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Abstract

To address the issue that current domestic English essay assisted grading sys-
tems lack accurate and efficient off-topic detection algorithms, this paper pro-
poses an off-topic detection algorithm combining LDA and word2vec. The algo-
rithm utilizes the LDA model for document modeling and employs word2vec for
document training, leveraging the obtained document topics and semantic rela-
tionships between words to calculate probability-weighted sums for each topic
and its feature words in the document, ultimately filtering out off-topic essays
by setting a reasonable threshold. In experiments, the optimal number of topics
was determined by varying the document topic numbers and analyzing the re-
sulting F-values. Experimental results demonstrate that the proposed method
is more effective than vector space model-based approaches, capable of detecting
more off-topic essays with higher accuracy and achieving an F-value exceeding
89%, thereby realizing intelligent processing of essay off-topic detection that can
be effectively applied in English essay instruction.

Full Text

Preamble
Off-Topic Detection for English Essays Based on LDA and word2vec

Qu Qiang, Cui Rongyi, Zhao Yahuifj
(Intelligent Information Processing Laboratory, Department of Computer Sci-
ence & Technology, Yanbian University, Yanji, Jilin 133002, China)

Abstract: Current English composition grading systems in China lack accurate
and efficient off-topic detection algorithms. To address this problem, this paper
proposes a novel off-topic detection algorithm that combines LDA and word2vec.
The algorithm employs LDA to model documents and word2vec for document
training. By leveraging the obtained semantic relationships between document
topics and words, it calculates the probability-weighted sum of each topic and
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its feature words within documents. Finally, by setting a reasonable threshold,
off-topic essays are identified. In the experiments, the optimal number of topics
was determined by evaluating different F-values obtained through varying the
document topic count. Experimental results demonstrate that the proposed
method is more effective than vector space model-based approaches, detecting
more off-topic essays with higher accuracy and achieving an F-value above 89%.
This approach enables intelligent processing of off-topic essay detection and can
be effectively applied in English composition instruction.

Keywords: off-topic essay detection; vector space model (VSM); latent Dirich-
let allocation (LDA); semantic relations between words

0 Introduction

Writing is a crucial means of expressing emotions and conveying information,
with theme being the soul of any composition. A well-written essay must have a
clear and appropriate central theme; otherwise, it can cause confusion and mis-
understanding, or even result in off-topic writing. Essays may deviate from the
topic for various reasons, whether intentional or due to unintentional submission
errors [?].

Off-topic detection aims to determine whether an essay strays from its assigned
topic, with its core task being the calculation of text similarity [?]. Text simi-
larity serves as a metric for measuring the degree of resemblance between texts.
Currently, the most commonly used and classic text representation model is the
Vector Space Model (VSM), with the TF-IDF algorithm being the most widely
adopted method for text similarity calculation. This approach characterizes
word weights using term frequency in documents and computes text similarity
through cosine similarity between vectors. Although the bag-of-words model
is simple and somewhat effective, it ignores the semantic information inherent
in words and fails to consider semantic similarity between terms. For instance,
the English words “like” and “love” both express affection, yet in the vector
space model, they are treated as two independent terms. To address this lim-
itation, researchers have proposed word expansion methods using dictionaries
such as WordNet and HowNet. Reference [?] proposed a method for calculating
English word semantic similarity based on WordNet expansion, while reference
[?] introduced a method using HowNet to compute lexical semantic similarity.
However, these methods heavily rely on manually constructed dictionaries and
encounter significant challenges when encountering new words.

To overcome these shortcomings, this paper proposes a novel text similarity cal-
culation method for English essay off-topic detection. The algorithm employs
LDA to model document collections, extracting each document’ s topics and
their characteristic words along with their probability distributions. By inte-
grating the semantic relationships between words obtained through word2vec
training, it calculates the probability-weighted sum of each topic in the docu-
ment. This approach effectively identifies off-topic essays and, compared with
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traditional vector space models, not only captures more semantic information
between terms but also obtains topic distribution patterns through document
modeling, thereby compensating for the limitation of ignoring word semantics
in conventional VSM methods.

