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ABSTRACT 

The biggest change in corporate finance management so far has 

been adding AI and smart analytics to FP&A. The following 

research reviews strategic effects, implementation problems, 

and progress regarding AI-powered FP&A systems from 2019 

to 2025. Fifteen recent studies are carefully reviewed that 

analyze how cloud platforms, robotic process automation, 

machine learning, and predictive analytics can enhance 

conventional FP&A methods. After the use of AI in FP&A, 

forecasts become more accurate, operations run smoother, and 

decision-making accelerates. The budget cycle was shortened a 

lot in some cases. Given that AI is not yet widely adopted 

across companies in financial planning, there are various key 

challenges: data quality, gaps in worker skills, and how well AI 

tools work with old systems. This research provides 

recommendations that will be helpful for both researchers and 

practitioners in implementing AI in FP&A and points to several 

directions of future research: AI explainability, real-time 

analytics, and models of cross-functional collaboration. 
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1. INTRODUCTION 
In corporate decision-making, analytics includes financial 

planning and analysis. Financial planning and analysis help in 

strategic forecasting, resource allocation, and performance 

monitoring. As data from companies continue to increase, 

besides becoming more unstable, the time being allocated to 

FP&A is contracting. The traditional approaches based on 

manual spreadsheet manipulation and backward-looking data 

are no longer effective. Modern financial planning needs to be 

faster, more accurate, and with improved forecasting capacity 

to handle increased tasks. This requires a fresh paradigm for 

strategic planning and financial analytics that will provide 

quicker and deeper insight. The reasons this is possible are 

advances in analytics and AI. AI tools hold capabilities well 

beyond standard statistics. According to market research, AI in 

finance is expected to grow very fast by 2030, with strong 

growth in 2024. This rapid rise has shown how AI can change 

the game in financial planning. By incorporating machine 

learning, natural language processing, predictive modeling, and 

automated decision-support into FP&A, you can handle huge 

data sets, find patterns humans might miss, and get clear, 

actionable insights faster and more precisely than before. So AI 

does have big potential for FP&A, but there are also important 

gaps in how to implement it. 

While there is huge potential, AI and machine learning are not 

broadly utilized in FP&A, despite many FP&A teams wanting 

to try practical uses. There are several common barriers to 

unlocking AI-powered financial planning: building robust data 

systems, developing staff skills, ensuring readiness at an 

organizational level, and dealing with technical complexity. 

The COVID-19 pandemic accelerated digital changes across 

many sectors and incentivized organizations to accelerate their 

pace of planning against huge disruptions and swings in the 

markets. This heightened demand requires smarter and more 

agile FP&A systems capable of conducting dynamic scenario 

analysis, operating on real-time data, and enabling speedy, 

uncertain decision-making. The aim of this research paper is to 

synthesize the results of 15 recent studies conducted between 

2019 and 2025 related to the insertion of AI and advanced 

analytics into the enterprise FP&A framework. 

2. PROBLEM STATEMENT AND 

JUSTIFICATION  
Most FP&A teams want to invest in AI and machine learning 

soon, even as industry surveys show that there are currently 

only a few real deployments of these technologies [2]. The huge 

chasm between expectations and reality indicates that big 

challenges must be overcome seriatim if the greatest benefit is 

to be derived from AI-enhanced financial planning. The state 

of data infrastructure, organizational preparedness, technical 

complexity, and a shortage of pertinent skills are among the 

difficulties.  Since markets were extremely volatile and 

operations were severely disrupted, the COVID-19 pandemic 

forced businesses to accelerate the velocity of their planning 

cadence and accelerated digital transformation across many 

sectors of society. The same incident increased demand for 

more intelligent, adaptable FP&A systems that can handle real-

time data flows, carry out dynamic scenario analysis, and 

support quick decisions in highly uncertain situations.  The 

current study offers a comprehensive overview of the body of 

research on integrating AI and advanced analytics into the 

enterprise FP&A framework [3].  It does this by combining the 

results of fifteen recent studies that were carried out between 

2019 and 2025.   

