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Abstract – Enterprise-level data availability has provided unprecedented levels of possibility in making decisions through 

evidence but the ability to convert raw data into intelligence still remains challenging. In this paper, we present a comprehensive 

framework for AI-enabled predictive analytics that can serve as an effective link between analyzing the data and decision-making 

process. In particular, our methodology incorporates distributed computing, feature extraction, hybrid predictive modeling 

based on XGBoost, LSTM, and Transformer neural networks, as well as prescriptive decision-making process optimization. 

Experiments demonstrate that the hybrid model exhibits excellent predictive performance with R² = 0.972 that significantly 

exceeds standalone ones. At the same time, the use of prescriptive approach results in 18.7% cost savings and 23.4% increase in 

decision accuracy. 
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I. INTRODUCTION  
 

The contemporary business environment poses great 

challenges to organizations when it comes to making well-

informed decisions in view of the huge volumes of available 

data [1][2][7]. SWOT analysis, PESTLE framework and 

Porter's Five Forces - methods known for their effectiveness 

throughout previous decades - show a number of 

shortcomings when used for coping with the specific nature 

of today's market [1][2][7]. An explosion of information 

coming from corporate data storage, IoT, web-based 

platforms, etc., makes classical methods inefficient in terms 

of providing necessary intelligence for effective decision-

making [1][2][7]. 

 

Predictive analytics proves to be an innovative method that 

can help an organization make forecasts about future 

events, consumer behavior and improve operational 

processes [1][2][7]. Utilization of complex mathematical 

techniques and machine learning allows transforming past 

data into the intelligence that helps to predict the future 

[1][2][7]. However, prediction of the future alone is not 

sufficient enough in order to make well-informed decisions 

[1][2][7]. 

 

The synergy of AI and predictive analytics is a 

breakthrough that allows increasing the ability to make 

efficient decisions [1][2][3][7]. It becomes possible to 

utilize AI systems for handling large multidimensional 

datasets, detecting intricate non-linear associations, and 

making predictions in extremely short periods that human 

analysis cannot match [1][2][3][7]. Gradient Boosting 

Machine Learning algorithm, Recurrent Neural Networks 

and Transformer Architectures were proven to be highly 

efficient in exploring complicated temporal dependencies 

and discovering hidden structures in business datasets 

[1][2][3][7]. 

 

There are a number of important limitations and drawbacks 

in the existing frameworks for AI-based decision making 

[1][2][7][8]. Many of existing approaches concentrate 

mainly on improving predictive accuracy, but they do not 

consider adequately the aspect of prediction conversion into 

a decision [1][2][7][8]. In addition to that, the interaction of 

predictive modeling and optimization is not yet sufficiently 

implemented in practice [1][2][7][8]. The available 

literature shows that although prediction may approximate 

future events, prediction itself cannot make the decisions in 

reality [1][2][7][8]. 

 

In order to fill these gaps, this paper develops a framework 

for AI-based predictive analytics and prescriptive analytics 

that would assist in smart decision-making [1][2][7][8]. The 

research proposes such elements as distributed data 

processing, modern feature engineering and hybrid 

predictive models consisting of such machine learning 

techniques as XGBoost, LSTM and TFT together with 

prescriptive analytics employing metaheuristics-based 

optimization techniques [1][2][3][7]. This framework is 

applied in the context of enterprise sales forecasting 

[1][2][7][8]. 
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Contributions of this work include:  

 An end-to-end framework that fuses predictive and 

prescriptive analytics to provide business intelligence 

[1][2][7][8] 

 A hybrid model framework which leverages the power 

of the three mentioned models [1][2][3][7] 

 A prescriptive optimization step where prediction 

results are translated to decisions [1][2][7][8] 

 Experimental validation of our proposed framework 

through quantitative analysis [1][2][7][8] 

II. LITERATURE SURVEY 
 

Many recent works have discussed the use of AI and 

predictive analytics in improving business decision making, 

pointing out some important accomplishments as well as 

certain drawbacks in this field [1][2][7][8]. Specifically, a 

detailed review concluded that AI-powered predictive 

analytics should be seen as revolutionary as it allows for 

faster and better-quality strategic decisions [1][2][7][8]. 

The researchers stressed that, compared to traditional 

techniques, AI systems are capable of processing 

heterogeneous data in order to detect hidden patterns and 

make proactive predictions [1][2][7][8]. 

 

Traditionally, the weaknesses in decision-making models 

have been clearly pointed out by researchers [2][6]. 

