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1. Introduction 

The cash flow forecasting process is a component of financial planning and even the stability of such operations. Businesses 
utilise it to calculate liquidity, improve working capital, and make sound investments. Since the increasing popularity of digital 
transformation and cloud computing, Oracle ERP Cloud has become a common property in many organisations that operate it in real-
time. [1-3] Conventional cash flow forecasting methodologies available in the ERP systems are, however, rule-based and not predictive. 
They depend on manual commodity analysis and the use of spreadsheets, resulting in errors and inefficiency. The recent ML 
developments enable predictive analysis of financial data, thereby creating a paradigm where proactive decision-making is possible 
instead of reactive. 
 

Abstract:  

In contemporary business, cash flow is important in ensuring the health and viability of the 
business. Manual inputs and rigid forecasting models, which characterize the traditional cash flow 

forecasting methods, have limited the use of traditional forecasting methods, as most of them are 
inaccurate and thus cause inaccuracies, which are reflected in the operations of the business. In 
this paper, a machine learning-redesigned, predictive model is proposed to automate cash flow 
with automation at a higher degree in the module Accounts Receivable (AR) and the Accounts 
Payable (AP) in Oracle ERP Cloud. The model uses an analysis of the past trends of AR/AP along 
with payment behavior of the customers and payment terms, to predict the future flows in and 
out more accurately and with less manual input. Our approach is to employ supervised learning 
models, specifically Gradient Boosting Machines (GBM), the Long Short-Term Memory (LSTM) 
network and ensemble techniques, which are trained on ERP transactional data. The proposed 
system deploys on Oracle ERP Cloud APIs, making it easier to consume and update data in the 
model at run-time. Our experimental results demonstrate that our predictive model is able to 

increase accuracy of cash flow forecasting significantly over that achieved using a rule-based 
approach. The system offers dashboard visualization to the finance team, such as scenario 
analysis and risk scores. The proposed research also brings much value to the existing literature 
because it shows that ML can be used to enhance ERP systems and provide timely financial 
forecasts to open up the possibilities of intelligent enterprise resource planning and financial 
automation. The feasibility and effectiveness of the proposed approach are tested with the help of 
a prototype implementation that is carried out using Python, Oracle Cloud Infrastructure, and 
Oracle Autonomous Database. 
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1.1. Importance of Predictive Cash Flow Management  
Proper management of cash flow is crucial for the financial and operational performance of any organisation. As the complexity 

of business processes rises, traditional static forecasting approaches are often inadequate, offering only limited or incorrect 
perspectives. Data-driven machine learning and predictive cash flow management can overcome these weaknesses by leveraging 
foresight and predictability to achieve cash flow resiliency and nimbleness in cash flow planning. 
 

 
Figure 1. Importance of Predictive Cash Flow Management 

 
 Improved Financial Planning and Decision-Making: Cash flow management operates in a predictive mode, which helps firms 

forecast their future liquidity position more accurately. By utilising transaction history and behavioural patterns, finance 
departments can better predict inflows and outflows. This proactive approach enables decision-makers to budget ahead for 
expenses, allocate resources effectively, and minimise the risk of any potential cash shortage that may impact their 
operations. 

 Risk Mitigation and Liquidity Control: Effective cash flow forecasting enables a company to anticipate when it may face cash 
shortages or excess cash. This helps take proactive steps, such as delaying payments, renewing credit terms, or securing 
short-term loans. Predictive forecasting helps an organisation reduce financial risks even before they become operational, 
thereby increasing its chances of staying liquid and avoiding last-minute, expensive funding deals. 

 Operational Efficiency and Automation: Manual cash flow forecasting tends to be time-consuming and prone to error, as well 
as using spreadsheet-based models, which are also time-consuming. Predictive systems are automatic in the manner in which 

they automate the process of data collection, processing, and forecasting, which saves a lot of manual work and enhances 
accuracy and consistency. By making this change, the finance teams can dedicate themselves to more strategic work instead 
of doing normal calculations. 