1 LDA Modeling
1.1 LDA Model

The LDA (Latent Dirichlet Allocation) model, proposed by Blei et al., is a
three-layer Bayesian generative model comprising “document—topic—word” [?].
It extends the probabilistic latent semantic analysis (pLSA) model into a three-
layer Bayesian probability framework containing word, topic, and document
structures. This unsupervised machine learning algorithm can identify latent
topic information in large-scale document collections or corpora. It adopts the
bag-of-words approach, treating each document as a word frequency vector to
transform textual information into numerical data suitable for modeling and
computation.

The model operates under the premise that documents are composed of several
latent topics, which in turn consist of specific vocabulary terms, while ignoring
syntactic structure and word order [?]. The LDA topic model can be represented
as a probabilistic graphical model, as shown in [Figure 1: see original paper].

In the figure, M represents the number of documents in the collection, K rep-
resents the number of topics, and N represents the number of feature words in
each document. 6, denotes the probability distribution of all topics in the m-
th document, while ¢, represents the probability distribution of feature words
under a specific topic.

For each document in the corpus, LDA provides the following generative process:

a) Sample the topic distribution 6,, for the m-th document from Dirichlet
distribution Dir(«)

b) Sample the topic z,,, for the n-th word in the m-th document from the
multinomial distribution Mult(6,,,)

c¢) Sample the word distribution ¢,  for topic 2,,, from Dirichlet distribu-
tion Dir(p)

d) Sample the final word w,,,, from the multinomial distribution Mult(¢, )

mn

Since LDA assumes that an article contains multiple topics, with each topic
corresponding to different words, the document generation process works as
follows: first, select a topic with a certain probability, then select a word under
that topic with a certain probability, generating the first word of the article.
Repeating this process generates the entire document, with the assumption that
words are independent of each other.
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This paper employs the MCMC [?] method, specifically the Gibbs sampling
[?] algorithm, for parameter estimation. This can be viewed as the inverse of
the document generation process: given the document collection (the result of
generation), parameter values are estimated. Based on the model diagram in
[Figure 1: see original paper], the probability distribution of a document can be
obtained.

1.2 Gibbs Sampling

Parameter estimation in LDA model construction requires approximate infer-
ence methods, with commonly used approaches including variational Bayes in-
ference, expectation propagation, and collapsed Gibbs sampling. The Gibbs
sampling-based parameter inference method is easy to understand, simple to
implement, and highly effective for extracting topics from large-scale text collec-
tions [?]. Consequently, Gibbs sampling has become the most popular method
for LDA model extraction.

Gibbs sampling is an MCMC (Markov chain Monte Carlo) algorithm, and Grif-
fiths proposed applying Gibbs sampling to LDA model parameter estimation
[?]. The two most important parameters in the LDA model are the probability
distribution of feature words under each topic and the probability distribution
of topics in each document.

The specific steps of the Gibbs sampling algorithm are as follows (for detailed
derivation, see reference [?]):

a) Initialization: Topic z; is initialized to a random integer between 1 and
T, with ¢ looping from 1 to N, where N is the total number of word
occurrences in the corpus. This constitutes the initial state of the Markov
chain.

b) Iterative sampling: After sufficient iterations, when the Markov chain
approaches the target distribution, the topic z; can be estimated according
to the following formula:

”t 5 )+ By ”5;711 + oy

14 -1 K =
Z ( Ezk +ﬁ ) ijl(nsn,;—’_aj)

P(Zi‘zﬁiﬂw) X

where n, ; represents the count of feature word ¢ appearing in topic k, and

Ny, Tepresents the count of topic k appearing in document m. The values of
10) and 6 are indirectly obtained through Gibbs sampling, denoted as posterior
probabilities gb and @, with calculation formulas:

Ny g+ By

G = Mkt P
o Zl/:l(nv,k + Bv)
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1.3 LDA Modeling Process

Before conducting LDA modeling, the given document collection {d,, ds, ..., d,;}
must be preprocessed. For each document d,, € D, preprocessing FE&IF51a.
LA, ERRFSERE, BREENSMATMASEIRERT, BEEREMNAIERE, ¥
HEAT—H R IREIE,

The preprocessed corpus is presented as a single document to construct the
document-term matrix. The final text representation is shown in equation (4):

Wy Wig Wiy
D= | W ng wgn
Wparp Wpr2 0 Warg

where M represents the total number of documents and m represents the doc-
ument index. w,,, denotes the n-th term in the m-th document.

