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1. INTRODUCTION

Text classification is a core task in natural language processing (NLP) that involves assigning
predefined labels to text documents. It is widely used in applications such as information retrieval [1], [2],
sentiment analysis [3], [4], product classification [5], [6], spam detection [7], [8], and document
categorization [9]. The performance of text classification methods greatly affects the efficiency and accuracy
of many automated systems, making it important to improve and evaluate different techniques. One well-
known method in text classification is the hidden Markov model (HMM) [10], which is effective in modeling
sequences due to its probabilistic structure. However, HMMs often struggle with sparse data and unseen
events [11], common issues in large text datasets. Smoothing techniques help address these problems by
adjusting probability estimates for rare or missing data [12], improving generalization and model reliability.

Several smoothing methods, such as Laplace smoothing, Good-Turing discounting, and backoff
models have been extensively studied in NLP. These methods reduce the risk of assigning zero probabilities
to unseen events, which could otherwise cause errors during classification. Recently, more advanced
techniques have been developed to improve this process. For example, Ren er al. [13] introduced

Journal homepage: hitp://ijai.iaescore.com


https://creativecommons.org/licenses/by-sa/4.0/

5184 O ISSN: 2252-8938

discrimination-aware label smoothing, which dynamically learns label distributions to handle class imbalance
and noisy data. Wu et al. [14] proposed text smoothing, which uses pre-trained masked language models to
convert one-hot vectors into more informative representations, improving performance in low-resource
settings. Fettal et al. [15] explored semantic graph smoothing, using semantic relationships to enhance
sentence embeddings for better classification and clustering. In HMMs, smoothing enhances both transition
and emission probability estimates, improving classification accuracy. Wu et al. [14] showed that smoothed
representations can outperform one-hot encodings in data augmentation, suggesting similar benefits for
HMMs. Smoothing emission probabilities is also essential to avoid zero values, as shown in metadata
extraction from bibliographic references [16]. Using the entire vocabulary with appropriate smoothing has
outperformed conventional feature selection in ensuring reliable parameter estimation [17]. Furthermore, fuzzy
smoothing of state transitions has improved classification rates in uncertain environments, such as speech
recognition, with applications in text classification [18]. HMMs have also shown success in domains like
biomedical text and document classification, particularly when enhanced with smoothing techniques [19].

This research aims to analyze the impact of different smoothing techniques on the performance of
HMMs in text classification tasks. By systematically implementing and comparing these methods, we seek to
identify the most effective strategies for enhancing the accuracy and robustness of HMM-based classifiers.
The study also explores the trade-offs associated with each technique, providing insights into their practical
applications and potential areas for further improvement. In the following sections, we will review the
theoretical foundations of HMMs and smoothing techniques, describe our experimental setup, present the
results of our comparative analysis, and discuss the implications of our findings. Through this comprehensive
evaluation, we hope to contribute to the ongoing efforts in optimizing text classification methodologies and
advancing the field of NLP.

2. METHOD
2.1. Data description

Department of statistics Malaysia (DOSM) has collected product information from one of the major
online store websites through the STATSBDA project known as price intelligence (PI) using its prototype
web scraper. A few leaf nodes were used to represent the chosen categories from the browse tree of the
website. Table 1 presents the description of the four corpora selected for this study which incorporated
datasets from three different domains. The first domain is e-commerce products and there are two datasets
used i.e. non-food and household products under this domain. The two categories under the non-food dataset
are cooking & dining (407 instances) and party accessories (80 instances). On the other hand, the five
categories under the Frozen dataset are frozen food (291 instances), yogurt (162 instances), ice cream
(147 instances), cheese (85 instances), and juices (87 instances).