However, recent studies contrasting traditional business 

models and machine learning methods show that the 

shortcomings of traditional, hypothesis-based mathematical 

models used in business decision-making are their inability 

to respond to changes in the environment efficiently [2][6]. 

As a result, machine learning appears to be a much more 

efficient alternative [2][6]. The performance of Random 

Forest and Gradient Boosting methods was assessed in 

predicting the outcome in the business domain [2][6]. 

Accuracy of 90% and 82%, respectively, was obtained 

[2][6]. 

 

Use of predictive analytics in specialized areas has been 

discussed widely [4][9]. For example, in the domain of 

research information management systems, scholars found 

out that predictive analysis using such machine learning 

methods as SVM (Support Vector Machines), kNN (k-

Nearest Neighbors) and Random Forest could identify 

emerging research topics and forecast future trends [9]. The 

study showed that the classification accuracy of predictions 

made using the kNN method was the highest one and 

amounted to 87.4% [9]. It proves the possibility of applying 

predictive analytics for strategic planning in research [9]. 

 

Integration of predictive analytics and prescriptive one 

constitutes the emerging domain of academic research 

[1][7][8]. A recent paper that describes AI-based decision 

intelligence frameworks emphasized the necessity to turn 

predictions into decisions [1][7][8]. With regards to 

customer relationship management, the prediction accuracy 

of Logistic Regression models has been 0.8426 [7]. 

Moreover, the subsequent layer of prescriptive optimization 

could considerably lower the expected losses resulting from 

the customers' turnover without any actions being taken [7]. 

Thus, one can conclude that predictive accuracy alone is not 

enough for business benefits [7]. 

 

Decision Intelligence has been recognized as an integral 

paradigm of importance in recent times [1][7][8]. Various 

frameworks of Decision Intelligent approach have been 

discussed by researchers who have suggested that the 

process can be used to integrate machine-learning 

prediction along with modeling for a decision support 

system [1][7][8]. Various models are used in these 

frameworks such as Analytic Hierarchy Process that is used 

to represent human and contextual preferences while 

alternatives are ranked using Topsis [6]. 

 

However, certain limitations exist in these developments 

[1][2][7][8]. One such limitation is that many existing 

methodologies rely excessively on the notion of predictive 

intelligence but have very little information on how the 

predictions are converted into decisions [1][2][7][8]. 

Moreover, machine learning algorithms are powerful when 

it comes to prediction and classification but lack 

organization-specific constraints and preferences and 

therefore need to be integrated with optimization tools 

[1][2][7][8]. 

 

Comparative analysis of predictive models has brought 

about some very significant insights as well [2]. Studies 

show that multivariate analysis is one of the most important 

decision tools that make it possible for the managers in any 

organization to comprehend and forecast behavior [2]. 

Through the comparison of various quantitative methods 

through machine learning algorithms, the researchers 

concluded that the choice of different algorithms is crucial 

in light of different business environments and nature of 

data [2]. It can be seen that no one algorithm works better 

than others [2]. 

 

III. PROPOSED METHODOLOGY 
 

The developed framework describes the process of 

conducting predictive analysis using AI and providing 

recommendations in smart way through four sequential 

stages: Data collection and pre-processing, Feature 

engineering, Predictive modeling, and Prescriptive 

analytics. Figure 1 shows the framework structure. 

 

 
Figure 1: Overall Framework Architecture 
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Data Acquisition and Preprocessing 

The architecture uses the concept of distributed data 

collection that uses Apache Spark for processing big 

volume datasets. The data collection process involves 

collecting information from various heterogenic sources 

such as transactional databases, Customer Relationship 

Management systems, IoT devices and market data feeds. 

During preprocessing, several common data issues such as 

missing values, outliers and inconsistent records are 

handled. Multiple imputation techniques are used to deal 

with the issue of missing values and outliers are identified 

based on IQR technique before being either capped or 

transformed as necessary. Normalization and 

standardization are done to allow consistency between 

features and models. 

 

Feature Engineering 

Feature engineering using advanced techniques turns raw 

data into predictive signals by various means. Automated 

feature extraction finds patterns and connections in data 

sets. Features such as moving averages, standard 

deviations, and auto-correlation coefficient are used to 

understand the behavior of time series in a statistical way. 

Features based on domain knowledge such as seasonality 

flags, campaign features, and conditions are developed 

according to the nature of the problem. Features selection 

involves filter techniques (correlation, mutual information) 

and wrapper techniques (recursive feature elimination). 

Target encoding and frequency encoding is used for 

encoding of categorical variables in order to preserve the 

predictive power of data. 

