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Big data analytics helps organizations leverage their data to uncover new
opportunities, leading to smarter decisions, more efficient operations, and
ultimately higher profits. Effective use of big data and creating important
predictive models make it more straightforward for a business to realize
what the consumer likes and what he or she does not. This will enable the
business to propose better offers and administrations with their items when
contrasted to its competitors. In this paper, the authors suggest the use of a
big data analytics platform combined with natural language processing
(NLP) techniques to do the intelligent processing of unstructured streaming
data. A new method utilizing Apache Spark pipelining is proposed to
achieve predictive analytics for unstructured data streams. With this
predictive model, mining of the unstructured streaming data can be done and
intelligent predictions are made possible in real time using artificial
intelligence techniques.
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1. INTRODUCTION

Stream computing represents a modern paradigm driven by emerging data-generation scenarios such
as the internet of things (IoT), sensor networks, financial market feeds, mobile devices, geospatial services,
and social media platforms [1]. This approach is based on the key premise that the value of data is highest
when it is most recent [2]. Data produced continuously is known as streaming data, and it must be analyzed
immediately as it arrives to generate timely insights. To handle such processing demands, robust parallel
architectures, and scalable computing systems are essential [3]. Stream computing enables ongoing
evaluation of static queries against data that is constantly in motion [4]. Although vast amounts of
unstructured data are produced, extracting relevant and meaningful information from these streams is critical
for making prompt decisions. Such timely decision-making is possible only when incoming data is processed,
analyzed, and visualized in real time [5].

Demirezen and Navruz [6] suggest employing the lambda (L) architecture, built on top of hadoop, to
support near real-time data processing that accommodates both streaming and batch analytics. This
architecture comprises three primary layers known as the batch layer, the speed layer, and the serving layer.
The batch layer generates precomputed results using a distributed processing framework and ensures high
accuracy by handling the full dataset [7]. The speed layer manages incoming data streams in real time,
compensating for the latency inherent in the batch layer. Because it focuses on rapid output, its results may
be less precise or incomplete compared to those produced by the batch layer, and these fast outputs are
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frequently stored in not only structured query language (NoSQL) systems [8], such as MongoDB, VoltDB,
and Cassandra. The results from the batch and speed layers are kept in the serving layer, which answers
queries by returning pre-computed interpretations from the processed data [9], and reprocessing every batch
cycle is not beneficial in many scenarios [10].

Apache Spark is a robust open-source engine capable of handling both batch and stream processing
tasks [10]. In their recent study, Kamal et al. [11] employ Apache Spark for real-time data processing
combined with text mining and natural language processing (NLP). Their work aims to illustrate how
business intelligence can be enhanced by gathering and analyzing web data in real time. Another
investigation by Svyatkovskiy et al. [12] assesses the Apache Spark framework for data-intensive machine
learning (ML) workloads. They propose a text-processing pipeline that incorporates the Avro serialization
framework, Spark ML, GraphFrames, and the histogrammar suite of data aggregation tools, applying it to a
policy diffusion problem. In a survey conducted by Ahmed et al. [13], the authors discuss the idea of big data
and the numerous forms of analytics that researchers can perform using large-scale data. Their work outlines
strategies for improving the performance of big data processing and explains different big data analytics
tools. In another approach, Azhir et al. [14] investigate big data analysis and highlight the importance of
Apache Spark in real-time processing by extracting meaningful insights from X (formerly Twitter) data.

The work presented by Nair ef al. [15] centers on developing a real-time system for forecasting
remote health conditions, which is implemented using the open-source big data processing framework
Apache Spark and hosted within a cloud-based infrastructure. In this scalable framework, a ML model
determines a user’s health condition based on health-related tweets that the application receives instantly.
Kolajo et al. [16] present a systematic review of big data stream analysis and observe that, although
substantial research has concentrated on batch processing, there is growing interest in examining data in
motion. Their review provides a comprehensive assessment of the current state of stream processing and
recommends that researchers devote greater attention to empirical evaluations of big data streaming tools and
technologies. In another contribution, Matteussi et al. [17] successfully developed and demonstrated a
scalable system for real-time analysis and filtering of job-related tweets from among millions of incoming
streaming tweets. These tweets are then categorized into various job classifications, thereby enhancing the
efficiency of job searching through Spark streaming.