 Strategic Advantage and Competitive Edge: In a competitive and fast-moving business environment, companies that are able 
to accurately estimate their financial position set themselves at a strategic advantage. Predictive cash flow management helps 
make the right kind of investments on time, negotiates with suppliers and customers, and brings financial and business 
objectives together. It shifts the finance role from a reactive cost centre to a strategic partner. 

 

1.2. Oracle ERP Cloud Using Machine Learning 
Oracle ERP Cloud has become one of the top enterprise resource planning systems, as it provides an integrated platform that 

manages the most important business processes: finance, procurement, supply chain, and human resources. [4,5] Over these past few 
years, Oracle has started to incorporate the use of machine learning (ML) into its ERP Cloud suite of products and allowed them to 
exceed their traditional rule-based workflows and move into intelligent automation. With ML integrated into its financial procedures, 
Oracle provides organisations with the power to make informed decisions based on data, other invisible patterns, and streamline 

procedures through predictive analytics. Among the most anticipated uses of ML in the Oracle ERP Cloud is the cash flow forecasting 
component, a fundamental process that defines a company's capacity to fulfil financial commitments. Classical ERP systems support 
both present and previous transaction information; however, they do not support dynamic forecasting of future liquidity positions.  

 
Oracle ERP Cloud, especially with modules like Accounts Receivable (AR) and Accounts Payable (AP), allows a business to create 

an effective predictive model by introducing machine learning algorithms into the system. Moreover, Oracle integrates ML with such 
services as Oracle Autonomous Database, Oracle Machine Learning (OML), and Oracle REST APIs that facilitate access to ERP data and 
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enable scalable training of models in this way. When predictions are made, actionable insights can be presented to business users using 
visualisation tools like Oracle Visual Builder and Oracle Analytics Cloud through interactive dashboards. This end-to-end machine 
learning in Oracle ERP Cloud not only increases forecast accuracy but also decreases manual workload and enables real-time, proactive 
financial decision-making. Consequently, organisations that operationalise Oracle ERP Cloud and ML derive a significant competitive 
edge, enabling them to modernise their finance operations and develop strategic flexibility. 

 

2. Literature Survey 
2.1. Existing Cash Flow Forecasting Techniques 

The methods of cash flow forecasting and planning are classical techniques that have been applied in management and financial 
planning. [6-9] These consist of rule-based estimations based on fixed business heuristics, time series estimations noted by 
AutoRegressive Integrated Moving Average (ARIMA), and manual spreadsheet modelling that are typically developed and actively 
sustained by monetary analysts. Although they may work well when transaction patterns are predictable and repetitive, they do not 

perform well in cases of unpredictable or unforeseen cash flows. Rule-based systems are not flexible; time series models, such as the 
ARIMA, require linearity and stationarity. Spreadsheets are both inflexible and labour-intensive. Through this, traditional methods 
tend to fail when it comes to adapting to a quickly changing business environment, especially when faced with fluctuating customer 
payment habits, seasonality, or economic shocks. 

 
2.2. Machine Learning in Financial Forecasting 

Machine learning (ML) has proven to be a strong alternative to conventional forecasting methods, allowing for the learning of 
complex models from large datasets. Long Short-Term Memory (LSTM) networks and Gradient Boosting Machines (GBMs) are two 
current research-demonstrated models that can be used in financial forecasting. A subcategory of ensemble learning items, GBMs are 
beneficial in both regression and classification, and provided they are well-tuned, their high accuracy rates are unquestionable. LSTM 
networks are a type of recurrent neural network (RNN) that specialises in working with sequential data and has good capabilities for 

learning temporal dependencies; therefore, they can be used for forecasting financial time series. These models, however, have 
computational overhead, and they may also require large amounts of training data and training resources to function effectively. 

