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Abstract - Maintaining liquidity, mitigating financial risks, and 

making strategic business decisions in today’s enterprises 

require accurate cash flow forecasting. Unfortunately, the 

native forecasting features of the SAP ERP are often 

constrained by outdated input streams, static data assumptions, 

and rigid model structures, severely impeding responsiveness 

and accuracy. This study proposes and evaluates the                    

results-focused integration of UiPath robotic process 

automation (RPA) with predictive analytics to improve short 

and medium-term cash flow forecasting in SAP environments. 

We automated real-time data extraction from SAP FI, FI-CA, 

and bank interface modules, then employed machine learning 

and deep learning models (regression trees, LSTM networks, 

and ensemble methods) to demonstrate substantial gains in 

forecasting accuracy, cycle time, and exception handling. The 

framework was tested on large data sets from multi-currency, 

multi-business unit enterprises, achieving forecast accuracy 

improvement estimates of 15% to 28% compared to SAP’s 

baseline predictions. Aside from significantly reducing manual 

effort associated with forecast preparation, automation also 

expedited scenario-based liquidity analysis while enhancing 

governance through exception-based audit logging. These 

results provide a proven scaling architecture for intelligent             

real-time cash forecasting that is reliable and compliant, placing 

RPA and AI at the core of cash management operations of the 

future, and integrating deeply within ERP systems. 

Keywords: Cash Flow Forecasting, SAP ERP, UiPath 

Automation, Predictive Analytics, Treasury Management 

I. INTRODUCTION 

1.1 Importance of Accurate Cash Flow Forecasting in 

Enterprise Finance 

Forecasting cash flow aids in determining the ‘financial 

health’ and liquidity position of any enterprise. Moreover, in 

situations of increased uncertainty regarding market 

conditions, multi-currency dealings, stringent control on the 

movement of capital, a slight deviation in anticipating the 

inflow or outflow of funds can lead to a payment default, 

funds being idly set aside with no productive use, or 

inefficient borrowing (Kumar, 2024). Finance leaders of 

enterprises have started appreciating that accurate forecasting 

is not just a measure of compliance or a reporting burden, but 

a strategic imperative for optimizing treasury operations, 

enabling proactive resource allocation, and minimizing 

exposure to short-term financing costs (Mohammadi, 2024). 

Finance executives and treasury functions now have the 

added responsibility of proactively managing available 

funding, forecasting shortages with sufficient lead time, and 

instilling confidence among internal and external constituents 

regarding cash liquidity (Rabet & Mousavi, 2017; Ammanath 

et al., 2022). This life becomes even more important in large-

scale SAP ERP implementations where numerous business 

units, ledgers, currencies, and time zones converge. Such 

forecasting helps in creating buffers for liquidity reserves, 

aligning payments with vendor schedules, timing for 

intercompany and intra-group transactions, dividend 

payments, capital outlays, and even mergers and acquisitions. 

Additionally, the shift to predictive rather than reactive 

treasury management is increasing the need for integrated 

automated systems with always-on access and sophisticated 

data intelligence (Folkerts et al., 2023). 

Even though SAP provides basic functionalities like Cash 

Management, Cash Position, and Liquidity Forecast, their 

reliability and adaptability are bound by stale assumptions 

and data workflows. With increasing volatility in receivables, 

customer behaviour, and global supply chains, enterprises 

require more explainable and agile solutions. The augmented 

need for reliable predictive analytics and adaptive cash 

forecasting has transitioned from optional enhancement to 

operational necessity (Adesina et al., 2025; Karimov & 

Sattorova, 2024). 

1.2 Limitations of Native SAP Forecasting and Manual 

Methods 

For all its strong frameworks, SAP’s financial modules 

architecture seems to struggle with cash forecasting in the an 

ever demanding treasury operations landscape (Barnabas & 

Oloyede, 2024). These constraints are not only a consequence 

of the standard forecast tool’s configuration design, but rigid 

interfacing logic throughout FI, FI-CA, MM, CO, and others. 

Standard forecasting reports usually use sophisticated 

historical open items as a linchpin and set parameters based 

on preplanned liquidity items. There is no robust intelligent 

inflow pattern reaction and high velocity payment behaviour 

probability modelling for expenditure recurrence (Ionescu & 

Neghina, 2021). 

http://www.trp.org.in/
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Even after the deployment of ERP Systems, manual 

forecasting remains common. It adds another layer of risk and 

inefficiency into the organization’s operations. SAP exports 

spreadsheets which aren’t live linked to data sources and only 

reconciled during weekly or monthly intervals (Khatri et al., 

2024). Timing mismatches, manual entry errors, and 

misalignment of cash flow drivers between divisions create 

conflict. In addition, root-cause identification is highly labour 

intensive and lacking in auditability when forecast 

inaccuracies arise. 

This table I explains the theorical systemic bounding of the 

described above. It compares common gaps on SAP’s native 

forecasting modules and manual forecasting methods. The 

comparison depicts lack of exception and scenario planning. 

Additionally, lack of consideration of data timeliness add to 

the gap. 