 

Hybrid Predictive Modeling 

The predictive modeling process adopts a hybrid ensemble 

methodology using three different architectures: XGBoost, 

LSTM, and Temporal Fusion Transformer (TFT). The three 

architectures have their own strengths, which are exploited 

in this hybrid ensemble model in a way that the tabular data 

modeling capability of XGBoost, the sequence dependency 

learning of LSTM, and the attention of TFT are used 

together. 

 

 
Figure 2: Hybrid Predictive Model Architecture 

 

This figure illustrates the architecture of the hybrid 

predictive model framework, where inputs are processed 

along three different routes in parallel. The left route 

displays XGBoost’s operation on the tabular data with tree-

based learning algorithms. The middle route depicts the 

working of LSTM networks through sequential processing 

with recurrent neural networks. The right one represents the 

TFTP architecture with the help of multi-head attention 

mechanisms and positional encodings. The output from 

each of the three routes is combined using the meta-learning 

layer via an ensemble of weighted fusion. The weight 

parameters are optimized using gradients. 

 

Algorithm 1: Hybrid Ensemble Training 

Input: Training data D = {(x_i, y_i)}, i = 1,...,N 

       Validation data D_val 

       Number of base models M = 3 

Output: Trained ensemble model E 

 

1: // Train individual models 

2: Train XGBoost model M1 on D using Bayesian 

hyperparameter optimization 

3: Train LSTM model M2 on D with two-layer 

architecture (128, 64 units) 

4: Train TFT model M3 on D with multi-head attention 

mechanisms 

5: 

6: // Generate validation predictions 

7: For each model m in {M1, M2, M3}: 

8:     P_m = predict(m, D_val) 

9: 

10: // Learn ensemble weights using meta-learner 

11: Initialize weights w = [w1, w2, w3] randomly 

12: For epoch = 1 to E: 

13:     P_ensemble = Σ(w_m * P_m) 

14:     Loss = MSE(P_ensemble, y_val) + λ * Σ(w_m²) 

15:     Update w using gradient descent 

16: 

17: // Return ensemble with optimized weights 

18: Return E(x) = Σ(w_m * predict(m, x)) 

 

 

Pseudocode 1: Temporal Fusion Transformer Attention 

Mechanism 

Function TFT_Attention(Q, K, V, mask): 

    // Q: Queries, K: Keys, V: Values 

    // d_k: dimension of keys 

     

    // Multi-head attention 

    h_heads = split_heads(Q, K, V, num_heads) 

     

    For each head i in 1..num_heads: 

        // Scaled dot-product attention 

        scores = (Q_i · K_i^T) / sqrt(d_k) 

        scores = apply_mask(scores, mask) 

        attention_weights = softmax(scores) 

        head_output_i = attention_weights · V_i 

     

    // Concatenate heads and project 

    multi_head_output = concat(head_output_1, ..., 

head_output_n) 

    output = linear_projection(multi_head_output) 

     

    // Apply gating mechanism for interpretability 
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    gate = sigmoid(linear(output)) 

    output = gate * output + (1 - gate) * residual 

     

    Return output 

 

 

The XGBoost model makes use of boosted decision trees 

with the inclusion of regularization to avoid over-fitting. 

Some key parameters of this include the learning rate, the 

maximum tree depth, and the total number of estimators. 

These are fine-tuned using the Bayesian optimization 

method. The LSTM model, on the other hand, uses a two-

layer model consisting of 128 and 64 hidden units. Dropout 

method is used to avoid over-fitting here. The TFT model 

is able to capture temporal dependencies by employing 

multi-headed attention mechanism. Model combination has 

been done using weighted averaging with the weight 

optimized using the meta learner technique using validation 

data set. 

 

Prescriptive Analytics and Decision Support 

The prescriptive analytics stage uses multi-objective 

optimization to turn predictive insights into actions that are 

useful to the decision-maker. This is done using a meta-

heuristic optimization algorithm known as the Research 

Topic Allocation algorithm (RTA). Optimization is 

conducted on a variety of goals, including inventory 

control, marketing strategy, and employee scheduling, 

subject to budget, capacity, and service level constraints. 

 

The Decision Support System (DSS) offers visualization 

tools to assist the decision-makers in exploring possible 

decisions. The DSS provides predictive insights to the 

decision-makers using visualization features of the 

dashboards. Decision-makers are able to comprehend the 

information from the predictive models using the DSS. 

