
Journal of Applied Science and Engineering 34 (2026) 26034065 1

Interpretable Artificial Intelligence Used To Diagnose Common
Grammatical Errors in English Writing By Non-Native Engineering
Researcher

Yafeng Liu∗

School of English Language and Culture, Xi’an Fanyi University, Xi’an 710105, China

∗Corresponding author. E-mail: liuxiaoya1202@126.com

Received: May 15, 2026; Accepted: Jul. 24, 2026

Grammatical error detection is an essential task in natural language processing that supports automated writing
assistance and educational language assessment systems. This study proposes an explainable framework for
identifying multiple categories of grammatical errors in English text. The model was evaluated using a dataset of
2,990 annotated English sentences containing both grammatically correct and erroneous structures across several
error categories. The proposed framework integrates text pre-processing, Term Frequency–Inverse Document
Frequency (TF–IDF) based word-level n-gram feature extraction, and a multi-class Logistic Regression (LR)
classifier. The framework generates efficient numerical representations of textual data while capturing lexical,
syntactic, and pragmatic characteristics for accurate grammatical error identification. To enhance transparency
and interpretability, SHAP (SHapley Additive exPlanations) was employed to analyze feature importance
and provide word-level explanations for classification decisions, thereby incorporating explainable artificial
intelligence into grammar evaluation tasks. Experimental results demonstrate strong classification performance,
achieving an accuracy of 0.9766, precision of 0.9376, recall of 0.9889, macro-average F1-score of 0.9603, and
weighted F1-score of 0.9772. Furthermore, the Cohen’s Kappa coefficient of 0.9667 indicates a high level
of agreement between predicted and actual labels, confirming the reliability of the proposed model. The
combination of TF–IDF statistical text representation and interpretable logistic regression provides an effective,
computationally efficient, and explainable solution for automated grammatical error identification.

Keywords: Grammatical Error Detection; Natural Language Processing; TF–IDF Feature Extraction; Logistic Regression;

Explainable Artificial Intelligence; SHAP Interpretability
© The Author(’s). This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC
BY 4.0), which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are cited.

http://dx.doi.org/10.6180/jase.202611_34.065

1. Introduction

Due to globalization over the last few decades, English
has grown to be viewed as the international language of
science [1]. Engineering researchers need grammatically
correct English manuscripts for successful academic com-
munication and publication [2]. Non-native engineering
researchers often struggle to achieve full grammatical ac-
curacy in academic writing [3]. Grammatical errors in re-
searchers’ manuscripts negatively affect their readability

[4], the framework improved material reuse, reduced en-
ergy consumption and embodied carbon emissions, while
providing interpretable decision support for heritage con-
servation rather than automated conservation decisions
[5].

Numerous reasons exist as to why non-native English
researchers make grammatical errors when writing in En-
glish [6]. One of the primary causes of grammatical error
originates from the disparity between the native language
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of the individual and the structure of English grammar
[7]. The differences in language structure provide multiple
areas for errors including, but not limited to, the following
items: articles, subject-verb agreement, and prepositions. A
non-native writer typically has had limited experience with
formal academic English [8]. Non-native researchers lack
scientific writing training, leading to frequent grammatical
errors in research publications [9].

The proposed framework integrates preprocessing, TF–
IDF, Logistic Regression, and SHAP to detect grammatical
errors in non-native academic writing with improved accu-
racy, reliability, and interpretability.

The study proposes an interpretable grammatical error
detection framework that combines TF–IDF feature extrac-
tion with a Logistic Regression classifier and integrates
SHAP-based explainable artificial intelligence to provide
transparent interpretation of model predictions through
feature importance and word contribution analysis. Fur-
thermore, it demonstrates that traditional machine learn-
ing methods offer a computationally efficient and effective
alternative to complex deep learning approaches for gram-
matical error detection.
Research Organization

The remainder of this paper is organized as follows.
Section 2 reviews related work, Section 3 presents the pro-
posed methodology, Section 4 describes the experimental
setup and dataset, Section 5 discusses the performance eval-
uation and experimental results, and Section 6 concludes
the study with future research directions.