The second reason for concern is the forecasts' accuracy and 

reliability, considering how the market changes and how 

business gets more complicated. Traditional forecasting 

methods, which rely on linear regression and the extrapolation 

of historical trends, encounter major difficulties when dealing 

with nonlinear relationships, a large number of interrelated 

variables, and rapidly changing market conditions.   According 

to surveys, most organizations cannot classify their forecast as 

highly accurate if they use the traditional methods [4].   Missed 

market opportunities, inefficient use of resources, and 

increased exposure to financial risk are the outcomes of this.  

The third aspect an organization is concerned about is data 

integration and quality management, where there are issues on 

disparate data sources, obsolete and useless systems, and even 

errors or absence of data.  

As data sources spread throughout supply chain systems, 

enterprise resource planning, customer relationship 

management, and external market data streams, these issues 
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become more apparent and pose significant challenges to 

developing solid, trustworthy analytical foundations on which 

financial planning initiatives can rely.   A fourth major 

disadvantage of the spreadsheet-centered approach to planning 

is the inherent issues with scalability and adaptability.   Even 

though traditional FP&A methods have serious scalability 

issues when the organizations grow more complex through 

geographic expansion, product diversification, and regulatory 

compliance across diverse jurisdictions, a major barrier to 

FP&A modernization is the disparity between available 

analytical capabilities and the skills of the current workforce. 

This figure illustrates the stepwise screening process used in 

this systematic review. Starting from 127 initially identified 

records, citation tracking and workshop inclusions expanded 

the pool to 168 papers. After title/abstract screening, 58 papers 

remained, further narrowed to 28 following introduction and 

methodology review, with 15 studies finally included for full 

analysis.  

3. RESEARCH OBJECTIVES  
This review's main goal is to investigate how advanced 

analytics and artificial intelligence are changing enterprise 

FP&A frameworks.  Using machine learning, predictive 

models, and automation tools to improve forecasting accuracy 

and operational efficiency, the study aims to comprehend how 

AI applications in financial planning have changed between 

2019 and 2025.  Examining how cloud platforms, 

contemporary data infrastructures, and data governance 

techniques facilitate scalable real-time analytics in FP&A 

procedures is another important goal.  Finding organizational, 

technical, and data-related obstacles to the broad adoption of 

AI-driven financial planning systems was another goal of the 

review study. Finally, this research investigates recent 

developments driving the future of AI-enabled FP&A in areas 

such as autonomous planning, hyperautomation, and large 

language models.  

3.1 Research Questions  
RQ1: From 2019 to 2025, how have advanced analytics and 

artificial intelligence changed how they are applied to 

enterprise FP&A frameworks?     

RQ2: What automation, machine learning, and predictive 

analytics methods are most frequently used in FP&A, and how 

do they enhance operational effectiveness and forecasting 

accuracy?    

RQ3: How is scalable, real-time, AI-driven financial planning 

made possible by cloud-based FP&A platforms, data 

infrastructure, and governance frameworks?     

RQ4: What data-related, technical, and organizational 

obstacles affect the effective incorporation of AI and advanced 

analytics into FP&A procedures?     

RQ5: Which new developments—like LLMs, 

hyperautomation, and autonomous planning—are influencing 

how AI-enabled FP&A systems will develop in the future?  

4. LITERATURE REVIEW AND 

ANALYSIS  

4.1 Evolution of AI in Financial Planning  
Over the past six years, artificial intelligence in financial 

planning has progressed from pilot projects to increasingly 

complex enterprise implementations.    Early attempts, mostly 

between 2019 and 2020, concentrated on using machine 

learning algorithms for particular forecasting tasks like sales 

prediction and cash flow analysis.    These thus showed that AI 

can increase the accuracy of forecasts. A number of factors 

combined to speed up adoption in 2021–2023.  The need for 

adaptable planning abilities increased as a result of the COVID-

19 pandemic's unparalleled operational disruption and market 

volatility [5].  

Through better user interfaces, packaged algorithms, and 

cloud-based deployment models, technological advancements 

democratized access to advanced analytics capabilities, thereby 

lowering these barriers to some extent.       The maturity and 

sophistication of AI applications in FP&A contexts are what set 

apart the most recent phase, which spans 2024–2025.   During 

this time, autonomous decision support capabilities have been 

developed, numerous AI technologies have been incorporated 

into hyperautomation frameworks, and large language models 

have been made able to interact in natural language with 

financial data [6]. However, many organizations find that the 

pace of transformation is slowed by a number of important 

adoption and implementation barriers.  