This paper showed that NLP methods can be applied in big data platforms such as Spark to extract
insights from unstructured text and uncover valuable and meaningful patterns for business intelligence. In
this work, predictive analytics is applied to unstructured streaming data using various ML models within a
Spark ML pipeline. The models’ performances are then compared using evaluation metrics such as receiver
operating characteristic (ROC) curves and Gini coefficients. The best-performing model is selected as the
champion model which can be deployed for smarter business intelligence because insights gained from this
analysis offer organizations a clear view of various dimensions of their operations and customer behavior,
ranging from service consumption and server performance to website interactions, device locations,
user movements, and the flow of physical goods, allowing them to react quickly to new emerging
developments. The extra benefits of stream-processing capability, which enhances the velocity aspect of
big data, are more effectively realized with the proposed model.

The paper is organized as follows. Section 2 introduces the methodology, the process flow diagram,
and the algorithm employed. The dataset utilized, along with all experimental assessments are described in
section 3. Lastly, section 4 provides the summary and the conclusion.

2. METHOD
2.1. Intelligent predictions from unstructured streaming data using Spark machine learning pipelines
Spark supports both batch and stream processing through its pipelined architecture, which is a
fundamental element of computer system design. Normally, pipelines are divided into stages, and each stage
is either a ‘transformer’ or an ‘estimator’ that is related to one another to form a pipe-like structure [10], [18].
It refers to a sequence of data-processing components arranged so that each stage passes its output directly to
the next stage [19], [20]. Data or instructions enter from one end and exit from the other, thereby increasing
overall instruction throughput. In this process, a transformer refers to an algorithm that converts one
DataFrame into another, while an estimator is a component that can be fitted on a DataFrame to produce a
transformer. In this context, a learning algorithm functions as an estimator that learns patterns from the input
DataFrame and generates a trained model as output. For estimator stages, the fit() method is called to produce
a transformer, and that transformer’s transform() method is called [21] on the data frame. The pipeline for
predictive analytics comprises several sequential stages, including tokenization, feature extraction using
HashingTF, term weighting through inverse document frequency (IDF), and application of ML algorithms
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for model training and prediction. The stages execute sequentially, and the input DataFrame retrieved from
the distributed data store is progressively transformed as it flows through each stage.

To make intelligent predictions with the unstructured textual reviews, to decide the ‘star rating’
assigned to each product [22], the Spark pipelining and ML classification algorithms were used. The original
problem was a multiclass classification with five star-rating values 1, 2, 3, 4, and 5, which made the
results difficult to interpret and complicated the evaluation of the models. Therefore, the problem was
reformulated as a binary classification task to facilitate a more straightforward evaluation. Using the
proposed method, the attempt was to classify the star rating into ‘1’ with 4 or 5 star ratings and ‘0’,
consisting of 1 or 2 star_ratings, instead of trying to predict the exact ‘star rating’ associated with the review
body. All reviews with a star_rating of 3 were excluded since they reflected neutral or indifferent feedback.
The different text pre-processing steps were done with this unstructured textual data with NLP and text
mining techniques before passing it through the pipeline. The model was trained with the batch data, which is
stored in distributed file storage, such as a document-based NoSQL and the data was moved through the
pipeline continuously.

