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Abstract: This research paper creates a predictive analytics model of adaptive marketing budget allocation, in a 

situation of uncertain economic conditions. Machine learning models such as Linear Regression, Random Forest, 

Gradient Boosting and Artificial Neural Networks are used to analyze secondary marketing data and economic data. 

It has been found out that predictive models are more accurate in conforming with the investment decision-making 

process, with the Linear Regression having a high R² prediction of 81.4%. The framework identifies the marketing 

budget and market volatility as significant aspects in optimization of ROI and strategic planning. 
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I. INTRODUCTION 

Background and Research Context 

The high rate of fluctuation in the economic situation, 

the fluctuating consumer behavior and the growing 

uncertainty in the market have posed great challenges 

to organizations with regard to the effective allocation 

of marketing investments. Conventional marketing 

budgeting methods are usually based on past trends 

and management estimations and therefore may not 

sufficiently act in response to the market vagaries [1]. 

Predictive analytics and machine learning models 

make it available to analyze multifaceted data and 

predict future demand trends, as well as enhanced 

resources allocation. 

 
Fig.1: Transition from Traditional Marketing 

Planning to Predictive Analytics-Based Budget 

Optimization 

Problem Statement 

The challenge that organizations often face trying to 

decide on the best marketing expenditure in 

unpredictable economic times is because of poor 

forecasts, customer preferences and poor allocation of 

financial resources [2]. The current solutions are not 

flexible, as they restrict the businesses in maximizing 

the returns of marketing and ensure their competitive 

performance. 

Research Aim and Objectives 

Research Aim 

This study aims to create a predictive analytic 

framework that can maximize adaptive marketing 

budget allocation, and increase investment efficiency 

during uncertain economic times. 

Research Objectives 

➢ To evaluate predictive analytics methods in 

predicting marketing performance in 

uncertain economic situations. 

➢ To analyze machine learning models on 

how to optimize the marketing budget 

allocation and investment decisions. 

➢ To investigate the factors that affect 

adaptive marketing strategies during 

economic volatility and market changes. 

Groundworks, LLC, USA 
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➢ To develop recommendations for optimizing 

the marketing performance with the help of 

predictive frameworks using data. 

Research Significance 

The research contributes to the development of 

business analytics such as analyzing the use of data-

driven approaches to enhancing the marketing 

investment decisions. It gives an insight into 

predictive analytics use to improve decision making 

capabilities [3]. The new strategy augurs well with 

flexibility and efficiency of operations and strategic 

planning in the uncertain and swiftly changing 

economic conditions, in the organizations. 

Novel Contribution 

This study develops a predictive analytics system that 

combines forecasting models, the economic indicators 

and marketing information to optimize the budget 

adaptively. It progresses existing solutions using 

information-founded tactics in the business of 

dynamic investment placement [4]. The framework 

enhances the efficiency of marketing, accuracy of the 

decision-making and resilience of an organization in 

the face of unpredictable economic situations. 

II. RELATED WORK 

Predictive Analytics and Forecasting Techniques 

for Marketing Performance Prediction 

 

Fig.2: Evolution of Predictive Analytics 

Techniques for Marketing Performance 

Forecasting 

Predictive analytics has played an important role in 

predicting the results of marketing based on the trend 

of the past, consumer behavior, and the economic 

condition [5]. There are conventional forecasting 

models that, like ARIMA, can offer an interpretation 

of the market but cannot adapt to nonlinear changes 

[6]. More advanced methods, such as machine 

learning based prediction, can enhance the prediction 

with more intricate patterns, but can be intensive in 

terms of required data sets and computations [7]. 

Machine Learning Models for Marketing Budget 

Optimization and Investment Decision-Making 

 
Fig. 3: Machine Learning Framework for 

Marketing Budget Optimization and Investment 

Decision-Making 

Machine learning models are effective in optimizing 

marketing budgets by analyzing multifaceted data and 

forecasting campaign results [8]. Regression models 

are interpretable however might not work with 

nonlinear trends but the ensemble and neural models 

are more effective in prediction [9]. However, low 

levels of transparency, complexity in operations and 

reliance on high quality data pose problems to the 

adoption by managers and this necessitates the fact 

that there should be a balance between accuracy and 

explainability [10]. 

