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ABSTRACT 

Traditionally, financial forecasting has been based on historical data, statistical models, spreadsheets and the expertise and experience of financial personnel. With 

the advent of big data, sophisticated computation, and artificial intelligence (AI) tools, financial forecasting can be made faster, more accurate, and more efficient. 

This research investigates the leveraging of Artificial Intelligence in Financial Forecasting in Corporate Finance and assesses the expected effects on the accuracy 

of forecasting, planning effectiveness and users' trust. Also examined are the key organizational and technical challenges impacting AI adoption, such as data 

quality, explainability, organizational readiness and resistance to change. A cross-sectional study was applied with a quantitative research design, prompted by a 

structured survey of finance, accounting and technology professionals whose knowledge or experience was related to financial forecasting using AI enabled 

technologies. The results show that there are perceived advantages over the accuracy of forecasts and planning efficiency using an AI-based forecasting approach 

over traditional forecasting approaches. Some of the findings do underscore, however, continuing questions about the quality, transparency, trust, and readiness of 

organizations. The study also suggests that AI is perceived more as a tool to aid in decision-making and assist finance professionals than as a superior method for 

making decisions. The results offer valuable guidance on successful and responsible implementation of AI in the financial planning and forecasting organization.  

Keywords: Artificial Intelligence, Financial Forecasting, AI Adoption, Corporate Finance, Machine Learning, Predictive Analytics, Financial Planning, 

AI Trust  

Problem Statement 

The need for forecasting in financial planning arises from the necessity of allocating financial resources to the appropriate channels, planning investments 

and cashflow, low budgeting and making enabling decisions for the business. There are quite common methods for forecasting which rely on the use of 

historical financial information, spreadsheets, statistical methods, and managerial judgment. While these methods continue to be used, in rapidly changing 

and uncertain business environments these methods might not be effective enough. History is not always a good predictor of future trends because of 

changes in the market, supply chain, operation costs, interest rates, inflation and customer demand. To meet this demand, finance teams are increasingly 

looking for forecasting techniques that process vast amounts of data, uncover patterns buried deep within the information, and react faster to varying 

situations. One technology that has become significant to this challenge is artificial intelligence (AI) and machine learning. Artificial Intelligence (AI) 

and machine learning have become significant technologies to address these challenges. AI-powered forecasting tools can process past and present data 

to identify trends and make predictions, as well as highlight anomalies and facilitate scenario planning. These capabilities can benefit the process of 

financial forecasting by increasing accuracy and efficiency, and decrease the time spent on repetitive analytical tasks. While using AI in corporate finance 

has its benefits, it also comes with a few challenges. The impact of AI-powered forecasting will be heavily reliant on the quality and accessibility of 

financial data, the confidence and understanding of consumers looking at the AI's outputs, readiness of the organization and its staff to embrace new 

technologies and skills. This lack of transparency and explainability can also have a significant impact on the willingness of finance professionals to trust 

the AI-generated predictions for critical financial decisions. Thus, the main problem of these studies is that there is a need to understand how AI is being 

implemented in corporate financial forecasting and if there are enough trust, transparency and readiness from the organization in achieving the perceived 

benefits of AI in terms of the accuracy and efficiency of financial forecasting. 

1. Introduction 

Financial forecasting plays a crucial role in corporate finance in several ways, such as budgeting, investment decisions and planning, allocating resources, 

cash-flow management and strategic planning. In volatile or fast changing business organizations where finance organizations should give reliable 

information for planning and resource allocation, accurate and timely forecasting is more important. AI is rapidly emerging as a critical technology for 

improving financial forecasting. The AI and machine learning tools can analyse vast amounts of financial and operational data, uncovering intricate 
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patterns, detecting irregularities and making predictions. As available data volumes grow rapidly and analytical tools become more sophisticated, finance 

functions have access to vast amounts of data whose analysis can generate insights in a fraction of the time. The possibilities-that finance functions can 

produce insights in an efficient manner and assist in supporting forward-looking financial analysis-have been increased because of the availability of 

large datasets and advanced analytical techniques. The rise of deep learning for processing financial time-series has also grown in recent years due to its 

modelling capacity of complex patterns from financial time-series data. Machine learning can discover patterns among large and complex datasets, 

whereas traditional methods of forecasting mainly rely on historical relationships and established statistical models. In corporate finance, these can come 

in handy for organisations that have to adjust to alterations in sales, operating expenses, interest rates, inflation, the marketplace, and customer desires. 