 
2.3. Oracle ERP Cloud and Predictive Capabilities 

The Oracle ERP Cloud platform offers predictive planning capabilities, particularly in its Enterprise Performance Management 
(EPM) suite. These tools can provide scenario modelling, financial planning, and forecasting capabilities; however, in most cases, they 
are reserved for higher transaction and planning levels, as opposed to more DIY approaches such as Accounts Receivable (AR) or 
Accounts Payable (AP). Although Oracle has achieved success in the arena of machine learning applied in other areas of the business 
environment (including supply chain optimization, human resources, budgeting, and so on), the predictive tool specialized in the 
operation of cash management is yet to reach a decent level of development. When using predictive analytics, it is common to need to 
export data to third-party tools or arrange custom integrations, which introduces friction into day-to-day financial processes where 

advanced forecasting has numerous potential use cases. 
 

2.4. Gaps Identified 
Despite the improvement in both traditional and ML-based forecasting techniques, a gap remains, particularly among 

organisations using the Oracle ERP system. As it currently stands in the Oracle ERP, there is no plug-and-play solution for cash flow 
forecasting that utilises machine learning, which draws directly on the AR and AP modules. Besides, the integration of the various 
sources of data into one common predictive model has not been sufficiently examined by existing studies, for instance, customer 
payment history, AR/AP ageing reports, payment terms, and seasonality. This restricts the capacity of developing flexible, smart 
systems capable of predicting real-time cash flows. Filling these gaps would certainly help enhance the financial insight and decision-
making of businesses that have incorporated an Oracle ERP solution. 

 

3. Methodology 
3.1. System Architecture 

 Oracle ERP Cloud (AR/AP): The architecture begins with Oracle ERP Cloud, specifically utilising the data from the Accounts 
Receivable (AR) and Accounts Payable (AP) modules. [10-13] The data content of these modules includes data on invoices, 
payment, customer payment terms and vendor obligations. This financial information is also the starting point of the 
forecasting process, a sector in which there is an extreme level of integration, as it really happens. 
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Figure 2. System Architecture 

 
 ETL Layer: The data pipeline is performed in the Extract, Transform, Load (ETL) layer, loading data extracted from the 

Oracle ERP for analysis. At this step, data is extracted from the AR/AP module, normalised, and formatted to match analytical 
tables. It is then cleaned to eliminate inconsistencies and null values, and stored in a data warehouse or data lake. This step 
enables the collection of precise, time-consuming, and model-structured data. 

 Feature Engineering: Feature engineering involves selecting, transforming, and creating variables that are most relevant to 
cash flow prediction. It entails the extraction of observations on the mean tardiness of payments, seasonality, invoice ageing, 
and customer payment habits. These attributes enhance the forecasting ability of the machine learning model, as they capture 
the unspoken financial trends and associations within the data. 

 ML Model Training: Historical data and engineered features can be trained using machine learning algorithms such as 
Gradient Boosting Machines (GBM) or Long Short-Term Memory (LSTM) networks. The model is based on historical patterns 
of AR/AP, customer behaviour, and payment cycles to create an effective forecasting model. The process of hyperparameter 
tuning and validation is carried out to optimise model performance and generalizability. 

 Cash Flow Predictor: The Cash Flow Predictor will be the central component of decisions once the model is trained. It 
forecasts incoming and outgoing based on the trained model, which can guide liquidity positions within finance teams to 
make proactive financial decisions. The predictor is either periodic or on-demand, utilising the most current data from the 

ERP system to ensure accuracy in real-time. 
 Visualisation UI: The end result is followed by a convenient Visualisation UI where stakeholders can work with the forecasts, 

examine cash flow trends, and test financial scenarios. Such a dashboard would normally contain charts, graphs, and key 
performance indicators (KPIs), enabling finance professionals to make quick interpretations of the predictions and align them 
with strategic planning. 
 

3.2. Data Collection 

 
Figure 3. Data Collection
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 AR Invoices: AR invoices reflect the amount of money a customer owes to an organization under delivery of goods or services. 
In these invoices, the important information required is the date of the invoice, due date, amount, and customer information. 
Through the AR invoice analysis, the system shall be able to track the amount expected to be received, coupled with customer 
payment trends or delays, so that it can be accurate when it comes to cash flow forecasting. 