Adaptive Marketing Strategies under Economic 

Volatility and Market Uncertainty 
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Fig. 4: Adaptive Marketing Strategy Framework 

under Economic Volatility and Market 

Uncertainty  

Economic turmoil confronts organizations to 

formulate dynamic marketing strategies that are 

capable of reacting to the uncertain market changes 

[11]. Even though predictive models enhance agility 

in decision-making, the current methods usually do 

not pay much attention to any dynamics in the 

economic indicators, the shift in consumer moods, as 

well as the external shocks [12]. This weakness makes 

them less efficient in very unpredictable situations, 

and it is necessary to have an integrated system of 

prediction incorporating real-time data analysis and 

strategic changes in marketing [13]. 

Data-Driven Frameworks for Enhancing 

Marketing Efficiency and Strategic Decision 

Support 

 
Fig. 5: Data-Driven Decision Support Framework 

for Marketing Efficiency Enhancement 

The current data-driven frameworks enhance 

marketing effectiveness by converting analytical 

results into strategic decisions [14]. However, most of 

them do not have the integration of predictive 

accuracy, flexibility, or the transparency of the model 

[15]. The existing methods demand greater 

comparative analysis of predictive methods to 

establish the best solutions of dynamic marketing 

budget allocation, which can entail confidence with 

the decision support and utilization of the resources 

better under uncertain economic circumstances [16]. 

Empirical Models Comparison 

Empirical model comparison compares the predictive 

techniques based on mathematical form, performance 

indicators as well as the application compatibility to 

the marketing decision [17]. Various models exhibit 

differences in their ability to perform in uncertain 

conditions in terms of accuracy, interpretability and 

adaptability [18]. By comparing the methods, it is 

possible to determine which predictive methods are 

best when it comes to optimization of marketing 

budget allocation [19]. 

TABLE 1: COMPARATIVE ANALYSIS OF PREDICTIVE ANALYTICS AND MACHINE LEARNING 

MODELS FOR MARKETING PERFORMANCE FORECASTING AND BUDGET OPTIMISATION 

Model Equation Parameters Advantages Limitations Applications Performance 

ARIMA Yt=c+ϕYt−1
+εt  

p,d,q Interpretable 

and effective 

for trend 

forecasting 

Limited 

nonlinear 

modelling 

capability 

Marketing 

demand 

forecasting 

Moderate 
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Linear 

Regression 

Y=β0+βX+ε  Regression 

coefficients 

Highly 

explainable and 

computationally 

efficient 

Assumes 

linear 

relationships 

ROI 

prediction 

and budget 

optimization 

Moderate–

High 

Random 

Forest 
f (x)=N1

∑Ti(x)  

Trees, 

depth, 

samples 

Excellent for 

nonlinear 

relationships 

and feature 

importance 

Reduced 

explainability 

Marketing 

performance 

prediction 

High 

Artificial 

Neural 

Network 

y=f(WX+b)  Layers, 

neurons, 

weights 

Captures highly 

complex 

nonlinear 

patterns 

Large 

training data 

and tuning 

required 

Advanced 

predictive 

analytics 

Very High 

Literature Gap 

The existing research on predictive analytics and 

machine learning models focuses on the decision-

making process of marketing individually and without 

much integration of the economic uncertainty factors 

[20]. The existing strategies do not have dynamic 

budget optimization frameworks [21]. Hence, more 

studies are needed to compare the predictive models 

and come up with data-driven strategies to enhance the 

efficiency of marketing in unstable environments [22]. 

III. METHODOLOGY 

Proposed Predictive Analytics Framework for 

Adaptive Marketing Budget Allocation 

 
Fig. 6: Architecture diagram 

This paper hypothesizes a predictive analytics system 

that is driven by data to analyze the role of machine 

learning models in enhancing a marketing budget 

allocation in case of uncertain economic situations 

[23]. The model combines secondary marketing data, 

economic forecasts and predictive modelling to 

predict marketing performance and determine the best 

investment strategies [24]. Methodology involves four 

broad steps, namely, collection of the secondary data, 

preprocessing of the secondary data, prediction model 

development and evaluation of the model performance 

[25]. 