 

IV. ANALYSIS AND DISCUSSION 
 

Experimental Setup 

The presented methodology was tested based on the 

Favorita Grocery Sales Forecasting Dataset, an open-source 

benchmark dataset for time series forecasting in the context 

of the retail industry. The dataset included nine years of 

daily sales records along with various features related to 

store information, product characteristics, promotions, and 

oil prices. It was further divided into a train set (70% of 

samples), a validation set (15%), and a test set (15%). 

 

Predictive Performance Analysis 

The model's performance was assessed through various 

indicators such as the R-squared value (R²), Root Mean 

Squared Error (RMSE), Mean Absolute Percentage Error 

(MAPE), and Mean Absolute Scaled Error (MASE). Figure 

3 shows the relative performances of the separate models 

and the combined ensemble. 

 

 
Figure 3: Predictive Model Performance Comparison 

 

The above figure is a graph representing the performance of 

the different models in terms of R², RMSE, MAPE, and 

MASE. The hybrid algorithm beats the different individual 

algorithms in the above four parameters with the R² value 

standing at 0.972 while that of XGboost stands at 0.891, 

LSTM at 0.903 and TFT at 0.925. The RMSE for the hybrid 

model is lower than the individual ones as seen in the graph 

below. *Error bars stand for standard deviations. 

 

The hybrid ensemble model performs the best on all metrics 

with values of 0.972 for R², 12.36 for RMSE, and 8.52% for 

MAPE. This indicates a 9.1% and 15.3% increase in R² 

value and decrease in RMSE respectively over the best-

performing individual model (TFT). These superior 

performances can be credited to the synergy of the three 

models in terms of their complementary attributes where 

XGBoost model identifies nonlinear relationships between 

the features while LSTM and TFT capture sequential 

relationship along time dimension using the concept of 

attention mechanism. 

 

Temporal Pattern Analysis 

Figure 4 illustrates the model's capability to capture 

seasonal patterns and special event effects in the sales data. 

  

 
Figure 4: Sales Prediction Accuracy and Event Impact 

Analysis 

 

The figure is a time-series graph of the comparison between 

the model-predicted sales versus the observed sales data 

over 12 months. In the top graph, the sales predictions using 

the hybrid model match closely with the actual sales value, 

with the prediction intervals indicated by the shaded region. 
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In the bottom graph, it is evident that the hybrid model 

predictions are sensitive to special events that have 

happened in that 12-month duration. 

 

It is worth mentioning that hybrid forecasting technique 

effectively combines two elements – first, there are typical 

seasonal features (weekly/monthly/annual seasonality), and 

secondly, the model takes into account various factors, 

including holidays, promotions, economic changes, etc. It 

is possible to say that attention component of the forecast 

technique is used to recognize important moments of time, 

including the peak of demand before a holiday and fall of 

demand after promotion, for example. 

 

Feature Importance Analysis 

Feature importance understanding plays an important role 

in gaining confidence in predictions. Figure 5 represents 

feature importance of the XGBoost module and attention 

weights of the TFT module. 

 

 
Figure 5: Feature Importance and Attention Analysis 

 

This figure is broken up into two parts. Part A represents a 

horizontal bar plot showing relative importance scores for 

the features used in the model, where store-level features 

(past sales performance, store type) and promotion 

variables rank among the most important. Part B shows the 

heat maps for attention weights from TFT across various 

time lags, indicating the model’s concentration on recent 

sales for short term forecasts and seasonality for long term 

forecasts. Heat maps show high attention weight at daily lag 

1-7 and yearly lag 365-375. 

 

Features of the stores become the most significant 

predictive factors among which historical sales data and 

other features related to the particular stores are mentioned. 

Features of promotion, and product categories have 

considerable importance too. According to the TFT 

attention analysis, the model pays most attention to the 

recently gathered data (last 7 days) when making the short-

term prediction along with paying due attention to the 

yearly seasonality. 

Prescriptive Analytics Impact 

This aspect ensures the application of predictions in 

formulating actions. In figure 6 below, the effect of 

prescription recommendations on performance 

measurements has been depicted. 

 

 
Figure 6: Prescriptive Optimization Impact 

 

The figure demonstrates a dashboard presentation of three 

different scenarios, that is, the base case, the predictive only 

approach and the prescriptive optimization approach. This 

is presented using three panels namely; Panel A – Inventory 

Optimization that displays the inventory level, stockouts 

and holding cost. Panel B – Revenue Performance that 

represents revenue, profit margins and ROI while Panel C 

– Resource Utilization showing workforce scheduling 

performance and promotional campaigns efficiency.  

