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Abstract

Statistical features of words have extensive applications in natural language
processing. Focusing on the impact of statistical features on the accuracy of
keyword extraction and text classification, we analyze eight common statisti-
cal features and investigate the role of statistical features in sentiment analysis
through sentiment word extraction and product review classification. Exper-
imental results on sentiment word extraction demonstrate that by combining
statistical features with part-of-speech information, the accuracy of sentiment
word extraction can reach 76.4%, which is significantly higher than algorithms
based solely on statistical features or word part-of-speech. Test results on prod-
uct review classification show that compared with traditional word-based text
sentiment classification, the accuracy of statistical feature-based product review
classification improves by 10.8%. Utilizing eight statistical features to construct
a text vector space model, as an alternative to word-based text vector space
model construction methods, can reduce the dimensionality of text vectors and
possesses a compression effect similar to Latent Semantic Analysis/Singular
Value Decomposition (LSA/SVD), effectively reducing algorithmic complexity
while ensuring classification accuracy, thus capable of replacing traditional vec-
tor space models.
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Abstract: Lexical statistical features are widely used in natural language pro-
cessing. This paper analyzes eight types of statistical features and investigates
their role in sentiment word extraction and product review classification. Ex-
perimental results demonstrate that combining statistical features with part-
of-speech information achieves a sentiment word extraction accuracy of 76.4%,
significantly outperforming methods based solely on statistical features or part-
of-speech tags. Product review classification tests show that using statistical
features improves classification accuracy by 10.8% compared to traditional word-
based sentiment classification. By constructing text vector space models using
eight statistical features instead of individual words, the dimensionality of text
vectors is reduced, achieving a compression effect similar to latent semantic anal-
ysis (LSA/SVD). This approach effectively reduces algorithmic complexity while
maintaining classification accuracy, offering a viable alternative to traditional
vector space models.

Keywords: statistical features; sentiment word extraction; product review clas-
sification

0 Introduction

Text sentiment analysis has emerged as a prominent research area in natural
language processing with important applications in public opinion monitoring
and product review systems. Sentiment word extraction forms the foundation
of sentiment analysis, where extraction precision and coverage directly impact
the construction of sentiment lexicons, text sentiment classification, and senti-
ment intensity computation. Grammar rule-based sentiment word extraction
algorithms represent an easily implementable approach to automatic sentiment
word identification. For instance, Qiu et al. mined syntactic relationships be-
tween sentiment words and topic words based on probabilistic word associations,
simultaneously expanding both sentiment and topic word collections. Liu et
al. improved algorithmic efficiency by incorporating semantic similarity on top
of syntactic rules. However, these methods are limited to adjectives, whereas
in real-world language environments, sentiment words are not restricted to this
part of speech alone. The use of lexical statistical features can overcome limita-
tions imposed by part-of-speech and domain dependencies while demonstrating
good adaptability across different languages.

This paper analyzes eight common statistical features in natural language pro-
cessing and examines their effectiveness in sentiment word extraction and prod-
uct review classification. Sentiment word extraction experiments reveal that al-
gorithms combining statistical features with part-of-speech information achieve
significantly higher precision than other commonly used methods. Product re-
view classification results demonstrate that low-dimensional vector space models
constructed from eight statistical features can improve classifier accuracy while
effectively reducing computational and space complexity.
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1 Related Research

Lexical statistical features numerically reflect the association between words and
text categories, providing a basis for keyword extraction. Pointwise Mutual In-
formation (PMI) represents a typical statistical feature-based sentiment word
extraction algorithm that can also determine word sentiment polarity based on
PMI values. Aliaksei et al. treated words appearing in corpora as features and
employed linear classification algorithms for sentiment classification, using op-
timized parameter vectors as standards for sentiment word extraction. Yu et
al. argued that sentiment words contribute far more to text sentiment polarity
than non-sentiment words, proposing to extract sentiment words by calculating
word weights within texts given known sentiment polarities. However, these im-
plementations are overly complex, and PMI-based extraction algorithms exhibit
limited reliability in certain domains.