TABLE I COMMON GAPS IN MANUAL AND SAP-BASED 

FORECASTING APPROACHES 

Forecasting 

Dimension 

Manual Method Standard SAP 

Forecasting 

Data Freshness Lagged data updates; high 

dependency on spreadsheet 
refreshes 

Relies on scheduled 

batch jobs or periodic 
updates 

Forecast 

Horizon 
Flexibility 

Limited to short-term 

views (weekly/monthly) 

Preset horizon 

windows; hard-coded 
configurations 

Input 

Granularity 

High-level summaries; 

lacks line-item detail 

Moderate granularity 

but static in nature 

Exception 

Handling 

Handled through offline 

notes or emails 

Error messages often 

hidden in background 

jobs 

Scenario 
Planning 

Manual adjustments 
without modelling 

Limited support for 
dynamic simulation 

Integration with 

Treasury Tools 

Not integrated; multiple 

disconnected tools 

Partial integration 

with cash 

management modules 

Auditability 

and Trace Logs 

No standardized logging 

mechanism 

System logs available 

but not always user-

friendly 

This table captures the wide gap in both manual and SAP-

native paradigms of forecasting which constrain the 

timeliness needed in enterprise-scaled financial 

environments. The agile need to bridge these functional gaps 

is primary reason of real-time ERP integration with 

automation and data science.1.3 Contribution of UiPath and 

Predictive Models on Visibility Augmentation 

1.3 Role of UiPath and Predictive Models in Enhancing 

Visibility 

In response to the issues recognized, this research proposes a 

cohesive solution in which UiPath robotic process 

automation (RPA) is utilized for the dynamic extraction, 

cleansing, and pipelining of financial data from SAP into 

predictive analytics models (Viswanathan, 2024). By 

removing dependencies on manual processes, data 

availability is streamlined and cleansed. Serving as the 

foundation of an ever-evolving forecasting engine, the UiPath 

bots enable automatic data cleansing. Unlike SAP traditional 

forecasting runs, where user interaction or background job 

scheduling is requisite, the RPA-driven paradigm supplies 

real-time data retrieval, transformation, and storage into data 

lakes and ML serving environments. 

As servicing RPA predefined requisites, the data is extracted 

and staged. Predictive models, consisting of regression trees, 

ARIMA, LSTM neural networks, and ensemble learners, are 

trained on seasonality detection alongside customer payment 

lag and transaction outlier behaviour (Siami-Namini et al., 

2019). Cash inflows from open accounts receivable, planned 

outflows from payables, recurring commitments such as lease 

payments and salaries, and unplanned volatility captured 

statistically are modelled. Forward-looking predictive 

analytics enhance forecast accuracy while backward-looking 

reconciliation is rendered obsolete. 

UiPath enhances process standardization by incorporating 

exception logging, retry logic, and real-time dashboard 

notifications into its workflows. Consequently, forecast 

breaks, source mismatches, and rate deviations are not only 

identified but also systematically escalated through 

automated triage mechanisms (Bhardwaj, 2023). Such a level 

of operational intelligence cannot be achieved through SAP's 

standard configuration or manual spreadsheet calculations. 

With the integration of RPA and AI, forecasting transforms 

from a static batch report into a self-healing ecosystem. 

Treasurers no longer spend their time aggregating data or 

updating macros; instead, they focus on analysing anomalies, 

evaluating financial stress, and strategically calibrating 

actions (Golait et al., 2025). This signifies a change from 

operational firefighting toward proactive strategic cash 

control framing. 

1.4 Scope of the Study and Expected Contributions 

The main objective of this research is to empirically assess 

the effectiveness of a cash flow forecasting model enhanced 

by UiPath and machine learning, built within the SAP ERP 

financial modules. Its scope includes both the technical 

implementation and the assessment of financial results from 

the three core dimensions: accuracy, speed, and transparency 

of the forecasting execution. This research aims to blend end-

to-end orchestration, dynamic data manipulation, and 

predictive intelligence into a single cohesive approach, unlike 

previous research constrained to batch forecasting or RPA 

siloed use-case studies. This study aims to create a replicable 

and scalable solution. 

The research evaluates the suggested framework within the 

context of high-volume SAP deployments that include cash-

heavy business units like manufacturing, distribution, and 

service centres. Forecasting was done for short (7 days), 

medium (30 days), and rolling-horizon (90 days) timelines. 

The predictive models were benchmarked against SAP's 

Liquidity Forecasting and Cash Positioning benchmarks, as 

well as against Excel-based forecasts produced by finance 

professionals from the company's internal finance 

departments. 
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Blueprints for automated data pipelines employing UiPath 

within SAP contexts, proffering governance models for 

exception routing and audit compliance while exception 

governance structures were also defined, and forecasting 

model performance evaluation in lead time and acceptable 

error range extremes represented some of the key 

contributions. Explanation of automation's impact on treasury 

decision processes broadened the study's scope, 

demonstrating the degree to which confidence in cash 

positioning predictions, working capital requirements, and 

short-term financing needs optimally dictated forecast 

accuracy and responsiveness. 

This research sets a paradigm in the realm of forecasting 

within a framework of digital transformation of finance by 

providing the industry with a complete automation, 

intelligence, and integration one-stop enterprise forecasting 

system. 

II. LITERATURE REVIEW 

2.1 SAP Cash Management: Standard Tools and 

Forecasting Workflows 

Cash circulation and their liquidity within the enterprise has 

long been structured using SAP ERP along with the tools it 

provides. These tools include the positioning of cash, 

liquidity analysis, and short term forecasting (Liao & Liu, 

2022; Amer et al., 2025). Important components include 

modules such as FF7A (Cash Position), FF7B (Liquidity 

Forecast), as well as more recent advanced capabilities 

through SAP Cash Management powered by HANA. These 

features enable finance personnel to manage bank balances, 

accounts payables and receivables, and analyse working 

capital requirements over a cross entity basis for a 

conglomerate (Joshi & Singh, 2024). 

While these tools are configurable, not embracing dynamics 

such as core FI modules like FI-GL, FI-AP, FI-AR, and 

Treasury, these tools remain static (Zhang, 2012). These tools 

operate on static frameworks where forecasted items are set, 

such as itemized liquidity and line item liquidity data extract, 

pre-set mapping of liquidity item frameworks, and report 

extraction based on preset rules. Deterministic forecasting 

devoid of dynamic behavioural and probabilistic forecasting 

factors dominate with open items, vendor due dates, or 

contract-based obligations serving as requirements for 

itemized forecasting. Moreover, static forecast horizons that 

are preset and fixed stretch in the short term with no 

allowance for operational or strategic shifts and agile 

adjustment is near impossible. 

