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The development of big data and real-time data warehouse (RTDW)
technologies has transformed traditional business intelligence (BI) into real-
time business intelligence (RTBI). The RTBI framework is developed in this
study by incorporating machine learning-based real-time prediction features.
The complexity of layer integration in the RTBI framework is a challenge in
building RTBI. The development of RTBI was carried out in business areas
that did not have RTBI from the beginning, such as the dairy goat milk
business in Probolinggo, East Java. Another main reason is that the dairy goat
milk business is a food alternative to cow's milk in Indonesia. The results of
this study can contribute to increasing the potential value of the goat milk
business. The research method was developed by adapting to the Kimball
method and unified modeling language (UML). The real-time prediction
feature with the long short-term memory (LSTM) algorithm is the main feature
in the RTBI framework developed in the research. The calculation results of
real-time predictive analysis latency successfully approached 0 milliseconds
(ms), namely 9.35x10° ms. The application of RTBI in the dairy goat milk
business was successfully built but the real data is very limited, so RTBI is less
able to describe the movement of the business.
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1. INTRODUCTION

Business intelligence (BI) innovations and applications provide great support to managers to make
the right decisions at the right time [1], [2]. The advantages of Bl are recognized by many organizations as
the set of visual tools resulting from Bl analysis are used for business benefits [1]. Bl is a tool to process data
starting from data sources processed into a data warehouse (DW), data exploration, data mining with
business analytics tools, and finally data visualization into a Bl dashboard [3]-[5]. However, the right
decision at the right time requires the right analysis model with data processing and analysis latency near 0
milliseconds (ms). Traditional Bl has the disadvantage of high latency of processing data into DW and high
latency of analysis because analysis cannot be done immediately due to waiting for data refresh from DW
[4]. The disadvantages of DW are overcome through the presence of a real-time data warehouse (RTDW) by
developing extract, transform, and load (ETL) techniques that are close to real-time [6]-[8]. The
development of DW into RTDW [9], [10] as well as the existence of streaming data streams from big data
technology has enabled BI to evolve into real-time business intelligence (RTBI).
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The analytics layer in Bl is already evolving rapidly due to the emergence of machine learning
integration trends and opportunities in Bl [11]. The integration of machine learning in Bl has given rise to
predictive analytics as the second of three levels of business analytics [1], [12]. Machine learning (ML) is
known to excel at finding patterns and trends in large historical data, so Bl integrated with ML can make
accurate predictions about the future [12]. Real-time data is characterized by time series data, a popular ML
model for time series prediction is long short-term memory (LSTM) [13]-[20]. Thus, ML models in BI tools
can maximize operations and improve business results by analyzing variables and making data-driven
decisions [21]. Data-driven decisions are expected to increase business potential. However, analytic modules
built from historical datasets need an effective DW schema [10], [22]. The right DW scheme can also answer
the challenges of big data because the data stored in DW has been processed to be structured. The emergence
of big data due to rapidly growing internet services raises new challenges related to data volume, data
heterogeneity, data variation, processing latency, and data accuracy [23]. The determination of the right DW
model scheme is not easy because the DW design process is also related to the data model that will be used in
answering business questions needed by business people. For example, supply chain management requires
answers to questions about how the current production and distribution trends (descriptive analysis) and
whether future production and distribution will increase (predictive analysis) and others. Quick answers to
business questions at the right time from the results of business analysis can accelerate determining strategies
related to business profitability and investor revenue and profits [1].

The previous RTBI framework consisted of 4 main layers: operational business layer, real-time data
processing layer, real-time analytics layer, and presentation layer [7]. Today's operational business layer has
evolved into real-time as the phenomenon of big data technology has created many real-time operational
business tools such as online applications [24]. However, the RTBI architecture designed is only for data
analysis other than RTDW using machine learning-based classification models. If the business needs require
predictive analysis results from RTDW, the architecture needs to be modified according to business needs. In
addition, the analysis is not done in real time. The research gap found that the RTBI framework needs to be
modified for real-time prediction needs using ML accompanied by an integrated process between layers as a
real-time mechanism. The resulting RTBI system architecture and mechanism are different from previous
researchers due to different business needs and the use of different technologies at each layer and need one
additional layer to integrate in real-time each layer. Therefore, a reality environment that does not have Bl
from the beginning is needed to develop an RTBI framework to measure analysis latency when machine
learning models are implemented into RTBI applications.