Text sentiment classification trains models based on word distribution features,
enabling the construction of vector representations using sentiment words as
special keywords. Consequently, statistical feature-based keyword extraction
algorithms are equally applicable to sentiment word extraction. For example,
Rajeswari et al. used information gain for keyword extraction, while Uysal em-
ployed information gain, odds ratio, and Gini coefficient. McAuley extracted
latent keywords within LDA models, Chen mined keywords through LDA mod-
els and classified them based on frequency distribution, Mesleh weighted words
using chi-square tests, Mitra used correlation coefficients between words and
texts as primary features, and Juola computed associations between texts and
words via cross-entropy. Although statistical features intuitively reflect word-
text associations, threshold determination remains a challenge.

This paper examines the role of eight common statistical features in sentiment
word extraction and text sentiment classification. Machine learning-based meth-
ods are used for text sentiment classification to evaluate the optimization capa-
bility of vector space models constructed from these eight statistical features.

2 Feature Value Computation and Data Representation

We investigate eight statistical features in sequence: Information Gain (IG),
Odds Ratio (OR), Mutual Information (MI), Logarithmic Probability Ratio
(LPR), Cross Entropy (CE), Chi-square Test (CHI), Correlation Coefficient
(CC), and Differential Distribution (DD), analyzing their effectiveness in senti-
ment word extraction and product review classification.
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2.1 Feature Value Computation

Let C denote text sentiment type, where C {pos, neg} (pos for positive, neg
for negative). P(C) represents the probability of sentiment type C, and P(—C)
represents the probability of non-C type, where P(—C) = 1 - P(C). Let T denote
text and w denote word. P(w) represents the probability of w appearing in T,
P(—w) represents the probability of w not appearing, where P(—w) = 1 - P(w).

To facilitate statistical feature computation, we create a quadruple Q = p, q,
n, q to store word distribution information, where p represents the frequency
of positive texts containing w, q represents positive texts not containing w, n
represents negative texts containing w, and q represents negative texts not
containing w. Table 1 lists the probability approximation formulas used in
feature value calculation.

The computation processes for these feature values are similar. We illustrate
using the word ‘good’ as an example. Based on ‘good’s distribution information,
we construct quadruple Q_good. Statistics show that positive and negative
text frequencies containing ’ good’ are 9,974 and 5,978 respectively, while those
not containing ‘good’ are 23,400 and 27,464. Thus Q_good = 9974, 23400,
5978, 27464 . Substituting Q__good into Table 1 yields the relevant probabilities
needed for computing > good’ s information gain, with results shown in Table 3
. Substituting these probabilities into Equation (1) gives IG(good) = 1.0003.

Standard OR, LPR, and CHI algorithms tend to assign high weights to low-
frequency words, making many low-frequency non-sentiment words overly influ-
ential and reducing reliability. To improve robustness, we multiply the standard
algorithms by word probability P(w).

Taking OR as an example, Table 2 lists OR values for a set of words and
their rankings in feature value lists. The table shows noticeable changes in
word ranking before and after OR algorithm improvement. Sentiment word
extraction experiments based on OR demonstrate that the improved version
achieves 17.8% higher accuracy than the standard version.

1) Information Gain (IG)
Word information gain represents the information carried for distinguishing text
sentiment types. Higher IG indicates stronger discriminative capability:

IGw)=— > PC)ogP(C)+ > P{t) Y  P(C[t)logP(Clt)

Ce{pos,neg} te{w,~w} Ce{pos,neg}

2) Improved Odds Ratio (OR)
OR reflects a word’s ability to influence text sentiment polarity. Higher absolute
OR values indicate stronger influence:

P(w|C) x (1 — P(w|-C))
(1= P(w|C)) x P(w|=C)

OR(w) =
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3) Mutual Information (MI)
MI measures the information word w carries about text sentiment type. Higher
MI indicates greater information content:

MI(w) = Z P(w,C) logm

Ce{pos,neg}

The final MI value for w is: M1(w) = maXce(pos,negt M1 (w, C)

4) Improved Logarithmic Probability Ratio (LPR)

LPR uses the logarithmic ratio of word probabilities in positive versus nega-
tive texts as an information measure. Larger absolute values indicate stronger
discriminative power:

P(w|C)
LPR(w) = log ———~
5) Cross Entropy (CE)

CE describes distribution differences of words between positive and negative
texts. Higher CE indicates more distinct distributions and higher probability of
being a sentiment word:

CE(w)= > P(C|w)logp ¢

Ce{pos,neg}

6) Improved Chi-square Test (CHI)

CHI tests association strength between words and sentiment types, assuming
a chi-square distribution with 1 degree of freedom. Higher chi-square values
indicate stronger associations:

(Ax D—Bx E)?
(A+B)(A+E)(B+D)(D+E)

X2 (wv C) =

where A = count of texts with sentiment C containing w, B = count of texts
with non-C sentiment containing w, E = count of texts with sentiment C not
containing w, and D = count of texts with non-C sentiment not containing w.
The final CHI value is: x*(w) = MaXce (pos negt X (W, C)

7) Correlation Coeflicient (CC)
CC measures correlation between words and sentiment polarity. Larger coeffi-
cients indicate stronger discriminative ability:

P(w,C) — P(w)P(C)
VP (w)P(C)P(-w)P(=C)

CC(w) =
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8) Differential Distribution (DD)

DD measures distribution differences between positive and negative texts. If
w’ s frequency in C-type texts is significantly higher (or lower) than in non-C
texts, w is likely a sentiment word with polarity same as (or opposite to) the
text polarity:

P(Clw) = P(=Clw)
max(P(pos|w), P(neglw))

DD(w) = x P(w)

DD(w) ranges in [-1,1]. Multiplying by P(w) reduces noise impact.

2.2 Automatic Sentiment Word Extraction

Sentiment word extraction essentially discretizes continuous features to assign
words to sentiment or non-sentiment sets. To partition word sets efficiently and
reasonably, we employ the Standard Deviation Reduction (SDR) algorithm to
determine thresholds for statistical features. SDR dynamically allocates words
to appropriate sets and calculates error reduction after each allocation. When
error reduction reaches maximum, the partition is optimal:

|| x sd(L,,)

L]
= x sd(Ly) —
L]

value = sd(L) — )

where L is the list of candidate sentiment word feature values sorted in descend-
ing order, L_ s is the sentiment word feature value list, L._ n is the non-sentiment
word list (L = L_s + L_n), | - | denotes set/list size, and sd( - ) is the standard
deviation function. When value reaches maximum, the partition between senti-
ment and non-sentiment words is optimal, and the maximum feature value in
L_n becomes the threshold for that statistical feature. Algorithm 1 describes
the SDR process.

To demonstrate SDR execution, we use information gain as an example with
a sample list L containing 10 IG values, determining the threshold through
SDR. Table 4 shows L sorted in descending order. Initially, the sample set S is
partitioned into L_s = {IG_disappoint} and L n = {IG_happy ~ IG_ well},
both sorted descending. During execution, when value > V, we update V with
value and threshold with the maximum feature value in L_ n. After processing,
the final threshold for this IG sample is 0.8053.

2.3 Data Representation in Sentiment Analysis

We create feature vectors for words using the statistical features from Section
2.1, enabling vector representation:

Vi = <f1af2:f37f47 f57f6’f77f8>
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where vector elements f 1 through f 8 correspond to the eight statistical fea-
tures.

Using vector addition from semantic composition, we construct vector space
models to represent texts:

t
VT = ZSZg<w1) X Vwi

=1

where w__iis the i-th word in the sentiment dictionary, sig(w_ i) is a sign function
(sig(w_i) =1if w_iappearsin T, otherwise 0), and V_ {w__i} is the word vector.
This vector representation is detailed further in Section 4.3.2.

3 Sentiment Word Extraction and Product Review Classi-
fication

Although Chinese e-commerce sites provide abundant product reviews, existing
Chinese word segmentation tools have limitations, and these reviews contain
substantial advertising and fake content, making it difficult to effectively validate
algorithm performance. English reviews reduce segmentation error impact, and
Amazon’ s English reviews are relatively more authentic. Therefore, we adopt
English product reviews for our experiments.

3.1 Text Preprocessing

Product reviews collected from websites contain numerous stop words and ab-
breviations, requiring preprocessing:

a) Normalization: Convert uppercase letters to lowercase, filter special
symbols (e.g., #, @) and stop words (e.g., this, that), expand abbrevia-
tions (e.g., that’ s — that is), and unify negative adverbs to “not” (e.g.,
hardly — not).

b) Stemming: Reduce words to base forms for plural nouns, comparative
adjectives, past tense verbs, etc. (e.g., issues — issue, better — good).