The suggested framework uses forecasting and 

machine learning algorithms to evaluate past business 

marketing spending, measures of customer 

participation, and sales successes, as well as 

macroeconomic indicators [26]. Predictive estimates 

of links between marketing investment and business 

will be represented as: 

𝑌 = 𝑓(𝑋; 𝜃)  

In which Y is the performances of marketing 

operations that are going to be predicted, X is the input 

variables such as the marketing spending, customer 

behavior, and economic variables, and 𝜃 is the model 

parameters. 

Dataset Description 

In the research, the secondary data is used based on the 

trustworthy open-source sources, such as marketing 

analytics repositories, financial databases, publicly 

available economic datasets [27]. The data sets include 

past marketing spending, campaign performance 

measurements, consumer response measurements, 

sales performance, rates of inflation, GDP fluctuations 

and market volatility measurements [28]. The choice 

of secondary data makes it possible to conduct a 

longitudinal analysis and to examine the decisions 

regarding marketing in various economical situations. 
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TABLE 2: DATASET CHARACTERISTICS  

Param

eter 

Description 

Data 

Source 

Secondary marketing and economic 

datasets 

Data 

Type 

Numerical and categorical business data 

Input 

Featur

es 

Marketing spends, sales, customer 

metrics, economic indicators 

Target 

Variab

le 

Marketing performance/return on 

investment 

Applic

ation 

Budget optimization and predictive 

decision support 

Data Preprocessing 

This study adopts a proof-of-concept methodology to 

show that the predictive analytics system proposed as 

an adaptive allocation of marketing budget, is indeed 

feasible. It is analyzed using secondary data on the 

marketing and economic data acquired by publicly 

available and credible sources such as marketing 

analytics repositories, financial data collection, and 

open economic data. The data used includes past 

marketing spending, performance level of campaign, 

customer interaction measurement, sales figures, 

inflation and fluctuation in GDP, as well as market 

volatility measures. This method of secondary data 

will allow the proposed framework to be tested in an 

outlined business case and demonstrate how it can be 

used to make marketing decisions based on data in 

times of economic uncertainty. It is not intended to 

garner any definite empirical evidence of any 

particular organization however to validate the line of 

analysis [29]. Numerical features are scaled down to 

minimize differences of scales across features: 

𝑋𝑠𝑐𝑎𝑙𝑒𝑑 =  
𝑋 − 𝜇

𝜎 
 

Scaled is the normalized value, μ is a mean of the 

features and σ is the standard deviation. The 

techniques used to select features are used to 

determine the influential variables that impact on the 

performance of marketing and to eliminate redundant 

features. 

 

 

Machine Learning-Based Predictive Models 

The offered framework compares the predictive ability 

and applicability of several different machine learning 

models to the marketing budget optimization [30]. 

Linear Regression is used as a model that can be 

interpreted as an explanatory model of investment-

performance relationships: 

𝑌 = 𝛽0 + 𝛽1𝑋1 + 𝛽2𝑋2+. . . +𝛽𝑛𝑋𝑛 + 𝜖  

Where ε represents error and β represents model 

coefficients. 

Random Forest is applied that helps to reflect 

multidimensional nonlinear interactions among 

marketing variables based on a collection of decision 

trees: 

𝑌̂ =
1

𝑁
∑

𝑁

𝐼=1

𝑇𝑖(𝑋)   

where Tᵢ(X) denotes the prediction of an individual 

tree and N represents the number of trees. 

Gradient Boosting is used to enhance prediction 

accuracy by sequentially diminishing the model 

errors: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾ℎ𝑚(𝑥)  

Fₘ(x) is the updated prediction model, hₘ(x) is the 

weak learner and γ is the learning rate. 

Additionally, Artificial Neural Networks (ANN) are 

used to determine more complicated nonlinear trends 

in marketing and economic datasets 

𝑌 = 𝑓(𝑊𝑋 + 𝑏)  

where b represents bias values and W represents 

weights. 

Flowchart 

 
Fig. 7: Proposed Predictive Analytics Framework 

Flowchart 
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The figure shows the stepwise process of the proposed 

framework starting with collection of data and 

preprocessing, exploratory analysis, predictive model 

development, analysis, ROI prognosis, and decision 

support to enable optimization of adaptive marketing 

budget. 

Pseudocode 

 
Fig. 8: Predictive Analytics-Based Marketing 

Budget Optimization Algorithm 

The algorithm shows the step sequence of data 

preparation, prediction model training, performance 

measurement and ROI prediction. It shows that 

machine learning models can determine the best 

approaches to allocate marketing budgets within the 

uncertain economic environment based on data-driven 

decisions. 