The following steps were executed while pre-processing the unstructured textual reviews such as
stripping, removing punctuation and alphanumeric characters, removing all stop words, tagging using
part-of-speech (POS) tagging, and lemmatization. Lemmatization involves the identification of underlying
lemmas of the words in a text, whereas with tagging, a part of speech was assigned to each word in a list
using context clues. With a view to applying ML classification with the streaming pipeline, the cleaned
dataset was split into training and testing portions using a 70:30 ratio, and a range of methods including
logistic regression (LR), support vector machines (SVM), and naive Bayes (NB) were employed on the
dataset to estimate the probability that a product would be accepted. The model training was done with the
training dataset and tested with the testing set. The ‘review body’ and ‘star rating’ fields were selected as
the ‘feature’ and ‘label” fields.

The lemmatized textual data in the training set was passed through the pipeline for fitting with the
different ML models, where the operations of tokenization, hashing term frequency (TF) and IDF
calculations [23] were performed on it. With tokenization and hashing, the data was converted and stored as a
two-dimensional vector. With tokenization, the individual review texts are broken down into separate words
known as tokens. Usually, a simple tokenizer class in Spark provides this functionality. The regular
expression (Regex) tokenizer used enables more sophisticated text splitting by using Regex patterns to
identify tokens. Instead of the TF-IDF technique, the hashing trick was used here [24]. Since TF-IDF
calculations tend to get complicated in a general scenario, it will be far worse in a distributed system setup.
Hence, to reduce the memory and computational overheads, hashing was implemented with Spark. Hashing
is a type of transformer that converts sets of terms into fixed-length feature vectors. In text processing, these
sets of terms could represent a bag of words, which includes all words in a text, but hashing applies the
hashing trick to achieve this transformation.

A raw attribute was converted into an index by applying a hashing procedure. The hashing
mechanism employed was MurmurHash3 [12], after which term frequencies were calculated using the
resulting indices. This approach removes the requirement for generating a global term-to-index dictionary
which can be computationally costly for very big datasets. But it introduces the possibility of hash collisions,
where unrelated input features may be assigned the same hashed term and to minimize collision risks, the
number of buckets in the hash table can be increased. Because a simple modulo operation was used to map
the hash output to a column index, the feature dimension was chosen as a power of two to ensure a uniform
distribution across columns. The default dimensionality is set to 2'® = 262,144, and a configurable binary
parameter determines whether term frequencies are counted in binary form. Normally, idf of a term ‘t’ is
calculated using (1).

n

df (t) = T (D
Where n is the total number of terms and df (t) is the frequency of ‘t’ in the document [25]. But when a
word that was not in the vocabulary occurs, the corresponding df (t) will be zero, which was obtained from
the hashing trick. As division by zero was not possible, the value was smoothed by adding 1 to the
denominator. Hence, (2) was used to calculate the IDF, where n is the total number of terms.

idf (t) = log (df (’;)H) )

Then, model training was carried out using classification algorithms such as LR, SVM, and NB,
which are available within the Spark ML library. The operation is an estimator and an additional column,

An intelligent Al framework for business insight generation from streaming ... (Benymol Jose)



4074 O3 ISSN: 2252-8938

‘prediction’ was getting added to it. Then, the pipelined ML model is tested with the test data. Whenever an
estimator function such as a ML algorithm was triggered in a pipeline, it’s preceding transformation
functions which were pending to be executed are enabled, before it estimated the predictive labels. It is
transforming our resultant data frame with an additional feature called ‘prediction’, apart from a label which
represents the expected predictions. The accuracy of these predictions made by the different ML models
using the ML pipeline was evaluated using the metrics: the ROC-area under the curve (AUC) curves and the
Gini coefficient. The best-performing model was selected as champion model and it is deployed for production.

2.2. Process flow diagram and algorithm

Figure 1 illustrates the overall flowgraph of the proposed approach, outlining the sequential
processes and interactions among its key components. The streaming data is prepared first, and the
pre-processing up to lemmatization is applied with the textual reviews. Then this data is passed through a
streaming pipeline, which consists of the stages, tokenization, hashing, IDF calculation, and finally the ML
modelling. The proposed approach for making the predictive analysis with the streaming pipeline is detailed
in the Algorithm 1 predictive analytics pipeline.