The literature parts recount SAP’s native tools as satisfactory 

for reporting current liquidity positions, while highlighting 

their shortcomings with proactive or predictive planning. 

Issues are still present in the solutions’ flexibility, real-time 

responsiveness, and customization potential without 

technical ABAP changes, despite the improvements brought 

by the Integration with the Universal Journal (ACDOCA) and 

the visibility offered in the Liquidity Planning solution in 

S/4HANA (Gunturu, 2024). 

2.2 Evolution of RPA and AI in Corporate Treasury 

Functions 

The combination of robotic process automation (RPA) and 

artificial intelligence (AI) has created new opportunities in 

corporate finance and treasury, particularly in cash 

management where transactions are numerous (Siderska, 

2021). Leading automation vendors such as UiPath, Blue 

Prism, and Automation Anywhere have developed 

technologies that allow bots to capture and log data using 

ERP systems and perform posting and reconciliation tasks 

without modifying the fundamental system logic. 

The use of RPA technology has found special applications in 

the treasury functions of automating vendor payments, bank 

reconciliations, and rate feed uploads (Shirzad & Rahmani, 

2024). Its use in forecasting, however, is fairly recent. For 

example, bots are starting to be tasked with automating the 

extraction of real-time cash inflow and outflow information 

from the SAP system such as open receivable/payable items, 

bank statement balances, and commitments that are expected 

to be incurred, and feeding them into predictive analytics 

engines. This kind of automation eliminates latency in data 

pipelines and guarantees that forecasting data inputs are 

based on the most updated information available about the 

enterprise. 

At the same time, AI models, particularly in the form of 

regression trees, support vector machines, and neural 

networks, have been implemented for cash forecasting 

purposes in banks and large corporate clients. These models 

can learn from historical data and adapt to new changes of 

different seasonal patterns, shifts in payment behaviours, or 

other macroeconomic changes. The advent of hybrid systems 

where RPA provides real-time data and multivariate 

forecasting is done through AI is very appealing, as it 

combines the two most important attributes of any system - 

speed and finesse. 

2.3 Predictive Analytics Models in Financial Forecasting 

The past decade has seen a considerable shift in the scope of 

predictive modelling techniques with the incorporation of 

ensemble models and deep learning strategies, as opposed to 

solely relying on time-series methods. While mathematically 

simple, earlier models like moving averages and exponential 

smoothing are limited by a lack of multifactor influence and 

are unable to account for sudden behavioural changes 
(Makridakis et al., 2018). Statistically inclined models also 

attempt to address these limitations, for example, ARIMA 

adds autoregression and integration components which 

enables better performance in varying conditions. 

Financial forecasting has benefitted from the adoption of 

machine learning, especially tree-based algorithms such as 

XGBoost and Random Forest that efficiently process large 

quantifies of structured data, owing to their adeptness at 
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capturing nonlinear relationships (Chen & Shi, 2021). More 

recently, time series forecasting has been transformed by 

deep learning models, particularly LSTM (long short-term 

memory) neural networks, which excel at capturing long-

range dependencies, especially for cash inflow cycles or 

payments influenced by calendar sales trends. 

In analysing the effectiveness of the various models for 

financial forecasting, Fig. 1 shows a bar chart depicting the 

mean absolute error (MAE) for the following techniques: 

moving average, ARIMA, ML with XGBoost, and RPA-

Augmented ML. The results clearly demonstrate that the 

predictive accuracy significantly improves with the 

application of modern ML models and is enhanced even more 

when RPA feeds real-time information into the models. Both 

modelling sophistication and the currency of input data are 

fundamental in determining the outcome, as evidenced by the 

reduction of MAE from 12.5% with moving averages to 4.7% 

with RPA-augmented ML. 

 

Fig. 1 Forecasting Error Across Techniques 

These results are in line with industry standards which claim 

that traditional SAP forecasting lags behind performance in 

fast-paced environments, primarily due to data latency or 

human assumptions that slow down agile responsiveness. 

2.4 Identified Gaps in Accuracy, Granularity, and Data 

Responsiveness 

While automation and modelling improvements within 

industries have classically altered the forecasting landscape, 

there are still existing gaps, especially concerning data 

sensitivity and granularity. The accuracy of most predictive 

systems is highly a function of the quality, frequency, and 

granularity of their input streams. In SAP ERP systems, this 

information comes from various modules, each with its 

proprietary posting logic and user cycle behaviour 

reconciliation, consolidation, and posting workflows. Cash 

forecasting output accuracy is impaired by delays in AR 

posting, vendor confirmations, or internal settlements. 

To assess data latency's impact further on forecast quality, 

Fig. 2 depicts the interplay of forecast error and input data 

delay using three modelling techniques: ARIMA, XGBoost, 

and RPA-augmented ML. The heatmap illustrates that error 

rates sharply increase as the recency of the input data 

deteriorates. Delay of over 8 hours caused ARIMA-based 

forecasts to experience more than 10.1% error, while 

XGBoost encountered an 8.7% error. Though, the RPA-

augmented model’s ability to respond and adapt to real-time 

or near real-time information lowered error to 6.0%. 

 

Fig. 2 Forecast Error vs Input Data Latency 

It reiterates that automation goes beyond being an assistive 

mechanism; it is a fundamental driver of improvement in 

forecasting accuracy. Models perform poorly without RPA 

uninterrupted and clean data flow maintenance. This 

highlights the primal constraints of SAP forecasting 

processes which are bound to standard procedures that 

operate on batch jobs or refreshing data at set intervals, 

introducing an inflexible chronometric latency. 

