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With the explosion of social media platforms, a great volume of user-
generated content is available, creating a need for effective ways to
analyze public opinion. While this process has and continues to provide
marketers and researchers with valuable insights that can be utilized,
the technology of yesterday pales in comparison to the staggering amount
of data now available. This study attempts to identify and overcome the
above challenges by using deep learning techniques for real-time
sentiment analysis of Reddit comments, facilitated by AWS Kinesis and
SageMaker. Using the RoOBERTa transformer model, we built a resilient
NLP pipeline to stream, process, and analyze user comments. The dataset
is prepared for 100,000 Reddit comments via AWS Kinesis Data Streams
in the preprocessing step and sentiment classification. Module RoBERTa
gave strong results for the task and reached an accuracy of 92% with 90%
precision and 89% recall. The model has an f1 score of 89.5% and an ROC-
AUC score of 0.95, which says — it is a good model for sentiment
classification (i.e., to predict positive sentiments). Thus, our approach in
taking only 4 hours to train and utilizing state-of-the-art transformer-
based architectures can be applied in cloud-based infrastructures for
interaction with the public sentiment and discourse at an inference
runtime of just 30 milliseconds per comment.
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1. Introduction

if they don't use cutting-edge technologies. Rapid and

Thousands of comments are posted by Reddit users
every minute, expressing a range of viewpoints on
subjects from politics to technology. However,
businesses, scholars, and policymakers have a rare
chance to quickly assess public mood by analyzing
this enormous influx of data in real-time[1].
Furthermore, this volume and speed of information
can no longer be handled by conventional data
processing techniques.
Thoughtful of the mood, context, and the refinements
of textual information as it emerges is now essential
to meet the increased need for real-time analytics,
which goes beyond just keyword searches [2].
Organizations run the danger of losing out on
important insights that could affect crucial decisions

effective data analysis is made possible by the
combination of state-of-the-art machine learning
techniques with stream-processing systems [3, 4].
There is tremendous investment in this space for
good reasons, and without leveraging advanced
technologies, it isn't easy to get meaningful data
insights quickly [5]. Data is indispensable in
associations, which are readily available in large
numbers to take advantage of decisions and quick
predictive abilities [6]. Stream-processing platforms
and machine-learning techniques are at the
foundation of speedier aggregation and processing
jobs [7]. In downstream jobs such as auctions and
thresholds, some models learn based on running
actual systems, and this data could be provided with
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low latency [8]. Sentiment analysis [9], frequently
called opinion mining, is a natural language
processing process for detecting the positivity,
negativity, or neutrality of data [10]. Sentiment
analysis is opinion mining, which analyzes people’s
emotions and their attitudes toward a topic [11]. The
NLP pipeline speeds up effective cloud-based real-
time text analytics for both batch and streaming
analysis. Machine learning, whether supervised or
unsupervised techniques, clustering models, NER,
OIE, and novel classification, are outputs of text
analytics levels at the receiver's end [12]. As a real-
time monitoring device, our submission of
streamlined NLP passes in the details of algorithms
or from standard shards to fully optimize our NLP
model. Large companies are anticipating a daily
influx of data that hits their methods or, for large or
central financial institutions, even an intra-day
process to do frontline risk management [13]. They
must release these details and report them in an
audit, detailing their capabilities to managers and
governments to ensure that the information is
entered in a reliable, consistent, and state-of-the-art
encryption system that also provides low-latency
responses [14]. NLP pipelines typically make use of a
series of stages or computational processes that take
input data from its 'raw' form, perform one or more
processing steps on it, and then (ideally) output
information that is highly usable and useful [15].
Since slow systems can lag behind data in real-time
applications, and affect business intelligence and
highly competitive fields' decision-making
Optimizing Natural Language Processing (NLP)
pipelines is essential for quick text analytics [16].
Data pipeline processing must be done efficiently to
lower expenses and boost throughput. With speedier
semantic typing, businesses may create error-
seeking tools like real-time search capabilities [17].
Saving time, money, and processing power can be
achieved by encoding a global or time-sensitive data
at the pipeline's front end. Optimizing now will help
businesses remain relevant in the rapidly evolving
tech world [13, 17]. Real-time text analytics run
continuously, processing new data and producing
immediate, responsive results based on what the new
data states [18]. Some large companies across
industries use very large-scale NLP processing to
help guide them and even dictate actions. The ability
to detect sentiment is particularly crucial in the Web
2.0 age when a few disgruntled souls can, in minutes,
upload their gripes to a chat or blog. Machine
learning models might also be embedded into a real-
time pipeline to increase predictive capabilities based
on user behavior on a real-time basis [19]. When
implementing real-time systems, the main concerns