Model Training and Evaluation 

The datasets are divided into training and testing 

subsets using an 80:20 ratio. Machine learning models 

are trained using Python-based analytical 

environments with libraries including Scikit-learn, 

Pandas, and TensorFlow. Hyperparameter 

optimization is performed to improve model 

performance. 

 

 

 

 

 

TABLE 3: MODEL TRAINING 

CONFIGURATION  

Parameter Value 

Training Split 80% 

Testing Split 20% 

Optimization Method Grid Search 

Validation Approach Cross-validation 

Programming Environment Python 

Evaluation Metrics 

Statistical measures that are used to evaluate model 

performance including Mean Absolute Error (MAE), 

Root mean Square error (RMSE) and R² score: 

𝑀𝐴𝐸 =  
1

𝑁
∑ ∣ 𝑦 − 𝑦̂ ∣  

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦 − 𝑦̂) 2 

y is the actual marketing results and ŷ is the predicted 

results. Comparative assessment reveals the most 

suitable predictive model used in the adaptive 

budgetary allocation of marketing whenever there is 

uncertainty in the economic environment. The final 

framework provides evidence-based suggestions for 

enhancing marketing effectiveness and strategic 

decision-making regarding investment. 

IV. RESULT AND DISCUSSION 

 
Fig. 9: Dataset overview 

The figure presents the initial structure of the 

marketing dataset that includes significant variables 

like the amount of money allocated, digital 

investment, customer interaction, economic indicator 

and ROI of marketing. The dataset is comprehensive 

in terms of the availability of features needed to run 

predictive modelling and can be used to evaluate 

marketing investment decisions in case of 

unpredictable economic conditions. 
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Fig. 10: Dataset Info 

The figure shows the features of datasets, which affirm 

that it has 1,200 observations and 10 whole attributes 

with no missing values. Numerical, continuous 

variables are selected appropriately, which guarantees 

the consistency of data and meets the criteria of 

preprocessing, statistical analysis and implementation 

of machine learning to predict the outcome of 

marketing performance. 

 
Fig. 11: Descriptive statistics 

The figure presents descriptive statistics for 1,200 

observations across marketing and economic data. The 

maximum and mean values of the market budget are 

499,570 and 250,648 respectively whereas the average 

of the marketing ROI is 209,837. The statistics ensure 

there is enough variation to predict using a modelling 

technique and to study investments. 

 
Fig. 12: Missing Value Check 

The figure shows the missing value assessment 

process; that is, the dataset attributes have zero 

missing values. This guarantees high quality data and 

removes the need of imputation methods, which 

results in a solid training of the model and predictive 

forecasting of the marketing ROI with variable 

economic conditions. 

 

Fig. 13: Relation between Marketing Budget and 

ROI 

The figure presents the relationship between 

marketing expenditure and the marketing return on the 

investment, that shows, more money is spent and the 

marketing results are better. The color differences that 

depict unstable conditions in markets bring into the 

limelight the unpredictability of the economy on the 

efficiency of investment and making effective 

prediction distributions. 

 
Fig. 14: Pairwise Relationship Analysis of Key 

Marketing Variables 

The figure shows correlations between Marketing 

Budget and Customer Engagement, Customer 

Retention, Market Volatility, as well as between 
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Marketing ROI and Customer Retention. It indicates a 

positive correlation between Marketing Budget and 

ROI is strong on the other hand Market Volatility 

indicates the same but negatively, thus its choice 

would enable feature selection in predictive 

modelling. 

 
Fig. 15: ROI Comparison Across Marketing 

Channels 

The figure compares the Marketing ROI distributions 

on the Content marketing, Social Media, Email, and 

Search Ads channels. All the channels display the 

median ROI of approximately 200,000 or slightly 

more in the cases of Email and Search Ads. The 

analysis reveals that the channel would be effective in 

similar strategies of budget expenditure decisions. 

 
Fig. 16: Effect of Inflation Rate on Marketing 

Performance 

The figure provides the analysis of effects that 

inflation has on Marketing ROI under different values 

of inflation differing with the range of about 1% to 

10%. The broad distribution, and downward trend, are 

signs that rising inflation brings in uncertainty and 

could adversely affect marketing investment 

efficiency in turbulent economic times. 