Furthermore, the literature available on explainable and 

compliance aspects of AI-based forecasting within ERP 

frameworks is sparse. Machine Learning (ML) models 

achieve precision; however, they operate as “black boxes,” 

providing insufficient transparency for audits and regulatory 

scrutiny, hampering traceability and transparency needed for 

audit trails and regulatory reviews. Integrated governance, 

logging, and exception handling intelligence forecasting 

demands sophisticated oversight while maintaining seamless 

integration with the forecasting systems. 

III. METHODOLOGY 

3.1 SAP Cash Flow Components and Data Extraction Layers 

In the ERP system, achieving visibility into traditional 

accounts receivable (AR), accounts payable (AP), and 

diverse financial elements, such as bank statement feeds, 

purchase order schedules, payroll commitments, tax accruals, 

and sales order pipelines, is crucial for effective cash flow 

forecasting. In SAP systems, this data is partitioned across 

multiple modules—principally FI-GL, FI-AR, FI-AP, and 

Cash Management (CM)—along with dependencies on both 

master data and transaction-specific tables like BSEG, BKPF, 

and FEBAN. 

As part of the comprehensive forecasting dataset 

construction, the study designed a data extraction layer that 

incorporated real-time values from open AR and AP ledgers, 

consolidated bank positions, monitored sales order 
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confirmations (VA05/VA03), and recurring cash movements 

related to RCC cost centres. The design of the extraction 

mechanism intended to accommodate both ECC and 

S/4HANA environments, regional configurations, and 

variations in liquidity item mapping and payment term logic, 

resulting in flexible design criteria. 

A decisive factor was making sure that this raw SAP data 

could be captured and sent to a forecasting model in near real 

time. Exports performed manually or by ABAP background 

jobs were considered insufficient since they added additional 

latency and governance over refresh rate was virtually non-

existent. This is what prompted the use of automation bots for 

data integration as the development layer. Detailed 

explanations are provided within the next subsection. 

3.2 UiPath Workflow Design for Real-Time Data Pipeline 

Creation 

Robo process automation through UiPath was used to 

automate SAP logins, scroll to specific transaction codes, and 

extract line item data which was ingested into structured data 

lakes. The bots were designed to execute on a schedule in 

sync with business activity—every 2 hours during peak 

transactions and every 6 hours during non-cycle periods. 

Embedded trigger logic was designed to react to events in the 

system such as new vendor invoice posts, FB60 or payments 

incoming via F110 clearing. 

Every bot created logs for all activities including, but not 

limited to, execution time, system latency, row count, and 

exceptions. Real-time monitoring by treasury operations was 

made possible when these logs were integrated into UiPath 

Orchestrator dashboards. A different set of bots verified the 

extracted information's completeness and consistency prior to 

passing it on to the predictive models. The bots sent alerts to 

human analysts in cases where system inconsistency such as 

duplicate entries, currency code mismatches, or posting 

delays were identified. 

With the automation design, not only was data latency 

optimized, but the consistency of extraction logic across 

regional SAP configurations was also improved. Such 

uniformity was critical to making certain that the predictive 

models received a harmonized data set without additional 

manual cleansing or normalization needed in the processes 

further downstream. 

3.3 Predictive Model Selection: Regression, LSTM, and 

Ensemble Approaches 

After developing the real-time pipeline, we trained and 

evaluated a suite of models for forecasting accuracy. The 

evaluation candidates included linear regression, ARIMA, 

and XGBoost (a gradient boosting ensemble model), LSTM 

(a recurrent neural network variant), and a hybrid architecture 

merging RPA-driven data ingestion with XGBoost for real-

time forecasting. 

Some raw data were transformed by feature engineering to 

yield time-based variables (week of month, quarter-end 

flags), categorical variables (customer risk ratings, region), 

and aggregates with rolling windows (trailing 7-day inflow 

average). All these features were used for training the models 

with an 80/20 train-test split, supplemented with time-series 

out-of-sample validation holdouts. 

Fig. 3 demonstrates how diverse input signals were treated by 

different models by showcasing the importance of selected 

input features: Open AR, Vendor Due Dates, Bank Balances, 

Sales Orders, and Recurring Expenses for XGBoost and 

LSTM models. Both models exhibited strong focus on 

accounts receivable and vendor terms, but divergence 

emerged between the models. XGBoost relied more heavily 

on bank balances, while LSTM devoted more attention to 

successive input values like recurring expenses. 

 

Fig. 3 Input Feature Importance Across Forecasting Models 

These lessons shaped how future data collection would be 

planned, specifically in feature extraction where impact is 

high and capture resolution and temporal lag is low. 

In benchmarking model accuracy, all inputs to the XGBoost 

model are one of the listed features, while performance is 

measured with XGBoost’s own accuracy (100 – MAE% in 

this context). It is with no surprise that RPA-augmented 

XGBoost model significantly outperformed others, achieving 

95.2% accuracy because of the timeliness and granularity of 

inputs provided, which once more illustrates the direct 

relationship between forecast input features and performance. 

TABLE II FORECASTING MODELS, INPUT SOURCES, AND 
ACCURACY SCORE COMPARISONS 

Model Primary Inputs Accuracy 

(%) 

Linear Regression Bank Balances, AR/AP Totals 78.3 

ARIMA Time Series of Net Cash Position 82.6 

XGBoost Open Items, Sales Orders, 

Vendor Terms 

89.4 

LSTM Sequential Cash 

Inflows/Outflows 

91.1 

RPA-Augmented 

XGBoost 

Live SAP Extracts via UiPath, 

Forecast Triggers 

95.2 

In table II the determined results deepen the understanding of 

the relationship automation has with model complexity and 

overall forecast quality. Moreover, they confirm that RPA 

serves more purpose than just a form of convenience; it is in 
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fact a strategic advantage when relied on to stream real-time 

data into sophisticated models. 

