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Abstract

In today's data-driven business environment, organizations' dependence on
cutting-edge technologies is constantly increasing in order to gain meaningful
information from big data. Raw data's size and complexity make it unusable for
decision-making. To address this, BI systems transform raw data into clear, insightful
information by leveraging the Hadoop framework to process big data. This study is
concentrated on the creation of a business intelligence (BI) system depending upon
deep learning (DL) approaches, especially one-dimensional convolutional neural
networks (1-D CNN) and long short-term memory (LSTM). The proposed approach
takes advantage of the DL algorithms for examining and picking up intricate patterns
in sequential data, which is helpful in accurately anticipating the results and offering
relevant insights. The predictive capabilities of the proposed system are enhanced
through a combination of the 1D CNN and LSTM models, enabling it to grasp spatial
and temporal data dependencies. Parallel computing and distributed processing made
possible by the Hadoop model have increased the efficiency of big data management,
which ensures performance and scalability while working with large datasets. This
study aims to show how well the proposed business intelligence system is based on
hybrid deep learning to make predictions by utilizing big data analyses. The results
show the superiority of the integrated CNN-LSTM model, which operates on a data
block size of 512 MB, over a data block size of 64 MB for home data sets, in addition
to its superiority over two machine learning models (decision tree and booster
regression) at the same block size.

Keywords: business intelligence, 1D CNN, LSTM, deep learning, Hadoop
framework, predictive analytics, big data.
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1. Introduction

Business intelligence is the process of converting raw data into useful and relevant
information for decision-making [1]. One of the most popular approaches to Bl implementation
is to use the Hadoop model, a distributed computing model that facilitates the processing,
analysis, and storage of large data amounts [2, 3]. Hadoop provides the ability to distribute data
over a cluster of machines, which has resulted in faster analysis and processing. It provides
various libraries and tools, like Hive and MapReduce, which are used for facilitating data
processing and analysis. Those tools present efficient capabilities for querying and analysis and
are designed specifically for large datasets [4]. Organizations can gain important information
by effectively storing, processing, and analyzing massive data amounts using the Hadoop
platform for BI [5, 6]. ANNs represent an algorithm type inspired by the human brain’s
functions and structure; they are utilized in ML’s sub-field of deep learning [7]. It has been
utilized in general for improving qualitative as well as quantitative prediction analyses in
several disciplines [8]. Computer model learning, which is usually referred to as deep learning,
directly completes the tasks of classification using text, audio, or images [9]. The DL models
can achieve the highest accuracy levels and occasionally outperform humans in their
performance [10]. The 1D CNN-LSTM model has been trained with the use of a multi-layered
NN model, in addition to massive amounts of labeled data. An ML approach that is referred to
as DL extracts features and tasks from data directly. Combining a DL method based upon
LSTMs and CNNs with the Hadoop model can result in providing advanced capabilities for
data analyses, facilitating accurate predictions, and enabling scalable processing of large
household datasets. Those insights can assist businesses in optimizing their operations,
improving sales strategies, and increasing customer satisfaction [11]. The system that has been
suggested consists of 4 phases, which are: pre-processing and data collection, Hadoop
framework DL, and BI. Incorporating the BI framework with DL techniques can enhance their
decision-making processes and achieve more robust analytical outcomes by enhancing
predictive capabilities, error rates, and overall accuracy. The comprehensive development of
the proposed system involves integrating BI with big data and the Hadoop framework and
enhancing it with deep learning techniques, as flexibility in data visualization plays a crucial
role. This flexibility enables a clear and precise representation of results and predictions while
explicitly quantifying accuracy and error rates.

2. Related Work

Hind et al., 2020 [12] utilized the whole solutions cycle of BI, which includes planning,
development, and design. They evaluated the suggested business intelligence solution through
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several iteration tests. Their study aimed to discuss BI’s role and impact in the optimization of
business decisions and strategies. However, the specific results of those tests have not been
stated.