For the document-term matrix obtained above, the LDA model is applied to
model the preprocessed document collection D, yielding each document’ s topics
z and their probability distribution 6, as well as each topic’ s feature words w
and their probability distribution ¢.

2 Topic Relevance Calculation Based on LDA and word2vec
2.1 word2vec

In recent years, with the rapid development of deep learning, word vector rep-
resentation methods based on neural networks for automatic feature extraction
have gained increasing attention among researchers. Mikolov et al. proposed the
word2vec language model [?] for computing word vectors by drawing on Bengio’
s NNLM (Neural Network Language Model) and Hinton’ s Log-Linear model.
In 2013, Google released word2vec as an open-source tool for training word vec-
tors [?]. The word2vec [?] model can quickly and effectively represent a word
as a real-valued vector based on a given corpus. By leveraging contextual infor-
mation of words, it simplifies text content processing to K-dimensional vector
operations, where similarity in vector space can represent semantic similarity in
text.

The word vectors output by word2vec can be used for various NLP tasks such as
sentiment classification, synonym finding, and part-of-speech analysis. Another
characteristic of word2vec is its efficiency; Mikolov et al. [?] noted that an
optimized single-machine version can train hundreds of billions of words per day,
providing new approaches for applied research in natural language processing.
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word2vec includes two training models with architectures: CBOW (Continuous
Bag-Of-Words) and Skip-Gram. The schematic diagram is shown in [Figure
2: see original paper]. As evident from the figure, both CBOW and Skip-
gram models consist of an input layer, projection layer, and output layer. The
CBOW model predicts the current word’ s vector from its context, representing
the continuous words corresponding to the current word’ s context in bag-of-
words form and selecting the sum of context word vectors as the training target.
Conversely, the Skip-gram model generates word vectors in the opposite manner,
using only the current word to predict its context. Through these two models,
word2vec comprehensively considers contextual information, thereby achieving
better results.

2.2 Topic Relevance Calculation

Before calculating topic relevance for documents, the document collection must
be trained using word2vec to obtain semantic information between terms. For
the English corpus in this study, word2vec identifies different words based on
spaces between them. After word2vec training, each word obtains a vector
representation, and the cosine similarity between two vectors represents their
semantic similarity distance. A larger cosine value indicates greater semantic
similarity between the two words. For example, for two n-dimensional vectors
a = (T, %19y -, Z1,) a0d b = (Tg1, Tog, ..., Tq, ), the cosine similarity is calcu-
lated as:

Zk 1 L1kTog
\/Zk 1x1k\/zk 1$2k

The trained word vector representations are stored in files for subsequent sim-
ilarity calculations. For instance, specifying the word “woman” will display
“man” as the closest word with a cosine distance of 0.685 after training. The
training results transform semantic information between words in the document
into vector representations for preservation.

cos(a,b)

Based on the above information, for each term w; in each document, word2vec
is used to compute the cosine similarity between the term and feature words w,
under topic z;. The relevance between term w; and topic z; is the probability-
weighted sum of cosine similarities with all feature words under z;, calculated

as:

Zcos ) x P(w,|t)

where N is the number of feature words in topic .
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The relevance between term w; and document d,, is then the probability-

weighted sum of its relevance to each topic:

K
S(wj,dy,) = Zs(wjati> x P(t;|d,,)
i=1

Finally, the total relevance of document d,, is the sum of S(w;,d,,) values for
all its terms:

3 Off-Topic Detection Algorithm

The off-topic detection algorithm first preprocesses the document collection to
establish a document-term matrix. It then applies LDA modeling to obtain
document topics z and their distribution 6, as well as feature words and their
distribution ¢ under each topic. Next, word2vec trains the document collection
and saves the results. Finally, the information from LDA and word2vec is com-
bined, and a selected threshold is applied to filter each document and identify
off-topic essays.