¢) Phrase Extraction: Multiple consecutive words with syntactic relation-
ships can express sentiment (e.g., “meet my expectation”, “not buy again”
). We extract such sentiment phrases based on syntactic connections.

d) Candidate List Construction: Build candidate sentiment word list L
storing words and phrases from texts without duplicates.

e) Frequency Filtering: Remove words with frequency below (set to in
our experiments, where {IG, OR, MI, LPR, CE, CHI, CC, DD}). If
word w’ s feature value f w > (threshold), w is considered a sentiment
word satisfying statistical feature .
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Table 5 shows vocabulary size changes and counts for adjectives, verbs, nouns,
and adverbs before and after preprocessing.

3.2 Sentiment Word Extraction

We define extracted words as follows: For a single statistical feature with
threshold , if word w’ s feature value f _w > | w is a sentiment word satisfying
. Beyond testing single-feature extraction, we evaluate multi-feature methods
using eight extraction standards C__1 through C_8, where C_i (i [1,8]) requires
words to satisfy at least i statistical features.

3.2.1 Single Statistical Feature Extraction Create sentiment dictionary
D_ for each selected feature . Find the corresponding feature value list and
threshold, then traverse the list, comparing each word’ s feature value with
the threshold. Words with values exceeding the threshold are added to the
dictionary.

Using IG-based extraction as an example: Create dictionary D_IG initially
empty, with feature list L_fl and threshold _fl1 = 0.1017. Traverse L_fl,
comparing each word” s IG with _ fl. Words with IG > _ fl are added to

D_IG. Table 6 shows that “luck” has IG_luck = 0.1033 and is added, while
“refuse” with IG_ refuse = 0.0814 is not.

3.2.2 Multi-Statistical Feature Extraction Multi-feature extraction re-
quires words to satisfy at least i features according to standards C_1~C_8
from Section 3.2. Algorithm 2 shows the multi-feature extraction process.

Using “refuse” as an example: The algorithm reads “refuse” from the candidate
list, initializes variable I = 0, then traverses feature lists L_f1~L_ {8 to find
“refuse’ s” eight feature values. Comparing each with corresponding thresholds
_f1~ 18, I increments when f i > _ fi. Table 6 shows “refuse” satisfies OR,
MI, and CC, resulting in I = 3. Since I > 0, we construct its word vector:

v = (0.0164,0.0069, 0.0032, 0.0067, 9.3314, 0.0019, 4.6780, 0.0060)

refuse

We store “refuse” and V_ refuse in dictionaries D_1~D_ 3 and remove it from
the candidate list. The process continues until the candidate list is empty.

3.2.3 Combining Statistical Features with Part-of-Speech The com-
bined single-feature and POS algorithm requires words to both exceed feature
thresholds and be adjectives. As Table 6 shows, “luck” satisfies IG but is a
noun and thus excluded. “awful” is an adjective with IG_awful > _ f1, so it is
extracted.

The multi-feature with POS algorithm (similar to Algorithm 2) adds a POS
check at line 10: candidates must be adjectives to proceed. Table 6 shows
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both “cheap” and “refuse” satisfy three features, but only “cheap” (adjective)
is extracted while “refuse” (verb) is filtered.

3.2.4 Extraction Results HowNet provides rich resources for sentiment clas-
sification, containing 9,142 English evaluation words. We construct a standard
dictionary from HowNet words also appearing in our corpus to evaluate extrac-
tion efficiency.

Table 7 shows that combining statistical features with POS yields higher ac-
curacy, averaging 36.8% improvement over single-feature methods and up to
21.7% improvement over POS-only methods.

Figure 1 Figure 1: see original paper displays multi-feature extraction results:
D_1~D_ 8 represent dictionaries created under C_1~C_ 8. Accuracy is lowest
when satisfying at least one feature (C__1) and highest when satisfying all eight
(C_8). Figure 1(b) shows multi-feature with POS extraction: compared to
multi-feature alone, accuracy improves by 41.9% under C_1 and 31.1% under
C_8.