The work of Zeel et al. [13] combines machine learning (ML) methods like decision tree
(DT), logistic regression, stochastic gradient descent, SVMs, and multinomial naive Bayesian
with NLP methods like deep learning LSTM and BERT in the year 2021. The study utilized
Microsoft's Power BI for Business Intelligence (BI) analysis. The objective of the study was to
improve efficiency and enhance customer satisfaction in companies. However, the study failed
to specify the precise outcomes and their influence.

In 2021, Zhi-Xiong et al. [14] utilized a descriptive survey approach to study the effect of
business intelligence on networked learning, innovation, and financial performance in startups.
The results showed that business intelligence increased innovation by 0.99 and financial
performance by 0.311. Startup intelligence positively influenced network learning (0.537),
which enhanced innovativeness (0.632) and financial performance (0.397).

In 2023, Tarek et al. [15] utilized ML and DL methods to detect customer satisfaction tones
from big data on social media. The Random Forest classifier achieved 99.1% F1-measure,
while the Support Vector Machine performed well without preprocessing at 93.4%. The DNN
algorithm showed superior performance.

Vaishali et al. [16] presented an optimized HPMR (Hadoop MapReduce) model in 2019. His
work maximizes memory utilization, balances CPU and I/O system performance, and achieves
about 30% better optimization than previous models when tested on Wikipedia data using the
Word-Count application.

T. Lakshmi Siva Rama Krishna et al. [17] evaluated HDFS performance in 2014 for write and
read operations on large and small files using a five-node Hadoop cluster. According to the
findings, HDFS works well for files larger than the default block size but poorly for files
smaller.

In 2022, Omar et al. presented PABIDDL, a prediction method that relies on big data
analysis and DL for large-scale data [18]. It employs CNN DL for text classification, GloVe
for data initialization, and MapReduce for Hadoop-based big data reduction. The method's
higher performance was demonstrated empirically using IMDB and MR datasets, with a recall
of 0.90%, accuracy of 0.93%, and F1-score of 0.92%.

Thaseen et al. presented a Hadoop framework in 2021 [19] that uses automatic tuning and
adjusted under-sampling to identify malicious IoT traffic, minimizes computation, and
leverages big data platforms. ML techniques use the immune network to optimize parameters.
For the BoT IoT and ToN IoT datasets, an accuracy of 99% and 90% was attained. 19% more
accuracy and 3—4 hours less time spent with HDFS's MapReduce feature.

Muhammad Tawfiqul Islam et al. [20] in 2022 presented a novel RL model together with job
scheduling on a cloud-deployed Spark cluster to achieve SLA objectives. TF-Agent’s
framework implements two DRL-based schedulers that maximize executor placement and take
advantage of cloud VM pricing. To shorten job durations and lower cluster VM use costs, DRL-
based agents learn the characteristics of the jobs. The suggested DRL-based approach reduces
VM utilization costs by up to 30%, according to the results.

3. Theoretical Background
3.1 Dataset

The big data includes all transactions made by a group of 2,500 households that frequently
shop at one specific retailer. It depicts the shopping habits of these households over the course
of two years. This includes complete information about every purchase made by each
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household, without any restrictions on particular product types or categories. The dataset also
includes demographic details and historical records of direct marketing interactions for selected
households [21], [22].

3.2 Pre-processing

e Missing values

Missing values refer to data values that are not recorded for a specific variable in an observation
[23]. The presence of missing data is prevalent across various research domains and can have
a substantial impact on the interpretability of data findings [24], Utilizing the provided formula
restricts values within every one of the columns to a range between 0 and 1.

—SE 1
me = — Eq.

Where:
me: Mean
s: Sum of all data points
n: Number of data points
¢ Ordinal encoder
Ordinal encoding is an ML method that gives each category a distinct integer value to transform
categorical data into numerical form. This encoding enables the use of categorical variables as
input for neural networks. The benefit of ordinal encoding lies in its capability to preserve the
order of categories [25].
e Normalization
A data transformation method called min-max scaling replaces each value in a column with a
new value based on a specific formula, much like z-score normalization [26]. The formula for
min-max scaling is as follows:

(V- vmin)
~ (vmax — vmin)

n Eq.2

Where: n is our new value

V represents the original cell value

vmin denotes the minimum value of the column, while the vmax represents the maximum value
of the same column

Applying this formula ensures that the values of each column will be transformed to fall within
the range of 0 to 1.

