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Abstract

[Purpose/Significance] Aiming at the specific task of text sentiment analysis in
big data environments, this study investigates the scale adaptation problem to
provide guidance for information science researchers in achieving optimal trade-
offs between efficiency and cost when conducting data analysis in big data en-
vironments. [Method/Process|] Employing the Stanford Sentiment140 dataset
and building upon the analysis of traditional sentiment analysis algorithms, we
propose five text sentiment analysis algorithms tailored for big data, examine
the adaptation performance of various algorithms across different environments
and data scales, and conduct an empirical comparative study in terms of ac-
curacy, scalability, and efficiency. [Results/Conclusion] Experimental results
demonstrate that the cluster constructed in this paper exhibits favorable op-
erational efficiency, correctness, and scalability; Spark clusters possess greater
efficiency advantages in processing massive text sentiment analysis data, with
this advantage becoming increasingly pronounced as data scale expands; regard-
ing resource utilization, the overall operational efficiency of the cluster varies
significantly with increases in node and core counts, and configuring five slave
nodes with 4 cores and 4GB memory each enables efficient completion of classi-
fication tasks while achieving resource cost savings.
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Abstract

[Purpose/Significance] This study investigates the scale adaptation problem
for the specific task of text sentiment analysis in big data environments, pro-
viding guidance for information science researchers to achieve optimal efficiency
and cost trade-offs when conducting data analysis under big data conditions.
[Method/Process] Using Stanford University’s Sentiment140 dataset, we pro-
pose five text sentiment analysis algorithms for big data based on an analysis
of traditional sentiment analysis methods. We examine the adaptation effec-
tiveness of various algorithms across different environments and data scales,
conducting empirical comparisons from the perspectives of accuracy, scalability,
and efficiency. [Results/Conclusions] Experimental results demonstrate that
our cluster architecture exhibits strong operational efficiency, correctness, and
scalability. Spark clusters demonstrate greater efficiency advantages when pro-
cessing massive text sentiment analysis data, with these advantages becoming
more pronounced as data scale increases. Regarding resource utilization, clus-
ter performance changes significantly with increases in node and core counts.
Configuring five slave nodes with 4-core CPUs and 4GB memory achieves high
classification efficiency while conserving resource costs.

1. Introduction

With the continuous development of mobile internet technology, the volume
of data generated through online social and shopping activities has grown ex-
ponentially. Increasing numbers of users express opinions on entertainment,
politics, and other events on social media platforms such as Weibo and Twit-
ter. These opinions are typically disseminated through text, presenting new
opportunities and challenges for both enterprises and governments in efficiently
mining emotional information from massive text corpora [1]. In this context, the
scale adaptation problem has emerged alongside domain adaptation [6-7] and
language adaptation [8] as one of three major challenges facing opinion mining
in big data environments [9].

It is worth noting that in addressing the scale adaptation problem for sentiment
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analysis, two key issues require investigation: how the operational efficiency of
sentiment analysis algorithms differs across various runtime environments, and
how to select and configure optimal environments in practical applications. Cur-
rently, relevant research remains largely concentrated in computer science [10-
13], while the scale adaptation problem for sentiment analysis has not received
sufficient attention in information science and related fields. Given this gap,
this paper analyzes traditional sentiment analysis algorithms and proposes text
sentiment analysis algorithms designed for big data environments. We examine
the adaptation effectiveness of these algorithms across different environments
and data scales, conducting empirical comparisons of accuracy, scalability, and
efficiency to provide guidance for researchers in related fields seeking optimal
efficiency and cost trade-offs for text sentiment analysis in big data contexts.

2. Research Status

Research on sentiment analysis focuses on different aspects depending on data
scale. For small-scale datasets, the emphasis lies on improving analysis granu-
larity and extending applications to more scenarios. For large-scale datasets,
researchers typically adopt statistical learning approaches, focusing on algorith-
mic improvements and parallel implementations.