AI and machine learning have been found to have application in various financial tasks, thus pointing to the significance of these technologies in the 

finance sector. Beyond forecasting, AI can be used to automate financial planning and analysis (FP&A), budgeting and forecasting, scenario planning, 

variance analysis and resource allocation. Financial and Operational data can be analysed with Machine Learning and used to give finance practitioners 

forward-looking information. Forecasting and planning are not the same thing, however. While forecasting is more concerned with predicting what is 

likely to happen in the future, planning might involve an understanding of the outcomes of planned managerial decisions and/or resource allocations. 

Thus, AI should be used with caution and in conjunction with the right financial expertise and humans' judgment. While AI holds great promise for 

financial forecasting, it introduces certain challenges as well. However, successful forecasting using AI relies on the quality and accessibility of financial 

data, the model's appropriateness, and organizational capabilities to seamlessly incorporate AI into their financial workflows. Many difficulties including 

technological-related and organisational-related have been mentioned in relation to AI-based systems introduction in the field of finance. The inefficiency 

and inaccuracy of the data may also impact the validity of AI predictions. One additional factor to consider is trust in the AI-generated monetary forecasts. 

Forecasts can, however, have a downside for finance professionals, if they do not understand how the forecast was arrived at. Therefore, it is vital to 

understand explainability and transparency in the context of AI assisting in finance decisions. However, with the help of human input, finance 

professionals have the option to review the AI-generated predictions, bring in their business expertise and context, and maintain control over crucial 

financial decisions. Performance along with vision and skills of employees and any hesitation in changing traditional financial procedures might 

additionally be a contributing element in the adoption of AI. Their implementation needs to be approached beyond the technical level, as it must be 

successful. Organizations could require its staff to be trained appropriately, have effective data governance, put in place correct practices, and have a 

direction for how to apply the recommendations generated by the AI. As generative and agentic AI continue to grow in development, the applications of 

AI in corporate finance will be even more diversified in the future. Some of these technologies can be used to assist in activities like financial analysis, 

changes interpretation, variance analysis and decision support. They still need to be further explored for their reliability, governance, transparency and 

organizational aspects, however. Hence, this study looks at the use of Artificial Intelligence in the field of financial forecasting in corporate finance. It 

addresses the user trust, explainability, the quality of the data, organisation issues and the perceived impact on forecasting accuracy and efficiency with 

regards to AI-based forecasting. The goal of the study is to give a wider understanding on what affects the deployment and successful application of AI 

within the financial forecast of companies. 

2. Review of Literature 

Over the past ten years, the movement that has taken place in financial forecasting literature is transitioning from the most common time-series forecasting 

methods (for example, ARIMA, exponential smoothing, Holt-Winters) to machine learning and deep learning methods. Traditional statistical models can 

be used, and they will be at times simple and relatively easy to interpret. Large and detailed dataset models enable complex relationships to be identified 

by machine learning models, which are useful in modern financial forecasting. Wasserbacher and Spindler pointed out the relevance of machine learning 

in the field of forecasting, planning and analysis in financial management and the need of the right dataset and smart modeling applications. With machine 

learning, there is potential to make financial forecasts more accurate and efficient. As opposed to the traditional method that largely relies on historical 

relationships, machine learning can take in much of the financial and operational data and recognize patterns that can be extremely difficult to spot via 

manual processes. This is very helpful in corporate finance of organizations when they have to adjust to changes in sales, operating expenses, interest 

rates, inflation, market conditions and customer demand. The adoption of more sophisticated neural-network techniques to financial forecasting and other 

financial applications has also been substantiated by deep learning research. Coercive replacement of the traditional forecasting methods by using AI is 

not evident from literature, though. An AI model's performance is influenced by things like data quality and availability, the time period that can be 

forecasted, type of model, and the nature of the financial problem. For data with limited amounts and for the financial relationships with a more or less 

stable structure, traditional statistical approaches can operate efficiently. AI is therefore becoming more of a supplement than a replacement to existing 

forecast tools. In corporate finance, the uses of AI involve more than forecasting, including financial planning and analysis (FP&A), budgeting, variance 

analysis, and scenario planning. Machine learning can analyze the financial and operational data and give forward-looking information to enable these 

activities. Studies on AI in financial accounting have noted a rise in interest in predicting future effects via AI and noted the need to comprehend employee 

interactions and AI acceptance. The uptake of AI will not only be dependent on achieving certain levels of performance but also on quality acceptance 

by users and readiness of organizations. Beyond investments, AI is playing a significant role in the broader financial landscape. Cao gave a preview of 

