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Abstract— Prior research on stock market prediction
has predominantly focused on algorithmic accuracy,
leaving a significant research gap in the system-level
realization required for real-world delivery. This paper
addresses this disparity by presenting an end-to-end stock
prediction delivery system that operationalizes trained
machine learning models within a mobile-centric
architecture. Unlike model-centric studies limited to
offline evaluation, this work focuses on the rarity of
system-level implementation. Market data are
periodically ingested into a managed relational database,
where predictions are generated using a fixed historical
window and persisted for downstream access. A cross-
platform mobile application serves as the primary user
interface, providing structured access to historical prices,
predictions, and accuracy metrics via backend APIs
without local model inference. A key novelty is the
implementation of an in-memory caching layer to
optimize responsiveness for repeated mobile access.
Experimental results demonstrate that this architecture
significantly improves efficiency, reducing average API
response times by approximately 94% from 817 ms to
48,7778 ms compared to direct database queries. These
findings underscore the critical role of mobile-oriented
system design in bridging the gap between predictive
modeling and practical deployment, while also
highlighting the importance of scalable infrastructure,
efficient data synchronization, and reliable service
integration for sustainable real-world financial
technology applications.
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[. INTRODUCTION

Stock market prediction has been extensively studied
using machine learning and deep learning techniques due to
the complex and non-linear nature of financial time-series
data [1]. Prior research has explored numerous Machine
Learning and/or Deep Learning model architectures, feature
engineering methods, and training strategies in an effort to
improve prediction accuracy and robustness. These studies
primarily focus on model-level challenges, such as data
gathering, the model creation, the model’s sensitivity to
market volatility, and the model’s generalization across
different stock profiles [2], [3].

In the author’s previous work, the author have evaluated
and compared machine learning and deep learning models for
stock market prediction on the Indonesian Stock Exchange
(IDX) using data from 46 publicly listed stocks, primarily
comprising the LQ45 index, which represents the 45 most
liquid stocks as of July 2025, along with the Indonesian
Composite Index (IHSG) [3]. Although these studies are
valuable for understanding predictive behavior under
controlled experimental conditions, deploying such models in
real-world applications requires considerations that extend
beyond offline evaluation.

In real-world applications, predictive models are typically
embedded within larger software systems that manage data
ingestion, model execution, result storage, and user
interaction. As a result, the research focus shifts from the
question of whether a model can generate accurate
predictions to how those predictions can be reliably delivered
and consumed. Studies of real-world ML systems document
the architectural and data-flow challenges of integrating
predictive models into production infrastructure beyond
model training itself [4] and highlight how key operational
capabilities such as deployment automation, monitoring, and
lifecycle management are critical to reliable model serving
[5]. System-level considerations, such as backend
architecture, data access strategies, and user-facing
interfaces, thus play a crucial role in enabling the effective
use of predictive models. Ultimately, these models are built
to provide value to users or support decision-making for their
beneficiaries [6].
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Although stock market prediction has been widely
studied, most prior research emphasizes model accuracy in
offline settings, often overlooking system-level integration
and deployment considerations. As a result, the practical
realization of trained prediction models within fully
integrated application environments remains underexplored.

Thus, this paper addresses this system-oriented
perspective by presenting the design and implementation of
an end-to-end stock market prediction application. Rather
than introducing new predictive algorithms, the work focuses
on operationalizing trained models through a structured
backend architecture and a mobile-based user interface. The
proposed system emphasizes reliable delivery and
accessibility of prediction results within an integrated
application environment.

Building upon this system-oriented perspective, this paper
makes several key contributions. First, it presents the design
of an integrated application architecture for delivering stock
market prediction results in a stable and consumable manner.
Second, it details the implementation of backend services and
caching mechanisms that support efficient and scalable data
access for mobile clients. Third, the paper provides an applied
evaluation of system realization and discusses architectural
trade-offs observed during the development of a prototype
mobile application.