 AP Invoices: The invoices of Accounts Payable (AP) represent the monetary commitments an organisation has with its 
suppliers/vendors. These documents contain the amount of the invoice, the name of the vendor, the due date, and the 

payment status. Incorporating AP invoices as part of the data will enable the model to forecast outflows in the future, hence 
complementing the inflows with AR predictions in ascertaining the overall liquidity position of the organisation. 

 Customer Payment History: The past payment records of customers provide a good indication of how and when each 
customer is likely to pay their bills. Such data pertains to the frequency of payments, delays, partial payments, and past-due 
patterns. Past payment behaviour is important in producing more precise and customised forecasts in situations involving 
flexible payment terms or non-observance of contractual terms. 

 Payment Terms: Payment terms refer to the conditions in a contractual relationship regarding when payments are due or 
required, e.g., Net 30, Net 60, or Early payment discounts. Such terms establish the threshold for the expected payment and 
determine the assumptions of the cash flow model. During the prediction, by incorporating payment terms, the model can 
distinguish between delayed payments and those still within the agreed-upon interval. 
 

3.3. Feature Engineering 
 

 
Figure 4. Feature Engineering 

 
 Average Days Sales Outstanding (DSO): The Average Days Sales Outstanding (DSO) is a benchmark that shows the average 

number of days during which a business can earn an income in terms of repayment of money paid after a sales transaction. 
[14-18] It offers knowledge on whether its credit and collections procedure was efficient in the organization. High DSO 
indicates an absence of timely payments or a strict credit policy, while low DSO indicates timely collection. Being a 
characteristic, DSO can enable the model to estimate the overall delay of cash inflow and allows for more precise prediction of 
the results of receivables. 

 Payment Delay Trends per Customer: The trend of payment delays per customer can be analysed, allowing the system to 
learn the past behaviour of each customer. Other customers might be consistent defaulters in terms of paying late, while 
some may fully adhere to the agreed-upon terms. This type of behaviour can be captured as a feature and adjusted by the 

machine learning model for each customer, without making generalised assumptions. This product-specific intelligence is 
crucial in enhancing the accuracy of forecasting. 

 Invoice Ageing Categories: Invoice ageing categories utilise categories to separate outstanding invoices based on the number 
of days they have been outstanding. Herein, depending on the number of days, invoices are categorised into buckets of 0-30 
days, 31-60 days, and greater than 90 days. The ageing analysis will reveal a picture of receivables that have not been received 
on time, as well as possible risk areas. Including these categories in the model enables it to consider the existing health of 
accounts receivable and identify patterns that can impact short-term cash flow. 

 Seasonality Indicators: Seasonality signals reflect periodic changes in transaction volumes and payment behaviour over time, 
e.g., monthly, quarterly, or annually. Several companies experience fluctuations in their current cash flow due to seasonal 
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sales patterns, end-of-fiscal period activities, or holiday slumps. Seasonality as a feature will enable the model to make more 
realistic predictions by considering this aspect, allowing for sufficient adjustments. 
 

 
Figure 5. Model Selection 

 
3.4. Model Selection 

 GBM: The Gradient Boosting Machine (GBM) is chosen due to its good predictive capabilities and high interpretability. GBM 
constructs a succession of decision trees with every tree correcting the shortcomings of the prior tree. This model is especially 
useful when it is necessary to highlight the importance of features and the relationship between predictor variables and the 
gauge answer. It is transparent, enabling finance teams to follow the influence of certain variables on the cash flow forecast, 
such as invoice ageing or customer behaviour, which is also appreciated in terms of transparency and decision-making. 

 LSTM: Long Short-Term Memory (LSTM) networks are a specialised type of recurrent neural network (RNN) that learns to 
capture long-term dependencies and time-dependent patterns. Modelling types of sequential patterns is where LSTMs have 
been found to perform well, e.g., a shift in payment patterns over time or due to seasonality in the context of cash flow 

forecasting. This qualifies them to simulate non-linear and complex financial behaviours predicated on multiple time steps, 
thus amplifying the system's ability to predict future inflows and outflows. 