On small-scale datasets, practical applications of text sentiment analysis in-
clude sentiment lexicon-based approaches, machine learning-based approaches,
and extended applications. Sentiment lexicon methods extract sentiment words
and their corresponding evaluation entities from text for polarity determina-
tion, including sentiment dictionary methods [14-15], ontology-based methods
[16-17], and information extraction methods [18-19]. These studies typically in-
volve fine granularity and substantial manual effort, making them suitable for
smaller-scale data. Machine learning-based approaches bypass the cumbersome
lexicon construction process by directly employing statistical learning methods
[6,8,20-24], making them more adaptable to larger datasets. In terms of ex-
tended applications, sentiment analysis has been widely applied in intelligence
fields such as customer review mining [25], online public opinion management
[26-27], customer satisfaction surveys [28], online rumor identification [29], and
competitor identification [30], where dependence on specific application scenar-
ios outweighs considerations of data scale and algorithm selection.

On large-scale datasets, current research focuses on two main directions. First,
algorithmic theory innovation combines big data platforms (e.g., Spark comput-
ing framework) to improve classification efficiency while maintaining or enhanc-
ing accuracy. For example, Zhu Jizhao et al. [31] designed a distributed CRFs
algorithm—SparkCRF—for text analysis in Spark, demonstrating comparable
accuracy to traditional single-node implementations while offering superior com-
putational capability and scalability. J. Chen et al. [32] developed a parallel ran-
dom forest (PRF) algorithm on Spark that employs dimensionality reduction
during training and weighted voting during prediction, achieving better clas-
sification accuracy for large, high-dimensional, noisy data compared to Spark
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MLIib algorithms. Second, horizontal comparison of classification algorithms
on big data platforms seeks optimal algorithms for specific text data under dif-
ferent resource configurations, where classification performance is influenced by
data attributes, dataset scale, and Spark resource allocation. Evaluation pri-
marily compares classification accuracy and speedup ratios. For instance, G.
Moghaddam et al. [13] compared decision trees, Naive Bayes, random forest,
and SVM algorithms on airline datasets in single-machine Spark, finding deci-
sion trees outperformed the other three. A. Baltas et al. [1] used Spark MLIib for
Twitter sentiment analysis, showing Naive Bayes achieved better classification
results than logistic regression and decision trees for binary and ternary senti-
ment data, with dataset size significantly affecting Naive Bayes performance. M.
Hai et al. [33] evaluated Naive Bayes and random forest performance in cluster
Spark, identifying optimal node counts for different datasets and demonstrating
high accuracy for both algorithms with varying speedup ratios across dataset
sizes.

Against this background, this paper uses the Spark platform to investigate the
computational efficiency, accuracy, and scalability of different sentiment anal-
ysis algorithms across various dataset scales and cluster configurations, aiming
to provide recommendations for big data analysts on algorithm selection and
platform configuration to achieve optimal efficiency and cost trade-offs.

3. Research Questions and Methods

3.1 Research Questions This study addresses the scale adaptation problem
for text sentiment analysis algorithms in big data environments. By analyzing
traditional sentiment analysis algorithms, we propose big data-oriented text
sentiment analysis algorithms and examine their adaptation effectiveness across
different environments and data scales from the perspectives of computational
efficiency, accuracy, and scalability. Specifically, we pose the following research
questions:

1. How does algorithm efficiency differ across runtime environments (tradi-
tional Sklearn, Spark single-node, and Spark cluster modes)? Does the
Spark cluster mode offer greater advantages for massive sentiment classifi-
cation data compared to Spark single-node and traditional Sklearn modes,
with advantages becoming more pronounced at larger scales? How can run-
time environments be better configured based on these differences when
building big data sentiment analysis platforms?

2. How do various sentiment analysis algorithms perform across different
runtime environments in terms of effectiveness (measured by accuracy,
recall, F-value, etc.)? Does the Spark cluster mode demonstrate better
scalability for massive sentiment classification data compared to Spark
single-node and traditional Sklearn modes?

3. How does overall cluster efficiency change as node and core counts in-
crease? How can optimal core and node counts be configured based on
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these changes to achieve higher efficiency with lower overhead?