include how large volumes of incoming data are
processed within an acceptable cloud budget, as well
as how continuously low latencies are obtained [17].
In this research, creating a strong Natural Language
Processing (NLP) pipeline for sentiment analysis of
Reddit comments in real-time we address these
difficulties. Our method uses AWS SageMaker for
scalable model training and deployment, as well as
AWS Kinesis for high-throughput data streaming.
We therefore achieve precise and effective sentiment
categorization by utilizing RoOBERTa, a cutting-edge
transformer-based model that can analyze massive
amounts of social media data with no delay[20],
showcasing its capability to analyze complex social
media text effectively. This research focuses on
analyzing the sentiment of Reddit comments in real-
time by employing RoBERTa, an advanced
transformer-based model, while utilizing AWS
Kinesis for streaming data and AWS SageMaker for
deploying and executing the model. The remainder of
this paper 1is organized as follows: Section 2,
Integrating AWS Kinesis and SageMaker for NLP
Pipelines; Section 3 describes the state of the art of
related work; Section 4 describes the proposed
system architecture, including the block and
hardware assignments and software
implementation; Section 5 presents the main
functionalities and services of each module, and
Section 6 provides a discussion and final
considerations. Section 7 illustrates the results and
performance metrics. Finally, Section 8, the
discussions and conclusions respectively.

2. Integrating Kinesis and SageMaker for NLP
Pipelines
AWS Kinesis is a managed cloud service that
receives, processes, and stores hundreds of gigabytes
of data per second from real-time data streaming
[21]. The hallmark of AWS Kinesis is its streams and
shards[22]. The stream acts as a channel that allows
its users to connect to high-throughput data sources
consisting of several producers and consumer
applications [23]. The producers send incoming data
to the stream, and each incoming record is arranged
as a record, which can be batched and stored in
shards [24]. A shard is a satisfactory storage unit and
represents a sequence of one or more records. Many
records can serve as inputs to one or more
applications. AWS Kinesis can batch a set of records
that will be received and sent together to the stream.
More interestingly, a Kinesis shard holds up to 1 MB
worth of data and can be read twice. Finally, the
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records inside a shard are guaranteed to be stored for
up to 7 days, with the option of extending the storage
duration [24]. A Kinesis stream is a central concept
that allows you to continuously collect data arriving
in real-time and process it in real-time [25]. Each
stream is composed of one or more shards, and each
shard serves as a stable, manageable unit of
consumption of data records[26]. AWS Kinesis can
also automatically split or merge shards as time goes
on and the amount of data coming from your source
grows and shrinks. This architecture distributes
Kinesis stream records across many shards, so many
the

performance. Kinesis also supports the ability to

consumers can process data with good
scale and partition data across multiple consumers
[27]. The two in the

architecture to provide scalable analytics and real-

services are combined
time, low-latency data streaming [28]. The endpoint
output is an extra feature, and the machine learning
model is improved by this circular cycle [25]. Because
of the platform's format awareness, fewer ideal
record modifications are required [29]. By integrating
[27], these pipelines, real-time data processing for
analytics use cases is made possible, enhancing the
platform for batch inferencing and mid- to longer-
term analytics. This generates an analytical step that
may be readily integrated into applications like
access logs, chatbot suggestions, fraud detection, and
real-time customization[30]. New models can be
implemented more quickly with a hybrid method,
which enables one-click deployment to Al-powered
APIs. In the quickly evolving field of natural
improved real-time

language processing,

responsiveness 1s crucial because new word

embeddings [20, 31].

3. Related work

Recent studies have explored sentiment analysis
techniques for social media data, particularly
focusing on Reddit comments [32]. Evaluating
various models on the GoEmotions dataset, finding
that RoOBERTa outperformed, other models in fine-
grained sentiment classification[31] developed a real-
time sentiment analysis system for online retailers
using Reddit data, implementing a Naive Bayes
classifier and Kafka streaming [33]. Applied
RoBERTa and graph attention networks to analyze
COVID-19 sentiments in college subreddits,
revealing increased negative sentiment during the
pandemic [34]. Compared VADER and RoBERTa.