3.4 Forecast Horizon Structuring and Accuracy Benchmarks 

The tendency of forecasts to be less accurate further out in 

time indicates a need for evaluation in model carving along 

time-based intervals. In this research, I undertook four 

primary horizons, namely 7-days, 30-days, 60-days, and 90-

days, for North America, Europe, Asia Pacific and Latin 

America. Each region received a forecast on a daily basis, 

while the deltas of the cash position were used to measure 

performance through Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE) and directional accuracy (i.e. 

predicting the direction cash would move accurately). 

Fig. 4 highlights the levels of forecast accuracy attained 

across the four regions and four time horizons. The models 

enhanced with RPA demonstrated superiority during the 3-

month period and did not dip below 84% accuracy. North 

America had the highest forecast accuracy due to the more 

stable customers as well as stronger standardization of the 

SAP configuration. The Asia Pacific and Latin America 

regions scored lower due to more volatile payment schedules 

and consolidation across multiple entities. 

 

Fig. 4 Forecast Accuracy by Time Horizon and Region 

These findings strongly support the operational liquidity 

based forecast deployment when the horizon is shorter while 

pointing to strategic model forecasting when the horizon is 

longer as long as uncertainty in the model governance is well 

managed and articulated. 

IV. EXPERIMENTAL SETUP 

4.1 Dataset Structure: Cash Inflows, Outflows, and Bank 

Statements 

The framework validation for forecasting was performed 

using real-time enterprise datasets from SAP ERP systems, 

including ECC and S/4HANA, Documents, as well as across 

several types of overarching transactions critical for cash 

flow analysis and were segmented into cash inflows: accounts 

receivable collections, customer payments, and interest 

income; outflows: vendor payments, employee salaries, tax 

payments, lease payments, and dynamic bank balances from 

SAP’s Bank Communication Management BCM module and 

external MT940 statements. 

In the 90-day period of the study, data from five major 

business units—manufacturing, retail, logistics, IT services, 

and pharmaceuticals—were analysed, that contributed over 

28,000 distinct cash-related transactions. Each unit injected a 

certain level of complexity into the forecasting pipeline. For 

example, the manufacturing division displayed predictable 

high-volume AR AP cycles. The pharmaceutical unit, 

however, added regulatory delays and compliance holds 

which translated to unpredictable outflow delays. 

The dataset also incorporated committed expenditures like 

purchase orders and payroll rosters that were extracted 

manually from SAP Commitment Management (FMIOI) and 

scheduled using UiPath bots. Each expenditure was time-

stamped, marked with a currency symbol, and allocated to the 

right legal entity and cost centre. Because of its volume, 

diversity, and granularity, the dataset a dependable 

foundation for stress-testing the model's realistic 

applicability. 

4.2 UiPath Trigger Conditions and Model Deployment 

Protocol 

In order to perform the data live delivery from SAP to the 

forecasting engine, UiPath bots were designed to operate 

under two types of triggers: time schedulers and event-based 

changes in SAP. Scheduled runs were set to occur every four 

hours during business days, with overnight consolidated 

batch runs for global entities. Event-driven triggers reacted to 

important SAP document types FB60 Vendor Invoices, F110 

Payment Runs, F-28 Incoming Payments. Custom triggers 

were also created for Intercompany Settlement and 

Commitment Item status changes. 

The data was transferred through encrypted APIs to a central 

data warehouse, where it underwent preprocessing including 

several pre-built transformation layers. The data was later 

ingested by the forecasting models hosted in containers of the 

cloud environment. Model execution was performed using 

Python APIs that were exposed as RESTful services, 

allowing model run time control as well as cash flow 

forecasting for 7, 30, or 90 days ahead, and selection of the 

business unit. 

Logs of bot activity, transaction exception summaries, and 

telemetry relating to model run time were encapsulated 

within the UiPath Orchestrator and SAP Solution Manager, 

which provided traceability and governance throughout the 

forecasting workflow. 

4.3 Evaluation Parameters and Performance Logging 

Mechanism 

The forecasting performance was assessed using three 

benchmarks: mean absolute error (MAE), execution run time, 

and forecast direction accuracy (which checks the correct 

prediction of cash movement direction). All these measures 
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were derived at both the individual transactions and the 

aggregated net cash values. Measurements of runtime 

commenced at the initiation of the bot triggers and were 

clocked until forecast outputs were provided at the reporting 

layer. 

Based on Fig. 5, the forecast discrepancies differed across the 

business units, with the least volatile outcomes in retail (2.6% 

MAE) and IT services (2.9%) regions. These segments had 

more stable invoicing cycles and uniform terms with vendors, 

reducing variability. On the opposite side, logistics (4.1%) 

and pharmaceuticals (3.5%) error rates were higher due to 

complex dynamic shipment delays, foreign currency payment 

settlements, and payment holds due to compliance services. 

 

Fig. 5 Forecast Deviation Across Business Units 

The distribution of forecasting input sources within the 

company is depicted in Fig. 6, showcasing the significance of 

each input category. Open AR drew from 30% of the total 

inputs which underlines its critical position in predicting cash 

inflow. Scheduled outflows were also important in the form 

of committed expenditures and vendor AP which contributed 

a combined 45%. Bank balances, which are often current but 

serve more as an anchor than a predictive element, 

contributed 15%. Sales orders and flags designated by the 

budget spent the remaining 10%. 

 

Fig. 6 Distribution of Forecasting Inputs by Type 

Model performance in relation to five selected scenarios is 

captured in Table III with the total transactions processed, 

MAE, and average runtime included. The model’s scaling 

capabilities were especially noteworthy, as even in highly 

intricate multi-currency or volumes workloads, runtime per 

forecasting cycle remained under 3.5 seconds. Across all 

scenarios MAE remained under 4.2% with retail case 

achieving the lowest error and logistics case the highest 

where lead-time variability caused temporal forecasting 

distortion bias. 