The RTBI framework is modified by adding a real-time integration system layer with a bi-directional
connection between the real-time data processing layer and the real-time visualization layer as shown in
Figure 1. The integration sub-layer also houses the real-time data retrieval mechanism from the RTDW server to
be analyzed in the real-time analytics layer. The complexity of integrating the four layers of RTBI is a challenge
in building RTBI from scratch [8]. The right RTBI design and implementation can provide fast business
information at the right time. Therefore, it is important to create a practical integrated process to reduce the
complexity of designing machine learning-based Bl applications with real-time technology. The design process
starts with designing an effective conceptual data model to incorporate the model features used by each RTBI
layer [25]. An effective conceptual model is fundamental to the success of a Bl project [25]. The conceptual
model was built based on the RTBI framework developed from previous studies [7].
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Figure 1. The RTBI framework developed in this study
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This research focuses on how to design an RTBI application for a business that has not had Bl since
its inception based on the RTBI framework proposed in Figure 1. The reality environment in this research
road map is the dairy goat milk business in East Java. Dairy goat farming in Indonesia needs RTBI to
increase business value and become a leading commaodity [26]. The RTBI application can support precision
livestock farming (PLF) with an overview of the potential business value of goat milk because fresh milk
products from dairy goat farms are one of the food alternatives after cow's milk, therefore a descriptive and
predictive analysis model is needed that can present trends and predictions of future goat fresh milk
production using machine learning [27], [28]. The BI conceptual model was built first to build the RTBI of
dairy goat farming with a machine-learning approach.

A simple and data-centered conceptual model will be designed in the RTBI project with a case study
of a dairy goat farm [4], [25]. The advantage is that the researcher can focus on the type of variables and the
process of filtering or aggregating the data used according to the objectives of the RTBI project. The initial
preparation starts with building the traditional dairy goat farm Bl and the models used in DW, descriptive
analytics, and predictive and dashboard Bl templates developed into RTBI. Traditional Bl modeling using
Kimball method, RTBI with unified modeling language (UML) [4], [29]. The scope of this research is the
data used in the business process of dairy goat milk production and distribution in Probolinggo, East Java.
Furthermore, chapter 2 of this paper discusses the methods used in designing Bl and developed into RTBI,
the results and discussion are presented in chapter 3, and chapter 4 contains conclusions from the discussion
results along with recommendations for future research.

2. METHOD
2.1. Experimental materials

Real-time business intelligence was built using data from the dairy goat milk business in
Probolinggo, East Java. The materials required in the research are OLTP database sources from real-time
data collection tools and the PostgreSQL database. The data collection tool uses an Android application-
based smartphone. The application records various transactional data on livestock population, goat milk
production, and distribution. Some of the tables used to build goat milk business intelligence are
unit_livestock, region, milk production, milk distribution, product type, partner category, and business
partner as shown in Figure 2. The data tables in Figure 2 are used to build the logical model of the data
warehouse. The construction of logical and physical data models using ETL tools namely Pentaho version
9.3 and the results are stored in PostgreSQL 13. The source of milk production data was taken from the
Puska database server and dairy goat farmers in Probolinggo in June 2023. The dataset from Puska was still
small, so daily milk production data from Prof Farm (365 days) and Nyx Farm (166 days) were added to the
local Puska database.
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Figure 2. The data table is taken from the real-time operational business layer
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The materials used to design multidimensional data models, traditional Bl dashboards, and RTBI
web applications include Power BI, Python with Jupyter for machine learning models, Visual Studio Code,
Docker, FastAPI for real-time Bl services (back-end), Vercel for RTBI dashboards (front-end), and 12" Gen
Intel Core i5 specification laptops, 16 GB RAM, Windows 11 as compatible hardware.