4.2 Machine Learning Algorithms in 

FP&A Applications  
Machine learning algorithms, which each have unique benefits 

for particular use cases, are at the heart of AI-powered financial 

planning.  One kind of recurrent neural network that has shown 

excellent performance in the analysis of sequential time series 

is the Long Short-Term Memory network.  They are also very 

good at forecasting financial metrics, which frequently exhibit 

long-term trends and temporal dependencies.  For this reason, 

they prove to be very useful in forecasting revenue trajectories, 

market trends, and other financial indicators influenced by past 

trends.  Another powerful technique at the core of FP&A is 

Extreme Gradient Boosting, which finds wide applications in 

credit risk assessment, customer segmentation, and structured 

data analysis. 

To produce better predictions, the XGBoost ensemble learning 

framework integrates the predictions of several decision trees, 

including regularization strategies that lessen overfitting.  

Decision-tree-based ensemble modeling, which combines 

several trees in an effort to increase predictive accuracy and 

lower the risk of overfitting, is the foundation of Random 

Forest algorithms.  When it comes to predicting demand and 

financial market trends, RandomForest techniques have also 

been among the best.  These techniques have significant 

predictive power but still maintain the majority of the 

interpretability benefits of deep learning techniques.  In an 

effort to tackle some of the difficulties in causal inference in a 

planning context, double machine learning is a relatively new 

innovation [7]. This method diminishes the influences of model 

specification errors that always arise in practical applications 

of causal analysis.  

4.3 Robotic Process Automation in FP&A 

Workflows  
Since then, robotic process automation has developed to 

address the significant manual labor involved in routine 

analytical tasks, report generation, and data consolidation that 

characterizes traditional FP&A workflows.  Automating 

repetitive, rule-based tasks like data extraction from various 

source systems, information consolidation across business 

units, planning model updating, and report generation has been 

the focus of the majority of RPA implementations for financial 

planning contexts.  RPA implementations in FP&A have 

resulted in significant efficiency gains for several 

organizations, as evidenced by the reduction of significant 

manual processing times on specific workflows. Between 2019 
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and 2025, the RPA market was expected to change significantly 

as technology companies increasingly integrated artificial 

intelligence (AI) into intelligent automation solutions that 

could handle exceptions, process unstructured data, and adapt 

to changing circumstances [8]. In particular, RPA's 

convergence with computer vision, machine learning, and 

natural language processing has produced hyperautomation 

capabilities that go beyond simple task automation to more 

complex, end-to-end business processes.   Understanding how 

to recognize and record repetitive processes that can be 

automated is the first step in most phased RPA implementation 

strategies in FP&A. The development of bots, extensive 

testing, deployment, and continuous monitoring come next.  

4.4 Predictive Analytics and Forecasting 

Enhancement  
The most obvious and useful use of AI in FP&A contexts is 

most likely predictive analytics; documented increases in 

forecast accuracy provide strong proof of the technology's 

influence.    Businesses that have already implemented an AI-

powered forecasting system report significant accuracy gains 

over conventional techniques.    A number of variables, such as 

domain-specific traits, model training methods, algorithm 

selections, and data quality, affect the degree of variance. AI's 

extraordinary capacity to handle intricate, multidimensional 

data sets, spot minute patterns and connections, take into 

account a variety of outside influences, and revise predictions 

in response to new trends is the driving force behind each of 

these prediction advancements. However, in order to identify 

the combination of factors that best predict desired outcomes, 

machine learning models can simultaneously evaluate 

hundreds or thousands of potential predictor variables from 

market indicators, internal operational metrics, and other 

sources [9]. Because it significantly outperforms human 

analysts using traditional statistical tools, this will result in 

more accurate and sophisticated forecasting.     Predictive 

analytics has many uses outside of forecasting, such as risk 

assessment, scenario modeling, and decision optimization.     

More sophisticated AI systems that can rapidly produce 

multiple scenario analyses that test possible outcomes under 

various assumptions can be used by FP&A teams to evaluate 

risks and test strategic alternatives.  

4.5 Cloud-Based FP&A Platforms and 

Data Infrastructure  
Cloud computing infrastructure, specifically scalability, 

flexibility, and affordability, have made complex analytics 

implementations more technically and financially viable. AI-

powered FP&A capabilities can now be developed. The elastic 

resources in cloud-native planning platforms scale 

automatically and directly to handle rigorous workloads in 

terms of extensive scenario modeling, real-time analytics 

processing, and AI training. 