 Stacked Ensemble: Ensemble method. Equipping different models with (a) GBM and LSTM can play to their strengths by 
leveraging a stacking-based ensemble approach to enhance accuracy of the overall prediction performance and to make it 
robust. In this design, the individual models generate separate forecasts, and a meta-model (which can typically be a simpler 
regression model) is learnt that knows how to aggregate the different forecasts according to their strengths. This is because it 
allows for compensating for the weaknesses of each particular model and making predictions more weighted and stable. This 
process enables the ensemble to perform better in predicting the desired values, compared to either interpretability or 
temporal sensitivity. 

 
3.5. Training & Validation 

During the model training and validation step, the historical financial data set, AR/AP invoices, customer payment history, and 
engineered features are divided into two parts: training data (70%) and test data (30%), respectively. By doing so, the model would 
have sufficient data to identify underlying patterns, and a different segment of the data would be used to assess the overall 
performance of validating the models. Models fitted to this training data include Gradient Boosting Machines (GBM), Long Short-Term 
Memory networks (LSTM) and the last stacked ensemble. The models discover links between inputs (e.g. payment terms, DSO, 
seasonality indicators) and the target variable (future cash flows) iteratively during training. In measuring the goodness and reliability 
of predictions, three standard regression performance metrics are applied, including Root Mean Square Error (RMSE), Mean Absolute 
Percentage Error (MAPE), and the R-squared (R²) Score.RMSE is very useful in penalising larger errors and is computed as follows: 
RMSE = √(Σ(yᵢ − ŷᵢ)² / n), where yᵢ is the observed value of Y, ŷᵢ is the forecasted value of Y, and n is the total number of 
observations.MAPE provides a measure of error in percentage, which helps determine the prediction accuracy of the target values.  

 

It is estimated as: MAPE = (100/n) × Σ(|yᵢ − ŷᵢ| / yᵢ)The R-squared score, also known as the coefficient of determination, is 
used to assess how much the model accounts for the variability of the target variable. The predictive power is strong when R 2 tends to 
be close to 1. The equation is: R² = 1 − (Σ(yᵢ − ŷᵢ)² / Σ(yᵢ − ȳ)²) in which ȩ is the average of the real values. A combination of these 
metrics provides a comprehensive picture of how accurately the model performs, the size of the error zone, and the explanatory 
capacity of the model, enabling one to evaluate the model's effectiveness on unknown data adequately. 
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3.6. Oracle Integration 
Oracle Integration is essential for facilitating the smooth flow of data and interaction among users within the elements of the 

cash flow forecasting system. Oracle integration begins with Oracle REST APIs, which provide standard, secure access to real-time 
transactional data from modules available in Oracle ERP Cloud, such as Accounts Receivable (AR) and Accounts Payable (AP). Such 
APIs would enable the system to fetch the applicable financial data automatically, including the status of invoices, due dates, customer 
profiles, and payment histories, without requiring manual work on its part. Through these APIs, the ETL layer can ensure the most up-

to-date and accurate data is incorporated into the model training and forecasting structure. The data is then stored and preprocessed 
in the Oracle Autonomous Database, which is fully automated, automatically managed, and auto-securing, providing a cloud-native 
database in the cloud that is also auto-mending. It is a pre-tuned platform with performance and scalability, which excels at managing 
large amounts of historical financial data and high-frequency transactions. In this database, data cleansing, transformation, and 
feature engineering operations are effectively performed with SQL and in-database machine learning functions.  

 
Such preprocessing ensures that the data becomes structured and enriched, and is provided to the machine learning models, 

thereby improving the quality of predictions. The final step involves presenting the results obtained by the cash flow predictor through 
an interactive and user-friendly interface created with the assistance of Oracle Visual Builder. It will be possible to create a responsive 
dashboard using this low-code development platform, which includes forecasted cash flows, trends of inflow/outflow, customer-level 
insights, and risk indicators. With Visual Builder, it is possible to integrate with Autonomous Database and REST APIs, ensuring up-to-

the-minute updates and active communication. Business users can view predictive insights on charts, filters, and drill-downs without 
needing to know the model behind the prediction. This end-to-end Oracle integration enables the finance team to make proactive, 
data-driven decisions based on real-time cash flow forecasts, providing them with the security, performance, and accessibility of the 
data. 