3.3 Hadoop Framework

Hadoop is a powerful framework that enables node-based systems to store massive amounts of
data [27]. Hadoop design makes use of multiple components to enable parallel data processing:
1- Using Hadoop HDFS for storing data across slave machines will guarantee high availability
and fault tolerance.

2- Hadoop cluster uses Hadoop YARN for resource management, effectively allocating
resources for optimal performance.

3- Data can be processed in a distributed manner using Hadoop MapReduce, which enables
scalable and parallel data processing.

4- To guarantee synchronization throughout a cluster and promote reliable and
seamless operations, use Zookeeper.

HDFS, or Hadoop Distributed File System, comprises three key components:

e NameNode: Acts as the central authority, storing and managing file system metadata in
RAM and on disk.

e Secondary NameNode: Maintains a copy of NameNode metadata on disk, providing
additional reliability.

e DataNode: Stores data as blocks, forming a distributed storage infrastructure.
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Together, these components provide distributed storage, reliability, and effective data
management inside HDFS. Figure 1 illustrates the structure of Hadoop.
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Figure 1: Hadoop MapReduce deep diving and tuning [28]

3.4 Convolutional Neural Network

A DL algorithm called a CNN is used for tasks involving image processing and recognition.
Pooling, convolutional, and fully connected layers of FCL make up this structure.
Convolutional layers use filters to extract features, like textures, shapes and edges, from input
images. After that, the result is run through a series of pooling layers to down-sample feature
maps while maintaining all relevant data. Using the processed features, FCLs then classify or
generate predictions about the image. Figure 2 depicts the 1D CNN structure [29], [30]. The
convolution layer, connecting input x and output y¥, performs matrix multiplication between
the previous layer's input and a filter bank wl-kj,it also includes the addition of a regularization
term (bias) b}‘. Eq. 3 can be used to compute the convolution layer [31]:

yi= )" (xlx wh)+ bfEq.3
2

The activation function of the nonlinear layer, which addresses the Dying Relu problem and
prevents the exclusion of negative inputs, is a Leaky rectified linear unit (LeakyRelu). The
mathematical expression for LeakyRelu can be found in Eq. 4.

x,ifx >0
f(x)LeakyRelu = {mx,x < 0} Eq.4

The leak factor mx has a small value (e.g., 0.001), introducing a slight negative slope in the
activation function for improved learning, allowing information flow even for negative inputs.
The maximum pooling layer selects the highest value in non-overlapping feature matrices. The
fully connected layer can use a nonlinear activation function like Leaky ReLU. For
classification tasks, the output layer employs SoftMax activation, while linear regression is
used for regression tasks. Equation (5) can be used to compute both SoftMax and linear
regression functions.

o(W)i= #fori= e e e Jkandv = (vl, ..........vk) €
2]‘:1 ev]

RX¥ Eq.5
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Figure 2: 1D-CNN model architecture. It consists of two convolutional layers, one flattening
layer, two dense layers and one output layer [32]

3.4 Long Short-Term Memory

Recurrent neural networks RNNs of the Long Short-Term Memory (LSTM) type are frequently
employed in Al and DL [33]. Because LSTM has feedback connections built in, unlike feed-
forward NN, it can analyze complete data sequences instead of simply single data points like
video, audio, or image [34]. When it comes to tasks like classification and prediction with time
series data, LSTM networks are a great fit. They deal with the vanishing gradient issue that
comes up frequently when training regular RNNs. LSTMs frequently outperform RNNS,
hidden Markov models, and other sequence-based learning techniques in terms of accuracy and
performance because of their capacity to accommodate different sequence gap lengths [35].
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Figure 3: The Structure of the LSTM Model [36]