This study also utilized two additional datasets from different domains, namely spam filtering and
occupational data mining. The dataset related to spam filtering was retrieved from the UCI repository, which
provides a widely recognized collection of data for machine learning applications. This dataset comprises
labeled instances of emails categorized as spam or non-spam, allowing for the evaluation of text
classification models in distinguishing between unsolicited and legitimate messages. Meanwhile, the dataset
from Github was used for classifying job titles according to their job categories. This dataset consists of
various job titles with corresponding categories, offering valuable insights for machine learning models
aimed at automating job classification. The inclusion of these datasets ensures the robustness of the study by
covering diverse domains and real-world applications, enhancing the generalizability of the findings.

Table 1. Summary description of datasets

Number of features

Dataset Category  Instance TF TF-IDF
Non-food 2 487 461 459
Frozen food 5 772 656 654
SMS spam 2 5567 5903 5637
Job title 4 8586 1925 1919

2.2. Data characteristics

The product title lengths across the datasets show a relatively short and consistent distribution, as
seen in Figure 1. The non-food products subset has a mode of 8 characters, and the frozen food products
subset has a mode of 6 characters. This indicates that the product titles in these datasets are typically shorter,
which may influence the effectiveness of different smoothing techniques.
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Figure 2 shows the distribution of text lengths for the SMS spam and job title datasets. The SMS spam
text length distribution shows a mode of 7 characters, with the majority of messages being relatively short. This
pattern is similar to the product title lengths seen in Figure 1. In contrast, the job title dataset exhibits a mode of
3 characters, with a significant portion of the data consisting of very short and repetitive titles.
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Figure 1. Non-food and frozen food products title lengths
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Figure 2. SMS spam and job title text lengths

2.3. Research design

There are several steps needed before classifying the data, as shown in Figure 3. These steps are
essential in text classification research. After extracting the data, three preprocessing steps are applied i.e.,
tokenization, stop word removal, and stemming [20]. Tokenization splits product descriptions into words,
stops word removal filters out common words, and stemming reduces words to their root forms, ensuring
standardized data. The study used term-frequency (TF) and term-frequency inverse document-frequency
(TF-IDF) for feature extraction and applied the correlation feature selection technique. These selected
features are then used as inputs for HMMs with different smoothing techniques.

According to the fundamental problems related to HMM, only two steps should be taken to
implement a supervised HMM, i.e., estimating the parameters by learning their initial probability matrices and
decoding the sequence to find the best-hidden sequence [21]. Both steps are done to solve learning and
decoding problems, respectively. The likelihood problem is typically ignored when using supervised HMMs
because the algorithm used for the forward algorithm is employed for likelihood computation in semi-
supervised or unsupervised learning. The Viterbi algorithm is similar to the forward algorithm, but instead of
using the sum of previous path probabilities, it uses the maximum value. The forward algorithm lacks a back
pointer component and computes the observation likelihood, while the Viterbi algorithm finds the most likely
state sequence by tracking the path of hidden states leading to each state [21].

The learning problem in HMMs involves adjusting the model parameters. Using the training set of
observations, the aim is to find the best way to predict the states. By comparing the predicted states to the
known states, the prediction accuracy can be estimated based on the correctly decoded states in the test set.
Since the states are known, maximum likelihood estimates (MLEs) are used to maximize the complete-data
likelihood and obtain the HMM parameters. There are three HMM parameters which are 4, B, and 7 that can
be learned given an observation sequence o and the set of states in the HMM. The initial probabilities are

Impact of smoothing techniques for text classification ... (Norsyela Muhammad Noor Mathivanan)



5186 O ISSN: 2252-8938

denoted by 7 are the number of times for state s labeled in the dataset. The initial parameter computation is
presented by,

Ds
g (ogr)

Initial probabilities, g =

Next, the transition probabilities are denoted by Asisj are the number of times transition s; to s; was taken
among the sequences. The transition parameter computation is presented by,

Transition probabilities, Asisj =

The emission probabilities are denoted by B (k) are the number of times & was emitted while in state s. The
emission parameter computation is presented by,

Emission probabilities, B;(k) = %’2{1))
k'\Ps
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Figure 3. Research framework

In a supervised HMM, emission probabilities are computed to categorize all words in the dataset, and
transitions between categories for a sequence of observations are counted. These two adjustable parameters are
key for achieving a high-performance classification model and are often the focus of researchers. The
pseudocode to compute all three parameters is shown in Figure 4.