Algorithm 1. Predictive analytics pipeline

Input: The Data frame ‘data’ consisting of unstructured review body and star rating
Output: The deployable machine learning model for intelligent prediction
//Preparing the dataset for modelling by removing neutral comments

1: Load the data frame ‘data’ from the distributed storage facility.

2 For each row ‘i’ in the data frame ‘data’

3: if (i[star rating] == ’3’) filter it

4: else if ((i[star rating] == ’1’) || (i[star rating] == '2’")), 1i[y]=0, where y
€ Target

5: else i[y] = 1, where y € Y /* Y is a new column ‘Target’*/

6: End of if

7: End of for

//Pre-processing the entire set of ‘review body’ in data, which is the unstructured textual

data

8: For each ‘review body’, ‘X’ in data, perform the following transformations from step 9
to step 16 as pre- processing, and with each step a new column will be added to ‘data’

9: lower text = lower (X)

10: text non asci = strip non ascii(lower text)

11: fixed abbrev = fix abbreviation(text non_asci)

12: removed features = remove puctuations special symbols(fixed abbrev)
13: removed stops = remove stops (removed features)

14: tag and remove pos = remove tags(removed stops)

15: lemmatized text = lemmatize (tag and remove pos)

16: End of for

17: Construct the final data frame ‘data’ with the result of previous step 15 as

18: data = data.select(lemmatized text, date, Target) and

19: set ‘text’ = lemmatized text and ‘label’ = Target

20: Divide the data for training and testing stages as 70% data for training and 30% for
test as train data=random select (data,70) and test data=random select (data, 30)

21: Train and fit the model by passing the train data through the streaming pipeline as in
step 22 with the following stages, where ML is the machine learning algorithm used.

22: Streaming pipeline = Pipeline(stages = [tokenizer, hashing, IDF, ML])

23: For each stage in the pipeline, perform the following Steps 25 to Step 37

24 switch (stage)

25: Case ‘tokenizer’:

26: tokenize (‘text’) = {t: t € T, where T is the text in the dataset}

27: Case ‘hashing’:

//Deciding the term frequency by applying hashing trick to each term in the {t}

28: For each token {t: t € T}

29: hashing(t) = {index(t, V), where V is the fixed length feature
vector}

30: End for

//Hashing is a transformer which takes sets of terms and converts them into fixed-length
feature vectors

31: Case “IDF': idf(t) =log(n/(hashing(t) + 1))

//where n — total no of terms in V

32: hashing_idf (t,T) = hashing(t) * log(n/(hashing(t) + 1))

//whatever we are processing now is T

33: Case 'ML’:

34: Carry out model construction wusing the following supervised machine learning
classification techniques, ML = {LR, SVM, NB}, where LR = logistic regression, SVM =
support vector machines, and NB = naive Bayes

35: End switch

36: End For

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4071-4080



Int J Artif Intell ISSN: 2252-8938 a 4075

37: Test the models using the test data and evaluate the results with AUC-ROC and Gini
Coefficient.

38: Select the champion model which is the deployable model that can work with stream data

39: End

( STREAMING PIPELINE with Spark ML )
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Figure 1. Flow diagram used with the data processing platform

3.  RESULTS AND DISCUSSION
3.1. Dataset used and experimental setup

The dataset utilized in this is the Amazon reviews for sports and outdoors, downloaded from
Kaggle. It contains 4,849,945 records, approximately 2 GB in size, and includes details of sports products
along with customer feedback and summary information. The analysis focuses on the unstructured textual
reviews review_body provided by customers, along with the corresponding star rating for various sports
products [22]. The experiments were done using the Databricks community edition within the Apache Spark
ecosystem, configured with 6 GB of RAM, 0.88 cores, Databricks runtime (DBR) 6.4 with Spark 2.4.5, and
Scala 2.11. Additionally, Google Colab, a free cloud platform by Google, was used to encourage research
leveraging the Google Cloud Platform (GCP) for computations and evaluations, offering benefits such as
integration with reporting and extract, transform, and load (ETL) tools. The Spark pipelining
implementations were executed using PySpark on a GCP compute engine backend, with 12.72 GB RAM and
107.77 GB of disk space.