AI technology, its applications and challenges in finance, and explored the roles AI can play in data analysis, automation and decision-making processes. 

In the same way, Ahmed et al. observed that the AI and machine learning applications to finance were rapidly gaining momentum, as did other research 

areas. The fact that these advances are happening confirms the increasingly centralized nature of how AI is being used in financial activities that involve 

a lot of data and lots of analyzing. Data quality is another issue that is important. Accurate, complete and consistent data are crucial for AI based forecasting 

models. Limited data, inaccuracies, and inconsistent or obsolete records can make the AI predictions less accurate. As a result, there is a need to implement 

proper data-management and governance before turning to using an AI-based forecasting system. Even sophisticated forecasting models require good 

data quality to realize the benefits. In the fields of corporate finance, explainability and transparency also become significant for use of AI. If finance 
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executives don't know how the model led to its conclusions, they’ll be cautious of depending on the forecasts it generates. More complex AI models can 

present accurate forecasts and offer some explanations of the reasoning behind their modeling. This may make it difficult to apply forecasts in critical 

financial decisions. Thus, research stresses the need for explainability, transparency and proper human supervision in the use of AI in finance. Trust is 

strongly related to human aspects. In real-world financial scenarios, AI models can produce a preliminary forecast, uncover abnormal trends or suggest 

potential scenarios, allowing finance personnel to evaluate the findings and incorporate their field expertise and specific situation. This hybrid model 

enables AI to enhance productivity and analytical skills while empowering IT professionals to make final decisions. This human oversight is particularly 

crucial with AI-generated forecasts affecting budget planning, investment and resource allocation decisions.  There are some challenges in the 

organization of the use of AI as well. Literature also indicates challenges in organizations for the use of AI. Staff can sometimes be lacking some of the 

necessary technical expertise or unwilling to alter existing financial procedures. Thus, employee training, change management and good governance must 

be put in place to ensure successful implementation, along with appropriate technology. More recently, the role of AI is further broadened with the 

emergence of generative and agentic AI, which include ensuring variance analysis, financial change interpretation, and supporting decision-making. But 

these new uses remain to be rigorously explored, in terms of reliability, governance and organizational preparation of the staff. In conclusion, the findings 

from past research demonstrate significant promise for the use of AI in enhancing the capabilities of financial forecasting, planning, and analysis by virtue 

of its analytical and informational capabilities. Simultaneously, data’s quality, explainability, trust and acceptance and organizational readiness are 

fundamental factors in adoption success. Thus, the current research study centers not only on the possible accuracy of AI driven financial forecasts and 

their efficiency but in addition to the belief, openness, and organizational challenges involved with using AI in corporate finance. 

3. Research Gap 

Past studies reveal that, with their enhanced analytical power, the efficiency of financial forecasting and the ability to detect intricate patterns within 

financial data, AI and machine learning have tremendous potential to enhance financial forecasting, planning, and analysis. Previous studies have also 

examined important factors such as data quality, explainability, transparency, trust, employee acceptance and organizational readiness in the adoption of 

AI in finance. But these factors are not well integrated or covered in the current literature in the realm of AI in corporate financial forecasting. Existing 

studies are mostly about the technical capabilities and forecasting performance of the AI-forecasting models and comparatively less focus has been placed 

on the perception of finance and IT professionals regarding the effect on the forecasting inaccuracy, planning efficiency, trust, explainability, quality of 

data and organizational challenges. Thus, there is a need to investigate broader adoption of AI by analysing the perceived benefits of forecasting with AI 

as well as the human and organisational aspects related to the effective use of AI in forecasting. To fill this deficiency, this study explores the use of AI 

in the enterprise financial forecast through the lens of finance, accounting, and technology professionals. It assesses the changes in perceived forecasting 

precision and planning efficiency, as well as user trust, explainability, data quality and organizational preparedness. The combination of these factors 

allows the study to gain a more comprehensive understanding of the factors that affect successful implementation and utilization of AI in corporate 

financial forecasting. 