In classification models like HMMs with hidden variables, the decoding task aims to find the
optimal state sequence for a given observation sequence, revealing the hidden structure of the HMM.
Typically, this involves running the forward algorithm to compute the likelihood of the observation sequence
for each possible hidden state sequence. However, due to the exponential number of state sequences, directly
using the forward algorithm becomes impractical. Instead, the Viterbi algorithm is commonly employed. It
efficiently finds the optimal state sequence using dynamic programming and recursion.
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Let

N = Number of observations in the dataset

M =Number of words in each observation

S =Number of states in the dataset

K =Number of words in the dataset

0;.": Observations in the dataset, i = 1,2,3,...,Nand j = 1,2,3,.... M
C'= States in the dataset, i = 1,2,3,..., N

C, = Labelled category for each observation in dataset, s = 1,2,3,..., S
W, = Words in the dataset. k = 1,2,3,...,.Kand s = 1,2,3,...,5

function INITIAL_HMM()

foreach sin C
count 0
denote number by p;

calculate initial probabilities by using 7, = ——£=

Za(pst)

foreach s in W
foreach k in W
count Wy in 0
denote number by b; (k)
o ] o . _ _ btk
calculate emission probabilities by using B.(k) —Ek’ (o0
foreach k in W
assign category by C (k) = max(Wy)

match C (k) with Gji

for each s;in W
for each s;in W
count transition of C(k) from s; — s; according to Oj‘ - 0;+ N
denote number by ag, ¢ g
as;s;
calculate transition probabilities by using A, ;= i)

Zsjl(n-_;lgj’)

Figure 4. A pseudocode for parameter estimations in HMM

2.4. Smoothing techniques

A smoothing technique is a flattering probability distribution process to ensure all word sequences
can occur with some probabilities rather than having certain words with zero probabilities. The term
smoothing refers technique for adjusting the maximum likelihood estimate of probabilities to provide more
accurate probabilities. There are three smoothing techniques used in the study i.e. Laplace, absolute
discounting, and Gibbs sampling smoothing techniques. Figure 5 shows the pseudocodes for parameter
computations for each smoothing technique.

Specifically, Figure 5(a) illustrates the parameter computations for the Laplace smoothing technique,
which is the simplest and most frequently used method for addressing data sparsity. The Laplace smoothing
technique is most frequently used by previous researchers despite various smoothing techniques have been
proposed [12]. It is the simplest and oldest technique to solve data sparseness problems. This technique also
serves as a fundamental baseline concept for other smoothing techniques with the same parameters.

Figure 5(b) depicts the parameter computations for the absolute discounting smoothing technique,
which adjusts transition and emission probabilities by discounting observed counts. It is a method commonly
used in language modeling contexts to adjust probability estimates by discounting observed counts of events
[22]. In the context of HMMs, absolute discounting adjusts both transition probabilities (the likelihood of
moving from one hidden state to another) and emission probabilities (the likelihood of emitting observable
symbols given a hidden state). The core idea behind absolute discounting is straightforward yet effective: it
ensures that even if certain state transitions or emissions were not observed during training, they still retain a
non-zero probability in the model. This is achieved by subtracting a fixed discount d from the observed
counts of events, and redistributing this discount mass among all possible events for a given context.

Figure 5(c) presents the pseudocode for the Gibbs Sampling technique, a Markov chain monte carlo
(MCMC) method used for estimating model parameters through iterative sampling. It is particularly well-
suited for complex models and large datasets [23]. It is a Markov chain monte carlo (MCMC) method that
generates samples from a joint probability distribution by iterative sampling from the conditional
distributions of each variable. In the context of HMMs, Gibbs Sampling can be used to estimate the hidden
states given the observed data and then to update the model parameters based on these sampled states. This
iterative process allows for the exploration of the posterior distribution of the model parameters, providing a
robust means of incorporating the variability in the data and avoiding overfitting to sparse observations.