3.2. Comparative performance evaluation of artificial intelligence models for champion model selection

To activate and perform the intelligent processing of the unstructured reviews, stored in the
distributed file system, the data is passed through a streaming pipeline. Spark streaming and Spark ML are
used together to perform the predictive analytics, and in the final stage of the pipeline, different ML
classification models like LR, SVM, and NB, are implemented. These three algorithms represent various
aspects of ML such as regression analysis, which is based on statistical modelling, whereas SVM plays with
the idea of state-based analogy, with a unique way of evaluation [26]. The Bayesian theorem backs the NB
algorithm that works with probabilistic analysis [27].

The training data is passed through the pipeline stages, such as tokenization, hashing, IDF, and
finally the different ML algorithms are applied, where the pipelines perform differently with each of the
algorithms used. The performance of the pipelined model in making predictions with the test data is
measured by considering the metrics AUC-ROC and the Gini coefficient. The ROC graph is a standard way
of analyzing the performance of ML algorithms based on its ability to do predictions. Gini coefficient is
another performance metric used in classification problems. Gini index can be derived straight away from the
AUC-ROC, and it is an indicator of how well the model is performing. The Gini index for the proposed
models can be calculated as in (3). The performance of the pipeline with the following ML algorithms
is evaluated.

Gini Coef ficient (Model) = (2 X AUC) — 1 3)
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3.2.1. Logistic regression model

It represents a specialized form of generalized linear model intended to compute the likelihood of
possible outcomes. Within Spark ML, LR provides support for both two-class prediction using binomial LR
and multi-category prediction using multinomial LR [28]. Here, this ML model is used for making binary
class predictions regarding the acceptance of a product, based on the reviews. With a prediction value ‘1°, the
product is assumed to be acceptable, and prediction value ‘0’ denotes its unacceptability.

—  AUC-ROC: when this statistical model was applied using that workflow, the results showed an AUC of
61%. The ROC curve of LR pipeline is shown in Figure 2. The ROC-AUC for the LR model shows
61% of accuracy, which indicates its confidence in predicting labels accurately with an error chance of
39%. It indicates that when the predictions are made using this ML pipeline, 61% of predictions are
made correctly and 39% of predictions were wrong.

—  Gini coefficient: evaluating the LR model with the Gini coefficient gave a score of 0.22, which implies
that the model is not suitable for production. Since LR works based on likelihood and is prone to
outliers, it is conveniently eliminated in the champion model selection.

ROC of Logistic Regression

0.8
0.6
-4
a
&=
0.4
0.2
—— ROC curve (AUC = 0.61)
0.0
0.0 0.2 0.4 0.6 0.8 1.0

FPR

Figure 2. The AUC-ROC of LR

3.2.2. Naive Bayes model

NB classifiers are a group of straightforward probabilistic multiclass models that rely on Bayes’
theorem, assuming that all features are conditionally independent of one another. With just one pass through
the training dataset, the algorithm calculates the conditional probability distribution of each feature for every
label. During prediction, it uses Bayes’ theorem to determine the conditional probability distribution of each

label given a new observation [28].

— AUC-ROC: with NB classifiers the streaming pipelining gave an AUC value of 81%. AUC value 0.81
means that 81% of the predictions are correct and that only 19% of predictions are wrong. The ROC
curve of the pipeline is shown in Figure 3.

—  Gini coefficient: NB algorithm gave a value of 0.62 as its Gini coefficient, which is a promising
outcome, since the strategy of Gini coefficient technique demands the performance of the model must
be greater than 0.60 [29], [30].

