Journal of Information Systems and Informatics
w Vol. 5, No. 4, December 2023 ¢-ISSN: 2656-4882 p-ISSN: 2656-5935

DOI: 10.51519/journalisi.v5i4.609 Published By DRPM-UBD

The Application of Artificial Intelligence and Machine
Learning to Enhance Results-Based Management

Bongs Lainjo

Cybermatic International Inc. Montréal, QC Canada
Email: bsuiru@jicloud.com

Abstract

Artificial Intelligence (AI) and Machine Learning (ML) technologies have revolutionized
numerous industries and sectors, offering transformative potential for Results-Based
Management (RBM). RBM is a management paradigm wherein organizations and
government entities plan and assess the effectiveness of their projects, policies, or
programs in achieving outcomes. Integrating Al and ML into RBM can significantly
enhance outcomes, fostering data-driven and informed decision-making. Al and ML
integration into RBM practices facilitates improved decision-making, resource
optimization, accountability, and transparency. These technologies enhance RBM by
enabling predictive analytics, real-time monitoring, task automation, customization, and
scalability. The dynamic synergy of Al and ML extends beyond RBM into sectors like
agriculture, public health, academia, and public administration. Despite their immense
potential, AT and ML tools face challenges such as perpetuating inaccuracies and biases
due to inherent biases or low data quality. Nevertheless, their application in RBM
empowers organizations to plan better, monitor, evaluate, and refine projects and
programs, optimizing resource allocation and performance. Ongoing research, ethical
considerations, data quality, and accountability are essential priorities for harnessing the
full benefits of Al and ML in RBM. Therefore, this research paper investigates the
potential of AT and ML tools and technologies in improving results-based management. It
comprehensively reviews existing literature, practical applications, and case studies to
elucidate how Al and ML can enhance results-based management practices and contribute
to better decision-making.

Keywords: Artificial Intelligence, Machine Learning, Results-Based Management,
Decision-Making, Accountability, Transparency.

I. INTRODUCTION

Artificial Intelligence (AI) and Machine Learning (ML) have revolutionized several
sectors and industries. One sector or practice that benefits from these two
technologies is Results-Based Management (RBM). Al and ML models can
enhance RBM by refining decision-making, increasing efficiency, and optimizing
resource allocation. Accordingly, this research paper explores how applying
Artificial Intelligence and Machine Learning enhances Results-Based
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Management. It will review existing literature to explore how organizations can
use these technologies to improve real-time monitoring, decision-making, data
collection and analysis and the inherent challenges and risks of Al and ML tools.
Lastly, it will examinee trends and synthesize findings to suggest future directions
in applying Al and ML to enhance RBM outcomes.

Results-based management is a project management approach that prioritizes
results and performance rather than activities and inputs. According to the United
Nations Population Fund (2019), all actors ensure that their services, processes, or
products contribute to achieving the desired results in RBM. Consequently, they
use evidence or information concerning actual results to decide on the program’s
design, resourcing, or delivery. RBM first emerged in the aid and international
development sector, where organizations like the World Bank and the United
Nations advocated its global adoption to enhance the effectiveness of projects and
programs (Bester, 2012). However, it is widely used in various sectors, including
healthcare, education, public administration, agriculture, and environmental
conservation. RBM’s popularity is because it boosts transparency, accountability,
efficiency, policy development and decision-making, and stakeholder
engagement.

RBM emphasizes that project managers and teams focus on outcomes and results,
enabling easy tracking and measuring of intervention’s impacts. Besides, RBM
increases public administration and governance accountability by linking funding
to positive results, ensuring efficient government spending (Aly, 2015). Aligning
resources with results to ensure effective use is vital in sectors with constrained
budgets, like education and healthcare. For example, healthcare managers can use
RBM to prioritize health interventions significantly impacting or improving public
health outcomes (Cordova-Pozo et al., 2018). RBM also provides policymakers
with data-driven insights, allowing informed decision-making. For instance, RBM
can empower stakeholders to identify the most practical and effective
environmental conservation and pollution reduction strategies. RBM is vital in
different sectors because it shifts teams’, stakeholders’, and organizations’ focus
to results and impacts, helping enhance accountability and efficiency in public
administration, education, and healthcare.