2.2. Research methodology

This research methodology uses the Kimball methodology which focuses on designing conceptual
models, logical models, physical models of multidimensional data, online analytical processing (OLAP)
operations, and Bl dashboard designs to be developed into RTBI dashboard prototypes [24]. RTBI design is
presented with UML [4], [29]. The RTBI end-user application is integrated with a machine learning-based
predictive model to predict the daily milk production of dairy goats in Probolinggo, East Java. The research
stage consists of 6 main stages, namely preliminary stages, RTBI architecture design, traditional BI
conceptual model for selecting the best multidimensional model scheme, traditional Bl application design
with Power BI for testing multidimensional model schemes, and website-based RTBI application design
stages, RTBI system testing, deployment, and the final stage, namely conclusions and recommendations for
RTBI development in similar case studies as shown in Figure 3.

Architecture RTBI Product Selection
Design and Installation
D 4t
'
Multidimsnsional model schams salection , !
L. (Traditional Bl Conceptual Model) et
Preliminary Blackbox leet on Bl dashbeard Information validation ! (7)
Stage based an OLAP scenarios ' Concluslons and
T ' Deployment

(Business Requirement Recommendations
and Find the Best
Machine Leaming

Model)

Bl Application Design
with Power BI

Real-time Business i D ®

Using Machine Learning
Measurement ol analysis lalency (lime duration in miliseconds) in

14 times of real-time prediction simulation

Figure 3. Research stage

2.2.1. Preliminary stages

The first stage is the preliminary stage between the literature review [26] and the focus discussion
group in 2022 to obtain information on the needs of the dairy goat milk business in Probolinggo, East Java.
milk business needs information includes periodic milk production information, the amount of milk
distributed, information on distributor partners who often request milk, feed information and the amount of
milk produced, breeding information, and milk price information for each region. Trend information and
prediction of goat milk production is important information that needs to be displayed to end-users because
the potential picture of the goat milk business is seen through this information. The goat milk production
prediction model is modeled using the best model studied previously, namely long short-term memory
(LSTM) [19], [17]. LSTM has advantages in modeling time series history data [13]-[15], [18], [20].

2.2.2. RTBI architectural design, product selection and installation

The RTBI architecture was designed based on the RTBI framework developed for the case study in
this research as shown in Figure 4(a). Each layer in the RTBI framework is determined by the technology
product used for RTBI implementation. The real-time operational business layer is filled with smartphone or
website-based online applications. The website-based RTBI dashboard is also part of the operational business
layer as a user interface for user requests for business information. The real-time data processing layer uses
RTDW as a server. The streaming data flow is built with Kafka. Data from RTDW is retrieved and sent
through Kafka to be analyzed in the real-time analytics layer using mechanisms in the real-time system
integration layer. The service mechanism with HTTP protocol and bidirectional connection in the real-time
data integration layer is executed when new data enters RTDW. When the protocol HTTP is run, the OLAP
module and ML module are run in the real-time analytics layer to analyze the latest historical data. All
services are stored in containers. Docker is a container application environment used in the real-time system
integration layer. Furthermore, the response results will be posted by Kafka to the real-time visualization
layer by running the bi-directional protocol. The bidirectional connection protocol used in the RTBI
architecture is WebSocket.
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The products selected and installed in the RTBI architecture include Puska Apps as the real-time
operational business layer, and Docker as the container application environment used in the real-time system
integration layer. Puska RTDW for the real-time data processing layer, real-time OLAP module and real-time
LSTM prediction module for the real-time analytics layer, and RTBI website as real-time visualization layer.
All services are stored in Docker for easy deployment as shown Figure 4(b).
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Figure 4. The designed RTBI architecture (a) Technologies and modules used in each RTBI layer and
(b) RTBI services and applications integrated into the container application environment

2.2.3. Multidimensional model schema selection (traditional Bl conceptual model)

The third stage is the design of the Bl conceptual model. The conceptual model includes the design
of logical models and physical data models to build a dairy goat milk business intelligence business. The
results of the next model are applied to real-time business intelligence of the dairy goat milk business. RTBI
of the dairy goat milk business is integrated with the machine learning model designed earlier. The logical
model design for dairy business DW is three dimensions and two fact tables. The three dimensions include
time dimension, farm unit dimension, product dimension, and business partner dimension. The fact tables
built are production facts and milk distribution facts. The logical DW model will be built with 2 scenarios of
the galaxy model scheme. The star scheme is not used because there are 2 fact tables. Both logical model
scenarios are described in Figures 5 and 6.