 
Fig. 17: Market Volatility and Marketing ROI 

Relationship 

The figure shows the influence of the market volatility 

affects the performance of marketing. The positive 

deepening volatility between 10 to 90 levels shows a 

trend of diminishing ROI which proves economic 

uncertainty as a stipulative element influencing the 

effectiveness of marketing and justifies the need to 

have flexible predictive and budgetary allocation 

frameworks. 

 
Fig. 18: Correlation Analysis of Marketing and 

Economic Variables 

The figure presents correlation between marketing, 

and economic variables. Marketing Individuals 

Marketing Budget has a positive correlation with the 

highest level of positive correlation with the 

Marketing ROI (r = 0.68), whereas the strongest 

negative correlation is with Market Volatility (r = -

0.47). The Customer Engagement (r = 0.28) and 

Retention (r = 0.26) moderately affect the performance 

results. 

 
Fig. 19: Data after feature scaling  
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The figure presents the values of the 

standardized feature values using 

scaling equation Scaled=(X−μ)/σ. The 

transformation guarantees similar 

ranges of features or analyzability, 

less biases due to variable magnitude 

difference and overall predictive 

marketing budget optimization, as is 

feasible, by machine learning models. 

 
Fig. 20: Data Splitting 

The figure shows the 80:20 train-test data split which 

generated 960 training records and 240 testing records 

segments that included 9 predictive features. This 

approach ensures adequate data is available to learn 

the models and a separate testing set will be available 

to evaluate the performance of the model thoroughly. 

 
Fig. 21: Predictive Model Performance Metrics 

Comparison 

The figure evaluates the existence of a machine 

learning model based on the values of R² , MAE and 

RMSE. Linear Regression achieved the highest R² 

score of 0.814, with MAE 25,887.68 and RMSE 

32,149.28. Random forest, Gradient boosting and 

ANN showed lower values of R² with 0.788, 0.785, 

and 0.767, respectively. 

 

Fig. 22: Comparative Accuracy Analysis of 

Machine Learning Models 

The figure is a comparison table of four predictive 

models by comparing them based on R² accuracy, 

MAE and RMSE. Linear Regression had the largest R²  

value of 0.814, MAE of 25 887.68 and RMSE of 

32149.28 which represents greater predictive 

reliability than the other two methods of ensemble and 

neural network. 

 
Fig. 23: Predictive Model Accuracy Comparison 

Plot 

The figure displays the Comparative model accuracy 

performance with Linear Regression having the best 

predictive accuracy of about 81.4%. Random Forest 

and Gradient Boosting obtained approximately the 

same score of 78.8% and Artificial Neural Network 

scored 76.7%. The findings suggest that more basic 

models with limited to understand predictive 

capabilities were effective in marketing ROI 

prediction. 

 

 
Fig. 24: Feature Importance for Marketing ROI 

Prediction  

The figure determines influential predictors on 

marketing ROI with the feature importance of Random 

Forest analysis. Marketing Budget has the greatest 
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importance of around 48% and Market Volatility and 

Customer Retention take in 24% and 10% respectively 

in terms of decision-making aspects, ensuring 

investment allocation and uncertainty in the economy. 

 
Fig. 25: Actual and Predicted ROI Comparison 

Output 

The figure demonstrates that there is a correlation 

between the actual and forecasted values of marketing 

ROI. The high growth rate implies the capability of the 

model to capture performance trends where forecasted 

values are closely observed following the real ones 

and hence confirm the usefulness of predictive 

modelling to make marketing decisions on investment. 

 
Fig. 26: Residual Distribution Analysis 

The diagram shows distribution of error in prediction 

by analyzing errors of the residuals. The value 

distributions of residuals are clustered mostly around 

the value of zero and the bulk value distributions of the 

errors are about -50,000 -50,000; this implies that the 

prediction stability and systematic biases of the 

predictive model are acceptable levels. 

 
Fig. 27: Actual and Predicted ROI Sample 

Comparison 

The figure gives comparisons of actual and predicted 

values of ROI on samples. For example, the actual 

ROI of 226,294 is forecasted as 190,989 and an actual 

value of 300,276 as 310,619 showing that predictions 

have been done reasonably with few variations. 