Artificial Learning (AI) and Machine Learning (ML) can augment RBM in
several ways. First, Al and ML make data analysis more efficient, helping
teams identify trends, patterns, and correlations and predict outcomes and
challenges more accurately (Perifanis & Kitsios, 2023). Second, Nieto-
Rodriguez and Vargas (2023) note that teams can use Al to automate real-
time monitoring of project progress and KPIs (Key Performance
Indicators), expediting their response to emerging challenges. Third,
managers can apply ML algorithms to identify areas where additional
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investments can produce the most significant impact, optimizing resource
allocation (Nieto-Rodriguez & Vargas, 2023). Similarly, organizations can
use Al-driven insights to inform efficient resource allocation and identify
investments or programs that can yield desired outcomes.

Other potentials of Al and ML in augmenting RBM include decision
support, assessing and mitigating risks, targeted interventions, task
automation, and strategic alignment and adaptation. For instance, Al and
ML enable the automation of tasks like planting, spraying, and harvesting,
making agricultural production more efficient (Linaza et al., 2021). So, Al
and ML help automate tasks in different sectors. Nonetheless, Al and ML
integration into RBM requires a comprehensive strategy, high-quality data
input, and privacy safeguards. Additionally, it is imperative to recognize the
significance of human input in interpreting Al and ML insights and
decision-making. As such, Al supplements human expertise in RBM
processes.

2. METHODOLOGY

This study utilized qualitative research design, comprising a comprehensive
literature review and case study analysis. This approach enabled a
comprehensive investigation into the applications and impacts of Al and
ML on RBM. Accordingly, the researcher reviewed academic and industry
literature related to Al, ML, and RBM to gain a foundation for analyzing
existing frameworks, applications, and gaps. The titles, abstracts, and texts
of the selected literature reviewed to verify their methodological rigor.
Theoretical frameworks, relevance to the research objectives. Likewise,
different case studies where organizations or institutions have implemented
Al or ML methodologies to enhance outcomes were selected. The case
studies were selected from different industries or sectors to capture diverse
applications.

The researcher utilized thematic analysis to identify patterns, success
factors, and challenges in integrating Al and ML into results-based
management. The strategies used by different organizations to integrate Al
and ML into RBM frameworks were also analyzed to identify common
practices, effective implementation strategies, and challenges. Finally, the
selected literature was documented to integrate the key findings, concepts
and themes.
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2.1 AI and ML Concepts and their Role in Data Analysis and Decision-
Making

As shown in Figure 1, Artificial Intelligence and Machine Learning are interrelated
concepts which aid individuals and organizations to analyze data and make
informed decisions. Al simulates human intelligence in computer systems,
enabling machines to perform tasks that require human intelligence, like
recognizing patterns, understanding natural language, and making decisions (Soori
et al,, 2023). Al encompasses diverse technologies and functions, such as Machine
Learning (ML), Natural Language Processing (NLP), Reinforcement Learning,
Computer Vision, and Expert Systems (Collins et al., 2021). As mentioned above,
ML is an Al subset that entails developing algorithms that learn and augment data
with minimal or no programming (Soori et al., 2023). ML subcategories include
Supervised Learning, Unsupervised Learning, Semi-Supervised Learning, and
Reinforcement Learning (as Figure 1 illustrates).