The logical model is transformed into a physical model using Pentaho version 9.3 through the
extract, transform, and load (ETL) process. The ETL process builds 5 dimensions: supply source dimension,
time dimension, location dimension, livestock unit dimension, product type dimension, and business partner
dimension. The five dimensions are used to build 2 facts, namely fact_production as a distribution fact as
shown in Figure 7 and fact_distribution fact as a distribution fact as shown Figure 8. The ETL results are
stored in PostgreSQL 13 as a data warehouse server as shown in Figure 9.

The next step is to select the best data warehouse schema to generate information that can answer
business questions. Each multidimensional data model schema was designed into a physical
multidimensional data model using Power Bl. Both multidimensional data model scenarios were tested using
the same business intelligence dashboard. The test used the black-box method with 5 OLAP scenarios to
validate the information displayed by the business question design as shown in Table 1. The model schema
with all correct information validation was selected as the model schema used in the dairy goat milk business
intelligence dashboard design.
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Table 1. OLAP scenarios used for testing multidimensional model schemes

Scenario Operation Description Dimension Description

OLAP-1 Roll up to all Time: all, Province: all, livestock unit: all

OLAP-2 Drill down and slice to year Time: 2023, Province: all, livestock units: all

OLAP-3 Drill down and dice to year and province Time: 2023, Province: East Java, livestock unit: all

OLAP-4 Drill down and dice to year, Time: 2023, Province: East Java+Probolinggo district,
Province+Regency livestock unit: all

OLAP-5 Drill down and dice to year, Time: 2023, Province: East Java+Probolinggo district, Animal

Province+Regency, and livestock units husbandry unit: Prof Farm

The BI dashboard design was required for the galaxy 1 and 2 schema trials. The Bl dashboard was
built using the Power Bl tool. In the first row, the information presented is a summary of the total production
and distribution of dairy goat milk products. In the second row, a plot of dairy goat fresh milk production and
distribution is presented along with comparative information on total milk demand from business partners,
distribution percentage, total revenue, average price, lowest price, and highest price of dairy goat fresh milk.
Trend plots and predictions of goat milk production are presented based on the required information. Each

visualized business information uses DAX Query as shown Table 2.

Table 2. Dax query design for traditional Bl dashboard with Power Bl

Query DAX fact_produksi Table

Function

dairymilk_production=CALCULATE(SUM(fact_production[production_amount]),
fact_production[id_product_type]=3)
production_pasteurization=CALCULATE(SUM(fact_production[production_amount]),
fact_production[id_product_type]=4)
production_kefir=CALCULATE(SUM(fact_production[production_amount]),
fact_production[id_product_type]=5)
production_yogurt=CALCULATE(SUM(fact_production[production_amount]),
fact_production[id_product_type]=6)
Production_cheese=CALCULATE(SUM(fact_production[production_amount]),
fact_production[id_product_type]=7)
dis_dairymilk=CALCULATE(SUM(fact_distribution[distribution_amount]),
fact_distribution[id_product_type]=3)
dis_ pasteurization=CALCULATE(SUM(fact_distribution[distribution_amount]),
fact_distribution[id_product_type]=4)
dis_kefir=CALCULATE(SUM(fact_distribution[distribution_amount]),
fact_distribution[id_product_type]=5)
dis_yogurt=CALCULATE(SUM(fact_distribution[distribution_amount]),
fact_distribution[id_product_type]=6)
dis_cheese=CALCULATE(SUM(fact_distribution[distribution_amount]),
fact_distribution[id_product_type]=7)
price_highest=Max(fact_distribution[current_price])

price_low=Min(fact_distribution[current_price])
price_rate=AVERAGE(fact_distribution[current_price])

total_revenue=fact_distribution[amount_distribution]*fact_distribution[current_price]
percentage_delivery=fact_distribution[dis_dairymilk]/fact_production[production_dairymilk]