 

4. Results and Discussion 
4.1. Prediction Accuracy  

Table 1. Prediction Accuracy 

Model RMSE (%) MAPE (%) R² (%) 

GBM 19.23% 7.5% 91% 

LSTM 17.8% 6.2% 93% 

Ensemble 16.95% 5.8% 94% 

 

 
Figure 6. Graph representing Prediction Accuracy 

 

 GBM: Gradient Boosting Machine (GBM) model had an RMSE of 19.23 percent, a MAPE of 7.5 percent and a score of R 2 of 91 
percent. These findings demonstrate that GBM can be utilised as a method to generate accurate predictions that effectively 
explain the variance in the data. It has a fairly low error value and high interpretability, making it a good forecasting tool in 
financial contexts and a valuable tool in enterprise settings where explainability is essential. Nonetheless, it is slightly less 
accurate than models suited to make temporal analysis. 

 LSTM: The Long Short-Term Memory (LSTM) model performed better, with an RMSE of 17.8%, a MAPE of 6.2%, and an R² 
score of 93%, compared to GBM, which had an RMSE of 25.5%, a MAPE of 8.3%, and an R² score of 81%. LSTM is 
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advantageous because it has a high capacity to recognise sequential trends and long-term trends in time series data. 
Therefore, it is very effective in dealing with financial forecasts, where past trends are major contributors to future behaviour. 
These properties are associated with its lower error rates, which are linked to its better ability to reflect temporal dynamics in 
cash flow data; however, it is more computationally intensive than GBM. 

 Ensemble: The stacked ensemble model performed the most adequately, with an RMSE of 16.95%, an MAPE of 5.8%, and an 
R score of 94%. The ensemble model should offer more stable and accurate predictions, rather than just one of the two (BG 

or LSTM). It strikes a balance between interpretability and temporal modelling, mitigating the shortcomings of each model. It 
indicates that this hybrid mechanism is the most accurate and robust method of predicting cash flows, a factor that is crucial 
in determining strategic financial planning and decision-making. 

 
4.2. Business Benefits 

Business benefits are high with the implementation of a cash flow forecasting system based on machine learning, which 
streamlines operations and enhances visibility into the financial situation. The reduction in time and money spent on manual 
forecasting has also been another significant effect, resulting in a 75 per cent decrease. The finance departments typically use non-
interactive spreadsheets, refreshable spreadsheets, manual reconciliations, and rule-based estimations to forecast cash flows across the 
entire organisation. Still, the process is slow and prone to inaccuracies. The attendant implementation of the process would help the 
organisation considerably reduce labour hours and enhance process consistency and repeatability by automating data extraction, 

preprocessing, and forecasting through in-built Oracle systems and machine learning models. The other outstanding advantage is a 25 
per cent improvement in forecast accuracy compared to conventional rule-based or heuristic approaches to forecasting. Rule-based 
systems have a tendency to overlook customer payment behaviour, exception cash flow, or seasonal variations. Machine learning 
models, on the other hand, can be trained on past patterns, adapt to changing information, and make more realistic and personalised 
predictions (especially when using the ensemble approach).  

 
This improvement in accuracy will enable financial planners to make well-informed decisions regarding working capital, short-

term investments, and credit management, resulting in greater financial resource utilisation. Moreover, the system also provides real-
time information on the organisation's cash position due to the continuous integration with Oracle ERP Cloud using REST APIs. 
Financial stakeholders can examine inflows and outflows over time, and they are not limited to previous month or quarterly reports. 
The interactive dashboards, constructed with the help of Oracle Visual Builder, show current forecasts on cash, highlight risk spots 

such as overdue receivables, and enable modelling of scenarios. The operational agility, coupled with real-time visibility, can help 
leaders make positive moves to avert liquidity risks, optimise vendor payments, and implement positive changes in customer credit 
policies. Comprehensively, this smart prediction tool would lead to increased efficiency, accuracy and responsiveness in the financial 
management process, which is appreciable to the business. 