ROC of Naive_Bayes

— ROC curve (AUC = 0.81)

0.4 0.6 0.8 1.0
FPR

Figure 3. The AUC-ROC of NB
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3.2.3. Support vector machine model

An SVM creates a hyperplane, or multiple hyperplanes, within a high-dimensional or even
infinite-dimensional space, which can be useful for classification, regression, and other tasks. In essence, an
effective separation is obtained by selecting the hyperplane that maximizes the distance to the closest
training samples from each class. Generally, a larger margin results in lower generalization error for a linear

SVM classifier [31].

— AUC-ROC: the ROC curve of the SVM pipeline is shown in Figure 4. The pipeline with the SVM
model gave an AUC value of 72%. The model’s probabilistic metrics indicate an accuracy of 72%,
reflecting the SVM model’s capability to correctly classify most labels, while leaving a remaining 28%
margin for potential misclassification.

—  Gini coefficient: SVM scores 0.44 for Gini coefficient, which implies that the SVM model is not up to
the notch for production in this context since it does not breach the threshold of 0.60.

ROC of Linear_SVM

TPR

— ROC curve (AUC = 0.72)

" 0.0 0.2 0.4 0.6 0.8 1.0
FPR

Figure 4. The AUC-ROC of SVM

3.2.4. Champion model selection

The ROCs of the three algorithms used for making intelligent predictions with the pipelined
modelling are combined and are shown in Figure 5. From Figure 5, it is evident that the NB ML model
performs better in the Spark ML and pipelining environment for unstructured textual data analysis with an
AUC of 81%. i.e., when the entire test data is evaluated, this study got a harmonized prediction and label for
81% of the data, whereas it contradicted the label with prediction for the remaining 19%. The SVM and LR
models also perform with a competing AUC of 72% and 61% which does not imply that these models are
incompetent, instead, these algorithms are also adaptable since the models show AUC over the threshold
value, which is 50%. With this analysis, this study selected the NB model as the champion, which is used for
deployment purposes.

ROC comparison

= svm (AUC = 0.72)
NB (AUC = 0.81)
LR (AUC = 0.61)

0.6 0.8 1.0

Figure 5. Comparison of ROCs of different ML models

Models which are having the Gini coefficient above 60% are considered as good models [29], [30]
which can be taken as the champion model and be deployed. The following graph in Figure 6 demonstrates a
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comparison of Gini coefficient obtained for different ML algorithms. For NB model, this study got Gini
coefficient as 62%, which is above the margin of 60% and hence it can be considered as the champion model.
According to Chen et al. [32], the two key obstacles in tapping big data are its unstructured nature and the
volume of the data to be analyzed. This paper proposes that NLP techniques can be applied within big data
platforms such as Spark to analyze unstructured streaming data and uncover valuable patterns that support
business intelligence.

According to Kamal et al. [11], the huge data can be processed in real time by using Spark, and they
have used few structured query language (SQL) queries to mine information from the big data. Here, text
mining and NLP are implemented to apprehend the unstructured textual data of streaming nature. The data of
streaming nature is processed and then the currently discovered data are appended to it.

0.62
Algorithm

0 0.2 0.4 0.4 0.6 0.8

Value of Gini Coefficient

= Support Vector Machines ® Naive Bayes ® Logistic Regression

Figure 6. Gini coefficient value of different ML models

4. CONCLUSION

In this paper, to take advantage of intelligent processing on unstructured textual data with the
velocity factor, a model is developed using Spark ML pipelining concepts. The proposed model has the
capabilities to process unstructured data with procedural processing flexibility for implementing artificial
intelligence. The data, which is spread globally over various clusters, can be mined in a real-time fashion,
since it is possible that the data can be from a live source or from a streamable source. It helps to implement
predictive analytics with procedural-level programming flexibility over stream data without any additional
engineering upgrades. The authors suggest that business intelligence can be enhanced by capturing and
analyzing large volumes of data in real time. Stream processing is inarguably one of the most valuable
components of the proposed system. By enabling real-time computations, it equips businesses with the ability
to generate immediate insights, optimize operations, and make proactive decisions based on live data streams.
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