Calculate the amount of dairy
milk production
Calculate the amount of
pasteurized milk production
Calculate the amount of kefir
production
Calculate the amount of yogurt
production
Calculate the amount of cheese
production
Calculate the amount of dairy
milk distribution
Calculate the distribution
amount of pasteurized milk
Calculate the amount of kefir
distribution
Calculate the amount of yogurt
distribution
Calculate the amount of cheese
distribution
The highest fresh milk selling
price
The lowest selling price of
fresh milk
Average Current selling price
of dairy milk
Total income
Percentage Distribution
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2.2.3. RTBI application design with machine learning approach, measurement of analysis latency, and
deployment

Real-time system behavior on the RTBI dashboard layer is described using UML. The results of the
dairy goat milk business Bl dashboard design are applied to the design of the dairy goat milk business RTBI
dashboard design. The prediction model in the goat milk business Bl uses the forecasting feature of Power BI
while the goat milk business RTBI is integrated with the predictive machine learning module, namely the
LSTM model for milk prediction in Probolinggo, Prof Farm, and Nyx Farm. The real-time prediction
workflow of LSTM is discussed separately in another paper. Measurement of analysis latency (time duration
in milliseconds) in 14 times of real-time prediction simulation. Deployment is carried out by installing the
RTBI application service docker image on the server as shown in Figure 4(b).

3. RESULTS AND DISCUSSION
3.1. Preliminary stages results

The results of the preliminary research conducted were a list of questions for the dairy goat milk
business in East Java as shown in Table 3. Based on the results of focus group discussions with 2 units of
dairy goat farmers in Probolinggo, East Java, researchers found 2 main topics needed by farmers, namely
production and distribution topics. Thus, Bl was built based on the main needs of production and distribution.

Table 3. Business information requirements in a case study of a dairy goat milk business in Probolinggo,
East Java
No Information Business Question
1 Periodic milk ~ What is the current production of dairy milk, pasteurized milk, kefir, yogurt, and cheese in the East Java region?
production What is the current production of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each district/city of
information East Java?
What is the current production of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each farm unit in
each district/city of East Java?
What is the trend of dairy milk production in the last year in East Java?
What is the trend of dairy milk production in the past year in each district/city in East Java?
What is the trend of dairy milk production in the past year in each farm unit in each district/city in East Java?
What is the current percentage distribution of each type of dairy product in the East Java region?
What is the current percentage distribution of each type of dairy product in each district/city of East Java?
What is the current percentage distribution of each type of dairy in each farm unit in each district/city of East

Java?
2 Information ~ What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in the East Java
on the region?
amount of What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each district/city of
milk East Java?

distributed What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each farm unit in
each district/city of East Java?
What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in the East Java
region?
What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each district/city of
East Java?
What is the current distribution of dairy milk, pasteurized milk, kefir, yogurt, and cheese in each farm unit in
each district/city of East Java?

3 Periodic milk  How is the trend comparison of dairy milk production and distribution in the last 1 year in the East Java region?
production How is the trend of production and distribution of dairy milk in the last 1 year in each district/city in East Java
information compared?
and amount ~ How does the trend of dairy milk production and distribution in the last 1 year compare for each farm unit in

of milk each district/city in East Java?
distributed What is the percentage of milk distribution to current milk production in the East Java region?
What is the percentage of milk distribution to current milk production in each district/city in East Java?
What is the percentage of milk distribution to current milk production in each farm unit in each district/city in
East Java?
4 Information How does the demand for milk from all current business partners compare across the East Java region?
on distributor  How does the demand for milk from all current business partners in each district/city in East Java compare?
partners who ~ How does the current demand for milk from all business partners compare for each farm unit in each district/city
frequently in East Java?
request milk ~ Name the region in East Java that has the most current demand for milk for distribution.
Name the business partner that has the most demand for milk in each region in East Java at the moment.