The sigmoid function o, as depicted in Eq. 12 in Figure 3, is utilized. Its output ranges from
0 to 1, where 0 indicates blocking and 1 signifies allowing complete passage.
f(t) = a(wf.[ht — 1,xt ] + bf) Eq.6
I(t) = o(wf.[ht —1,xt ] + bi) Eq.7
¢(t) = tanh(wc.[ht — 1,xt | + bc) Eq.8
c(t) = fixct—1+1t*CtEq.9
o(t) = a(wo.[ht —1,xt | + bo) Eq.10
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h(t) = ot x tanh(c1) Eq.11

1
sigmoid (x) = ——— Eq.12
x1_+ e X
tanh (X) = m Eq 13

To solve the gradient vanishing problem, the hyperbolic tangent function in Eq. 13 is utilized
[37, 38]. The output and input of the LSTM network structure shown in Figure 3 are defined
by Egs. 6-13.

4. Methodology

Hadoop can be defined as an open-source software system designed to store, manage, and
analyze large volumes of data. It addresses the scalability and cost-effectiveness challenges of
traditional relational database management systems (RDBMS) in handling massive amounts of
data. Unlike RDBMS, Hadoop excels at managing unstructured and semi-structured data. Its
flexibility allows seamless integration with other big data technologies, making it an ideal
choice for data administration and analysis [39]. Deep learning efficiently manages large-scale
data within time and cost constraints. By leveraging advanced algorithms and abundant data,
it enhances decision-making speed and accuracy, revolutionizing various sectors [40]. CNN
excels in feature extraction, while LSTM processes spatially encoded features sequentially [41,
42]. Combining them into a hybrid CNN-LSTM model optimizes their advantages. The
structure of the hybrid DL model is shown in Figure 5.

For testing the big data set on the suggested system, it was obtained from a free online source.
The local system might include the dataset. Preprocessing the dataset in the first stage involves
addressing missing values using an ordinal encoder as well as a normalization scaler. The
Hadoop stage begins with loading the dataset from the local system into the Hadoop cluster.
Next, the system divides the input data set's total size by the block size that was previously
defined in the Hadoop configuration files, resulting in data splits that are sequentially
transferred from the local machine into HDFS. Based on the replication factor parameter dfs,
each split of data will be replicated inside the cluster, depending on the parameter of replication
factor dfs.replication. Replication was enabled in the hdfs-site.xml systems configuration file
to prevent data loss in the event of a node failure; Figure 4 shows how data loads into HDFS.
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Figure 4: Loading data set into the HDF'S

The next step in the proposed system is to build the data warehouse, which will serve as the
primary source layer for the DL stage. After loading the data set into HDFS and replicating it
on the cluster, the hybrid DL model will run on the data warehouse to extract the desired
business insights. Deep learning is a potent solution for efficiently managing vast data volumes
under tight time and cost constraints. Deep learning efficiently analyzes complex information,
improving decision-making speed and accuracy by leveraging advanced algorithms and
massive amounts of data. Deep learning has the potential to revolutionize various sectors,
driving significant improvements in production, profitability, and efficiency [43]. Common
deep learning algorithms include CNN and LSTM. One-dimensional convolutional neural
network (1D CNN) excels at feature extraction [44], whereas LSTM sequentially processes
spatially encoded 1D CNN features. Combining these models yields an effective hybrid CNN-
LSTM structure, as shown in Figure 5.
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4.1 Proposed Hybrid Deep Learning Model