The algorithm leverages LDA to obtain document topic information while using
word2vec-trained word vectors to capture more accurate semantic information
contained in terms. These factors contribute significantly to effective off-topic
essay detection.

The specific algorithm steps are designed as follows:

a) Preprocess the document collection. For English documents, pre-
processing includes tokenizing by spaces, converting uppercase letters and
words at sentence beginnings and proper nouns to lowercase, removing
stop words (e.g., “the” , “a”, “an” ), removing all punctuation, and
extracting word stems (removing plural forms, -ing, -ed suffixes). For ex-
ample, the sentence “we all like the book, it is so interesting.” becomes
“like book interest” after preprocessing.

b) Construct the document-term matrix. The vectorized document
representation takes the form of equation (4), where row i represents the
i-th document, the number of columns in row 7 indicates the term count
in that document, and column j in row i corresponds to the j-th term in
the i-th document.

¢) Perform LDA modeling. For each document in the document-term
matrix, equations (1) and (2) are used to obtain the topic probability
distribution 0, for document m and the feature word probability distri-
bution ¢, for topic k. Sorting by probability values yields each document’
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s topics with their probability distributions and feature words with their
probability distributions. For example, if an English document has 60%
probability distribution on the education topic and 40% on children, fea-
ture words under the education topic would include “school”, “students”,
“education” , while the children topic would contain “children” , “women”
, “family” .

d) Train word vectors with word2vec. Using the preprocessed document
collection as input, word2vec training outputs a vector representation for
each word. The generated word vectors are used to calculate distances
(similarities) with specified words via equation (6).

e) Calculate topic relevance using LDA and word2vec. For each term
in each document, compute its cosine similarity with feature words under
each topic obtained from LDA modeling using equation (7) to calculate
the probability-weighted sum for each feature word. Then apply equation
(8) to compute the weighted sum across topics. Finally, sum the topic
relevance values for all terms in the document using equation (9) and
identify off-topic essays based on the threshold.

The algorithm combines the advantages of LDA and word2vec. The word2vec
training results enable more accurate expression of semantic relationships be-
tween words in documents, allowing the LDA modeling to effectively determine
whether the document’ s topics are appropriate. This yields document topic
relevance in a low-dimensional semantic space for off-topic detection.

4 Experimental Results and Comparative Analysis

The experiments collected 1230 university English essays across six different
topics, with 205 essays per topic. Each essay was manually annotated with
scores, with essays scoring below 5 out of 15 considered off-topic. The detected
off-topic documents were compared against manually annotated results, evalu-
ating accuracy, recall, and F-value to verify the algorithm’ s effectiveness and
practicality.

Precision (P) is the ratio of correctly detected off-topic documents to all docu-
ments detected as off-topic. Recall (R) is the ratio of correctly detected off-topic
documents to all actual off-topic documents. Let T represent correctly detected
off-topic documents, A represent total detected off-topic documents, and B rep-
resent total actual off-topic documents:

T
T
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As equations (10) and (11) imply, precision and recall typically have an inverse
relationship. The F-value harmonizes this trade-off as a comprehensive metric
balancing both:

_ 2PR
" P+R

Therefore, the F-value serves as the final evaluation metric. Experiments with
different K values yielded corresponding F-values, with average F-values across
different topic numbers shown in [Figure 4: see original paper].

The LDA model used Gibbs sampling in experiments. Initially assuming topic
number K = 2, hyperparameters were set to empirical values [?] « = 50/K
(varying with topic number) and 8 = 0.01 (fixed). To ensure accuracy, Gibbs
sampling iterations were set to 1000.

When training the document collection with word2vec, multiple hyperparam-
eters affect training quality and speed. Reference [?] provides guidance on
parameter selection. Based on experimental requirements, word2vec training
parameters were configured as shown in .