4. Below what dataset scale does the speedup ratio of parallel algorithms fall
below 1, meaning cluster processing fails to demonstrate computational
advantages? In other words, at what data scale does adopting parallel
sentiment analysis algorithms become necessary?

This paper emphasizes text sentiment analysis for two reasons: First, research
priorities differ across data scales—fine-grained analysis and scenario extension
for small datasets versus algorithmic improvement and parallelization for large
datasets. This study attempts algorithmic improvements and parallel implemen-
tations, focusing on sentiment analysis. Second, although emotion classification
or polarity classification in text sentiment analysis can be framed as text classi-
fication problems, this paper uses Twitter as the data source, making sentiment
analysis the primary task.

3.2 Big Data Text Sentiment Analysis Platform Architecture Cur-
rent distributed computing platforms include Spark, Hadoop, GridGain, Mars,
Phoenix, Twister, Disco, HaLoop, iMapReduce, iHadoop, Prlter, and Dryad
[34]. Compared to other platforms, Spark’s in-memory iterative processing of-
fers better computational efficiency, fault tolerance, and scalability. Spark ML-
lib provides common machine learning algorithms and a Python programming
environment, facilitating comparison between traditional Sklearn and parallel
Spark implementations. Therefore, this paper adopts the Spark architecture for
empirical research.

The big data text sentiment analysis framework is illustrated in Figure 1 [Fig-
ure 1: see original paper]. The system architecture comprises three components:
Driver Program, Cluster Manager, and Worker Nodes [35]. The Driver Program
is a client that defines SparkContext, requests resources from the Cluster Man-
ager, and submits jar files and dependencies to Worker Nodes. The Cluster
Manager allocates resources and tracks job status, serving as the Master Node
in Standalone mode to control the entire cluster and monitor Worker Nodes.
Worker Nodes (slave nodes) control compute nodes, including Tasks and Cache,
launching Executors to perform computations and return results.

Experiments were conducted on the Qingyun server platform, with standalone
and cluster environments configured as detailed in Table 1 . The standalone
server used a 4-core CPU with 4GB memory, running traditional Sklearn and
Spark single-node programs with Python 3.6. The cluster consisted of four
node types: Client nodes (2-core CPU, 2GB memory) for storing local data
and providing program interfaces; HDFS nodes (2-core CPU, 2GB memory)
for user data storage and underlying data storage; Master nodes (4-core CPU,
4GB memory) controlling the cluster in Standalone mode; and Slave nodes as
compute nodes with varying configurations (3-7 nodes, 4GB memory, 2/4/8
CPU cores) determining sentiment analysis algorithm efficiency.
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3.3 Big Data Text Sentiment Analysis Algorithms Based on Decision
Tree (DT), Logistic Regression (LR), Naive Bayes (NB), Random Forest
(RF), and Support Vector Machine (SVM), we propose parallel versions
of each algorithm. These algorithms were selected based on three princi-
ples: (1) Availability—widely used in traditional text sentiment analysis;
(2) Scalability—capable of extension to large-scale data environments; (3)
Comparability—offer comparable accuracy and efficiency. While other parallel
classification algorithms exist (e.g., Gradient Boosting Trees, Multi-layer
Perceptrons), they were excluded due to dependency issues between weak
learners in gradient boosting and non-convex loss functions with multiple local
minima in multi-layer perceptrons.

3.3.1 Parallel Decision Tree Algorithm The parallel decision tree employs
a divide-and-conquer strategy, iteratively decomposing the original problem into
multiple sub-problems with similar features. The algorithm includes three mech-
anisms: optimal attribute computation, tree node parallelism, and dataset par-
allelism [36]. Since node attributes are independent, information gain for each
attribute can be computed by different processors, with the master processor
determining the optimal attribute. Tree node parallelism divides tree nodes into
independent sub-nodes that can be processed in parallel. The same decision tree
algorithm processes data subsets across different processors, with classification
models saved for subsequent use. Building on [36], our parallel decision tree
algorithm is presented as Algorithm 1:

Algorithm 1: Spark-based Parallel Decision Tree Algorithm

Input: Dataset T

1. Read dataset from HDFS and convert to RDD

2. Use map operator to obtain sentiment scores and text vectors

3. Use Tokenizer operator to convert text vectors to word vectors

4. Compute TF-IDF for word vectors with feature count set to 3000

5. Obtain label and feature columns and index them to produce preprocessed
dataset

6. Randomly split preprocessed dataset (80% training, 20% testing) with ran-
dom seed 0

7. Fit decision tree classifier with max depth 10 to training data and record
training time

8. Predict test data using trained model and output precision, accuracy, recall,
and F1-score

Output: Sentiment analysis results

3.3.2 Parallel Logistic Regression Algorithm Parallel logistic regression
is primarily based on Bagging sampling for parallelism, using limited-memory
L-BFGS to accelerate coefficient estimation [12]. Bagging generates multiple
classifiers with equal weights, aggregating them into a predictor through multi-
ple voting. The predictor computes final predictions by integrating results from
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multiple logistic regression classifiers. Building on [12], our parallel logistic re-
gression algorithm is presented as Algorithm 2:

Algorithm 2: Spark-based Parallel Logistic Regression Algorithm
Input: Dataset T

1. Read dataset from HDFS and convert to RDD

2. Use map operator to obtain sentiment scores and text vectors

3. Compute TF-IDF values for text vectors

4. Use zip operator to connect TF-IDF vectors with sentiment scores and convert
to LabeledPoint type

5. Randomly split converted dataset (80% training, 20% testing) with random
seed 0

6. Fit logistic regression classifier with max iterations 1000 to training data and
record training time

7. Predict test data using trained model and output precision, accuracy, recall,
and F1l-score

Output: Sentiment analysis results

3.3.3 Parallel Naive Bayes Algorithm Parallel Naive Bayes distributes
training and test sets across multiple nodes for model construction and clas-
sification [37]. It computes TF and TF-IDF values for features in each class,
calculates prior probabilities and TF-IDF sums per class, and generates condi-
tional probabilities for features under each class. Building on [37], our parallel
Naive Bayes algorithm is presented as Algorithm 3:

Algorithm 3: Spark-based Parallel Naive Bayes Algorithm

Input: Dataset T

1. Read dataset from HDFS and convert to RDD

2. Use map operator to obtain sentiment scores and text vectors

3. Use Tokenizer operator to convert text vectors to word vectors

4. Compute TF-IDF for word vectors with feature count set to 3000

5. Obtain label and feature columns and index them to produce preprocessed
dataset

6. Randomly split preprocessed dataset (80% training, 20% testing) with ran-
dom seed 0

7. Fit Naive Bayes classifier (smoothing=1, multinomial model) to training data
and record training time

8. Predict test data using trained model and output precision, accuracy, recall,
and Fl-score

Output: Sentiment analysis results

3.3.4 Parallel Random Forest Algorithm Parallel random forest operates
in two phases [38]. Phase one trains the classifier by converting vectorized
training data to RDDs distributed across nodes, applying Bagging sampling
(sampling count K determines tree count), building decision trees on samples,
and aggregating distributed trees via union operations to generate the random
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forest. Phase two classifies test data through voting across all decision trees,
selecting the most frequent class as the final result. Building on [38], our parallel
random forest algorithm is presented as Algorithm 4:

Algorithm 4: Spark-based Parallel Random Forest Algorithm

Input: Dataset T

1. Read dataset from HDFS and convert to RDD

2. Use map operator to obtain sentiment scores and text vectors

3. Use Tokenizer operator to convert text vectors to word vectors

4. Compute TF-IDF for word vectors with feature count set to 3000

5. Obtain label and feature columns and index them to produce preprocessed
dataset

6. Randomly split preprocessed dataset (80% training, 20% testing) with ran-
dom seed 0

7. Fit random forest classifier (10 trees, max depth 10) to training data and
record training time

8. Predict test data using trained model and output precision, accuracy, recall,
and F'l-score

Output: Sentiment analysis results

3.3.5 Parallel Support Vector Machine Algorithm Parallel SVM train-
ing follows this process [39]: First, read HDFS data using RDD’s textFile func-
tion and convert to RDD format, randomly splitting into appropriately sized
blocks. Map operations perform parallel SVM training on formatted data, while
repartition functions integrate results and partition data blocks for iterative
SVM training until obtaining a globally optimal classifier. Building on [39], our
parallel SVM algorithm is presented as Algorithm 5:

Algorithm 5: Spark-based Parallel SVM Algorithm

Input: Dataset T

1. Read dataset from HDFS and convert to RDD

2. Use map operator to obtain sentiment scores and text vectors

3. Compute TF-IDF values for text vectors

4. Use zip operator to connect TF-IDF vectors with sentiment scores and convert
to LabeledPoint type

5. Randomly split converted dataset (80% training, 20% testing) with random
seed 0

6. Fit SVM classifier with max iterations 1000 to training data and record
training time

7. Predict test data using trained model and output precision, accuracy, recall,
and F1l-score

Output: Sentiment analysis results

3.4 Parameter Settings Parameter selection follows two principles: (1)
Usability—parameters enable model usability with relatively good classification
performance; (2) Equivalence—parameters remain as similar as possible across
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environments (traditional Sklearn, single-node, multi-node) to enable effective
efficiency comparisons. DT: 3000 features, max depth 10; LR: 1000 iterations;
NB: 3000 features, multinomial model; RF: 3000 features, 10 trees, max depth
10; SVM: 1000 iterations.

3.5 Evaluation Metrics Evaluation comprises effectiveness and efficiency
metrics. Effectiveness uses precision, accuracy, recall, and Fl-score. Efficiency
includes runtime and speedup ratio. Runtime measures training model genera-
tion time. Speedup ratio compares single-node versus parallel execution times
for the same task, calculated by varying node counts while keeping datasets con-
stant. T; represents single-node runtime, T represents runtime on m nodes.
Linear speedup increase indicates effective time reduction through multi-node
processing.

Speedup =T, / T

4. Experimental Results and Discussion

4.1 Experimental Data Massive text sentiment classification remains chal-
lenging in microblogging. Twitter’s short-form content better expresses user
emotional states. We selected Stanford University’s Twitter sentiment dataset
[40-41] based on two considerations: First, it has been widely used in text senti-
ment mining and social network analysis [42-45]. Second, it can be partitioned
into different scales for scale adaptation research.

The dataset contains 1,578,627 tweets, with 1 indicating positive sentiment and
0 indicating negative. We extracted subsets of 15M, 30M, 75M, 150M, and
300M (corresponding to 160k, 310k, 780k, 1.58M, and 3.16M tweets) to study
algorithm differences across scales. During preprocessing, 80% of data was used
for training and 20% for testing, with each experiment repeated three times to
average training time.

4.2 Experimental Results We evaluated five traditional algorithms (DT,
LR, NB, RF, SVM) and their parallel counterparts across traditional Sklearn,
single-node Spark, and cluster Spark environments.

4.2.1 Runtime Efficiency Experiment 1 compared runtime efficiency across
environments using the 150M dataset. Traditional and single-node Spark used
4-core/4GB environments; cluster Spark used three 4-core/4GB slave nodes.
Figure 2 [Figure 2: see original paper| shows runtime differences.

Runtime efficiency from low to high: Spark single-node, traditional Sklearn,
Spark cluster. Spark single-node was slower than Sklearn due to PySpark’s RDD
conversion overhead versus Sklearn’s direct numpy array operations. Spark
cluster reduced runtime by nearly half compared to Sklearn, as Spark’s RDDs
store intermediate data in slave node memory, enabling direct memory reads
across operations and significantly improving iterative performance.

chinarxiv.org/items/chinaxiv-202307.00585 Machine Translation


https://chinarxiv.org/items/chinaxiv-202307.00585

ChinaRxiv [$X]

4.2.2 Accuracy Experiment 2 compared accuracy across environments using
the 150M dataset, evaluating precision, accuracy, recall, and F1-score. Figure
3 [Figure 3: see original paper] shows F1l-score comparisons.