TABLE III SCENARIO-WISE MODEL RESULTS: VOLUME, MAE, 

RUNTIME EFFICIENCY 

Scenario Transactions 

Forecasted 

MAE 

(%) 

Avg. Runtime 

(sec) 

High-Volume 

Manufacturing 

8200 3.2 2.8 

Retail Chain with 

Variable AR 

6100 2.6 2.5 

Multi-Currency 

Logistics 

4500 4.1 3.4 

Service Contracts and 

Payroll 

3900 2.9 2.2 

Pharmaceutical 

Compliance Hold 

5100 3.5 2.9 

The results here demonstrate bounded rationality of the 

forecasting framework spanning more organizational 

heterogeneity than previously presumed which not only 

implies high speed and accuracy, but versatility in structural 

depth, financial control, and maturity of the cross-operational 

framework. 

4.4 Integration Testing with SAP FI-CA and Treasury 

Modules 

For further integration outside the standard FI-GL boundary, 

the forecasting framework was checked against SAP’s 

Contract Accounts Receivable and Payable FI-CA module 

that is often used in public sector and utility contexts. The 

bots were designed to pull due items, instalment plans and 

dunning status indicators from the FKKOP and FKKZP 

tables, illustrating the elegance of customizing systems to 

specialized sub-ledgers. 

In addition, the SAP Treasury and Risk Management (TRM) 

system’s liquidity planning features were used for cross-

checking liquidity forecasts. This ensured compliance with 

policies concerning currency exposure, dependencies on 

working capital, and payment prioritization. Cash alignment 

was further validated during integration testing with external 

interfaces like cash pooling systems and global treasury 

dashboards. This was crucial in confirming that the 

forecasting outputs were capable of functioning as 

operational triggers alongside analytical tools for strategic 

liquidity provisioning, hedge execution, and credit line 

adjustments. 

V. RESULTS AND ANALYSIS 

5.1 Accuracy Improvements Over SAP Standard 

Forecasting 

Evaluating if the UiPath-automated predictive model 

outperformed standard SAP forecasting capabilities with 

regard to accuracy and error reduction was one of the most 

critical objectives of the study. Forecasting accuracy was 

evaluated based on the Mean Absolute Error (MAE) metric 
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for four horizon periods: 7 days, 30 days, 60 days, and 90 

days. The benchmarks were set using SAP’s embedded cash 

forecasting systems, Liquidity Forecast and Cash Positioning 

report. 

The MAE values for the UiPath-enhanced model have been 

illustrated in Fig. 7. It shows the model consistently achieved 

lower MAE values in 360 days time period. Along with this, 

SAP forecasts showed greater inaccuracy with longer forecast 

horizons - 7.5% at 7 days vs 13.1% at 90 days. However, 

UiPath exhibited better stability with MAE’s varying from 

3.2% to 6.0%. The 7-day horizon experienced the most 

dramatic improvement, lowering error by more than 50%. 

Furthermore, even at 90 days, the RPA-driven model cut 

deviation by more than 7% compared to SAP's default 

method. 

 

Fig. 7 SAP Forecast vs UiPath Model MAE Across Forecast Periods 

From the automation of the data processes, these results 

provide additional evidence of the model’s precision during 

long term planning scenarios, along with the sustained 

reliability of the forecasted performance. SAP’s static rule-

based methods work for short-range cash forecasting but 

struggle with payment delays, ad hoc commitments, and term 

variability. These methods lack elasticity. On the other hand, 

the automated pipeline with AI inference responded to the 

new data inputs in real time, enhancing the fidelity of the 

forecast. 

5.2 Automation Impact on Forecast Cycle Time and 

Decision Speed 

Improvements in forecasting did not only pertain to accuracy. 

One of the main advantages of automation was in lowering 

the forecast cycle time, which is the time period between the 

availability of data and the forecast delivery to the managers 

who need it. Before the implementation of the UiPath 

Framework, SAP cash forecasts were captured on a daily 

basis and delivered as part of a reporting ‘batch’ process. The 

data collection process was largely manual, with financial 

controllers extracting data reports from Accounts Receivable 

(AR), Accounts Payable (AP), and Business Cash 

Management (BCM), which had to be collated using 

spreadsheet macros. This manually driven approach yielded 

some forecasts within a 3 to 5 hour turnaround time, but this 

was highly inconsistent with other business units. 

The average time to generate forecasts across all use cases 

refreshed multiple times daily fell to under 3.5 seconds per 

batch with the automation of the data ingestion and model 

invocation processes with UiPath bots. Cash movement 

monitoring by treasury teams was enabled near real-time 

during the day. The increased speed in refresh cycles of data 

increase the velocity of decisions that can be made. CFOs 

along with treasury managers were able to take actions based 

on updated cash information within the same business day, 

eliminating the need to work with outdated information. 

Additionally, the instantaneous forecast generation 

capabilities enabled departments to conduct what-if scenario 

analyses on a more granular level. Earlier, these exercises 

were only performed prior to quarter-end closing or during 

acute liquidity stress periods. The ability to generate forecasts 

with near real-time responsiveness via integrated dashboards 

enabled many departments to transform scenario planning 

into a daily practice, which enhanced funding and 

expenditure prioritization agility. 

5.3 Variance Reduction in Daily Cash Positioning 

The accuracy and frequency of forecasts directly affected 

cash positioning, which is critical for enterprise liquidity 

management. There was significant variance in forecasted 

cash positions and actual cash positions prior to automation, 

where the variance often surpassed 10%. This resulted in 

reactive borrowing, excess reserves, or liquidity 

misallocations. These mismatches posed compliance risk, 

particularly under corporate treasury covenants requiring 

minimum daily balances. 