4. Objectives of the Study 

The study aims to: 

1. To investigate AI applications in financial forecasting in corporate finance.  

2. To determine finance and IT professionals' perceptions regarding the accuracy of AI-based financial forecasting.  

3. To investigate the impact of AI on financial planning and forecasting processes and their efficiency and speed.  

4. To evaluate the level of trust finance professionals, have in financial forecasts generated using AI.  

5. To understand key technical and organizational challenges in using AI for financial forecasting in business.  

6. To explore the connection between the explainability of AI and confidence of users in financial forecasting by AI.  

5. Research Methodology 

In this study, the method used is a cross-sectional method with descriptive and quantitative techniques applied. The report explores the use and 

implementation of Artificial Intelligence in financial forecasting for corporate finance, and across the perception of finance, accounting and tech 

professionals.  

5.1 Research Design  

Descriptive Component: Explored the use and application of AI capabilities within financial forecasting, the technical documentation, research literature 

and reports from industry sources. The covered regions are predictive forecasting, anomaly detection, scenario planning and variance analysis with the 

help of AI.  
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The instrument adopted in collecting quantitative data and testing the hypothesis of the study was analytical, cross-sectional survey. The survey sample 

comprised a cross section of professionals with knowledge or experience in AI forecasting solutions and in financial forecasting processes.  

Each of the survey items was rated on a 5-point Likert scale ranging from 1 = Strongly Disagree to 5 = Strongly Agree. Additionally, two open-ended 

questions were posed to specify the top beneficial and challenging aspects of AI implementation. 

 5.2 Variables  

Independent Variable: Level of usage of AI in financial forecasting processes (low, moderate, high). The dependent variables were perceived forecasting 

accuracy, overall forecasting or planning cycle time, and their levels of confidence or trust in the AI generated forecasting predictions.  

Moderating Variables: Enterprise Data Governance Maturity, Overall Change Readiness of the Organization.  

5.3 Sampling Strategy  

The target market was made up of FP&A professionals, accounting professionals, enterprise IT professionals, corporate finance practitioners, AI and 

financial technology deployment consultants and financial forecasting and AI academic specialists with applicable expertise on the subject.  

The sampling technique employed in achieving the aim of the study was purposive sampling and convenience sampling since the target population was 

specific and the participants who had relevant knowledge and experience were needed.  

Total Submissions Received: 120  

Valid/Usable Submissions: 108  

5.4 Data Collection  

Primary Data: Primary data were gathered through a survey which included a series of questions regarding the demographic background, existing 

forecasting methods, hands-on experience with AI tools and challenges to using AI to forecast.  

Secondary Data: The information obtained from research literature, technical documentation, industry report and other related sources to AI, financial 

forecasting and corporate finance was considered as secondary data.  

5.5 Data Processing and Analysis 

To pre-test the questions and question flow, a small pilot survey, with 10 industry respondents, was conducted prior to the main survey. Two of the 

wording elements in the two unclear questions were changed to minimise misinterpretations based on the feedback received.  

The main survey lasted for four weeks. The records were brought in 120. There were some incomplete data fields that were removed (total responses 

with incomplete data: 12) along with repetitive or unengaged patterns of responses (repetitive response pattern: 12, unengaged response pattern: 0). In 

total these resulted in 108 usable returns from which no items were missing.  

The internal reliability of the constructs was assessed by using Cronbach's alpha coefficient. All core constructs (accuracy, efficiency and trust) met the 

reliability requirement of 0.70. The statistical analysis methods for the data include paired t-tests, Pearson correlation coefficient and Chi-square 

association test. 

6. Conceptual Background 

In the financial sector, AI serves as a forecasting ally. In the finance industry, AI acts as a financial forecast partner. The use of Artificial Intelligence and 

machine learning in financial forecasts is becoming crucial. The AI-driven forecasting system can analyse financial and operational data, recognize 

patterns, detect anomalies, and make predictions. These options can help finance professionals in analysing financial data and creating forward looking 

statements. 