Artificial

Intelligence
(AD)

Machine
Learning

(ML)
|

Computer
Processing Vision

(NLP)

Semi-
Supervised
Learning

Reinforced
Learning

Supervised Unsupervise
Learning d Learning

Figure 1. Diagram illustrating the interrelationship between Artificial
Intelligence and Machine Learning

Both Al and ML play critical roles in data analysis and decision-making. For
example, Al and ML automate data analysis, enabling systems to process and
decipher large datasets quickly and efficiently. Likewise, Al systems support
informed decision-making by automating some decisions, analyzing data rapidly,
and recommending the most suitable solutions. For example, finance departments
often use Al algorithms to interpret market data and make real-time trading
decisions (El Hajj & Hammoud, 2023). Besides, organizations can use ML
algorithms to find deviations and trends in datasets faster and more efficiently than
human analysts (Aldoseri et al., 2023). Other important roles of Al and ML in data
analysis and decision-making include personalized user experiences and accurate
predictions that facilitate proper planning, fostering data-driven decision-making.
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2.2 Examples of Al and ML Applications in RBM

Several Artificial Intelligence and Machine Language applications can be
utilized in RBM, including predictive analytics, natural language processing,
image recognition, anomaly detection, and resource optimization. Figure 1
summarizes some Al and ML functions and their typical applications in
RBM. In predictive analytics, Al and ML leverage historical data to predict
the possibility of specific outcomes (Sarker, 2022). Al can also predict the
funding allocations’ expected outcomes, optimizing resource allocation. As
mentioned, this capability can assist public administration officials in
deciding how to allocate budgets to achieve the best outcomes. The

summary of Al and ML applications and their impacts in RBM as shown in Table
1.

Table 1. Summary of Al and ML applications and their impacts in RBM.
Al and ML

Application Example of Use in RBM Impact
Predictive Pred'icting OUECOmEs Or success of Informed decision-
Analysis projects and fugchng allocations making
based on historical data
Automated data extraction from
Natural documents and reports, such as Improved data
Language analyzing stakeholder surveys and  accuracy and targeted
Processing feedback to identify concerns and interventions
preferences
Image Use of drones to survey Enhanced security
Recognition construction projects and efficiency
Anomaly Detecting product defects in . Imprqved product
Detection manufz.lcturlng system.and flaws in quath gnd.cost
financial and accounting systems. optimization
Resource Optimizing supply and logistics Improved efﬁF eney
o and streamlined
Optimization processes

resource allocation

Natural language processing can be applied in RBM to qualitatively analyze
stakeholder feedback and surveys, gaining significant insights into their concerns
and perceptions. Natural language processing can also analyze organizations’
strategic plans and policy documents to evaluate how to achieve RBM goals and
highlight unfilled gaps (Gruetzemacher, 2022). This application is valuable in
public policy and governance sectors.

Another Al and ML application in RBM is image recognition, where Al-powered
recognition helps monitor environments and assess ecosystem variations. To this
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end, Al can assist conservationists in tracking wildlife movement or deforestation
and evaluate the success of conservation efforts by analyzing satellite imagery
(Green, 2022). Image recognition, like drones, can help monitor infrastructure
projects’ progress and identify emerging issues (Choi et al., 2023). So, Al-powered
image recognition applications help teams and organizations keep projects on
track.

The fourth Al and ML application in RBM is anomaly detection. In this context,
Al and ML help detect fraud by flagging unusual transaction patterns, helping
insurance and financial sectors enhance their system’s security and reduce financial
losses (Lokanan, 2023). Moreover, manufacturing firms can use Al tools to
identify product defects, helping them maintain high product quality (Soori et al.,
2023). Therefore, Al and ML help organizations detect anomalies and maintain
high efficiency, sustainability, quality, and safety.

ML and Al algorithms are also often used in resource optimization in the supply
chain and agriculture sectors. For example, ML algorithms help predict demand,
manage inventory levels, and suggest optimal delivery routes, augmenting supply
chain and logistics processes (Tirkolaee et al., 2021). Agriculture experts can also
use Al tools to analyze data on crop health, soil characteristics, and weather
conditions to improve crop management, conserve resources, and maximize
production (Linaza et al., 2021). Therefore, Al and ML algorithms improve
resource allocation in agriculture and logistics.