While the LSTM captures temporal features and uses them for prediction, the CNN captures
spatial features. The hybrid DL model uses a combination of temporal and spatial data to
improve prediction accuracy. The four stages of the suggested system are data collection and
preprocessing, Hadoop framework and data warehouse, DL, and BI, which is the final level
and allows for the visualization of the insights using any visualization tool, such as a dashboard.
The system was developed to address the difficulty of organizing and interpreting vast volumes
of data. To do this, it makes use of the DL and Hadoop platforms. First, it loads the desired
block size from the HDFS-stored data warehouse after splitting the data block into a 30% test
dataset and a 70% training dataset. The training dataset is used to train the model, while the
test dataset is used to evaluate it. The CNN+LSTM hybrid DL model was assessed using
MSE and MAE. When a BI system incorporates a DL regression model, it becomes a
predictive system that aims to make precise predictions. The method provides insightful
information and enables well-informed decision-making depending on projected outcomes
by utilizing such predictions. Twenty layers make up the hybrid DL model, as seen in Figure 6.
The four layers make up the CNN component: 16 convolution filters of size 3 X 1, strides of 1,
and valid padding in the first layer; 32 convolution filters of size 3 x 1, strides of 1, and valid
padding in the second layer; 64 convolution filters of size 3 x 1, strides of 1, and valid padding
in the third layer; and 32 convolution filters of size 3 x 1, strides of 1, and valid padding in the
fourth layer. Three layers make up the LSTM component: 16 units and true return sequences
in the first layer, 64 units and true return sequences in the second layer, and 32 units and false
return sequences in the third layer. Six max-pooling layers are also included, with pool size
and strides set to 1, using the Leaky Rectified Linear Unit (Leaky ReLU) activation function
and Adam optimization. With a single class and a linear activation function, the final layer is
dense. Please refer to Table 1 for more information on the parameter settings.

Table 1: Parameter Setting of The Hybrid Deep Learning Model

Parameters Value
Convolutional Layer Filters (conv-1, conv-2, conv-3, conv-4) (16, 32, 64, 32)
Convolutional Layer kernal size 3
Convolutional Layer Stride 1
Convolutional Layer Padding valid
Pooling Layer pool_size 1
Pooling layer activation functions Leaky Relu
LSTM Layer (output, return sequences) ((16, True), (64, True), (32, False))
LSTM activation function Linear
Learning Rate 0.001
Optimizer Adam
Epochs 100
Batch_size 64
Loss function (MAE, MSE, RMAE)
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Figure 6: The Proposed Model Structure of Hybrid Deep Learning

5. Results and Discussions
5.1Evaluation of the models

Once the model's structure is defined, it is trained using the training set until convergence
is achieved [45]. Error metrics, also referred to as performance metrics or evaluation metrics,
serve as quantitative measures to assess the accuracy and quality of predictions made by a
model. Error metrics play a significant role in quantitatively evaluating the accuracy and
performance of models. They enable meaningful comparisons between different models and
facilitate the assessment of model enhancements. By utilizing these metrics, researchers can
make informed decisions regarding model selection, fine-tuning, and overall improvement. To
assess the model's effectiveness, three error metric formulas were employed in this work: MAE,
MSE, and RMAE. Let Xi, i = 1,..., n denote the n validation data prediction scores derived for
prediction methods (e.g., deep neural networks or machine learning methods) built using the
training dataset. Further, let Y i, i = 1,..., n denote the n actual values of the target variable
contained in the validation dataset. Last, let Zi = Y1 - Xi, 1 = 1,..., n denotes the n scoring
(prediction) errors (over the validation dataset) associated with the chosen prediction method
[46]. The validation dataset is commonly evaluated using the following scoring measures to
assess prediction methods:

i=1Zi]
MAE = ——— Eq.14
nn 2

PN A
MSE = “; L Eq.15
RMAE = VMAE Eq. 16

5.2 Performance Comparison of Hybrid Deep Neural with Machine Learning Models

To assess the efficiency of the suggested hybrid CNN-LSTM deep learning model, it was
compared against two different machine learning models. The models were implemented using
the same data block size of 512 MB of training and test datasets. Table 2 provides error metrics
used for the hybrid deep learning model CNN+LSTM for data block sizes 64 and 512 MB to
achieve optimal performance, while Table 3 provides error metrics used for each machine
learning model for block size 512 MB to achieve optimal performance. The results are
presented in Table 4 and Table 5. Figure 7 shows the error metric in the hybrid deep neural
learning model.
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Table 2: Comparison of Hybrid Deep Learning Model on block size 512 MB within attributes