5 Milk price What is the average milk price in East Java?
information What is the average milk price in each district/city in East Java?
for each What is the lowest milk price in East Java?
region What is the lowest milk price in each district/city in East Java?

What is the highest milk price in East Java?
What is the highest milk price in each district/city in East Java?
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On the topic of production, farm units need information on predicting the amount of milk production
in the future. Researchers have conducted initial experiments by selecting the best machine learning-based
prediction model for milk production time series datasets and the LSTM model was selected as the best
model as shown in Table 4 [18]. The LSTM model built is a daily prediction model using lockback = 2.
There are 3 models built in the initial experiment, namely prediction models for milk prediction datasets at
Nyx Farm, Prof Farm, and Probolinggo region. The three models are built to meet the needs of predictive
information based on multidimensional data models, namely the time dimension, location dimension, and
farm unit dimension, the location dimension is limited to the East Java+district area even though the location
hierarchy is presented up to the village.

Table 4. LSTM model evaluation results [17]

Datasets RMSE MAPE R?
Prof farm 1.896 0.057 0.765
Nyx Farm 1.004 0.061 0.367

Probolinggo 1.620 0.039 0.782

3.2. Multidimensional model schema selection results for traditional Bl of dairy goat dairy businesses

The results of the multidimensional model scheme selection of dairy goat milk Bl are shown in
Table 5. OLAP-1 and OLAP-2 testing resulted in the same visualization. Differences in results are seen in
OLAP-3, OLAP-4, and OLAP-5 tests.

Table 5. Test results of the galaxy model scheme against the OLAP scenario
Test ID Expected results Status (True=1; False=0)
Galaxy Scenario 1 Galaxy Scenario 2
OLAP-3 Display information on the total production and distribution of each dairy 0 1
product, namely dairy milk, pasteurized milk, kefir, yogurt, and cheese.
Displaying a comparison of dairy milk production and distribution trends
Displays a comparison of the amount of milk distribution for each partner
Displays the percentage of delivery (dairy milk distribution)
Displays the total revenue from the sale of dairy milk
Displaying the average selling price of dairy milk
Displays the lowest selling price of fresh milk
Displays the highest selling price of fresh milk
Displays the annual trend of dairy milk production
Displays the monthly trend of dairy milk distribution
Displays the percentage of production of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
Displays the percentage of distribution of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
OLAP-4 Display information on the total production and distribution of each dairy
product, namely dairy milk, pasteurized milk, kefir, yogurt and cheese.
Displaying a comparison of dairy milk production and distribution trends
Displays a comparison of the amount of milk distribution for each partner
Displays the percentage of delivery (dairy milk distribution)
Displays the total revenue from the sale of dairy milk
Displaying the average selling price of dairy milk
Displays the lowest selling price of fresh milk
Displays the highest selling price of fresh milk
Displays the annual trend of dairy milk production
Displays the monthly trend of dairy milk distribution
Displays the percentage of production of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
Displays the percentage of distribution of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
OLAP-5 Display information on the total production and distribution of each dairy
product, namely dairy milk, pasteurized milk, kefir, yogurt and cheese.
Displaying a comparison of dairy milk production and distribution trends
Displays a comparison of the amount of milk distribution for each partner
Displays the percentage of delivery (dairy milk distribution)
Displays the total revenue from the sale of dairy milk
Displaying the average selling price of dairy milk
Displays the lowest selling price of fresh milk
Displays the highest selling price of fresh milk
Displays the annual trend of dairy milk production
Displays the monthly trend of dairy milk distribution
Displays the percentage of production of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
Displays the percentage of distribution of each dairy product such as dairy milk,
pasteurized milk, kefir, yogurt, and cheese
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OLAP scenario 3 was tested by drilling down and dice the time dimension by selecting the time value
of year=2023 and the dimension value of province=Jawa Timur, while the farm unit dimension was “all”.
Both scenarios display different results, the galaxy schema of scenario 2 displays all correct information as
shown in Figure 10. The distribution information displayed by both scenarios has significant differences.
Furthermore, validation is carried out on the galaxy scheme scenario 2 by filtering the fact_distribution data
with id_product_type=5, namely the distribution of kefir-type milk as shown in Figure 10.