However, these studies have shown that advanced
models like RoBERTa are highly effective at
analyzing sentiment across multiple domains. This
manuscript highlights the vital role or real-time
processing in enabling a better understanding pf
public opinion and consumer behavior.

4. Materials and methods

This study will utilize an NLP pipeline with AWS
Kinesis and SageMaker to process data representing
a continuous flow of information, such as social media
posts, customer reviews, or chat messages.
Consequently, this paper will focus on developing a
system for real-time sentiment analysis of Reddit
comments (Figure 1), leveraging on the Pushshift API
for Data collection, AWS Kinesis for rapid flow
processing, and AWS SageMaker for model training
and development. The processing is initiated by
collecting Reddit comments in real time through the
Pushshift API, which provides access to both current
and historical data. The collected comments are
subsequently transmitted to AWS Kinesis, where
large volumes of data are handled with low latency,
permitting efficient and scalable processing of
continuous data streaming. Subsequently, a
preliminary preprocessing stage is applied, during
which unnecessary elements, including special
characters, URLs, and stop-words, are removed.
Emojis are converted into textual representations to
preserve emotional information. The cleaned text is
then transformed into a numerical representation
using the RoBERTa encoder, which is especially
designed to process informational language and
abbreviations commonly found in  online
conversations. The data was divided into three
groups:80% for training,10% for model validation,
and 10% for testing to accurately measure
performance. During the training phase, RoOBERTa
was fine-tuned on the AWS SageMaker environment,
utilizing distributed training and hybrid accuracy
techniques, which helped reduce the training time to
approximately two hours. The model was then
quantized to improve execution speed and reduce its
size, and subsequently deployed as an endpoint on
SageMaker to process requests instantly. During
inference, AWS Lambda processes feedback in
batches of 10 items and sends them directly to the
endpoint to generate sentiment predictions. The
resulting classifications (positive, negative, neutral)
are then stored in AWS S3 for future analysis. The
system demonstrated an accuracy of 92.2% on the
test set, with a response time of up to 15 milliseconds
per comment and the ability to process 1000
comments per second, making it an efficient and
scalable system for working in real-time applications.
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Data Collection Preprocessing

Figure 1: The proposed system

5. Results

The performance results of the real-time sentiment
analysis pipeline built with AWS Kinesis and
SageMaker are presented in this section in Table 1.
It displays the performance, efficiency, and
scalability of the proposed model. Performance
metrics such as accuracy, precision, recall, F1-score,
and ROC-AUC score are clarified along with real-
time processing and benchmarks. Table 1. The
RoBERTa-base model, after fine-tuning, reached an
accuracy of 92. 2% on the test dataset, along with a
precision of 0. 91, recall of 0. 90, and an F1-score of 0.

90, which shows its ability to classify sentiments
precisely. The model’s ability to distinguish between
positive and negative sentiments is further assisted
by an ROC-AUC score of 0. 94. In terms of efficiency,
the system processes each comment in 15
milliseconds and handles 1000 comments per second,
meeting the requirements of real-time claims. These
results prove the system’s reliability, speed, and
scalability, making it an effective solution for
analyzing large amounts of social media data in real
time.

Table 1 The Proposed System Results

Metric Training Set | Validation Set | Test Set | Real-Time Inference
Accuracy 93.8% 92.5% 92.2% 91.7%
Precision 0.93 0.91 0.91 0.90

Recall 0.92 0.90 0.90 0.89
F1-Score 0.92 0.90 0.90 0.89

ROC-AUC Score 0.95 0.94 0.94 0.93
Inference Latency - - - 15 ms/comment
Data Throughput - - 1000 comments/sec
Training Time 2 hours -
Model Size 250 MB -

6. Discussions
The assessment results indicate that the proposed
real-time framework

assumption investigation

achieves greater execution on assessment metrics.
The RoBERTa-base
accomplishes 92. Accuracy on the test dataset and

fine-tuned demonstrate
accurately classifies estimations in most of the cases,
which 1s exceptionally great considering the casual
and equivocal nature of social media content that
regularly employs slang, mockery, and truncations.
The precision of 0.91 shows that the model is highly
reliable for class 1 positive predictions (.e., it has low
false positive rates). This is crucially useful in
applications wherever bogus a hundred% accuracy
can impose severe costs with faulty experiences. A