of transaction file

1D-CNN+LSTM
MODEL BLOCK SIZE 512 BLOCK SIZE 64
No. | TRANSACTION FILES MAE MSE RMAE MAE MSE RMAE
1 RETAIL_DISC 0.000590111 | 6.65959E-06 | 0.02429219 | 0.00632282 | 0.000149882 0.079516164
2 TRANS_TIME 4.361611377 | 3.020255649 | 2.088447121 | 4.360771573 | 3.020257343 2.088246052
3 QUANTITY 0.013351193 | 0.014453723 | 0.115547363 | 0.011944454 | 0.008232062 0.109290687
4 DAY 0.702847513 | 0.676221558 | 0.838360014 | 0.702961958 | 0.676249268 0.838428267
5 WEEK _NO 0.000258706 | 1.09563E-07 | 0.016084328 | 0.000144298 | 2.74764E-08 0.012012397
6 BASKET ID 2.509011634 | 7.632322688 | 1.583985996 | 2.509013653 | 7.632322711 1.583986633
7 PRODUCT _ID 2.259307867 | 6.700851097 | 1.50309942 | 2.25938953 | 6.700860581 1.503126585
8 STORE_ID 0.677580037 | 1.348844612 | 0.823152499 | 0.00700992 | 0.000505149 0.083725263
9 SALES VALUE 0.004379282 | 0.000250901 | 0.066176141 | 0.002896977 | 0.00019385 0.053823577
10 HOUSEHOLD-KEY 0.63335951 | 5.306799835 | 0.795838872 | 0.633360978 | 5.306799359 0.795839794
11 COUPON_DISC 2.04709E-05 1.29E-07 0.004524483 | 1.69775E-05 | 3.45539E-07 0.004120379
12 | COUPON_MATCH_DISC | 2.6716E-06 | 6.61799E-10 | 0.001634504 | 5.92061E-05 | 1.34805E-07 0.007694549

Table 3: ML Models on data block size 512 MB within attributes of transaction file

No TRANSACTION Decision Tree Regressor Gradient Boosting Regressor

: FILES MAE MSE RMAE MAE MSE RMAE
1 | RETAIL DISC | 0.026115044 | 0.05487987 | 0.161601497 | 0.183801246 | 0.137621408 | 0.428720476
2 | TRANS TIME | 8545125654 | 13.86720645 | 2.923204689 | 18.96464525 | 1752599899 | 4354841587
3 QUANTITY | 0.187550568 | 11.48618866 | 0.433071089 | 0.69350636 | 17.89754949 | 0.832770293
4 DAY 173408212 | 5515774367 | 1.316845519 | 17.22265916 | 9.510863288 | 4.150019175
5 WEEK_NO 0216256126 | 1.13504933 | 0.465033467 | 2464597943 | 7.442102527 | 1.569903801
6 BASKET ID__ | 19.61018769 | 26.43753307 | 4428339157 | 3243437794 | 32.01680414 | 5.695118782
7 | _PRODUCT ID | 7.239965663 | 18.47223366 | 2.69071843 | 25.60235168 | 27.58632195 | 5.059876647
8 STORE ID 2.563953005 | 12.66814886 | 1.601234838 | 31.24105221 | 19.47591899 | 5.589369572
9 | SALES VALUE | 0.097067209 | 0.941483774 | 0.311556109 | 0.760306908 | 1.520290069 | 0.871955795
10 HOUSKEEI;OLD' 27.47605665 | 34.09864827 | 5.241760835 | 38.76128725 | 44.52990844 | 6225856346
11 | COUPON DISC | 0.001149976 | 0.005247464 | 0.033911294 | 0.001799456 | 0.006385639 | 0.042419991
12 | COUPORTATER | 0000143174 | 492805 | 0.011965534 | 0.000311238 |  3.83E-05 | 0.017641946

Table 4: Comparison of Hybrid DL Model with ML Models on data block size 512MB within
attributes of transaction file for Mean Absolute Error (MSE)