The location of Probolinggo, East Java has id_location=47,417 as shown in Figure 11. In Figure 12,
kefir production is shown in only 4 rows with an id_time value greater than 365 and an amount_distribution
value=3004. However, the number of distributions of 3004 is not only distribution from East Java but also
other provincial areas. The results of OLAP 03 visualization in the galaxy scheme scenario 1 display
incorrect information because the amount of distribution displayed is all regions not just East Java, namely
3004, while the results of scenario 2 visualization display correct information that the amount of distribution
of kefir products in East Java in 2023 is 2 liters from Probolinggo region.

GOAT MILK BUSINESS OVERVIEW
Dairy Goat Milk Production Report in East Java

Time ~

Province “ Livestock Unit v
2023 o JAWA TIMUR ~ Al
Fresh Milk (Liters) Pasteurized Milk (Liters) Kefir (Liters) Yogurt (Liters) Cheese (Kg)
3172 16 (Blank)  (Blank) 5 2 (Blank) 12 (Blank)  (Blank)
Production Distribution Production Distribution Production Distribution Production Distribution Production Distribution
Dairy Goat Fresh Milk Production
Dairy Goat Fresh Milk Praduction Prediction Plot Prediction of Fresh Milk Production of Each Product Milk Distribution of Each Product
) Milk Production pen Bors
i orod Products
= roducts
< ]
£ mmzaoaoo - - - 00,0 ® Fresh Milk Fresh Milk
E . @ Kefir @ vogurt
Liters ® Kefir
. " Last Update: YYYY-mm-dd 00:00 A %
Day '
Dairy Goat Fresh Milk Production and Distribution
Dairy Goat Fresh Milk Production and Distribution Total Goat Fresh Milk Demand from Business Partners Percentage of Total Income
®Production @ Distribution Distribution
200 § Senduro Farm 0.50% Rp377.000
Z 200 ¥ Milk Price
E 2 Konsumen Average Price Lowest Price Highest Price
S
% ob 2023 Mar 2023 Apr 2023 May 2023 Jun ] 5 Rp11,600 Rp9,000 Rp15,000
Time Amount (Liters!

Figure 10. OLAP-03 Galaxy schema scenario 2 information display in Bl dashboard — all true

id_time v id_location ' id_livestock_unit ' id_product_type .'l’ id_businesspatner‘_'_'distribution_amount e

529 27721 1 5 7 0
516 27721 7 5 7 3000
455 27760 4 5 12 2
414 47417 9 5 15 2

Figure 11. Validation of OLAP 03 results on distribution facts of Kefir product types

m province > district/city ~ | subdistrict |~ | village ~ | created dt | ~| modified dt |~
47417 JAWA TIMUR KAB. PROBOLINGGO Tiris Tlogoargo

province v district/city ~ | subdistrict | ~ | village ~ | created dt |~ | modified dt |~
27721 DKIJAKARTA KOTA ADM. JAKARTA SELATAN  Pasar Minggu  Pasar Minggu

Figure 12. Description of East Java locations in location dimensions
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Based on the results of the OLAP scenario validation test on the two scenario schemes tested, the
galaxy model scheme scenario 2 was selected as shown in Figure 6. The selected galaxy scheme explains that
production and distribution facts are integrated with the dimensions of time, location, farm units, and product
types, while the supply source dimension only has a relationship with production facts and the business
partner dimension only has a relationship with distribution facts.