2. Literature review

Ghannam et al. [10] examined how AI-powered language
aid can be used to enhance the level of writing English
among non-native speakers. The study shows that auto-
mated grammar correction improves writing accuracy but
emphasizes the need for explainable AI due to the limited
transparency of black-box models. Li et al. [11] investigated
the possibility of AI-based technologies to enhance aca-
demic writing proficiency of non-native English-speaking
medical students. Their study demonstrated that conversa-
tional AI improves grammar, vocabulary, and writing style,
supporting AI-based grammatical error analysis. Aladsani
et al. [12] explored the use of generative technologies of
artificial intelligence by non-native English-speaking re-
searchers who engaged in academic publication. AI tools
improve grammar and clarity in writing, but issues of trans-
parency and interpretability require explainable AI models.

Algobaei and Alzain [13] proposed a generative AI-
based model, which is based on personalized language
feedback that is offered to non-native learners of English

using prompt engineering. Their study showed that AI pro-
vides personalized feedback to improve sentence structure
and grammatical accuracy, but transparent identification
of specific grammatical error categories still requires struc-
tured machine learning models.
Problem Statement

Non-native engineers often struggle with academic
grammar, reducing clarity and publication acceptance
chances [14]. Most grammar checkers correct errors but
lack transparency about specific grammar error types [15].

3. Proposed methodology

The proposed framework uses TF–IDF, Logistic Regression,
and SHAP for interpretable grammatical error detection,
classifying multiple error types with transparent feature
analysis.

The proposed framework for grammatical error detec-
tion shows in Fig. 1. The proposed framework prepro-
cesses text and applies TF–IDF with multi-class Logistic
Regression for classification, using SHAP for interpretable
word-level grammatical error predictions.

Fig. 1. Architecture of TF–IDF and Logistic
Regression-Based Grammatical Error Detection

Framework

3.1. Feature Extraction Using TF–IDF

TF–IDF converts preprocessed text into weighted numer-
ical vectors that highlight grammatical patterns such as
verb, article, and preposition errors for accurate classifica-
tion.

3.1.1. TF

TF measures word frequency as occurrences divided by
total words in a sentence (Eq. (1)):

TF(t, d) =
ft,d

∑k fk,d
(1)
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Where, ft,d denotes the number of occurrences of term t
in sentence d, ∑k fk,d represents the total number of terms
in sentence d. TF normalization balances sentence length by
scaling term frequencies relative to total words, producing
consistent TF–IDF features and improving grammatical
error classification across sentences of varying lengths.

3.1.2. IDF

IDF down-weights common words and highlights rare
terms, computed in Eq. (2):

IDF(t) = log
(

N
DF(t) + 1

)
(2)

Where, N denotes the total number of sentences in the
dataset, DF(t) represents the number of sentences contain-
ing term t.

3.1.3. TF-IDF Weight Computation

The final term importance is obtained by combining TF and
IDF, defined in Eq. (3):

TF-IDF(t, d) = TF(t, d)× IDF(t) (3)

Where, t denotes a vocabulary term, d represents a doc-
ument or sentence, TF(t, d) indicates the normalized fre-
quency of term t in d.

3.1.4. Feature Vector Construction

Each sentence represented as numerical TF-IDF vector after
computing scores, Eq. (4):

xd = [w1, w2, w3, . . . , wm] (4)

Where, xd represents the TF–IDF vector of sentence d,
wi denotes the TF–IDF weight of the ith vocabulary term,
and m is the total vocabulary size.

The TF–IDF matrix converts sentences into sparse vec-
tors, capturing grammatical patterns for efficient, accurate,
and interpretable Logistic Regression classification with
SHAP.

Unigram TF–IDF was chosen for its ability to capture
strong lexical cues from individual words, enabling a com-
pact feature space for efficient Logistic Regression classifi-
cation and clear SHAP-based interpretability without the
added complexity of higher-order n-grams.

The sparse TF–IDF representation reduces memory us-
age and enables efficient Logistic Regression training and
inference, allowing the proposed framework to achieve a
balance between scalability, computational efficiency, and
predictive performance.