Impact of smoothing techniques for text classification ... (Norsyela Muhammad Noor Mathivanan)



5188

a

ISSN

:2252-8938

3.

Let

N =Number of observations in the dataset

M = Number of words in each observation

S = Number of states in the dataset

K =Number of words in the dataset

O;= Observationsin the dataset, i = 1,2,3,...,Nand j = 1,23,..,.M
C'= States in the dataset,i = 1,2,3,...,N

C, = Labelled category for each observationin dataset. s = 1,2,3,...,§
W= Words in the dataset, k = 1,2,3,...,Kand s = 1,23,...,5

foreach s in C
count 0
denote number by p;

calculate initial probabilities by using 7, = —2=

Zalpg)

foreach s in W
foreach k in W
count Wy in 0
denote number by e, (k)

. L . 0
calculate emission probabilities by using E(k) = %
crles(k

foreach k in W
assign category by C(k) = max(Wy)

match C(k) with O;

foreach s;in W
for each s;in W
count transition of C(k) from s; — s; according to le - OJ'“
denote number by a;,. 7
as;s;+1
o/ Rl

calculate transition probabilities by using A o, =
/) Zs,’ [a,J!.}H»l)

Let

N =Number of observations in the dataset

M = Number of words in each observation

S =Number of states in the dataset

K = Number of words in the dataset

Oj'= Observations in the dataset,i = 1,2,3,...,Nand j = 1,23,... M
C'= States in the dataset. i = 1,2,3,...,N

€, = Labelled category for each observationin dataset, s = 1,2,3,..., §
W= Words in the dataset, k = 1,23,...,Kand s = 1,23,...,§

& = Discount parameter

foreach s in C
count 0
denote number by p
calculate initial probabilities by using 7r, = —2—
Solpg)
foreach s in W
foreach k in W
count Wy in O
denote number by e, (k)
calculate emission probabilities by using E;(k) = max( e;(k)- 8.0) /e(k)
normalize E (k) toensure that ¥, E.(k) = 1
redistribute the discounted probability mass E;(k) = E;(k) + 8. |{j:e;(k) > 0}

foreach k in W
assign category by C(k) = max(Wy)

match C(k) with Di'

for each s;in W
for each s;in W
count transition of C(k) from s; — s; according to Of -+ G:;“
denote number by a,, ’
calculate transition probabilities by using A,,;‘ = max( aj, s 6.0)/ ay,
normalize Ay, toensure that ZSJ Agsy =1
redistribute the discounted probability mass Asysy= Agysy + 8.0 gy > 0}|/ ay,

le(k)

(2)

(b)

Let

R =Number of iteration

foreach s in €
count 0
denote number by p;

for each iteration 1 to R
foreach s in W
foreach k in W
count Wy in 0

calculate average E (k)

foreach k in W

match € (k) with Gf‘

for each s;in W
for each s;in W

calculate average A, 5

N = Number of observations in the dataset

M =Number of words in each observation

§ = Number of states in the dataset

K =Number of words in the dataset

Dj"= Observations in the dataset. i = 1,2,3,...,Nand j = 1,2.3,...M
C'= States in the dataset, i = 1,2,3,....N

;= Labelled category for each observationin dataset,s = 1,2,3,...,§
W;: Words in the dataset, k = 1,2,3,... . Kand s = 1,23,...,5

calculate initial probabilities by using m, =

denote number by e, (k)
sample E,(k) from a Dirichlet distribution with parameters e (k) + 1
normalize E, (k) to ensure that ¥, E; (k) = 1

assign category by C(k) = max(W;)

for each iterationt = 1 toR

count transition of € (k) from s; — 5; according to OI‘ = n‘:li‘,,I
denote number by PP

sample A,ﬁi from a Dirichlet distribution with parameters Ay F 1
normalize Agsy toensure lIzalZ,JAs,S, =1