Table 1: word2vec Parameter Settings

Parameter Value Description

size 200 Word vector dimension

window 5 Context window size

min-count 3 Minimum word frequency threshold
cbow 0 Use CBOW model (0=yes)

Experiments revealed that hyperparameter a changes with document topic num-
ber K, exhibiting an inverse relationship. Larger K values result in smaller «
values, indicating more topics per document. For feature words under each topic,
reference [?] demonstrated that selecting 5 feature words yields good results, so
this experiment uniformly selected 5 feature words per topic per document.

Using the optimal topic number determined from experiments, the algorithm
detected off-topic documents. Comparing these with manually annotated off-
topic documents yielded average precision of 91.86%, average recall of 88.78%,
and average F-value of 89.81% across six topics.

A comparative experiment using the TF-IDF algorithm based on vector space
model was conducted on the same English essay corpus. After preprocessing,
TF-IDF represented documents as term vectors. Each essay’ s cosine similarity
with five given sample essays was computed and averaged as the final result,
with threshold-based filtering identifying off-topic essays per topic. Using the
same evaluation method, this baseline achieved an average F-value of 77.4%
across six experiments.
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Table 2: Off-Topic Detection Results with Topic Number = 2

Metric Topic 1 Topic 2 Topic 3 Topic4 Topic5 Topic6 Average

Precision 94.74%  93.33%  93.75% 86.67% 61.54% 5% 84.17%
Recall 94.74% 100% 100% 86.67% 5% 89.40%  94.74%
F- 96.55% 96.77% 86.67% 69.57% 75% 86.55% -

value

With K = 2, the off-topic detection achieved average precision of 84.17%,
average recall of 89.40%, and average F-value of 86.55%. To optimize per-
formance, experiments varied the document topic number K across values
{2,3,5,10,15,20,25,30}. For each K, thresholds were selected to obtain
off-topic detection results. Comparison with manually annotated scores yielded
precision, recall, and F-value per topic, with final averages computed. Since
the F-value comprehensively considers both precision and recall, it served as
the primary evaluation metric.

[Figure 4: see original paper| clearly shows how the average F-value changes
with topic number, peaking when K = 15. Therefore, the optimal topic number
was determined to be 15. Additionally, experiments observed that iteration time
increases with topic number.

The F-value comparison between the proposed method and TF-IDF is shown
in [Figure 5: see original paper|. Analysis reveals that the proposed algorithm
performs better, accurately analyzing semantic information of terms in doc-
uments while obtaining topic distribution patterns—both crucial for off-topic
detection. While maintaining high precision, the algorithm detects more off-
topic essays than the TF-IDF approach, showing significant F-value improve-
ment and demonstrating reliability. In comparative experiments, the proposed
method successfully identified all off-topic essays for two topics with high pre-
cision, whereas the TF-IDF algorithm missed some, including zero-score essays
that were off-topic but not blank. This highlights TF-IDF’ s primary limitation:
it relies solely on term frequency and inverse document frequency, making it
ineffective at capturing word semantics.

The proposed algorithm achieves over 88% off-topic detection with high pre-
cision, proving more effective than vector space model-based TF-IDF. It effi-
ciently filters off-topic essays within short timeframes, saving teachers consider-
able grading effort.

5 Conclusion

This paper utilizes LDA for document modeling to conveniently extract docu-
ment topics and their feature words. Word2vec training further enhances ac-
curate expression of semantic relationships between words. LDA and word2vec
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are then combined for topic relevance calculation. Experimental results demon-
strate effective off-topic essay detection. The proposed algorithm provides intel-
ligent assistance for English teaching and essay grading competitions, enabling
computers to effectively simulate teachers’ rapid, objective, fair, and automatic
processing of English essays. It filters off-topic essays for each topic, reducing
subjective factors in grading and improving efficiency while overcoming the lim-
itation of manual methods that cannot quickly and effectively detect off-topic
essays in large volumes.

A limitation of this work is that LDA topic number determination relies solely
on F-value rather than computational theory for optimal topic selection. Given
LDA’ s extensibility, future work will focus on improving document modeling
and topic number determination methods within the LDA framework.
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