Cloud adoption eliminates the constraints that cause analysis in 

on-premise systems to be less sophisticated than it should be. 

In addition to additional computing power, cloud platforms 

enable rapid ingestion of data from multiple sources through 

prebuilt connectors and APIs. AI capabilities in leading FP&A 

tools are now embedded in natural language queries and 

include automated forecasting, anomaly detection, and smart 

insights, making sophisticated analytics accessible to business 

users who are not deep data scientists. Data governance in 

cloud-based AI deployments establishes data quality, 

provenance, security, and regulatory compliance while using 

automation across multi-system environments. A primary 

cause for companies failing to succeed with AI for FP&A is the 

lack of robust governance in place to ensure proper data 

stewardship, quality controls, access controls, and audit trails. 

New innovations—such as AI to help manage itself—

demonstrate these barriers are falling. 

 

Figure 1: FP&A AI Architecture (Minimalist Layered 

Model) 

What follows is the basic layered setup of AI-powered FP&A 

systems. It shows how data moves up from sources through 

analytics engines to cloud platforms, integration pipelines, and 

decision-support interfaces. 

4.6 Organizational Impact and Change 

Management  
Beyond simply using AI in FP&A, the addition of AI in how 

the organization works impacts jobs, required skills, team 

setup, and the strategic stance of the finance team. The research 

on AI adoption in organizations illustrates that FP&A teams 

can use intelligent automation to spend more time on future-

focused, strategic work and less on analyzing the past. 

Alternatively expressed, AI can enable finance to transition 

from a reactive reporting function to a proactive business 

partner [10]. To realize such a role transformation requires 

substantial investment in workforce capability development in 

both soft skills-business partnering and strategic thinking-but 

also technical competencies including data analytics. Effective 

change management then clearly emerges as a critical success 

factor; organizations that achieve the greatest benefit 

emphasize open communication, comprehensive training 

programs, and recognition mechanisms celebrating successful 

adoption behaviors.  

Here is a chronological summary in table 1 of 15 papers 

included in this systematic review in order to obtain a synopsis 

of research evolution alongside key contributions towards the 

field.  

 

 

Data Source Layer

•ERP, CRM, Market Data

Cloud FP&A Platform Layer

•Compute, Storage, Security

Integration & Orchestratoin Layer

•APIs, Pipelines, Feature Stores

Analytics & ML Layer

•Forecasting, Scenario Modeling, Optimization

Decision & Insights Layer

•Dashboards, NLP Interfaces, Reports
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Table 1: Chronological Summary of Reviewed Papers 

Year Title / Source Key Findings Ref 

2023 

Artificial Intelligence in Finance: 

Valuations and Opportunities (Finance 

Research Letters) 

Shows how AI reshapes financial modeling; highlights valuation 

impact and increasing adoption of AI-driven financial analytics. 
[1] 

2025 

Predictive Budgeting and Planning with 

AI in Oracle EPM (Journal of Electrical 

Systems) 

Demonstrates automation of budgeting/forecasting using AI; shows 

improvements in planning efficiency within EPM systems. 
[2] 

2024 
Integrating AI-Driven Decision-Making in 

Financial Reporting Systems (Electronics) 

Highlights how AI improves real-time reporting 

accuracy, automates reconciliations, and strengthens decision support. 
[3] 

2025 
Sales Forecasting Using Predictive 

Analytics (IJRPR) 

Compares ML and time-series models; shows accuracy improvements 

with ML for sales prediction. 
[4] 

2024 
Demand Planning: Riding Disruptive 

Wave of AI (IJSCM) 

Discusses AI-enabled demand forecasting; emphasizes benefits of 

accelerated computing and real-time planning. 
[5] 

2021 

Machine Learning for Financial 

Forecasting, Planning and Analysis 

(Digital Finance) 

Reviews ML applications in FP&A; identifies pitfalls such as 

overfitting, data issues, and operational complexity. 
[6] 

2021 

Estimating Identifiable Causal Effects 

through Double Machine Learning (AAAI 

Conference) 

Introduces Double ML framework; improves causal inference in 

financial and economic planning models. 
[7] 