3. RESULTS AND DISCUSSION

3.1 Benefits of using AI and ML in RBM

This analysis has revealed that Al and ML offer several benefits in RBM, such as
improving RBM processes’ accuracy, efficiency, scalability, and effectiveness. Al
and ML algorithms improve accuracy by enabling precise and quick data analysis,
accurate predictive analytics, and detecting discrepancies in real-time. Similarly,
these tools increase RBM processes’ efficiency through real-time monitoring,
resource allocation optimization, and automated reporting. Al and ML models
also allow easy scalability since they can efficiently process big data and have high
consistency. Lastly, these tools” high adaptability emanates from their ability to
quickly learn from new data or challenges and adapt to evolving circumstances.

3.2 Utilizing AI and ML Algorithms for Real-Time Monitoring and
Automated Data Collection

Organizations can utilize Al and ML tools to automate data collection and
enhance real-time monitoring. Al and ML tools and technologies can monitor
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financial transactions and industrial processes in real-time. For instance,
manufacturing firms can install Al-powered systems to alert operations and
maintenance teams about equipment malfunctions to ensure timely maintenance
and repairs (Rojek et al., 2023). Additionally, healthcare organizations can integrate
Al into wearables and sensors to detect anomalies in patients’ vital signs and alert
the patient and their providers (Wang & Hsu, 2023). These are a few examples of
how different sectors and organizations utilize Al and ML algorithms for real-time
monitoring.

Concerning automated data collection, firms can use some Natural
Language Processing models to automate data collection and analysis, such as
extracting valuable insights from customer feedback and surveys (Shah et al.,
2023). Furthermore, Al can automate data collection from social media and online
platforms, allowing organizations to monitor brand mentions and understand
public perceptions (Perakakis et al., 2019). So, Al and ML tools’ automated data
collection and real-time monitoring capacities facilitate businesses to explore and
understand customer sentiment, trends, and preferences and respond quickly to
changes.

3.3 Intelligent Data Analysis for Identifying Trends, Patterns, and
Anomalies in Results Data

Indeed, Al and ML techniques’ intelligent data analysis enhance RBM by
identifying patterns, trends, and anomalies in the results data. First, Al and ML
tools process enormous amounts of data quickly and efficiently, allowing
organizations to visualize results meaningfully through dashboards or reports
highlighting progress toward achieving KPIs and potential concerns (Satker,
2021). Second, ML algorithms can identify trends and correlations in results data,
efficiently detecting deteriorating or improving outcomes (Walch, 2020). Thus,
they aid organizations in making data-driven decisions and adapting interventions
and strategies appropriately. Third, Al and ML tools can highlight unusual results,
signalling potential problems (Walch, 2020). For example, some Al tools can flag
outcomes with significant deviations, triggering teams to investigate the underlying
causes. So, intelligent data analysis improves the effectiveness of RBM and the
impact of interventions and projects.

3.4 Enhancing Data Quality and Integrity through AI-Based Data
Cleansing and Validation Techniques

Al can improve data quality and reliability by automating data cleaning and
validation processes. Al tools can identify and fix data inconsistencies, including
misspellings, formatting discrepancies, and wrong abbreviations (Aldoseri et al.,
2023). So, Al helps individuals and organizations standardize data and enhance
consistency. Furthermore, Al algorithms can identify and flag duplicate data
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entries, preventing redundancy and assisting organizations to maintain data
integrity (Aldoseri et al, 2023). Duplicate data removal eliminates data
misrepresentation. Al algorithms also effectively identify anomalies or outliers in
datasets (Walch, 2020). Outliers might signal errors that require further
investigation. Hence, Al-enabled outlier detection helps maintain data quality. Al
can also help organizations automate data validation. Al tools can validate data
accuracy, wholeness, and compliance with predefined standards (Aldoseri et al.,
2023). Further, Al algorithms can analyze existing data for missing values, helping
analysts fill in gaps and maintain the quality of datasets.

3.5 Leveraging AI And ML Algorithms to Assess the Impact and
Effectiveness of Interventions

Organizations can leverage Al and ML tools to evaluate interventions’ impacts
and effectiveness. These Al and ML models can predict a proposed programs or
project’s impact by factoring in relevant variables. Al algorithms can also help
measure an intervention’s impact by analyzing outcomes against predicted values
(Haleem et al., 2022). Such evaluations help teams determine if their interventions
or programs attain expected outcomes or require adjustments.