3.3. Real-time business intelligence development using machine learning

The development of Bl to RTBI focuses on an integrated process between layers depicted through
the RTBI architecture in Figure 4. The integrated process will start as soon as new data enters the RTDW,
depicted with a real-time analysis sequence diagram as shown in Figure 13. There are 2 actors in the RTBI
system, namely livestock units and stakeholders. The livestock unit inputs operational data, while
stakeholders act as business actors who need business information for business improvement strategy needs.
Livestock units can also be stakeholders. The livestock unit sends new data to the online application and
historical data is added to the RTDW. The new data entry event suppresses services in the WebSocket path.
The system was built using the Kafka service as a streaming data pipeline and WebSocket as a protocol that
stores analytical modules. The analysis results are then saved into RTDW and WebSocket to be displayed in
the RTBI dashboard. The DW scheme was adopted into RTDW, however, there was a development of a fact
table for real-time system needs, namely an incremental milk prediction fact table. The milk prediction fact
table was built to store prediction results and historical data replicas of milk production facts for model
retraining. OLAP and ML models are entered using the application programming interface (API) module.
The API contains translations of OLAP and ML model execution via the WebSocket path. WebSocket is a
two-way real-time communication path between client and server so that the resulting latency is lower than
one-way web protocols.

The RTBI dashboard is designed based on the traditional Bl dashboard template. The dashboard
design is built on a website basis. All integrated processes of the RTBI framework are implemented and the
final information visualization is displayed in the RTBI dashboard prototype as shown in Figure 14.
Information on the prediction plot for fresh milk production for dairy goats is taken from the production facts
table as actual data and pred_susu facts as predicted data. The latest predicted figures are also presented in
the RTBI dashboard.

3.4. Result measurement of analysis latency RTBI application

Latency results from real-time milk prediction simulations carried out on Nyx Farm and Prof Farm
farms can be seen in Figure 15. The latency produced in 14 simulations shows that the prediction speed is
quite stable starting from the 2nd simulation. Real-time analysis latency in Nyx Farm farming units has an
average of 9.85x10-5 ms as shown in Figure 15(a), while Prof Farm has an average latency of 9.35x10°5 ms
as shown in Figure 15(b).
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Figure 13. Sequence diagram real-time analysis in RTBI
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GOAT MILK BUSINESS OVERVIEW
Dairy Goat Milk Production Report in East Java
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Figure 14. Real-time Bl dashboard prototype overview
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Figure 15. Real-time prediction analysis latency plot for 14 daily prediction simulations (a) Nyx Farm

and (b) Prof Farm

4. CONCLUSION

RTBI with a ML approach was successfully built from scratch in a case study of the dairy goat milk

business in Probolinggo, East Java, which does not yet have business intelligence technology with the
smallest average analysis latency approaching 0 milliseconds, namely 9. 35x10° ms. The integration of each
layer in the developed RTBI framework was successfully designed into the RTBI architecture. The
implementation of the RTBI architecture starts from the design of the traditional Bl conceptual model. The
success of the RTBI project in the dairy goat milk business case study was due to the correct traditional Bl
conceptual model being built first. The output of the traditional Bl conceptual model is in the form of the best
multidimensional model schema which is centered on data for descriptive analysis using OLAP and
predictive using ML. The galaxy model scheme for scenario 2 is the best multidimensional model
scheme and the LSTM model is the best ML model integrated into the RTBI framework. The integrated

Real-time business intelligence development using machine learning to ... (Alusyanti Primawati)



5624 13 ISSN: 2088-8708

process for each layer was also successfully carried out through a real-time system integration layer using a
bi-directional connection protocol as a communication path between client-server such as WebSocket. The
role of Kafka and Docker data streams as containers that hold all real-time services is also an important tool
in building integrated processes between layers in the RTBI framework. The output of this research
conceptual model will contribute to developing real-time data warehouse technology for goat farming in East
Java. However, real data is minimal, so RTBI is less able to depict the movement of the business.

Based on the results of this research, it is possible to implement the RTBI framework for general
use. However, the multidimensional data and machine learning models used need to be rebuilt to suit
business information needs and data characteristics. The LSTM model used in the RTBI dairy goat milk
business can also be developed in the future to increase accuracy while maintaining low analysis latency.
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