2024 
RPA & LLM Research Directions for 

Business Processes (CAIS) 

Examines convergence of RPA and LLMs; highlights automation of 

multi-step business processes and workforce impacts. 
[8] 

2020 
Fundamental Analysis via Machine 

Learning (SSRN) 

Shows how ML models enhance equity analysis and financial 

prediction beyond traditional fundamental analysis. 
[9] 

2024 
Transforming Financial Reporting with AI 

(IJ Advanced Economics) 

Demonstrates improvements in reporting timeliness, accuracy, and 

anomaly detection through AI. 
[10] 

2020 
Predicting Future Sales of Retail Products 

using ML (arXiv) 

Benchmarks ML algorithms for retail forecasting; highlights feature 

engineering importance. 
[11] 

2022 
Explainable AI for Credit Assessment in 

Banks (JRFM) 

Shows XAI improves transparency and trust; evaluates 

interpretability–performance trade-off in credit models. 
[12] 

2022 Responsible AI Implementation (arXiv) 
Proposes human-centered framework for responsible AI adoption; 

emphasizes ethics, governance, and process design. 
[13] 

2024 

Harmony in Integration: ERP 

Implementation Trends (Journal of 

Technology and Systems) 

Reviews ERP integration challenges; discusses AI and ML roles in 

modern ERP ecosystems. 
[14] 

2025 

Challenging the Performance–

Interpretability Trade-Off (Business & 

Information Systems Engineering) 

Evaluates interpretable ML models; finds some interpretable models 

can match black-box performance. 
[15] 

 

5. TECHNICAL INVESTIGATION AND 

COMPARATIVE ANALYSIS  

5.1 Algorithmic Performance Comparison  
A comparison of various machine learning algorithms for 

financial forecasting showed that different methodology 

approaches have different performance characteristics and 

optimal cases of use. Empirical studies of the performance of 

LSTM networks, XGBoost, and Random Forest algorithms in 

revenue prediction tasks have shown that LSTM networks 

show generally better results in time series forecasting where 

temporal patterns are pronounced [11]. However, pure 

predictive accuracy is only one of several factors in choosing 

an algorithm: computational complexity, volume of training 

data, interpretability of models, complexity of implementation, 

and maintenance load are also very important. Deep learning 

methods, including LSTM networks, require high 

computational resources and large training datasets, which 

limits their applicability in data-constrained environments or 

with lower levels of computational infrastructure. In contrast, 

ensemble approaches like Random Forest and XGBoost 

generally exhibit very good performance at rather more modest 

data requirements and computational loads, with additional 

advantages in model interpretability via feature importance and 

decision path visualization. These latter advantages are 

particularly pertinent to regulated financial contexts where 

audit trails and decision transparency are required [12].  

5.2 Implementation Approaches and Best 

Practices  
In order to balance ambition and pragmatism, phased 

approaches have been used in the majority of successful AI-
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FP&A implementations.  As organizational capabilities 

advanced, the majority of them expanded from early use cases 

with clear value potential and manageable complexity. To gain 

quick wins, build credibility, and then increase organizational 

confidence and stakeholder support, well-known companies 

begin automating some forecasting or repetitive analysis tasks. 

Key elements are highlighted by a number of best practices 

gleaned from successful implementations, such as funding 

workforce development, employing iterative development 

methods, obtaining executive sponsorship, and establishing 

strong data foundations [13].  

5.3 Cross-Study Analytical Synthesis of AI 

Adoption in Enterprise FP&A 
Apart from reporting individual results, a synthesis of the 

studies under review has produced some consistent analytical 

patterns in respect of the efficacy of AI-enabled FP&A 

frameworks. First, there is a strong correlation between models' 

ability to capture nonlinear relationships and temporal 

dependencies, particularly in volatile environments, and 

improvements in forecasting accuracy. Studies leveraging 

LSTM and ensemble-based approaches are outperforming 

traditional statistical methods when dealing with 

multidimensional financial data streams. Second, predictive 

performance is not the sole determinant of practical adoption 

success.  

Interpretability, governance alignment, and computational 

feasibility are all equally significant factors for enterprise 

adoption, according to several polls. Because explainability 

and simpler operation matter, methods like Random Forest and 

XGBoost remain more common in regulated finance, even if 

deep learning may forecast the time series better in some cases. 