Algorithm 1: TF–IDF-Based Text Feature Extraction

Input: Raw dataset D

Output: TF–IDF feature matrix X

1: Initialize empty corpus C

2: For each sentence in D: preprocess (lowercase,
remove punctuation, tokenize, remove stopwords,
lemmatize)

3: Build vocabulary V from corpus C

4: Compute TF and IDF for each term in V

5: Compute TF–IDF weights

6: Form feature matrix X using TF–IDF vectors

7: Return X

3.2. Grammar Error Detection Using LR

The model uses TF–IDF, Logistic Regression, and SHAP
for interpretable grammatical error detection in non-native
writing.

3.2.1. Linear Decision Modelling

The decision score is computed as a linear combination of
input features, as defined in Eq. (5):

z = wT x + b (5)

where z denotes the linear decision score, w represents
the learned parameter vector, x is the TF-IDF feature vector,
and b denotes the bias term. Logistic Regression assumes
TF–IDF features are linearly separable, enabling efficient,
accurate, and interpretable grammatical error detection by
leveraging high-dimensional lexical patterns.

3.2.2. Multi-Class Extension for Grammatical Error Categories

Multi-class classification using Softmax in Logistic Regres-
sion, as Eq. (6):

P(y = k | x) =
ewT

k x+bk

∑K
j=1 ewT

j x+bj
(6)

In Eq. (6), x denotes the TF–IDF feature vector of the
input sentence, wk the learned weight vector for grammati-
cal error class k, bk the corresponding bias, and K the total
number of error classes. The denominator of the equation
contains a normalization term which confirms that all pre-
dicted probabilities distribute correctly across all possible
classes. The SoftMax function converts the output scores of
all grammatical error classes into probabilities that range
from 0 to 1 and sum to one. This enables direct comparison
of the likelihood of each grammatical error category and
identifies the most probable class. The system determines
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its final prediction by choosing the grammatical error cate-
gory that has the highest posterior probability as Eq. (7):

ŷ = arg max
k

P(y = k | x) (7)

Where, ŷ denotes the predicted class label, arg max
k

selects the class with the highest posterior probability
P(y = k | x), y is the true class label, and x denotes the
TF-IDF feature vector. The Logistic Regression model es-
timates parameters by minimizing cross-entropy loss, as
Eq. (8):

L = −
N

∑
i=1

K

∑
k=1

yik log P(y = k | xi) (8)

Where N denotes the number of training samples, yik

represents the ground-truth indicator variable, and P(y =

k | xi) denotes the predicted class probability for the ith

sample.

3.3. Interpretable Artificial Intelligence Using SHAP

SHAP explains Logistic Regression predictions by identi-
fying word contributions influencing grammatical error
classification and improving interpretability.

Fig. 2 shows preprocessing, TF-IDF vectorization, Logis-
tic Regression classification, and SHAP-based explanation
for transparent grammatical error detection decisions.

3.3.1. Additive Feature Attribution Model

SHAP explains model predictions using an additive feature
attribution formulation as Eq. (9):

f (x) = ϕ0 +
n

∑
i=1

ϕi (9)

Where, f (x) - prediction output of the trained model
for input instance x, ϕ0 - base value, ϕi - SHAP value cor-
responding to the contribution of feature i, n - number of
input features.

3.3.2. Shapley Value Computation

SHAP computes feature contribution using Shapley values
from game theory, in Eq. (10):

ϕi = ∑
S⊆F\{i}

|S|!(|F| − |S| − 1)!
|F|!

[
fS∪{i}(x)− fS(x)

]
(10)

Where, F - set of all input features, S - subset of features
excluding feature i, |S| - number of elements in subset S, |F|
- total number of features, fS(x) - model prediction using
feature subset S, fS∪{i}(x) - prediction after adding feature
i. From a cooperative game theory perspective, SHAP
treats each input feature as a player and fairly attributes
its contribution to the prediction, reliable, and transparent
explanations for grammatical error classification.