The level of variance dropped drastically as a result of the 

implementation of predictive automation. The daily net cash 

forecast was adjusted using a rolling receivable model that 

included vendor accounts payable, payroll, and recurring 

discretionary outflows. These changes lowered the daily 

mismatch in most regions to below four and a half percent, 

and in more stable areas like North America and Western 

Europe, as low as two point seven percent. The reduction in 

operational variance improved working capital availability, 

reduced interest costs associated with emergency lending, 

and enhanced returns on surplus capital through optimization 

of short-term investments. 

The system also allowed for dynamic liquidity buffer 

configurations. When forecasting suggested that daily 

variance would breach a defined tolerance limit (for example, 

±5%), the system would go beyond alerting and actually 

escalate these scenarios to the Treasury Control Centre for 

proactive mitigation. These safeguards were not integrated 

into standard SAP workflows and were purely manually 

enforced on an irregular basis. 

5.4 Risk Scenarios and Missed Commitment Forecasting 

No unusual exception cases can be omitted, even with the 

best performing models. To ensure strength, the forecasting 

system underwent several tests with different failure 
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scenarios, including: missing payment entry, payment posted 

after the expected date, and erroneous currency conversion. 

Using diagnostics provided by the UiPath bot, SAP document 

audit trails, and manual tracing, all the forecast misses, were 

systematically categorized and logged. 

A heat map identifying the areas of missed forecasts for the 

five SAP Modules: FI-AR, FI-AP, Bank Reconciliation, 

Commitments and Sales Orders is presented in Fig 8. Delayed 

bank reconciliations contributed the most to inaccuracies, 

with 14 missed settlements due to late confirmation activities. 

Significant contributions were also provided by manual 

overrides and incorrect mapping logic, especially in FI-AR 

and commitments modules where master data inconsistency 

and late data capture skewed actual versus forecasted flows. 

 

Fig. 8 Missed Forecast Categories by Root Cause and SAP Module 

The impact of the forecast quality on the strategic decisions 

of the enterprise was also evaluated. The influence on the 

confidence of the treasury’s decisions based on the various 

levels of forecast accuracy is depicted in Fig. 9. In 48% of the 

cases, decisions were made on the basis of high-accuracy 

forecasts (>95%) which enabled proactive investment or 

prepayment. In 37% of the cases moderate accuracy (85-

95%) was observed, treasury adopted wait-and-monitor 

approach. Only 15% of the cases (mostly multi-entity roll-

ups) where low forecast confidence was prevalent, did the 

decision-makers reverse or delay their original decisions. 

 

Fig. 9 Decision Impact by Forecast Accuracy Category 

The data confirms that precision of forecasts enhances the 

financial results of the company, improves confidence in 

automated support systems, and increases AI cash planning 

reliance resulting in greater organizational trust in the 

automated systems. 

VI. DISCUSSION 

6.1 Interpretation of Results and Business Implications 

The empirical evidence gathered from forecast accuracy, 

forecast cycle time, and cash position variance indicates a 

strong correlation that the incorporation of UiPath 

automation and machine learning forecasting far exceeds the 

performance of SAP’s native tools and manual cash planning 

workflows. The improvement in cash visibility and liquidity 

confidence, for some cases, surpassing 40%, demonstrates 

the material impact to Mean Absolute Error across all time 

spans. These benefits affect almost all areas of enterprise 

finance, ranging from tactical treasury operations, to strategic 

high-level financial planning. 

Now that forecasts can be executed within seconds instead of 

hours, the treasury planning workflow has been 

revolutionized. The daily liquidity meetings which used to 

rely on stale information are outdated due to model-driven 

fresh data which mirror SAP financials in real time and bring 

a new outlook on SAP financials and automate data. More 

significantly, the automation accomplished decoupling 

forecast quality from human effort. The elimination of 

manual reconciliation tasks has increased accuracy and 

simultaneously improved the focus of treasury staff to 

strategy, policy, decision making, and risk modelling. 

This not only represented a technical change, but also a 

cultural one. Treasury teams that were previously sceptical of 

AI-generated forecasts became much more trusting when 

outputs were accompanied by data-driven exception 

reporting, scenario validation tools, and traceable data 

extraction. Forecasts became not only accurate but also 

explainable, repeatable, and actionable. The real value is not 

eliminating the need for human judgment, but providing it 

with faster and more detailed insights. 

6.2 Enterprise Benefits in Working Capital Optimization 

The enhancement in forecasting resulted in effective working 

capital optimization, especially in short-term cash planning, 

credit line usage, and adjustments to payment cycles. 

Timelier and more precise forecasts improved float, 

minimized credit revolver utilization, and strategically 

redirected idle cash to early payment incentives or short-term 

investment opportunities. 

One of the most cited advantages was the change in over-

conservatism for liquidity buffers. Countless organizations 

had excess cash on hand to offset potential forecasting risks 

because of mitigation strategies. With the fully automated 

forecasting system, organizations were able to lower these 

buffers without increasing liquidity risk. This improvement 
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provided lowered interest costs, reduced dependence on 

costly overdraft facilities, and distributed capital across 

business units more freely. 

In multi-entity surroundings, centralized oversight within 

group subsidiaries resulted in improved cash pooling 

strategies. Previously, intra-company receivables (AR) and 

payables (AP) timing discrepancies across legal entities 

orbiting a central entity resulted in fragmented cash 

management and inefficient suboptimal intra-company loan 

structures. With harmonized data fed from SAP through 

UiPath and consistently structured by the predictive engine, 

balance funding position shifts within group structures 

became more efficient and external borrowing reduced while 

internal capital allocation improved. 

6.3 Explainability, Compliance, and AI Governance 

Predictive models, while adding sophistication, pose 

significant challenges associated with explainability, 

compliance, and data governance. Financial forecasting, 

especially in heavily regulated sectors such as banking, 

insurance, or pharmaceuticals, is expected not only to meet 

performance thresholds, but also provide an audit trail. 

Forecasts impacting liquidity risk must be explicable to the 

regulators, auditors, and internal risk committees. 