  

The smartness of AI in FP&A significantly increases in practice 

when forecasting models form part of automated planning 

workflows. Some researches denote that Predictive Analytics 

coupled with RPA can jointly act in accelerating planning, 

reducing manual work, and therefore providing quicker 

responses to changes in markets. Thus, making a model more 

accurate in isolation is not of much help unless it fits into real 

workflows. Secondly, how ready an organization is also plays 

a big role. Companies with strong data governance, cloud 

infrastructure, and good teamwork between finance and data 

teams see much higher returns on AI investments. On the other 

hand, scattered data and skill gaps reduce the real value of 

analytics, no matter how advanced the models are. All in all, 

AI-driven FP&A works when algorithmic power, system 

design, governance, and organizational structure all align. 

5.4 Quantitative Impact Analysis  
The benefits of an AI-enabled FP&A system can be seen in 

various ways, depending on how it's used, the organization, and 

how mature the deployment is. The clearest way to make the 

plan more reliable is through better forecast accuracy; this is 

often the most talked-about metric across organizations. 

Examples of operational efficiencies include significant time 

savings for report generation, forecast revisions, and variance 

analysis, as well as the end-to-end budgeting cycle. Better 

implementations can yield meaningful budget cycle reductions 

through more frequent plan updates and greater organizational 

responsiveness. Cost savings and ROI metrics are shaped by 

organizational size and the scale of implementation. Large-

scale AI-FP&A transformations report significant cost savings 

from better resource utilization and automation of formerly 

manual activities. 

5.5 Comparative Evaluation of AI 

Techniques in Enterprise FP&A 
Table 2 presents a tabulated, comparative evaluation of the 

different artificial intelligence techniques reviewed for 

enterprise FP&A. Evaluation results show that improvements 

in the accuracy of forecasts are highest for time-series models, 

specifically LSTM networks, within volatile and data-intensive 

contexts. However, ensemble methods like Random Forest and 

XGBoost present higher adoptability due to the balance 

between predictive performance and interpretability. 

Techniques such as Double Machine Learning address causal 

robustness for strategic planning contexts, and the integration 

of AI with RPA and cloud platforms presents improvement in 

operational efficiency and scalability. In general, findings 

imply that value realization in enterprise FP&A is derived from 

the alignment of the analytical capability with governance, 

interpretability, and workflow integration requirements and not 

from focusing exclusively on predictive accuracy.

Table 2: Comparative Evaluation of AI Techniques in Enterprise FP&A 

AI Technique Evaluation Focus Key Observed Impact Enterprise FP&A Relevance 

LSTM Networks Time-series forecasting 

accuracy 

Superior performance in capturing long-

term temporal dependencies 

Best suited for revenue, cash-flow, 

and demand forecasting 

Random Forest Predictive accuracy & 

interpretability 

Strong accuracy with transparent feature 

importance 

Preferred in regulated FP&A 

environments 

XGBoost High-dimensional 

structured data 

High predictive performance with 

moderate complexity 

Effective for budget variance and 

risk modeling 

Double Machine 

Learning 

Causal inference 

robustness 

Reduced bias in policy and scenario 

evaluation 

Valuable for strategic planning and 

impact analysis 

RPA + AI Process efficiency Significant reduction in manual effort 

and cycle time 

Enables scalable, automated FP&A 

workflows 

Cloud-native AI 

Platforms 

Scalability & integration Real-time analytics and elastic 

computation 

Supports continuous planning and 

enterprise-wide adoption 
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6. CHALLENGES AND LIMITATIONS  
Despite the great potential benefits, most organizations face 

significant obstacles and limits that prevent acceptance and 

value realization when incorporating AI into FP&A.  Problems 

with data quality essentially hinder the development of solid 

analytical underpinnings required for the efficient application 

of AI.   The absence of trained personnel with sufficient 

knowledge of statistical techniques, machine learning, and 

technology application outside of the finance field is a second 

major obstacle. Finding and keeping these professionals is 

challenging for organizations, and developing internal 

capabilities requires organizational patience and large training 

program investments. For the majority of organizations, which 

have complex and legacy technology landscapes and 

customized ERP configurations, the largest implementation 

barriers continue to be technical integration complexity and 

compatibility with existing systems [14].  In order to guarantee 

data security, regulatory compliance, and system performance, 

the deployed AI-FP&A must guarantee smooth integration 

with source systems, planning platforms, reporting tools, and 

downstream applications.  The main nontechnical obstacles to 

successful implementation are organizational change 

management, resistance, and tensions in the workforce's 

composition.  Cultural barriers that can compromise technically 

sound implementations include attachment to long-standing 

procedures, concerns about job security, and skepticism about 

the dependability of technology.  