3.3 Product Review Classification

We test both single-feature and multi-feature constructed dictionaries for clas-
sification, using five algorithms: Naive Bayes, SVM, Decision Tree, BP Neural
Network, and Random Forest. Test texts are Amazon product reviews (997
positive, 999 negative), processed using Weka with 10-fold cross-validation and
default parameters. POS-based classification serves as baseline, achieving accu-
racies of 77.1%, 74.5%, 69.5%, 63.0%, and 76.3% respectively.

3.3.1 Single Statistical Feature Classification Using single-feature dictio-
naries with traditional word-based vector space models, we represent texts with
binary vectors (0/1) as Pang et al. demonstrated this performs better:

Vi = (sig(wy), sig(wy), ..., sig(w,))

where t is dictionary size and sig(w_i) = 1 if w_i appears in T, otherwise 0.

3.3.2 Multi-Statistical Feature Classification Using dictionaries
D_1~D_ 8, we construct vector space models from the eight statistical features
instead of traditional word-based representations. Algorithm 3 describes text
vector construction using statistical features.

For example, processing review T: “Very nice, sleek and works great. My
grandkids talked me into it, it’ s what they use in school. So far I love it.” Using
dictionary D_1, we find T D_1 = { ‘nice’, ‘great’, ‘love’ }. With sig(nice) =
sig(great) = sig(love) = 1, we compute V_T = V_nice + V_great + V_love:
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Vi = (10.0177,4.4538,0.196, 3.8376, 55.6348, 5.654, 177.1325,0.3116)

3.3.3 Combining Statistical Features with POS Single-feature with POS
classification uses word-based vectors (same as Section 3.3.1). Multi-feature
with POS classification uses eight statistical features for text representation
(same method as Section 3.3.2) but differs in extracted words. For the same
review, multi-feature with POS only uses adjectives ‘nice’ and ‘great’ , yielding:

Vi = ViieetVyrear = (9.6516,3.6138,0.1808, 3.0351, 44.1894, 5.5982, 155.279, 0.2858)

3.3.4 Classification Results Table 8(a) shows single-feature classification
results: correlation coefficient achieves highest accuracy (87.1%) with Naive
Bayes, while cross-entropy only reaches 55.7% with BP-neural networks. Ta-
ble 8(b) shows single-feature with POS results, with accuracies concentrated
between 66%-72%.

Table 9(a) presents multi-feature classification: all algorithms achieve best per-
formance when words satisfy at least one feature (C_1). Multi-feature with
POS results (Table 9(b)) show accuracies between 69%-71%.

4 Experimental Results Analysis

Since people tend to express emotions using adjectives, POS-based extraction
achieves higher precision than statistical feature-based methods. However, in
real language environments, verbs, adverbs, and nouns also express sentiment
(e.g., ‘love’ , ‘kindly’ , ‘issue’ ), making POS-based classification less accurate
than statistical feature-based approaches.

Combining statistical features with POS improves extraction accuracy (Tables
7, Figure 1) but increases constraints, reducing the number of qualifying words
and potentially decreasing classification precision. For example, ‘love’ satisfies
statistical features but is filtered as a verb.

Figure 1(a) shows multi-feature extraction achieves highest precision under C_8
(all features satisfied) and lowest under C_1 (at least one feature). Conversely,
Table 9(a) shows C__1-based dictionaries achieve highest classification accuracy
while C_ 8-based dictionaries perform worst. This occurs because stricter stan-
dards (higher i) reduce the number of qualifying words, limiting dictionary cover-
age. For instance, ‘cheap’ expresses price opinions but only appears in D__1~D3,
causing classification algorithms to miss relevant reviews.

Comparing Table 8(a) and 9(a), single-feature classification outperforms multi-
feature in Naive Bayes, while multi-feature excels in the other four classifiers.
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Multi-feature classification using eight statistical features reduces vector dimen-
sionality, achieving LSA /SVD-like compression effects that decrease time and
space complexity while maintaining accuracy.

5 Conclusion

This paper selected eight common statistical features in natural language pro-
cessing and investigated their role in sentiment word extraction and product
review classification. Experiments demonstrate that statistical feature-based
sentiment classification achieves higher precision. Multi-feature classification
using eight statistical features to construct vector space models effectively re-
duces algorithmic time and space complexity while maintaining accuracy and
recall.

Future work will improve sentence segmentation algorithms to mine internet
slang, study statistical feature weights across different classifiers, and enable
automatic weight assignment to improve classification efficiency.
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