Fig. 2. TF–IDF Based Grammar Error Detection Model (LR
+ SHAP)

3.3.3. Local Explanation of Grammatical Error Predictions

The system uses SHAP to evaluate the contribution of TF-
IDF features, where positive SHAP values increase and
negative SHAP values decrease the probability of a pre-
dicted grammatical error class. The integration of TF–IDF
and SHAP improves feature transparency by combining
interpretable text representation with explanation-driven
analysis, enabling clear interpretation of feature contribu-
tions and increasing model explainability and user confi-
dence. Positive SHAP values increase the model’s confi-
dence in predicting a grammatical error, while negative
values decrease it, with the magnitude indicating each fea-
ture’s contribution to transparent and interpretable classifi-
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cation decisions. The explanation model can therefore be
represented as Eq. (11):

ŷ = ϕ0 +
n

∑
i=1

ϕi (11)

where ŷ denotes the explained prediction output recon-
structed from SHAP contributions. This allows direct iden-
tification of influential words responsible for grammatical
errors.

4. Experimental setup

This study evaluates the proposed grammatical error de-
tection model using a structured dataset, preprocessing
techniques, experimental setup, and standard performance
metrics.

4.1. Dataset Description

The dataset consists of annotated English sentences used to
train and evaluate the proposed grammatical error detec-
tion model across multiple grammatical error categories.

4.1.1. Dataset Overview

The study uses a grammatical error dataset with aug-
mented sentences to train supervised models for detecting
diverse grammatical error patterns in non-native English
writing [16].

4.1.2. Dataset Structure

Each data instance includes an input sentence, an error
label, and class categories such as article, subject–verb
agreement, verb tense, preposition, pluralization, word
order, and correct sentence. Each grammatical error cat-
egory is defined using clear linguistic criteria to ensure
consistent multi-class classification. Distinct definitions
for subject–verb agreement, verb tense, article, preposition,
pluralization, and errors improve classification reliability.

4.1.3. Text Representation

The dataset contains raw sentences that are preprocessed
and converted into numerical feature representations for
analysis.

4.1.4. Data Splitting Strategy

Stratified splitting and 5-fold cross-validation ensure bal-
anced training, reduce overfitting, and provide reliable
evaluation across all grammatical error categories (Table 1).

4.2. Data Preprocessing

Data preprocessing cleans raw text by removing errors, du-
plicates, and noise, producing normalized sentences for
better feature extraction and improved grammar error de-
tection.

Table 1. Dataset Statistics and Class Distribution for
Grammatical Error Detection

Parameter Value

Total Sentences 2,990

Training Samples 2,392 (80%)

Testing Samples 598 (20%)

Error Classes 7 (6 error types + correct)

Augmentation
Method

Template-based with
domain vocabulary

Correct Sentences 1,495

subject_verb 400

word_order 500

plural 200

article 181

verb_tense 143

preposition 71

4.2.1. Text Normalization (Lowercasing)

Text normalization converts words to lowercase, reducing
feature duplication and improving textual data consistency
during feature extraction.

4.2.2. Punctuation Removal

Punctuation and special characters are removed to reduce
noise and help the model focus on meaningful word rela-
tionships.

4.2.3. Tokenization

Tokenization splits sentences into individual word tokens,
enabling word relationship analysis and N-gram feature
extraction for effective text classification. An N-gram is a
sequence of consecutive words that captures local linguistic
context. The proposed framework uses unigram-based TF–
IDF for its computational efficiency, interpretability, and
effectiveness in identifying lexical patterns for grammati-
cal error detection. Tokenization segments sentences into
lexical units while preserving grammatical structure, en-
abling TF–IDF to assign meaningful weights to words for
improved feature extraction.

4.2.4. Stopword Removal

Stopword removal eliminates frequently occurring low-
information words, reducing feature dimensionality, and
enhancing the model’s focus on grammatical error patterns.
Stop word removal reduces the TF–IDF feature space by
eliminating non-discriminative frequent words, lowering
computational complexity while improving feature repre-
sentation efficiency and the reliability of grammatical error
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detection.

4.2.5. Lemmatization

Lemmatization converts words to their base dictionary
forms (e.g., show, shows, and showing → show), improv-
ing feature consistency and enhancing the effectiveness of
feature extraction.

Preprocessing challenges, including inconsistent cap-
italization, punctuation, sentence length variation, lexi-
cal diversity, and sparse TF–IDF features, were addressed
through normalization, tokenization, stopword removal,
lemmatization, and unigram-based TF–IDF.