 
4.3. Limitations 

Despite the major advantages of the machine learning-based cash flow forecasting system over conventional systems, there are 
hidden limits. Among the main limitations, it is worth noting that the model's accuracy relies strongly on the nature, thoroughness, 
and consistency of the input data. As the models are trained based on historical information obtained from the AR and AP modules of 
Oracle ERP, any mistake, such as missing payment details, incorrect invoice status, or customer record inconsistency, can occur during 

the feature engineering process and subsequently distort the predictive results. In addition, delays in data synchronisation or the 
presence of older records may generate a lag in the forecasts and render them of no value in real-time decision-making cases. In this 
regard, it is essential to clean and organise the financial data effectively, so that the model's effectiveness can be sustained. Among 
other weaknesses, it is worth noting that the existing version of the forecasting model does not account for external economic 
indicators or macro factors. Variables such as interest rates, inflation, supply chain disruptions, geopolitical events, or industry-specific 
economic trends can have a significant impact on cash flow dynamics but are not reflected in the original model structure.  

 
This marginalisation restricts the model's versatility to abrupt changes within the external business environment, particularly 

in economically unstable periods. For example, a downturn or shifts in government fiscal policies may affect customer payment 
patterns or vendor schedules - something that would not be captured by a model based solely on internal ERP data. These 
shortcomings can point to future improvements and the need to integrate external data sources, as well as create a mechanism for 

anomaly detection and data validation. Although these existing gaps represent real value to businesses in terms of automation and 
accuracy provided by the existing system, narrowing them will be crucial to making the model more resilient, dynamic, and 
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situational. The combination of both financial and economic signals into a hybrid approach may even more enhance the forecasting 
framework and planning of strategic finance. 

 

5. Conclusion 
The presented paper describes an entirely predictive and automated method for running cash flow forecasting in Oracle ERP 

Cloud using machine learning. A static and usually manual process, in which forecasting methods are error-prone and even erroneous, 
is replaced by a data-driven, intelligent system that can accurately predict future cash flows using prior Accounts Receivable (AR) and 
Accounts Payable (AP) records. The solution utilises the customer's payment history, payment terms, and transactional patterns to 
model and predict their inflows and outflows, generating dynamic and more accurate forecasts. Important machine learning 
algorithms, such as Gradient Boosting Machines (GBM), Long Short-Term Memory (LSTM) networks, and a stacked ensemble, are 
used to achieve a high level of predictive accuracy. The models are integrated into a powerful architecture that utilises Oracle REST 
APIs to extract data, Oracle Autonomous Database to secure and perform data analysis, and Oracle Visual Builder to create a real-time 

dashboard. The output is an enterprise-ready and scalable forecasting solution that eliminates up to 75 per cent of manual work, 
thereby enhancing forecast accuracy by 25 per cent compared to conventional rule-based techniques. 

 
In the long-term perspective, it is possible to introduce several improvements to make the system even more efficient and 

applicable. The first is the inclusion of macroeconomic indicators, such as inflation levels, interest rates, and market movements, 
which may provide a wider scope for the economy and enhance its sensitivity to exogenous shocks. Support for multi-currency global 
forecasting is another important extension, making it possible to forecast cash positions in different regions and take into account the 
exchange rate and local financial practices of an organisation operating in various countries. Additionally, the system could be applied 
to reinforcement learning techniques that have the potential to become more adaptive over time, allowing the system to learn 
continuously through outcomes instead of forecasting solutions and optimising strategies through feedback loops and the dynamics of 
business changes. Ultimately, the system should integrate machine learning and automation directly into ERP transactions, thereby 

creating a solid foundation for future financial operations. It also moves cash flow forecasting out of the passive realm into the context 
of being proactive, insight-based. It helps in making better decisions, reducing risk, and implementing strategic steps towards effective 
financial planning. This is an essential step toward the next wave of financial automation, as intelligent systems become more 
prevalent in organisations seeking to improve efficiency and agility. Not merely pursuing the prediction of what will happen, but also 
the ability to take action based on predictions and information throughout the enterprise. 
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