Al algorithms analyze complex datasets to identify causal relationships. For
instance, they can pinpoint the factors or interventions with the most significant
contributions to the intended outcomes, guiding organizations to improve their
strategies. Likewise, organizations can leverage ML tools to simulate likely
scenarios without interventions, illustrating their programs’ actual impacts (Sarker,
2021). Artificial intelligence can also integrate data from different sources,
providing a more profound view of the interventions’ effectiveness and the results
data’s full scope.

3.6 Automated Generation of Performance Reports and Visualization of
Results Using AI-Powered Tools

Al-powered tools can automate the generation of performance reports and
visualization results, significantly streamlining data reporting, enhancing data
accuracy, and boosting the insights’ accessibility. Some ways organizations can
leverage Al for these purposes include data integration and cleaning, reporting
templates, visualization, and automated insights. Al-powered tools can integrate
different data sources, such as spreadsheets and databases, availing all relevant
information for reporting (Aldoseri et al., 2023). Besides, these tools can clean the
data effectively, maintaining data accuracy and consistency (Aldoseri et al., 2023).
Al tools also use predefined templates that create standardized and consistent
reports, ensuring stakeholders understand the data easily.

Bongs Lainjo | 1557



Journal of Information Systems and Informatics
Vol. 5, No. 4, December 2023

p-ISSN: 2656-5935 http:/ /journal-isi.org/index.php/isi e-ISSN: 2656-4882

One benefit of using Al-powered tools to generate reports is that they often create
data visualizations like interactive dashboards, graphs, and charts that provide a
clear and comprehensive overview of KPIs. Al can also offer automated insights
about data by highlighting key findings, trends, and anomalies (Mesmari, 2023).
Accordingly, Al tools pinpoint potentially problematic areas, saving resources and
enhancing the quality of the reports and results.

3.7 Incorporating Al and ML in Evaluating Indicators and Benchmarks in
RBM Frameworks

Incorporating Al and ML algorithms to evaluate benchmarks and indicators
within RBM frameworks can help organizations make more accurate and effective
decisions and enhance performance. Some ways organizations can apply Al and
ML in this context include predictive analysis, anomaly detection, benchmark
comparison, and dynamic benchmarks.

ML models often analyze historical data to predict outcomes and trends. As such,
organizations can use Al tools to evaluate whether they are likely to meet specific
benchmarks or indicators and initiate timely measures (Mikalef et al.,, 2023).
Further, Al tools can highlight anomalies or unusual patterns in indicator data,
indicating unmet benchmarks (Sengénil et al.,, 2023). Al tools also automate
benchmark comparison, enabling organizations to evaluate their performance and
make informed decisions. Lastly, ML, can define dynamic benchmarks that are
adjustable to evolving circumstances, such as external or disruptive factors.
Applying ML and Al techniques to evaluate indicators and benchmarks in RBM
frameworks supports achieving outcomes.

3.8 Utilizing AI-Powered Decision Support Systems to Facilitate Evidence-
Based Decision-Making in RBM

Organizations often utilize Al-powered decision support systems in RBM to foster
evidence-based decision-making. In this regard, Al enhances evidence-based
decision-making in RBM through data integration, predictive analytics, risk
assessment, and real-time monitoring. Al tools integrate diverse data sources to
present a comprehensive scenario analysis. These tools can provide wide-ranging
metrics, including indicators, financials, and benchmarks (Beasley, 2021).
Moreover, Al tools’ predictive analytics enable proactive decision-making
informed by expected outcomes (Beasley, 2021). AI’s predictive capacity also helps
decision-makers to identify emerging challenges and optimize resource allocation.

Al systems can simulate several scenarios to evaluate the diverse impacts of
various interventions, enabling decision-makers to better understand each
strategy’s compromises and balances and select the most effective one. Al also
facilitates evidence-based decision-making by analyzing historical data and external
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factors to identify significant risks (Perifanis & Kitsios, 2023). Consequently,
decision-makers can identify appropriate risk-mitigation measures and strategies.