Except for DT and SVM, traditional Sklearn marginally outperformed Spark
modes. For LR, Sklearn achieved F1=0.8019 versus 0.6181 (single-node) and
0.6172 (cluster), primarily due to different prediction data processing strategies.
Spark single-node and cluster modes showed similar accuracy, indicating clus-
ter expansion does not reduce classification accuracy. NB achieved the best
performance with F1 values of 0.7153 and 0.7173, representing approximately
3% improvement over Sklearn’s SVM.

4.2.3 Scalability Experiment 3 evaluated scalability by varying slave node
core counts (2, 4, 8 cores) with three slave nodes using the 150M dataset. Figure
4 [Figure 4: see original paper] shows runtime versus core count.

Except for SVM (which first decreased then increased), runtime decreased as
core count increased, demonstrating good scalability. However, the decreasing
rate was non-linear, with 4 cores showing higher resource utilization than 8
cores. NB performed best with runtimes of 33.14s, 19.59s, and 12.12s.

Experiment 4 evaluated scalability by varying slave node counts (3-7 nodes)
with 4-core nodes using the 150M dataset. Figure 5 [Figure 5: see original
paper| shows runtime versus node count.

Runtimes decreased as node count increased up to 5 nodes, after which improve-
ment slowed, indicating inter-node communication overhead constrains scalabil-
ity. NB again performed best with runtimes of 19.59s, 14.92s, 12.52s, 11.31s,
and 9.84s.

Experiment 5 evaluated scalability across data scales (15M to 300M) comparing
single-node (4-core/4GB) and cluster (5 slave nodes, 4-core/4GB each) Spark
environments. Table 2 and Figures 6-7 [Figure 6: see original paper][Figure 7:
see original paper| show results.

Single-node runtime increased proportionally with data scale, with rapid accel-
eration beyond 75M. Cluster runtime also increased proportionally (except for
SVM). NB showed the best performance with minimal runtime increase. Figure
8 [Figure 8: see original paper] shows speedup ratios increasing with data scale,
with LR and SVM speedup <1 for datasets <75M, indicating no computational
advantage for small data.

4.3 Discussion This paper proposes parallel versions of DT, LR, NB, RF,
and SVM algorithms and applies them to big data sentiment analysis. Several
findings warrant discussion:

First, algorithm efficiency differs significantly across runtime environments.
Spark clusters offer clear advantages for massive sentiment classification, with
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benefits increasing at larger scales. This necessitates Spark cluster adoption for
big data sentiment analysis to save time and improve efficiency.

Second, algorithm effectiveness (accuracy, recall, F-value) also differs across en-
vironments. Contrary to expectations, Spark cluster modes do not significantly
improve these metrics compared to traditional Sklearn. Most algorithms show
decreased performance when moving from Sklearn to Spark, indicating substan-
tial work remains to maintain effectiveness in Spark environments.

Third, cluster efficiency changes with node and core counts. While increased
resources improve efficiency, the improvement rate is non-linear. Beyond certain
thresholds, efficiency gains diminish. In our empirical study with the given data
volumes, 4 cores and 5 nodes provided optimal efficiency with minimal overhead.
This suggests that more nodes/cores are not always better; matching resource
configuration to data scale thresholds maximizes resource savings.

Fourth, below certain dataset scales, parallel speedup ratios fall below 1, mean-
ing clusters provide no advantage. In our study, most algorithms showed
speedup <1 for datasets <75M, indicating traditional Sklearn is preferable for
smaller datasets.

Overall, while this scale adaptation research focuses on text sentiment analysis,
conclusions extend to related large-scale text processing domains including text
classification, product recommendation, information retrieval, and data mining.
However, Spark’s limited data partitioning capability can cause load imbalance
when task distribution is uneven, making it unsuitable for all data scales, types,
and algorithms. Future work will examine larger data scales, more data types,
and additional algorithms to further explore parallel task allocation and algo-
rithm effectiveness under scale adaptation.
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