The remainder of this paper is organized as follows.
Section II reviews related work on stock market prediction
systems and supporting infrastructures. Section I1I describes
the proposed system architecture and methodology. Section
IV presents the results and discussion. Finally, Section V
concludes the paper and outlines directions for future
research.

II. LITERATURE REVIEW
A. ML/DL Models in Stock Prediction Applications

Machine learning and deep learning models used for stock
market prediction commonly operate on historical financial
time-series data and are typically trained and evaluated
offline. These models range from traditional machine
learning approaches to deep learning architectures designed
to capture temporal dependencies in market behavior. The
author’s previous paper delves into the XGBoost, GRU, and
LSTM models [3][7]. Due to the computational cost of model
training and inference, as well as the sensitivity of predictions
to data update frequency, such models are often integrated
into applications through precomputed or periodically
updated prediction outputs. These characteristics motivate
system designs that separate model execution from user-
facing components and emphasize efficient storage and
delivery of prediction results [8].

B. Backend Infrastructure and Data Access Optimization for
ML Applications

The deployment of machine learning models in real-world
applications commonly requires supporting backend
infrastructure to manage data storage, access, and service
orchestration [8]. Backend-as-a-Service (BaaS) platforms
have been increasingly adopted in research prototypes and
applied systems due to their ability to simplify development
through managed databases, authentication services, and
built-in API support [9]. In this context, Supabase represents
a modern open-source BaaS platform that provides relational
database management and RESTful access mechanisms,
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making it suitable for rapid system development and
experimental applications [10]. Efficient data access is a
critical consideration in data-driven systems, particularly
when prediction results are accessed repeatedly by client
applications. Caching is a widely used architectural strategy
to reduce database load and improve response latency. In-
memory data stores such as Redis are commonly employed
to cache frequently accessed data, enable faster retrieval, and
improve system responsiveness. Prior studies and applied
systems have demonstrated the effectiveness of caching
mechanisms as part of scalable backend architectures [11],
[12].

C. Mobile-Based Interfaces for Financial and Decision-
Support Applications

Mobile interfaces play an increasingly important role in
financial and decision-support applications by enabling users
to access predictive information conveniently and in real
time. Prior studies have presented mobile-based dashboards
and visualization tools to deliver analytical results and
support user decision-making in applied contexts. In these
systems, the user interface primarily functions as an access
layer to underlying analytical or predictive components rather
than as a primary focus of methodological contribution [13].
Flutter has been widely adopted as a cross-platform mobile
development framework in both research prototypes and
applied systems, allowing a single codebase to support
multiple platforms. It's used to facilitate the rapid
development of functional interfaces that can consume
backend services and display prediction results. In this
context, the mobile interface primarily acts as an enabler for
model utilization, emphasizing functional access to
predictions rather than interface aesthetics. The Flutter
framework itself enables the developer to ship code to
Android, i0S, and Web. The determined platform of choice
is stated in the methodology section [14].

III. RESEARCH METHOD

The methodology of this study is structured into three
primary  phases:  requirement  definition,  system
implementation, and a dual-category evaluation. This
approach ensures that the system is not only technically
sound but also optimized for end-user delivery.

A. Requirement Definition and System Design

1) System Architecture Overview
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Figure 1. High-level architecture diagram

Figure 1 illustrates the high-level architecture of the
proposed stock market prediction application. The system is



structured to separate scheduled model inference from user-
facing data access by organizing components into distinct
logical layers. A time-triggered inference pipeline executes
trained prediction models at predefined intervals using
historical market data, after which the generated prediction
results are stored in the backend database.

The backend service layer acts as the central access point
for managing prediction data and coordinating
communication between system components. Client
applications interact exclusively with this backend layer to
retrieve prediction results, manage authentication, and
manage user stock preferences, while an in-memory caching
mechanism is employed to reduce redundant database access
and improve response efficiency for frequently requested
data that originates from the model’s inference. As a result,
the system maintains a clear separation between model
execution and client access.