Al tools’ real-time data monitoring capacity allows decision-makers to react swiftly
to evolving circumstances. These tools also alert or notify teams when they meet
specific thresholds. So, Al tools can facilitate evidence-based decision-making,
enhancing the quality of decisions and subsequent performance.

3.9 Enhancing Scenario Analysis and Forecasting Capabilities through ML
Algorithms

ML algorithms can enhance scenario analysis and forecasting, providing
organizations with critical insights and enhanced decision-making capabilities in
evolving business environments. E(n.d.) mentions that using ML algorithms to
enhance scenario analysis and their forecasting helps organizations improve
forecasting accuracy, incorporate diverse data sources, and make timely, data-
driven decisions. Generally, this process may involve defining objectives and
scope, data collection, creating meaningful features, applying relevant ML
algorithms, training and testing, scenario generation, and appropriate visualization.
However, it is significantly iterative and requires constant monitoring, evaluation,
and fine-tuning.

3.10 AI-Driven Recommendations and Policy Suggestions Based on
Results Data Analysis

Policymakers and decision-makers can benefit from Al-driven recommendations
and policy suggestions based on results from data analysis. Al-driven policy
suggestions can transform policymaking by making the process more data-driven,
focused on achieving outcomes, and responsive to evolving circumstances
(Pencheva et al., 2018). This unique Al capability can help governments and
organizations make informed decisions, drive impactful outcomes, and optimize
policies.

3.11 Potential Challenges in Implementing AI and ML in RBM

Whereas implementing Al and ML in RBM has substantial benefits, it also
presents several challenges concerning data privacy, bias, and explainability.
Results-based management typically uses sensitive data like propriety business data
or personally identifiable information. Integrating ML and Al algorithms into
RBM might raise concerns about the privacy of sensitive individual and company
data (Shaw et al., 2019). Further, various national and regional data protection
authorities compel organizations to abide by some regulations. For example, all
organizations handling data in the EU must comply with the General Data
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Protection Regulation (GDPR). Hence, Al and ML systems must comply with
these regulations and ensure the safe handling of personal data.

Secondly, there is the challenge of bias in historical data that can affect Al and ML
algorithms. For example, if historical data are gender- or racially skewed, Al
systems can perpetuate these biases in decision-making (UNESCO, 2023). Data
bias is a considerable concern in the criminal, justice, and job recruitment sectors.
Further, some organizations may find challenges in maintaining the Al model’s
fairness since it entails proactively mitigating bias through tre-sampling or re-
weighting. Lastly, transparency and accountability for rectifying biases when
developing Al models are often not demanding and complicated.

Explainability is another significant challenge in implementing Al and ML models
in RBM. Explaining the rationale behind some Al models may take time, creating
a barrier to their adoption in some organizations (Shaw et al., 2019). Similarly,
there is still a challenge in developing techniques that interpret or explain Al
models’ decisions and recommendations. This flaw limits AI models’ trust in
policymaking processes, where participants must understand the justification of
some choices.

Another challenge with Al and ML techniques in RBM is data quality. The
accuracy of these models’ predictions depends on data quality, meaning
incomplete or inaccurate data lowers the quality of the model’s outputs
(Younanzadeh, 2022). Therefore, organizations must ensure that they clean and
validate all the data. Related to this quality issue are the models’ significant cost
implications. According to Mikalef and Gupta (2021), implementing Al and ML
models in RBM implies increased investment in technology, infrastructure, and
skilled workforce. Therefore, smaller or newly established organizations’ and
government agencies’ adoption of these technologies may be hampered by
resource constraints.

As previously mentioned, there are ethical concerns about Al and ML in RBM.
Decisions regarding the data type to use, handling privacy concerns, and managing
biases are significant ongoing ethical concerns (UNESCO, 2023). Organizations
must address these challenges to enjoy the full benefits of Al and ML in RBM and
ensure transparent, ethical, and fair decision-making.