➢ Traditional and AI-Based Forecasting 

Historical financial information, statistical methods, spreadsheets and managerial judgment are typically used to perform the traditional financial 

forecasting. AI tools can handle vast amounts of information and data, even more complex, and discover patterns that might not be as easily discernible 

humanly. But AI is not necessarily a substitute for conventional forecasting tools and can also serve as a complementary forecasting tool in finance. 

➢ Research of forecasting accuracy and efficiency 

Forecasting accuracy is how well a forecasting technique predicts future financial results. Forecasting efficiency is related to the time and effort taken to 

do forecasting and planning activities. AI-driven predictions can aid in efficiency by analysing vast amounts of data and minimizing manual data analysis. 
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➢ Trust and Explainability 

Trust is the confidence that financial professionals have in the AI-generated financial forecasts. Explainability and transparency is crucial, as these users 

might be less inclined to take the AI predictions based on a model if the user doesn’t understand how, it creates the output. Error information and 

explanations, conveyed in a human-readable format, can enhance user trust in AI forecasts. 

➢ Data Quality 

The accuracy of forecasting with AI tools relies on the quality, completeness and consistency of financial data. Inaccurate, incomplete or outdated data 

can reduce the reliability of AI-generated predictions. Hence, good data management and governance are key factors to consider when setting up 

forecasting systems powered by AI. 

➢ Organizational Readiness 

Another factor influencing adoption of AI in corporate finance is organizational readiness, and the skills, willingness, and flexibility of employees to 

learn and adapt to the changing nature of financial processes. Bottlenecks could arise for organizations looking to adopt AI-powered forecasting 

technologies because of resistance to change and poor technical expertise. Proper training, change management and governance needs to be in place for 

effective adoption. 

7. Conceptual Framework 

The conceptual framework of this study explains the relationship between Artificial Intelligence adoption in financial forecasting and the perceived 

outcomes of forecasting within corporate finance. The framework considers forecasting accuracy, planning efficiency, and trust in AI-generated forecasts 

as the main outcomes, while explainability, data quality, and organizational readiness are considered important factors influencing the effective adoption 

of AI.  

The framework is organised around the following connections: 

➢ AI Adoption in Financial Forecasting 

1. Forecasting Accuracy  

2. Forecasting and Planning Efficiency  

3. Trust in AI-Generated Forecasts 

Factors that impact the use of AI in financial forecasting include: 

➢ Explainability and Transparency 

➢ Data Qualitative Management & Governance. 

➢ Organizational Change Readiness 

➢ Employee Skills and Acceptance 

The framework proposes that greater use of AI in financial forecasting can contribute to improved perceived forecasting accuracy and greater efficiency 

in financial planning and forecasting processes. At the same time, user trust in AI-generated forecasts may depend on the transparency and explainability 

of the AI system. 

Data quality and organizational readiness are also considered important factors in the adoption process. Poor-quality data, lack of technical skills, and 

resistance to changes in existing financial processes may create barriers to effective AI adoption. 

Therefore, the conceptual framework integrates the technological, performance-related, and organizational aspects of AI adoption in corporate financial 

forecasting. It provides the basis for examining the relationships investigated through the survey data and statistical analysis in this study. 

8. Key Findings & Analysis 

The results were presented across an average of each user and a comparison of this data between the modern AI methods and more traditional legacy 

methods demonstrated drastic performance differences:  

Metric AI-Based Mean Legacy Mean Difference Significance 

Perceived Accuracy 4.12 3.24 +0.88 𝑝 < 0.01 
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Metric AI-Based Mean Legacy Mean Difference Significance 

Cycle Efficiency 4.31 2.98 +1.33 𝑝 < 0.01 

Output Trust / Reliability 3.68 3.41 +0.27 𝑝 < 0.05 

Statistical Test Results 

• Accuracy & Efficiency (𝐻1 & 𝐻2): The findings of both paired t-tests indicated statistical significance for AI-assisted tools compared to 

legacy tools in terms of the accuracy of forecasts (t = 5.42, p < 0.01) and in terms of speed (t = 7.19, p < 0.01), supporting both H1 and H2.  