Eglpg)

(©)

Figure 5. Pseudocodes for parameter estimations in HMM using: (a) Laplace smoothing technique,
(b) absolute discounting smoothing technique, and (c¢) Gibbs sampling smoothing technique

RESULTS AND DISCUSSION

The comparative analysis was done by observing the HMM performances when applying different
smoothing techniques. Table 2 shows the classification results for HMM variations applied to two e-commerce
datasets: non-food products and frozen food products. The evaluation metric used is the F1-score, and two
different embedding techniques, TF and TF-IDF are applied. For the non-food products dataset, the standard
HMM without smoothing achieves an Fl-score of 82.27% with TF embedding, which is slightly better
compared to when using TF-IDF embedding. When absolute discounting is applied, the F1-scores increase
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marginally to 82.97% for both TF and TF-IDF, indicating a slight benefit from smoothing. Gibbs sampling
smoothing results in Fl-scores of 85.47% with TF and 85.36% with TF-IDF, showing a moderate
improvement over the standard HMM. Laplace smoothing shows a better improvement, achieving F1-scores
of 87.01% with TF and 87.24% with TF-IDF, making it the best-performing technique for this dataset.

For the frozen food products dataset, the standard HMM achieves an F1-score of 66.85% with TF,
improving to 66.96% with TF-IDF. Laplace smoothing again achieves the highest F1-score 67.50% with TF
and 67.87% with TF-IDF, making it the most effective smoothing technique for this dataset. The
performances of HMM with Absolute discount and Gibbs sampling smoothing techniques are lower
compared to standard HMM. Absolute discount smoothing subtracts a fixed amount from the counts of
observed events and redistributes it to unseen events. While this helps handle zero probabilities, it may
over-smooth probabilities when observed events already reflect the underlying distribution well [22]. Gibbs
sampling is a complex iterative technique, and it can introduce noise if not properly tuned or converged.
These issues can result in a lower F1-score compared to using a standard HMM without smoothing [24].

The best F1-scores for both datasets are achieved with HMM using Laplace smoothing and TF-IDF
embedding. In addition, Table 3 presents the classification results for HMMs with different smoothing
techniques applied to two new text classification domains: spam filtering and job title classification. The best
Fl-score for classifying the SMS spam dataset is 69.17% and it is executed from HMM using Laplace
smoothing and TF-IDF as the embedding technique. This result is in line with the best model obtained for
classifying e-commerce product datasets used in the study.

Table 2. F1-scores of HMM models for e-commerce product datasets

Data Classification model Embedding technique F1-score (%)  Best model
E-commerce HMM TF 82.27 HMM Laplace
Non-food products TF-IDF 82.08 TF-IDF
HMM Laplace TF 87.01
TF-IDF 87.24
HMM DISC TF 82.97
TF-IDF 82.97
HMM GIBBS TF 85.47
TF-IDF 85.36
E-commerce HMM TF 66.85 HMM Laplace
Frozen food products TF-IDF 66.96 TF-IDF
HMM Laplace TF 67.50
TF-IDF 67.87
HMM DISC TF 65.00
TF-IDF 65.06
HMM GIBBS TF 66.01
TF-IDF 66.31

Table 3. F1-scores of HMM models for spam filtering and job title datasets

Data Classification model Embedding technique Fl-score (%)  Best model
SMS Spam Corpus HMM TF 68.80 HMM Laplace
TF-IDF 67.14 TF-IDF
HMM Laplace TF 69.08
TF-IDF 69.17
HMM DISC TF 68.30
TF-IDF 68.48
HMM GIBBS TF 68.80
TF-IDF 69.07
Job title corpus HMM TF 68.64 HMM
TF-IDF 67.17 TF
HMM Laplace TF 66.33
TF-IDF 66.12
HMM DISC TF 67.27
TF-IDF 67.15
HMM GIBBS TF 66.91
TF-IDF 66.62