Discussion 

The relative analysis shows that predictive analytics 

can effectively support adaptive marketing budgeting 

in unpredictable economic situations, however the 

results of individual machine learning models varied 

significantly. Linear Regression had the best 

predictive measure with a score of R2 (0.814) as 

compared to the other measured techniques, such as 

Random Forest (0.788), Gradient Boosting (0.785) 

and Artificial Neural Network (0.767). This result 

indicates that all the relationships among the 

marketing budget, customer engagement, market 

volatility and marketing ROI in the analyzed dataset 

are mainly linear. As a result, the less complex 

regression is capable of only capturing these 

relationships effectively without compromising on 

interpretability and the complexity of the model. 

Though Random Forest and Gradient Boosting are 

known to model nonlinear interaction, the data 

available seemed to have limited nonlinear interaction 

so that the benefits of the more advanced algorithms 

are limited. In the same manner, the Artificial neural 

Network had the lowest predictive performance and 
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this can also be explained by the relatively small size 

of the dataset used, the lack of extremely complicated 

interactions between features and sensitive nature of 

neural networks to architecture development and 

hyperparameter optimization. Moreover, the study 

illustrates the suggested framework with the help of 

secondary marketing and economic data as proof-of-

concept instead of providing definitive empirical 

validation of a particular organization. Thus, the 

values of R2, MAE and RMSE can be viewed as the 

testimony of the viability of the framework and its 

predictive capability under the context of the typical 

business circumstances. The feature importance 

analysis also revealed marketing investment and 

market volatility to be the most contributing factors to 

marketing ROI, showing the need to have economic 

indicators incorporated into marketing variables to 

justify data-driven budgeting allocation and strategic 

investments within the context of unpredictable 

economic factors. 

V. RESEARCH LIMITATIONS AND 

FUTURE DIRECTIONS 

Research Limitation 

The study outlines a proof-of-concept model, created 

by using secondary market and economic data. As a 

result, the predictive performance reported shows that 

the suggested analytical method proves the potential 

of the proposed method but does not show conclusive 

evidence of the performance of organizational 

marketing. Although the selected datasets represent 

realistic business conditions, it might not be able to 

capture industry specific customer behavior, the 

dynamics in the market, or organization specific 

strategic choices. Moreover, the benchmarking is 

typically based on predictive capacity as opposed to 

real time budget optimization and performance of a 

model can change with industry, geographies and 

economic conditions. To determine the practical 

usefulness and generalizability of the framework, 

there is a need to validate the framework in the future 

by applying it to bigger longitudinal organizational 

data sets. 

Future Direction 

The proposed framework needs to be validated in 

future studies with extensive organizational marketing 

studies based on big data gathered in a number of 

industries and financial cycles. Integrating real time 

business intelligence as well as customer behavioral 

analytics and macroeconomic variables signals there 

would be better prediction accuracy and relevance in 

decision making. Advanced optimization approaches, 

such as reinforcement learning and Bayesian 

optimization to suggest the best market budget 

allocation under predefined constraints of the 

business. Moreover, features of explainable artificial 

intelligence (XAI) like SHAP and LIME ought to be 

employed to enhance the transparency of the models, 

offer trust to the managerial team and facilitate the 

efficiency and utilization of the models in the context 

of strategic marketing decisions. 

VI. CONCLUSION 

Conclusion 

This research suggested a predictive analytics 

platform in evolving marketing budgetary allocation 

under volatile economic circumstances and 

demonstrated its feasibility based on secondary 

marketing and economic data. The comparative 

analysis indicated that the Relationship between 

Linear Regression performed best in predicting the 

relationship (R2 = 0.814) implying that the relationship 

between marketing expenditure, market volatility, 

customer behavior and the marketing ROI are very 

linear between the analyzed data. Although more 

advanced machine learning models are used to model 

the nonlinear interactions, they could not perform the 

task of a simple regression model in the conditions of 

the data available. The results can be viewed as an 

indication of the proof-of-concept demonstrating the 

practical utility of the suggested framework opposed 

to empirical confirmation. Comprehensively, the 

framework provides a clear and informative 

foundation for marketing investment decisions that 

can be supported and also forms a basis of validation 

of decisions in future using large scale and real-world 

organizational datasets. 
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