2) Prediction Model
Scheduling Strategy

Deployment, Pipeline, and

The prediction pipeline adopts a scheduled, batch-based
deployment strategy in which data collection, model
inference, and post-processing are executed periodically as
automated background tasks hosted on a remote execution
environment. Market data collection is performed on a daily
basis during trading days, where updated OHLCV data for
selected stocks are retrieved and stored in the backend
database. This approach ensures that the database maintains
an up-to-date historical record of market activity, which
serves as the input for subsequent prediction tasks. In parallel,
a post-processing step is executed after data ingestion to
associate newly observed market values with previously
generated predictions and to update accuracy-related metrics
accordingly.

Building on the findings of the author’s previous work on
a comparative study of machine learning and deep learning
models for stock market prediction, this work adopts a single
prediction model for system deployment. The Long Short-
Term Memory (LSTM) model is selected due to its
consistently higher forecasting accuracy observed across
multiple evaluation metrics in the previous study. Although
alternative models such as XGBoost demonstrated faster
training and inference times, the latency difference was not
significant in the context of the proposed batch-based
prediction pipeline. Given that predictions are generated
periodically and consumed asynchronously by users,
inference speed does not represent a primary constraint.
Consequently, model selection in this work prioritizes
predictive accuracy over marginal computational efficiency,
with the objective of delivering the most reliable prediction
results to end users [3].

The LSTM model inference is executed on a periodic basis
using a rolling historical window. For each stock, a fixed-
length sequence of recent trading data is extracted from the
database and used to generate predictions for the upcoming
trading period. The resulting prediction outputs are stored in
the backend database and made available to downstream
services. By separating data ingestion, inference, and post-
processing into scheduled tasks, the system ensures
consistent prediction availability while avoiding direct
coupling between model execution and user access.
Meanwhile, client applications do not trigger model inference
directly. Instead, prediction results are retrieved through
backend APIs, with frequently accessed data served via the

caching layer when available. This approach is done in hopes
the prediction generation occur independently of user activity
while supporting reliable access to prediction outputs.

3) Backend-as-a-Service (BaaS), API Design, and
Caching Strategies

The backend component handle, process, and delegate
data access and serves prediction results to both automated
processes and client applications. It functions as an
centralized orchestrator for the inference pipeline, persistent
storage, the caching layer, and the mobile client, ensuring
consistent and controlled access to prediction data. All
interactions with the database and cached data are handled
exclusively through backend services.

The backend exposes structured API endpoints that
support two primary categories of operations. The first
category serves internal system processes related to data
ingestion, prediction generation, and evaluation, including
storing prediction outputs, ingesting daily market data, and
updating accuracy-related metrics. The second category
supports user-facing access, enabling client applications to
retrieve stock listings, view prediction results, access
historical data, and manage lightweight interactions such as
stock bookmarking.
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Figure 2. Backend request handling flow with caching and persistent
storage.
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Persistent data resides in a managed relational database,
supplemented by an in-memory caching layer to optimize
access. As shown in Figure 2, this layer addresses repeated
client requests for identical prediction data within the same
period. Stock prices and predictions are cached using a read-
through strategy: the backend queries the cache first, falling
back to the database only upon a cache miss. Entries are
keyed by stock ID and date with a 24-hour expiration. To
maintain accuracy, existing cache entries are invalidated and
replaced whenever new data for a specific stock is requested.

4) Mobile Application Implementation

The mobile application was developed using the Flutter
framework with GetX for state management and navigation,
following an MVVM architectural pattern to separate
presentation logic from business logic while enabling cross-
platform support for Android and i0S. The implementation
emphasizes functional access to stock prediction results
rather than visual complexity [15].

The application serves as the user-facing layer of the end-
to-end system and communicates with backend services to
retrieve historical stock data and precomputed prediction
results. Actual stock prices displayed in the application are
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based on closing prices to maintain consistency with the
prediction model.

User authentication is supported through email-based
login and Google Sign-In. Newly registered users are guided
through an initial onboarding process to select preferred
stocks, which are then stored in a personalized watchlist.