Recall value of 0.90 demonstrates that the model is
able to capture most significant positive and negative
feedback, although there is room for improvement in
handling misclassified negative feedback. An F1
score of 0.90 ~ 0.95 1s high enough to ensure that the
overall performance, considering recall and accuracy,
captures hypothesis complexity with reasonable
correctness. Additionally, with an ROC-AUC score of
0.94, we can get a sense that the model does really
well in distinguishing between positive and negative
feedback at various points. Such discriminative
power is very important to applications that need
strict hypothesis testing, such as open feedback
monitoring and brand reputation management. In
terms of efficiency, it creates a pipeline of good
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performance for real-time processing. The pipeline
supplies low latency within real-time processing
scenarios. It boasts a comment latency of around 15
milliseconds and can process up to 1,000 comments
per minute, an ideal candidate for real-time
applications that operate on rapid data streams like
social media platforms. These measurements show
how flexible and responsive the system is, enabling it
to process high volumes of data without losing
performance or execution time. These outcomes were
achieved by optimization methods, including
quantization and distributed training to minimize
both training time and inference latency, all at a high
level of precision. The ROC-AUC score of 0.94, which
speaks to the discriminatory power of the model,
visually demonstrates this point. This value means
that the model has a large ability to separate positive

and negative predictions on each of the domain

limits. This property is especially useful in use-cases
like open-output monitoring and brand reputation
management that require precise prediction
analysis. The RoBERTa-based model used in this
study achieved an accuracy of 92.2% and an F1 score
of 0.90, outperforming [34] Hassan et al. In previous
works (similar studies). 2024 achieved an accuracy of
85.0%. The mean inference time of 15 ms per
comment shows a clear advantage of our model over
the other converter-based models, which belong to
[15] Klein et al. Hasan et al. [34]) (40 ms) and (2021)
(100 ms), using optimization strategies (quantization
+ deployment — AWS SageMaker [13]). It is
established that it can handle 1000 comments in one
second, presenting its highly scalable real-time
applications [37]. The system analyzes the informal
and ambiguous text of Reddit comments, as
illustrated in Table 2.

Table 2: Comparison of Real-Time Sentiment Analysis Studies

Study Model Accuracy F1-Score Inference Dataset
Latency
This Study RoBERTa-base 92.2% 0.90 15 ms/comment Reddit
Comments
Hasan et al. VADER vs. 85.0% 0.83 100 Amazon Reviews
(2024) RoBERTa (RoBERTa) (RoBERTa) ms/comment
Klein et al. BERT 90.1% 0.89 40 ms/comment COVID-19
(2021) Tweets
Biswas et al. LSTM 88.3% 0.86 30 ms/comment General social
(2022) media

7. Conclusions and Future Works

The proposed pipeline processes and analyzes the
sentiment of Reddit comments in real-time using
Pushshift for data acquisition, AWS Kinesis for high-
speed data streaming, and AWS SageMaker for
training and deployment. The RoBERTa-based
optimization model achieves 92.2% accuracy in social
media sentiment classification.The evaluation
results also demonstrate strong model performance,
with an accuracy of 0.91, a recall of 0.90, and an F1
score of 0.90. In addition, the model achieves an ROC-
AUC of 0.94, indicating excellent discriminative
capability. The pipeline requires only 15 milliseconds
for inference and processes up to 1000 comments per
second, making it suitable for real-time applications.
These findings confirm the system’s capability to
efficiently process large-scale social media data while
providing meaningful insights into public opinion
and online discussion. Future work could improve the
model’s ability to capture sarcasm and context-

dependent sentiment, which are common challenges
in social media text. Integrating multimodal data,
such as user metadata or post titles, could also
provide richer insights and improve accuracy. Active
learning strategies could be used to prioritize
ambiguous comments for retraining. Domain-specific
fine-tuning could adapt the model for specific
applications such as finance or healthcare. Ethical
considerations, such as data privacy and bias, should
also be addressed to ensure fairness and
transparency. Finally, edge computing solutions
could be investigated to reduce latency and enable
real-time analysis on devices with limited resources,
further extending the pipeline’s applicability.
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