To resolve this issue, the system embedded multiple 

governance policies: exception logs generated by UiPath 

were clocked and cross-linked to notarized SAP documents; 

invoices tagged with model scorecards that included 

confidence intervals alongside the last cycle data ingestion; 

change control frameworks captured every parameter change, 

model update, and retraining session. This infrastructure 

captures and documents every flow, assemble processes, 

changes, and snapshot metrics leads to seamlessly tying 

forecast results directly with definable input assumptions and 

data streams. 

Significantly, the level of transparency granted surpassed the 

boundaries of the data science team. Finance and audit 

specialists could access detailed breakdowns of a forecast's 

logic including which input variables were overridden, the 

recency of the data, and data cut-off dates. These factors 

greatly boosted trust in the system’s automated 

recommendations while diminishing operational resistance 

towards automation. 

Fig. 10 captures the responses of disparate financial 

executives regarding the perceived usefulness of automation 

in cash forecasting. The highest ratings were provided by the 

CFOs, cash analysts, and audit leads due to the enhanced 

strategic oversight and increased operational confidence. 

Enhanced agility was noted by treasury managers, whereas 

the financial controllers cited reduced durations in monthly 

reconciliations and intercompany cash flow forecasting as 

positive. 

 

Fig. 10 Treasury and CFO Feedback Scores on Automation Usefulness 

The feedback reinforces this system’s cross-functional 

acceptance and emphasizes the need to incorporate 

explainability, control, and traceability in AI systems used 

within the finance domain. 

6.4 Future Extensions: Multinational, Multi-Ledger 

Scalability 

As of now, deployment has been focused on a business unit 

within a bounded SAP implementation. Nonetheless, the 

framework seems to lend itself quite strongly to a more global 

multinational implementation. Companies that operate in 

multiple countries, SAP company codes, and currencies will 

greatly benefit from the standardization and ease of scaling 

this architecture offers. 

Greater scalability will depend on different payment 

calendars, local accounting treatments, and payment 

behaviour models. For instance, Latin American late payment 

behaviour might operate completely differently than Europe 

or North America, and models will need to adapt for these 

differences. Also, multi-currency operations face exchanged 

rate stagnation and local liquidity regulations, requiring 

dynamic hedging triggers and specialist sensitivity layers 

within forecast models. 

On a technical level, local SAP configuration interfaces such 

as T-code data mappings, or language packs, can be navigated 

locally by UiPath bots, configured accordingly. Forecasting 

models on the other hand can be containerized and uploaded 

to cloud clusters allowing for parallel processing of regional 

datasets and integration with local banking APIs. 

What remains critical for this scaling is a governance model 

that allows federated sponsorship— enabling central finance 

teams to manage platform logic as local units subdelegate 

policy parameter and scenario assumption inputs. This form 

of balanced control will maintain alignment while sustaining 

flexibility. 

In terms of longer-term thinking, autonomous treasury 

systems can be envisioned at the integration of RPA, 

predictive analytics, and real-time banking. Such systems 

may autonomously monitor for discrepancies, forecast 
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shortfalls, trigger internal fund reallocations, and suggest 

hedging manoeuvres based on insight crafted from both 

historical data and predictive modelling. Where the system is 

now analytical and reactive, future versions may be 

prescriptive and autonomously self-adjust. 

VII. CONCLUSION AND FUTURE WORK 

7.1 Summary of Observed Forecasting and Automation 

Gains 

The study has shown the results achievable by injuncting 

UiPath robotic process automation with predictive analytics 

for cash flow forecasting within the SAP ERP environment. 

With the implementation of the proposed framework, forecast 

accuracy was enhanced and the mean absolute error was 

reduced by over 40% across all time horizons against the SAP 

standard tools for cash forecasting. The system improved 

latency and decision-making speed, enabling finance teams 

to act on real-time insights instead of outdated snapshots by 

automating the extraction of real-time data and dynamically 

feeding it into the machine learning models. In addition, the 

ability to generate forecasts in seconds instead of hours 

enabled rapid scenario modelling and daily liquidity 

planning, which bolstered confidence in treasury operations. 

7.2 Known Model and Integration Limitations 

While the gains are significant, the system does have 

drawbacks. Forecast accuracy continues to suffer from poor 

SAP master data quality, posting discipline, and regional 

variance in configuration. Unrestricted payment terms, ad 

hoc overrides, and journal entries performed after the 

predictive model update continue to hinder reliability. 

Furthermore, when unplanned events like compliance holds 

or unexpected settlements are data silos mid-cycle but not 

reflected within systems until late in the cycle, accuracy for 

longer horizon forecasts is compromised. Although robust 

automation with UiPath is provided, scaling is hindered 

dynamically tuned bot and model parameter tuning on highly 

customized SAP landscapes. Additionally, maintaining audit 

readiness and regulatory compliance on outputs generated by 

AI will require focus on explainability, traceability, and 

control paradigm engineering. 

7.3 Vision for Prescriptive and Autonomous Cash Planning 

Looking further, the combination of both prescriptive and 

predictive functions marks the new horizon in cash 

forecasting for an enterprise. It’s not enough for future 

systems to predict; they must also proactively suggest 

actions: adjusting liquidity buffers, reallocating funds, or 

raising alerts before anomalies significantly disturb the 

balance sheet. Incorporating AI-based tolerance modelling, 

stress testing, and scenario simulation will improve system 

resilience and empower CFOs with control of the future. 

While this is underway, the expansion of AI Fabric by UiPath 

and the real-time API enhancements by SAP are paving the 

way towards cross-treasury platforms which do not simply 

monitor and estimate, but actuate, self-optimize, and refine. 

This goal of cash management with no limits set by planning 

and guidance is not merely a dream—it is a reality coming 

closer and this work is intended in part to realize it. 
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