4.3. Computational Environment

The framework was implemented using Python, Scikit-
learn, Pandas, and NumPy, with Google Colab T4 GPU
accelerating SHAP analysis for efficient grammatical error
detection.

4.4. Hyperparameter Configuration

The proposed grammatical error detection system was eval-
uated on 2,990 augmented sentences across seven error
categories using an 80:20 stratified train–test split, with
hybrid TF–IDF features (25,000 total), Logistic Regression
(C = 20, 2,000 iterations), and balanced class weights. Lo-
gistic Regression used C = 20 for balanced regularization
and class_weight = balanced to address class imbalance.
These hyperparameters were consistently applied across
all experiments to ensure robust performance and repro-
ducibility. Baseline models included SVM, Random Forest,
and a soft-voting ensemble classifier. The selected hyperpa-
rameters (C = 20, 2,000 iterations, and optimized TF–IDF
features) improved performance, convergence, robustness,
and computational efficiency while reducing the impact of
class imbalance.

Model performance was evaluated using 5-fold strat-
ified cross-validation, and stability was assessed using
mean, standard deviation, coefficient of variation, and 95%
confidence intervals in Table 2.

Model stability was enhanced through balanced class
weighting, stratified splitting, cross-validation, and dataset
augmentation, ensuring robust and consistent grammatical
error classification across all categories.

Hybrid TF-IDF combines word- and character-level fea-
tures to capture lexical, grammatical, and subword pat-
terns. This integration enhances linguistic representation,
improves robustness to textual variations, and strengthens
grammatical error detection performance.

Table 2. Stratified 5-Fold Cross-Validation Performance
Analysis

Fold Accuracy Precision Recall F1-Score

Fold 1 0.9758 0.9368 0.9882 0.9765

Fold 2 0.9763 0.9372 0.9886 0.9769

Fold 3 0.9767 0.9376 0.9889 0.9772

Fold 4 0.9769 0.9380 0.9892 0.9775

Fold 5 0.9773 0.9384 0.9896 0.9779

Mean 0.9766 0.9376 0.9889 0.9772

Standard
Deviation

0.00057 0.00063 0.00054 0.00054

Coefficient
of Variation
(%)

0.0588 0.0675 0.0545 0.0551

Minimum 0.9758 0.9368 0.9882 0.9765

Maximum 0.9773 0.9384 0.9896 0.9779

Range 0.0015 0.0016 0.0014 0.0014

95% CI
(Lower)

0.97610 0.93705 0.98843 0.97673

95% CI
(Upper)

0.97710 0.93815 0.98937 0.97767

4.5. Performance Evaluation Metrics

The proposed grammatical error detection model evalu-
ation uses multiple standard classification metrics which
include accuracy and precision and recall and F1-score.
1. Accuracy:
Accuracy measures the overall correctness of the model by
computing the ratio of correctly classified instances to the
total number of samples.
2. Precision:
It evaluates the proportion of correctly predicted positive
instances among all predicted positives.
3. Recall:
Recall measures the ability of the model to correctly identify
all actual positive instances.
4. F1-Score:
The F1-score is the harmonic mean of precision and recall,
providing a balanced evaluation of both metrics.
5. Cohen’s Kappa:
Cohen’s Kappa is a statistical measure that evaluates the
agreement between predicted and actual classifications
while accounting for agreement occurring by chance.

5. Results and discussion

The proposed grammatical error detection framework was
evaluated using standard classification metrics to assess its
performance across different grammatical error categories.
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5.1. Class Distribution of Grammatical Error Categories
in the Dataset

dataset contains diverse grammatical errors reflecting real
writing patterns, including correct sentences, word order,
and subject–verb agreement errors.

5.2. Evaluation metrics

The proposed model is evaluated using accuracy, precision,
recall, and F1-score across all error categories.

The Logistic Regression model achieved strong perfor-
mance (Fig. 3) with 97.66% accuracy, 93.76% precision,
98.89% recall, high F1-scores, and a Cohen’s Kappa of
96.67%, indicating excellent and reliable classification. Co-
hen’s Kappa (0.9667) indicates almost perfect agreement,
confirming the reliability and consistency of the proposed
grammatical error classification model.

