a powerful solution for bridging language barriers, fostering linguistic
inclusivity, and enhancing cross-cultural communication in a digitally connected world.
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5.3 Experimental Results

We conducted four experimental studies in the context of this investigation’s main objectives and
contributions, which are listed in Section Introduction. The first experimental study aims at feature
evaluation. That is, we investigate the effectiveness of our document representation model to cap-
ture the overlapping information between feature spaces. Specifically, we compare the performances
of three feature sets, namely, (i) POS bi-grams; (ii) POS tri-grams; and (iii) the combination of
POS bi-grams and POS tri-grams (Section 5.3). In a second experimental study, we evaluate the
outlier handling mechanisms associated with set distance measures. Specifically, We compare the ac-
curacy of three different set distance measures utilized in this study: (i) standard Hausdorff distance
(SHD), (ii) partial Hausdorff distance (PHD) and (iii) modified Hausdorff distance (MHD). In the
third experimental study, we compare the performance of our solution to that of competitors. We
specifically compared the performance of our solution to the existing state-of-the-art competitive
technique presented in multilingual native language identification (Comp-NLI), its improved variant
(Comop-NLI-E) [3], and two classical machine learning techniques widely used in previous studies,
namely, LDA-NLI and MaxEnt-NLI (Section 5.3). In the fourth experimental study, we compare
the performance of L2s about their L1. In terms of the L1 classes of the three languages, we com-
pare the performance of our solution (SS-NLI) to an improved variation of the competitive method
(Comp-NLI-E) (Section 5.3).

Features Evaluation: Proposed Method In this study, we assessed the performance of our basic
feature sets, namely, POS bi-grams and POS tri-grams. In addition, to reveal the overlapping infor-
mation captured by our document representation model (i.e., collection of point sets), we combined
POS bi-grams with POS tri-grams features into one vector and compared its performance against
individual feature sets (i.e., POS bi-grams and POS tri-grams). We evaluated the performance of our
feature sets across three languages. For each feature set as shown in Table 5, the performance of the
proposed solution was approximately similar across different languages. In addition, the combined
feature set had outperformed the individual feature sets across three languages. These findings imply
that some of the stylometric data captured by our features was complementary and orthogonal. The
performance of NLI was improved as a result of integrating these features. We will limit the rest
of the experimental investigations to the combined feature set and report only document accuracy
because the combined feature set outperforms individual feature sets across the three languages and
document accuracy is always higher than fragment accuracy.

Table 5. Proposed Solution: Fragment accuracy (%) & Document Accuracy (%) comparison between our
feature sets across the three languages using modified Hausdorff distance (MHD).

Feature Sets English French German

POS Bi-grams 61.31 & 66.0|61.77 & 67.0(63.93 & 70.0
POS Tri-grams 64.24 & 71.0/56.01 & 70.0/65.04 & 72.0
POS Bi-grams & POS Tri-grams|75.41 & 89.0|77.16 & 89.0|74.93 & 88.0

Accuracy Comparison Among Set Distance Measures: Proposed Method In this section,
we compare the accuracy of three different set distance measures used in this study including (i)
standard Hausdorff distance (SHD), (ii) partial Hausdorff distance (PHD) and (iii) modified Haus-
dorff distance (MHD). Experimental results given in Table 6 shows that MHD outperforms two
other set distance measures. Recall that SHD does not have an outlier handling mechanism, whereas
MHD and PHD have outlier handling mechanisms (please see Section 4.2 for details). The fact
that MHD outperforms SHD indicates that our dataset contains noise. As evidenced by its superior
performance, MHD has a better outlier handling mechanism than PHD.

Performance Comparison between Our Solution and Classical Machine Learning Based
Competitive Techniques In this section, we assessed the performance of the proposed solu-
tion against the existing state-of-the-art competitive technique presented in multilingual native
language identification (Comp-NLI) [3], its improved variations (Comop-NLI-E) and two classical
machine learning techniques extensively used in previous studies and the existing state-of-the-art
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Table 6. Proposed Solution (Document Accuracy): Accuracy comparison among set similarity measures
based on POS Bi-grams & POS Tri-grams.

Set Similarity Measure|English|French|German
SHD 74.0 75.0 74.0
PHD 78.0 80.0 79.0
MHD 89.0 89.0 88.0

language models including DistilBERT [14], mBERT [15], multilingual DeBERTa [16], and XLM-
RoBERTa [17]. We used the same evaluation strategy as illustrated in section 5.1. The experimental
results are given in Table 7. As can be seen, the proposed solution (SS-NLI) outperforms the Comp-
NLI, its improved variation, comp-NLI-E, other classical machine learning methods, and pre-trained
language models. Besides that, the performance of the proposed solution and competitive techniques
is approximately similar across the three languages. However, this is not the case with pre-trained
language models. That is, fine-tuning pre-trained language models provides better performance in
English than in French or German.

Table 7. Document Accuracy: Performance comparison between proposed solution and competitive tech-
niques based on POS Bi-grams & POS Tri-grams using MHD.

Methods English|French|German
MaxEnt-NLI ~ |40.0 39.0 38.0
LDA-NLI 44.0 42.0 43.0
Comp-NLI 53.0 49.0 52.0

Comp-NLI-E  |58.0 57.0 58.0
DistilBERT 88.0 83.0 85.0

mBERT 87.0 86.0 87.0
DeBERTa 88.0 86.0 83.0
XLM-RoBERT2|88.0 85.0 84.0
SS-NLI 89.0 89.0 (88.0

Performance Comparison among L2’s in Terms of their L1. In this study, we provide
the performance comparison between the proposed solution (SS-NLI) and the improved variation
of competitive technique (Comp-NLI-E) for the three languages in terms of their L1 classes. As
shown in Figure 3 the proposed solution (SS-NLI) outperformed the improved variation of the
competitive technique (Comp-NLI-E) This is because our document representation model (i) is
capable of capturing language usage and production patterns both within and across the documents,
(ii) is capable of handling the outliers in our data, and (iii) allows us to remove uncertain predictions
from a query document before producing the final predictions. This document representation model,
in particular, allows us to use set similarity functions with outlier handling mechanisms (e.g., modified
Hausdorff distance), which improves the performance of the NLI task. Furthermore, the performance
of the proposed solution in terms of L1 classes appears to be similar in all three languages, as shown
in Figure 3 (Section 5.3 contains a detailed comparison of the proposed solution and all competing
techniques).

6 Conclusions

This paper presents an NLI solution. To conduct this research, we created three corpora written
in French, German, and English. We then propose a solution that captures the language usage
and production patterns of the authors in documents to perform the NLI task. With the help of
extensive experimental studies, we show that our solution can be applied to different languages
and reports higher accuracy than state-of-the-art NLI methods. We intend to apply our solution to
additional languages in the future, assuming that the relevant corpora are available. In the future,
provided the relevant corpora, we plan to apply our solution to additional languages. Furthermore,
the integration of cultural references and materials, in addition to linguistic aspects, could help to
personalize further and enrich educational content. Exploring the possibilities of direct integration
with educational platforms and tools, such as learning management systems (LMS) or adaptive
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Fig. 3. Document Accuracy: Performance comparison of the proposed solution (SS-NLI) and the competitive
technique (Comp-NLI-E) in terms of L1 classes for the three languages MHD POS Bi-grams & POS Tri-
grams.

learning technologies, could represent a promising field of research for the future. Such integrations
could facilitate the practical application of the results of this paper, making them more accessible
to both educators and students.
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