The questions of explainability and algorithm trust are brought 

up by adoption in contexts where it is necessary to be 

transparent about how predictions are made or decisions are 

suggested.  Most of the recent machine learning methods are 

"black box" models, allowing little insight into the reasoning of 

any particular decision, particularly where a regulatory 

environment or other stakeholders require insight into the basis 

of an algorithmic decision-making process [15]. Currently, 

there is no general approach that balances the needs of 

explainability with model accuracy and sophistication.  

 

Figure 2: Timeline of Research Evolution (2019–2025) 

Figure 2 categorizes the major challenges affecting AI adoption 

in FP&A into four domains: data, technology, organization, 

and governance.  

7. ADVANTAGES AND 

DISADVANTAGES  

7.1 Advantages of AI-Integrated FP&A  
The improved forecast accuracy is the basis for more reliable 

planning, better utilization of resources, reduced waste, and 

better strategic decisions-making, among other facets of 

organizational performance and capability.     There are various 

advantages to adding AI and advanced analytics to business 

FP&A frameworks.      Accuracy gains have value in volatile 

markets, where advances in forecasting yield 

disproportionately larger competitive advantages. Given the 

efficiency gains to be derived from the automation of repetitive 

tasks, the value proposition of the finance function shifts from 

reactive reporting toward proactive insight generation. 

Automation significantly reduces the time spent by FP&A 

teams on data processing for strategic analytics and business 

partnering. Advanced analytics and scenario modeling help 

organizations quantify risks, compare strategic options, test 

plans under stress, and make better decisions in ways that 

manual analyses can't match. Artificial intelligence systems 

support decision-making and lead to higher-quality strategic 

planning by finding the best actions across many scenarios, 

thanks to analyzing thousands of cases in seconds. Because the 

AI system allows dynamic planning and real-time updates, 

companies are able to update their forecasts as new information 

comes in. Easy and fast revisions of system plans maintain 

strategic flexibility in changing markets. And natural-language 

interfaces automatically generate insights to extend this 

powerful analysis to many business users beyond data 

scientists. 

7.2 Disadvantages and Risk Factors  
There are numerous benefits of AI in FP&A, but there are also 

risks and downsides. Cost and complexity are the biggest 

inhibitors to adoption; large deployments require significant 

investment in data infrastructure, staff training, technology 

platforms, integrating systems, and managing change. The 

implementation period is prolonged, organizational capacity is 

stressed by resource requirements, and overall expenses are 

significantly higher than anticipated. Algorithmic bias and 

error propagation come to the fore when machine learning 

models, trained on historical data, ossify preexisting biases or 

systematic errors in future predictions. The use of AI systems 

without retaining human analytical skills creates the risk for 

businesses of becoming overly dependent on automation and 

deskilling. Data privacy and security vulnerabilities increase 

when companies centralize sensitive financial data and increase 

access. Finally, businesses risk platform lock-in and 

dependency on certain vendors when they commit to specific 

cloud platforms and analytics tools.  

8. FUTURE SCOPE AND EMERGING 

TRENDS  
Indeed, AI-enabled FP&A framework development is 

happening with extraordinary speed, and over the next three to 

five years, it will probably be influenced by a host of new trends 

and technological developments. Among the more avant-garde 

technologies, LLMs promise financial data natural language 

interfaces, including smart report generation, query interfaces, 

and automatically generated insight. Early application of these 

holds great promise for changing the way finance professionals 

use data and analytics systems in the future and for decreasing 

technical barriers to complex analysis significantly. Also, 

hyper automation architectures, which integrate RPA, AI, 

process mining, analytics, and integration platforms into 

comprehensive automation fabrics, make an attractive promise 

of end-to-end process optimization that extends beyond single 

tasks toward whole workflows.  