However, the standard HMM without smoothing technique seemed to fit the best for classifying job
titles. The highest Fl-score is 68.64% using TF as the embedding technique. None of the smoothing
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techniques helped in improving the HMM performances. Job titles often use a narrow vocabulary with
repetitive terms, effectively captured by TF. In contrast, TF-IDF diminishes common terms, potentially
reducing the importance of frequent job-related words. Avoiding smoothing allows the model to rely solely
on observed data, beneficial for small and specific datasets like job title classification. Thus, the analysis
reveals that smoothing techniques may not always improve HMM performances, as their effectiveness
depends on the nature and complexity of the data. Nonetheless, the combination of Laplace smoothing and
TF-IDF mostly provides the best results among the tested techniques.

The results showed that Laplace smoothing consistently outperformed other techniques in the
e-commerce and SMS spam datasets. This can be attributed to the specific characteristics of these datasets,
such as their relatively larger vocabulary size and higher degree of data sparsity. As shown in Figure 1
(product title lengths) and Figure 2 (SMS spam text lengths), the results align with these dataset features.
Both product titles and SMS spam consist of relatively short text, making them suitable for Laplace
smoothing. In these cases, Laplace smoothing, which adds a small constant to all observed counts, is
beneficial in addressing zero-probability issues. It ensures that every possible event, even those not observed
in the training data, has a non-zero probability [12]. This characteristic makes Laplace smoothing particularly
effective for datasets with a more diverse vocabulary, as it prevents rare terms from being completely
disregarded, thus improving the model’s performance.

In contrast, job title classification did not benefit from Laplace smoothing, primarily due to the
extremely short and repetitive nature of the titles, as shown in Figure 2 (job title text lengths). The job title
dataset is characterized by a limited vocabulary, with a high frequency of term repetition. This type of
dataset, combined with a smaller sample size, reduces the necessity for smoothing techniques. Laplace
smoothing, in this instance, introduced unnecessary complexity without providing any clear advantage. The
standard HMM model, relying on observed frequencies, was able to effectively capture the relevant patterns
in the dataset. Furthermore, the TF embedding method, which retains the frequency of terms, proved more
suitable for this dataset. Its ability to emphasize frequent terms contributed to better model performance in
job title classification.

The varying performance of the smoothing techniques across datasets can also be attributed to the
structural differences between them. In more variable datasets, such as those used for spam filtering, where
there is a broader range of content and diversity in the vocabulary, smoothing methods like Laplace contribute
to model generalization. By preventing overfitting to specific word patterns, Laplace smoothing enhances
classification accuracy. However, in highly structured datasets like job titles, where the vocabulary is repetitive
and narrowly defined, smoothing can reduce the impact of frequent, important terms [25]. In such cases, relying
on the raw observed counts, as done in the standard HMM approach, proves more effective.

4. CONCLUSION

The study compares the performance of HMMs using different smoothing techniques. The results
consistently favored Laplace smoothing for the e-commerce and SMS spam datasets, demonstrating its
efficacy in addressing zero-probability scenarios across diverse contexts. However, a notable departure
emerged with the job title dataset, where the HMM without any smoothing technique yielded superior
performance. This divergence can be attributed to the distinct nature of job titles, characterized by a restricted
and repetitive vocabulary. The model benefited from exact match probabilities without the additional
complexity introduced by smoothing methods. This finding underscores the effectiveness of simplicity in
specific data settings, suggesting that simpler parameter estimation approaches may bolster an HMM
performance in similar classification tasks. Future research could focus on combining different smoothing
techniques to improve performance, such as integrating Laplace smoothing with other methods like absolute
discounting. Exploring the impact of smoothing on advanced models, like deep learning classifiers, could
also provide valuable insights. Additionally, automating the selection of the best smoothing technique based
on dataset characteristics would be a useful direction. Finally, applying these techniques to specialized fields,
like medical or legal text classification, could further enhance their practical use.
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