• Trust & Confidence (𝐻3): Partial support for H3 was obtained as trust scores were generally higher for AI tools but there was a smaller 

variance (t = 2.31, p < 0.05).  

• Impact of Explainability: Measures of the impact of explainability: Significantly more users trusted the models the more they used 

explainability features (error explanation, output breakdowns, and underlying error metrics; r = 0.61, p < 0.01).  

• Role-Based Adoption Barriers (𝐻4): Results of the chi-square test (χ² = 14.87, N = 6, p < 0.05) showed that differences exist in perspective 

across professional role. Poor data quality and team inertia were cited as the big headaches for practitioners, while implementation consultants 

referenced some missing skills on client teams.  

9. Practical and Theoretical Implications 

This study's results offer practical and theoretical information on how businesses can implement AI into financial forecasting. 

9.1 Practical Implications 

The results suggest that AI-powered forecasting could benefit finance professionals by helping to enhance the accuracy of their forecasts, which increases 

confidence, and speed up financial planning and forecasting tasks. How to get the best possible value from AI-based forecasting strategies is therefore a 

matter of linking the AI tools with existing financial workflows instead of replacing the existing methods by AI forecasting.  

When implementing AI, data quality is another crucial aspect to keep in mind. It is important for organisations to create suitable data management and 

governance practices to ensure financial data that is utilised by AI systems is accurate, complete and consistent.  

The importance of explainability and transparency cannot be understated when it comes to enhancing user trust in AI-driven forecasts. Giving easy-to-

understand outputs, explanations for errors, and relevant performance details can facilitate the evaluation and utilization of AI results by finance 

professionals.  

Organizations should also ensure there is attention to employee skills and problems with change management. AI forecasting models, supported by proper 

training and user engagement, can help overcome resistance to change in existing financial procedures. While AI tools can provide valuable insights into 

the market, human judgment should still play a crucial role in the overall forecasting process, especially when AI-generated predictions are used for 

making financial decisions. 

9.2 Theoretical Implications 

Theoretically, the study continues the debate on the adoption of AI from the perspective of organizational factors and forecasting outcomes associated 

with it. The results indicate that the adoption of AI can be viewed from various angles, such as perception of forecasting accuracy, forecasting 

effectiveness, trust, explainability, data quality, and organizational preparedness. This offers end-users a different lens through which to consider the 

impact of AI in forecasting models beyond simply the technical performance. Moreover, the explainability-trust relationship suggests that user factors 

should be considered when examining financial forecasting with AI. Thus, the successful implementation of AI can be conceptualized as the interplay of 

technology prowess, user trust in the technology, data quality, and preparedness within an organization. 

10. Future Research Directions 

To delve deeper into the impact of AI in financial forecasting, further research could explore how various sectors, company sizes, and roles are integrating 

AI. Larger and more diverse sample size could generate further insights into the impact of organizational environment on the implementation and potential 

impact of AI forecasting systems. Studies from various financial planning and reporting periods exploring the long-term effects of AI on forecasting 

accuracy, planning efficiency, and user trust can yield more robust evidence of the long-term impact of AI. These studies might consider survey answers 

and real history of forecasts and financials, instead of relying mainly on expected results. 
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In summary, the future of generative and agentic AI in corporate finance warrants further research. New financial analysis and forecasting approaches, 

variance analysis and decision support technologies may arise from these technologies. The study of the impact of explainability, human oversight, data 

governance, and organizational preparedness on responsible use of these new AI capabilities for financial forecasting, can therefore be carried out.  

11. Conclusion 

Artificial Intelligence is playing an ever-increasing role in financial forecasting and planning in corporate finance. The findings of this study indicate that 

AI-based forecasting is associated with improved perceived forecasting accuracy and greater efficiency in financial planning and forecasting processes. 

The findings also reveal that trust and confidence in AI-generated forecasts are influenced by explainability and transparency. But the success of 

implementing AI relies on data quality, readiness of the organization, employee abilities, and change management. AI should therefore be viewed as a 

supporting technology that enhances the capabilities of finance professionals rather than completely replacing human involvement. Successful adoption 

requires appropriate data governance, transparent AI outputs, employee training, and continued human oversight in financial forecasting and decision-

making.  
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