 

As far as prescriptive optimization is concerned, there is a 

cost saving of 18.7% by focusing on optimizing the 

inventory and staffing of people. There will be a revenue 

generation gain of 12.3% due to better targeting of 

promotion and products. The fusion of predictive analytics 

and prescriptive recommendation leads to proactive 

decision making. 

 

Comparative Analysis 

Table 1: Comparative Analysis of Predictive Analytics 

Frameworks 
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Framework Models Used 
Dataset 

Type 

Best 

Accuracy/Performance 

Optimization 

Included 

DSS 

Integration 

Proposed 

Framework 

XGBoost+LSTM+TFT 

(Hybrid) 
Retail Sales 

R²=0.972, 

RMSE=12.36, 

MAPE=8.52% 

Yes (RTA 

Metaheuristic) 
Yes 

Ramasamy 

et al.  

AI Predictive 

Analytics 

Business 

Decision 

Transformative 

performance reported 
No Yes 

Azeroual et 

al.  
SVM, kNN, RF 

Research 

Publications 

AUC=0.451, 

CA=87.4% (kNN) 
No No 

Chambi-

Condori et 

al.  

8 ML Algorithms 
Business 

Prediction 

Accuracy varies by 

algorithm 
No No 

Decision 

Intelligence 

Framework  

ML + DSS Modeling Various 
Framework-level 

performance 

Yes 

(AHP+TOPSIS) 
Yes 

SAP-Centric 

AI 

Architecture  

ML, DL, NLP 

SAP 

Enterprise 

Data 

Business value 

reported 
Limited Yes 

The comparative evaluation brings to light several strengths 

that have been achieved by the new framework that has 

been developed. Firstly, the hybrid modeling technique 

used in this framework provides better predictive results 

than single-model techniques discussed in various research 

publications. Secondly, the use of prescriptive optimization 

gives a distinctive character to this framework as against 

those frameworks which are predictive only. Lastly, the 

overall framework has a full-fledged decision support 

system. 

 

V. CONCLUSION 
 

This study has discussed an all-embracing AI-enabled 

predictive analytics framework for making informed 

decisions and has highlighted major deficiencies in current 

knowledge. The suggested framework uses distributed data 

processing, advanced feature engineering, hybrid predictive 

modeling, and prescriptive analytics and is thus capable of 

helping make evidence-based business decisions in 

complex enterprise environments. 

 

As for hybrid modeling based on the integration of the 

XGBoost, LSTM, and Temporal Fusion Transformers 

algorithms, it offers certain benefits over each individual 

algorithm in terms of performance, with the respective 

coefficients R² = 0.972 and reduced RMSE and MAPE 

values. The improvement is possible due to complementary 

capabilities of these three neural network architectures in 

tree-based modeling, recurrence relations between the input 

variables, and attention mechanism usage. The feature 

importance and attention maps illustrate how the model 

works and thus make it easier to interpret the results. 

 

The prescriptive analytics layer constitutes an essential 

innovation beyond prediction. The optimization layer 

utilizes predictions to make recommendations, resulting in 

a 18.7% cost-saving and a 12.3% increase in revenue. It 

resolves the problem of moving from predicting to making 

actions, which is the main drawback of existing methods in 

the field. The Decision Support System offers interactive 

visualization and scenario analysis options, so the decision-

makers can efficiently use the insights of the algorithm 

considering context-based knowledge and their judgments. 

It should be noted that there are some limitations of this 

research. First of all, the model has only been tested on 

retail sales, but the provided dataset is sufficiently 

comprehensive and it is possible to validate the system's 

generalization abilities on other domains. Moreover, the 

usage of a hybrid ensemble poses additional computational 

demands, especially regarding the Transformer-based 

forecasting time series layer. Finally, although the 

optimization layer works properly, it operates under 
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assumption of stable operating conditions and needs to be 

revised in the highly turbulent environment. 

 

Further research might be oriented on the development of 

the federation approach to learning, creating adaptive 

optimization techniques, and using natural language 

processing tools. The use of techniques related to causal 

inference is likely to further add to the capability of the 

framework in making it easier to differentiate between the 

two phenomena. 

 

The proposed framework adds value to the field of decision-

making using AI from both theoretical and practical 

perspectives. It improves the existing level of knowledge 

regarding the integration of analytics into decision 

intelligence structures. It also provides a template for firms 

to create structures that allow them to make better use of 

artificial intelligence in decision-making. With businesses 

operating in complex data-driven environments, such 

frameworks are becoming more critical for 

competitiveness. 
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