This makes it possible for businesses to automate a large 

number of intricate business processes that involve numerous 

systems, decision-making points, and stakeholders. This results 

in efficiency gains that are higher than those that could be 

obtained with separate automation technologies. Fully 

autonomous planning and decision support systems should 

eventually be able to make decisions on their own within 

Data Challenges

Technical Challenges

Organizational Challenges

Governance Challenges
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predetermined parameters, automatically adjust plans in 

response to new information, and recommend the optimal way 

to allocate resources in addition to producing predictions and 

insights.   While fully autonomous planning remains an ideal, 

at least incremental progress toward semi-autonomous systems 

that manage routine decisions while increasing exceptions to 

human oversight appears increasingly feasible. Cloud-native 

architectures, in-memory computing, and data stream 

processing will enable real-time analytics and continuous 

planning. This substitutes constantly updated plans that are 

modified in response to new information for the cyclical 

planning cycles. Instead of existing as a separate analytical 

layer, embedded AI capabilities will be directly integrated into 

business applications, ERP platforms, and operational systems 

to allow intelligent automation to permeate organizational 

processes. When it comes to algorithmic bias, decision 

transparency, and accountability mechanisms—including the 

need for human oversight b y AI systems that are increasingly 

in charge of making financially significant decisions—ethical 

AI and responsible automation frameworks will receive more 

attention.  

9. RESULTS  
In order to address the research questions that guided this 

investigation, this review synthesized findings from fifteen 

studies that were published between 2019 and 2025.   

RQ1: Evolution of AI in FP&A (2019–2025)  

From experimental pilots to sophisticated, enterprise-level 

implementations, AI adoption in FP&A has advanced. 

According to the timeline, by 2024–2025, hyper automation, 

autonomous planning elements, and LLM-enabled FP&A 

workflows will have replaced the basic forecasting models of 

2019–2020. The shift to flexible forecasting and real-time 

planning was expedited by the COVID-19 pandemic.    

RQ2: ML, Predictive Analytics, and Automation 

Techniques in FP&A  

The methods that most frequently enhanced accuracy and 

clarity in the studies were the LSTM models, Random Forest, 

XGBoost, and Double Machine Learning. Predictive analytics 

helps with scenario planning and risk modeling, while robotic 

process automation reduces human work and improves process 

efficiency through the automation of repetitive data gathering 

and reporting tasks. 

RQ3: Role of Cloud Platforms, Data Infrastructure, and 

Governance  

Cloud-native FP&A systems can provide analytics that scale, 

flexible computing, and easy integration among ERP, CRM, 

and external data. Using automated insights and natural 

language interfaces, these systems make AI more accessible to 

more people. Similarly, AI-driven forecasts depend upon good 

data governance, including stewardship, data lineage, access 

controls, and quality checks for reliability. 

RQ4: Organizational, Technical, and Data-Related 

Challenges  

Dispersed data sources, inconsistent data quality, a lack of 

analytics and data engineering expertise, difficulties 

connecting with legacy ERP systems, and organizational 

resistance to change are just a few of the significant obstacles 

noted in the evaluation. Explainability and confidence in AI 

results continue to be particularly significant obstacles in 

regulated financial markets. 

RQ5: Emerging Trends Shaping Future AI-Enabled FP&A  

Using massive language models to help with natural language 

querying and integrating RPA, AI, and process mining to 

achieve hyper-automation are other new developments. 

Another is the use of AI in commercial settings, autonomous 

planning systems with self-adjusting predictions, and 

continuous planning models made possible by in-memory 

computing. When taken as a whole, these support the idea that 

proactive, cautious, and ongoing financial planning is the right 

course. 

10. CONCLUSION  
The finance function transforms from a reactive, report-driven 

organization into a forward-thinking strategic partner with the 

use of AI and sophisticated analytics into FP&A frameworks. 

AI has been demonstrated in the literature to improve 

prediction accuracy, planning cycle time, operational 

efficiency, and decision quality when used successfully. 

However, labor preparedness, data quality, system integration, 

and confidence in AI-driven results impede advantages. 

According to the results, scalable cloud platforms, intelligent 

automation, predictive modeling, and embedded AI capabilities 

that facilitate real-time financial decision-making are critical to 

the future of FP&A. The track of technology improvement and 

recorded results from early adopters make AI-enabled FP&A 

an inevitable and revolutionary evolution in financial planning, 

even though adoption maturity varies among enterprises. 
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