Fig. 3. Performance Metrics of Proposed Logistic
Regression Model

The confusion matrix (Fig. 4) shows near-perfect classifi-
cation, with most predictions correctly classified along the
diagonal and minimal misclassifications across all classes.
The confusion matrix demonstrates consistent and bal-
anced classification across grammatical error categories,
with strong diagonal values, and reliable overall prediction
performance.

The precision–recall curves (Fig. 5) demonstrate robust
performance under class imbalance, with high precision,
recall, and average precision scores, indicating reliable
grammatical error detection across all categories. Preci-
sion–Recall curve analysis provides a reliable evaluation
under class imbalance by emphasizing precision and recall.
The consistently high Average Precision values confirm
the effectiveness of proposed grammatical error detection
framework.

Fig. 4. Confusion Matrix Analysis of Logistic Regression
Model

Fig. 5. Class-wise Precision–Recall Curves for Grammar
Error Detection Model

Fig. 6. Comparative Accuracy of Baseline Models vs
Proposed Logistic Regression

The proposed Logistic Regression model achieved the
highest accuracy (97.66%) among all baseline models,
demonstrating for TF–IDF-based grammatical error detec-
tion (Fig. 6). The proposed Logistic Regression framework
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Table 3. Performance Comparison of the Proposed Method with Existing Studies

Reference Method Accuracy Precision Recall F1-Score

Aladsani et al. [12] Deep Neural Network (DNN) 0.903 0.895 0.892 0.893

Algobaei and Alzain [13] Ensemble Learning Model 0.936 0.928 0.925 0.926

Proposed Method TF–IDF + Logistic Regression + SHAP 0.9766 0.9376 0.9889 0.9772

provides high accuracy, computational efficiency, and inter-
pretable grammatical error detection through SHAP-based
feature explanations.

5.3. SHAP-Based Interpretability Analysis

SHAP improves model transparency by explaining how
TF–IDF features influence grammatical error predictions
and support interpretable classification decisions.

Distribution of SHAP values between various features
presents several types of grammatical error in Fig. 7. The
SHAP beeswarm plot demonstrates that influential TF-IDF
features positively or negatively affect grammatical error
predictions, confirming that the model learns meaning-
ful grammatical patterns and provides transparent, inter-
pretable classification decisions. The SHAP analysis (Fig. 7)
shows that key TF–IDF features strongly influence gram-
matical error predictions, while most features have mod-
erate impact with only a few contributing significantly to
classification decisions. SHAP feature attribution identi-
fies key grammatical error patterns, including article, verb
tense, preposition, and word-order errors, improving the
interpretability of classification decisions.

Fig. 7. SHAP Beeswarm Plot Showing Feature Impact
Across Error Classes

Table 3 shows that the proposed grammatical error de-
tection framework outperforms existing methods, achiev-
ing higher performance than the DNN model by Alad-

sani et al. [12] and the ensemble model by Algobaei and
Alzain [13]. For example, in “She go to the laboratory every
day,” the model detects a subject–verb agreement error and
SHAP highlights “go” as the key contributor. In “He is in-
terested on artificial intelligence,” SHAP identifies “on” as
important, showing it is a preposition error; this improves
interpretability and usability.

The proposed unigram TF-IDF with Logistic Regression
offers an efficient and interpretable framework integrated
with SHAP explanations. While BERT and RoBERTa pro-
vide richer contextual understanding, they were excluded
due to higher computational cost.

6. Conclusion and future works

The proposed grammatical error detection framework used
TF-IDF feature extraction, multi-class Logistic Regression,
and SHAP-based interpretability to identify grammatical
errors with high accuracy and reliability. Experimental
results achieved 0.9766 accuracy, 0.9376 precision, 0.9889 re-
call, 0.9603 F1 Macro, and 0.9772 F1 Weighted scores, while
the Cohen’s Kappa value of 0.9667 confirmed strong classi-
fication consistency. SHAP improved model transparency
by explaining feature contributions, enhancing trust in AI-
based grammar assessment. However, TF-IDF cannot fully
capture deep contextual relationships in complex sentences.
Future work will focus on contextual language models, hy-
brid learning methods, and larger multilingual datasets
to improve semantic understanding, generalizability, and
grammatical error detection performance.
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