Core functionalities of the application include stock listing
and search, industry-based stock filtering, watchlist
management, and visualization of historical and predicted
stock prices. Predictions are presented alongside historical
closing prices in a combined chart, covering a five-day (one-
week) forecasting horizon. The application also displays
prediction accuracy in percentage form and provides access
to historical prediction records. Prediction data are refreshed
on a weekly basis. To improve usability, the application
supports light and dark modes as well as localization that
supports both English and Bahasa Indonesia language.

B. Functional and Performance Evaluation

The final phase validates the research objectives through
functional and performance evaluations. The functional
evaluation verifies the system’s operational correctness using
UI screenshots and sequence diagrams to demonstrate proper
user experience and communication between the mobile
client, backend APIs, and prediction engine. The
performance evaluation measures technical efficiency by
comparing API latency with and without the caching layer to
demonstrate improvements in system responsiveness and
data delivery speed.

IV.RESULT AND DISCUSSION

After a series of development sprints, the proposed system
architecture and design described in the methodology were
realized in the form of a functional prototype application.
This section presents the outcomes of the implementation by
outlining the realized system components and their
integration within the end-to-end application.

A. System Realization and Application Features
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The proposed system was realized as a functional mobile
application that serves as the user-facing interface for
accessing stock prediction results generated by the backend
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prediction pipeline. The mobile client interacts exclusively
with backend services and does not perform any local model
inference, ensuring a clear separation between prediction
generation and prediction consumption.

The application provides users with structured access to
prediction outputs through a set of core features, including
stock listing and search, industry-based filtering, and
personalized watchlist management. Users can view
historical stock prices alongside precomputed prediction
results, which are presented in a combined chart to support
short-term trend interpretation. Prediction results are
displayed for a five-day forecasting horizon and are refreshed
in accordance with the backend’s scheduled update cycle.

In addition to prediction values, the application presents
model accuracy metrics in percentage form and allows users
to access historical prediction records for selected stocks. To
ensure consistency with the underlying prediction models, all
displayed historical prices are based on daily closing values.
The application also supports user authentication via email
and third-party sign-in, as well as basic personalization
through an onboarding process that captures preferred stocks.
Figures 3 and 4 present the key user interface screens used to
demonstrate system realization, namely the stock detail page
with graphical visualization and the stock list and search
interface. Visual assets and icons used in the application were
obtained from publicly available sources and are used solely
for illustrative purposes.

B. Prediction Delivery Workflow Validation

This section validates the end-to-end workflow through
which prediction results are generated, stored, and delivered
to client applications. Rather than evaluating predictive
accuracy, the focus is on verifying that prediction outputs
produced by the backend pipeline are consistently accessible
to users through the mobile application and delivered in
accordance with the intended system design. The model
predictive capabilities are already mentioned in the previous

research work [3].
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execution pipeline. Inference is performed periodically by a
backend service independent of user interaction, and the
resulting outputs are persisted for subsequent access. The
delivery workflow was validated by confirming the
availability of updated prediction results following each
scheduled inference cycle. Once new predictions are stored,
they become accessible through the backend API without
additional processing. Cache invalidation mechanisms ensure
that outdated entries are replaced upon update and allows
users to consistently receive the most recent available results
within each prediction interval. The workflow also supports
post-prediction evaluation by recalculating prediction
accuracy after new market data become available. Updated
accuracy metrics are stored and exposed alongside prediction
results, enabling ongoing assessment of model performance.
Overall, the validated workflow demonstrates that the system
reliably operationalizes trained prediction models into a
stable and repeatable delivery pipeline for end users.

C. Data Access Strategy Evaluation
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Figure 6. Sequence of prediction retrieval with cache validation.

The data access workflow employed by the system is
illustrated in Figure 6 using a sequence diagram. The diagram
depicts the interaction between the mobile application,
backend service, caching layer, and persistent database
during a typical data request. Upon receiving a client request,
the backend first checks the in-memory cache for existing
entries. If a cache hit occurs, the requested data are returned
immediately without database access. In the case of a cache
miss, the backend queries the database, returns the result to
the client, and stores the retrieved data in the cache with a
fixed 24-hour expiration period. This workflow underpins the
comparative evaluation presented in Table 4.1, which
measures response time differences between cached and non-
cached access when retrieving stock details and prediction
across different stock tickers.