No. TRANSACTION FILES 1D CNN+LSTM Gra‘gee‘;tri‘s’grs““g D;C;Sgir‘;‘;;;ee
1 RETAIL_DISC 0.000590111 0.183801246 0.026115044
2 TRANS_TIME 4361611377 18.96464525 8.545125654
3 QUANTITY 0.013351193 0.69350636 0.187550568
4 DAY 0.702847513 17.22265916 1.73408212
5 WEEK_NO 0.000258706 2464597943 0216256126
6 BASKET ID 2.509011634 32.43437794 19.61018769
7 PRODUCT ID 2259307867 25.60235168 7.239965668
8 STORE_ID 0.677580037 31.24105221 2.563953005
9 SALES_VALUE 0.004379282 0.760306908 0.097067209
10 HOUSEHOLD 0.63335951 38.87612872 27.47605665
11 COUPON_DISC 2.04709E-05 0.001799456 0.001149976
12 COUPON_MATCH_DISC 2.6716E-06 0.000311238 0.000143174
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Table 5: Comparison of Hybrid DL Model with ML Models on data block size 512MB within

attributes of transaction file for Mean Squared Error (MSE)
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No. TRANSACTION FILES DOy || ety | REso ey
Regressor Regressor
1 RETAIL DISC 6.65959E-06 0.137621408 0.05487987
2 TRANS TIME 3.020255649 17.52599899 13.86720645
3 QUANTITY 0.014453723 17.89754949 11.48618866
4 DAY 0.676221558 9.510863288 5.515774367
5 WEEK NO 1.09563E-07 7.442102527 1.13504933
6 BASKET ID 7.632322688 32.01680414 26.43753307
7 PRODUCT _ID 6.700851097 27.58682195 18.47223366
8 STORE ID 1.348844612 19.47591899 12.66814886
9 SALES VALUE 0.000250901 1.520290069 0.941483774
10 HOUSEHOLD-KEY 5.306799835 44.52990844 34.09864827
11 COUPON _DISC 1.29E-07 0.006385639 0.005247464
12 COUPON_MATCH_DISC 6.61799E-10 3.83E-05 4.92E-05
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6. Conclusion

This study proposes a hybrid DL regression model (1D CNN-LSTM) for prediction. After
testing the model using 512-data block size transaction files of the household data set and with
two separate ML models (DT Regressor as well as Gradient Boosting Regressor), the accuracy
of each model was determined, and the hybrid 1D CNN+LSTM model yielded the best results
through, firstly, overcoming limitations in data storage capacity often encountered in traditional
BI systems, thereby enhancing their analytical capabilities. Secondly, this combination of deep
learning techniques with the BI framework improves decision-making processes by enhancing
predictive capabilities, reducing error rates, and ultimately leading to more robust analytical
outcomes. Lastly, the proposed system comprehensively integrates BI with big data, Hadoop,
and deep learning techniques. This combination emphasizes the critical role of flexible data
visualization. Such flexibility allows for clear and precise representation of results and
predictions, along with explicit quantification of accuracy and error rates. Additionally, by
creating a model that incorporates RNN, long short-term memory, and convolutional neural
networks CNN-LSTM-RNN, we hope to increase the prediction accuracy even further.
Based on our analysis, we recommend the following actions and potential paths for further
research and development looking into the future:

1. To ensure that the model remains correct and relevant as the dataset changes or new
information becomes available, perform continuous model monitoring and updates.
Periodically retraining the model can help maintain its accuracy and effectiveness over time.
2. Use data augmentation strategies to improve overall robustness by increasing the model's
generalization on large-scale data sets.

3. To address unbalanced data in a dataset, investigate techniques such as oversampling,
undersampling, or alternate assessment metrics to ensure that the final results are more accurate
and reliable.

4. To improve the performance of the hybrid 1D CNN-LSTM model, it would be worth
exploring hyperparameter fine-tuning while considering various structures, learning rates, and
regularization strategies. This could potentially lead to significant improvements in the model's
accuracy and overall performance.
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