Table 1 . Response Time Comparison with and without Caching

Query Ticker Without Caching With Caching
No. (ms) (ms)
1 ANTM.JK 1458 49
2 INDF.JK 575 55
3 AMMNL.JK 754 44
4 ADRO.JK 1098 37
5 ASILIK 949 55

6 MAPA.JK 481 52

7 INKP.JK 807 59

8 BMRLJK 750 51
MIN 481 37
MAX 1458 59
AVG 817 48.7778

The comparison considers two scenarios: (1) direct
database access without caching and (2) access through an in-
memory caching layer with a fixed time-to-live (TTL). As
illustrated in Table 1, the first request for a given stock and
date results in a cache miss and requires a database query,
while subsequent requests within the TTL period are served
directly from the cache.

The results indicate a clear reduction in redundant database
queries when caching is enabled. While initial access latency
remains comparable due to database retrieval, repeated
requests exhibit significantly lower response times under the
cached configuration. This behavior is observed consistently
across multiple query iterations, demonstrating improved
responsiveness for frequently accessed prediction data.

In addition to latency improvement, the caching strategy
contributes to system stability under repeated user requests
by reducing database load and minimizing variability in
response times. Overall, the evaluation confirms that
integrating a lightweight caching layer effectively enhances
data access efficiency without altering application-level
functionality, making it suitable for serving prediction results
in read-heavy client environments.

V. CONCLUSION

This paper extends prior work on stock market prediction
by shifting the focus from model-level benchmarking to
system-level realization. While earlier studies emphasized
model accuracy and comparative performance, this work
demonstrates how a selected prediction model can be
operationalized within an end-to-end architecture that
integrates scheduled inference, backend services, caching
mechanisms, and a mobile application for prediction
delivery.

The system design prioritizes reliability, predictability,
and architectural simplicity. Scheduled, batch-based
inference was selected to ensure stable prediction generation
without introducing computational overhead tied to user
activity. This approach is suited to short-term forecasting
horizons and allows prediction results to be generated
independently of client requests. An in-memory caching layer
improves the overall efficiency by reducing redundant
database access and improving response time for frequently
requested data. Client-triggered inference is intentionally
restricted to maintain clear separation between prediction
generation and consumption and to prevent resource
contention.

These design decisions involve trade-offs. While
scheduled inference limits responsiveness to sudden market
changes, it provides a controlled execution environment and
consistent prediction availability. Similarly, caching
improves performance at the cost of potential short-term data
staleness, reflecting a balance between data freshness and
computational efficiency. Overall, the architecture favors
system stability and simplicity over real-time complexity.
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Despite the successful realization of the proposed system,
several limitations are acknowledged. The use of scheduled,
batch-based inference limits responsiveness to sudden market
changes, and fixed data sources and update frequencies may
reduce timeliness during periods of high market volatility.
System evaluation primarily emphasizes functional
validation and architectural feasibility rather than large-scale
stress testing or concurrent user scenarios. In addition,
caching performance is assessed under controlled access
patterns, and the mobile application remains a prototype that
has not undergone formal user testing to evaluate usability,
user satisfaction, or decision-support effectiveness.
Advanced features such as personalization, explainability,
and automated model retraining are also not yet implemented,
with model updates currently performed manually.

Future work may address these limitations by exploring
hybrid inference strategies that combine batch-based and on-
demand prediction, as well as integrating real-time or
streaming data pipelines to improve responsiveness. Further
evaluation of system scalability and concurrency under
higher workloads is required. Planned improvements also
include more sophisticated cache management strategies,
enhanced user interfaces with model explainability and
confidence indicators, and the implementation of automated
retraining and deployment pipelines supported by model
monitoring and drift detection. In addition, structured user
testing and feedback collection will be conducted to assess
usability, interpretability, and practical value in real-world
usage scenarios, thereby strengthening the system’s
robustness and applicability.
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