3.12 Strategies to Address Ethical Concerns and Promote Transparency,
Fairness, and Accountability

Addressing challenges of implementing Al and ML in RBM, such as ethical

concerns and promoting fairness, transparency, and accountability, requires a
comprehensive approach, entailing robust data governance, transparency
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measures, ethical Al frameworks, and continuous monitoring and validation of Al
models. Data governance may involve regular audits to identify and address biases,
errors, and inaccuracies (Stahl, 2021). Besides complying with relevant data
regulations, organizations and governments should implement robust data privacy
measures protecting sensitive information.

Another strategy organizations can use to enhance transparency is consistently
documenting data sources, algorithms, parameters, and model architecture.
Likewise, organizations can use interpretable Al models or develop methods to
interpret models’ decision-making or predictions to stakeholders (Rudin, 2019).
Regarding accountability, Mantymaki et al. (2022) suggest that organizations
require robust Al and ML governance frameworks. Such project frameworks
should explain who is responsible for decision-making, accountability, and
compliance. Furthermore, mechanisms monitoring Al and ML models’
performance should cleatly state individuals or teams accountable for decisions
and outcomes. An additional strategy that can help organizations alleviate ethical
concerns is creating and adhering to guidelines that outline the organization’s
cthical values and standards (Stahl, 2021). This way, organizations will achieve
transparency, fairness, and transparency.

3.13 Sharing Best Practices and Guidelines for Using Al and ML
Responsibly in RBM

The best practices for using Al and ML responsibly in RBM primarily entail
prioritizing effective, ethical, transparent use of these technologies. One best
practice is establishing clear and concise data collection, access, and storage
procedures and ensuring data accuracy, quality, and security. Second, another
valuable method is developing and adhering to ethical guidelines that reflect the
organizations or government’s values and emphasize fairness, accountability, and
transparency (Forbes Expert Panel, 2023). Third, organizations and team leaders
must prioritize stakeholder involvement in RBM decision-making and Al and ML
implementation deliberations to gather diverse perspectives (Nair et al., 2023).
Fourth, it is critical to implement strategies to help an organization identify and
reduce bias in Al and ML models, such as fairness metrics and algorithms, to
enhance outcomes’ fairness.

Transparency guidelines are also core to the responsible use of Al and ML in
RBM. Thus, the fifth best practice is documenting model development and
performance, data sources, and decision-making to improve the model’s
transparency (Haasdijk, n.d.). Similarly, organizations require governance and
accountability frameworks that outline roles and decision-making concerning Al
and ML in RBM. Lastly, it is essential to continuously monitor and evaluate Al
and ML models’ performance and adjust them to mitigate challenges promptly.
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3.14 Real-Life Examples of Organizations Leveraging Al and ML to
Enhance RBM

Various case studies have explored Al and ML applications to improve results in
diverse fields and sectors. Accordingly, this article presents two case studies — one
in healthcare and the other in academia.

3.141 Academia case study: Crown College uses predictive analytics to
retain at-risk students (Zaino, 2021).

The objective of intervention:

This intervention aimed to predict at-risk students and enhance their retention
accurately.

Strategies:

This initiative mined data from first-time, full-time degree students who joined the
college in the 2009-2014 fall semesters and identified the critical factors that cause
or exacerbate students’ at-risk levels at the school (Zaino, 2021). Consequently,
the college developed a logistic regression model using this information.

Implementation:

Crown College implemented the predictive model in the fall of 2015 to predict the
retention rate of the incoming School of Arts and Sciences first-year students. The
school ran this predictive model for the subsequent six semesters. It began
analyzing its data in the summer of 2018 to determine the model’s accuracy in
predicting students needing help to remain in school (Zaino, 2021). Accordingly,
the research team developed strategies to help at-risk students thrive in the school.

Outcome (Intended or unintended):

This predictive model accurately predicted at-risk students. Further, this model
and the interventions significantly improved the school’s retention rates. For
instance, it retained 94% of eligible students (4% more than in 2015) and 89% of
first-year students (a 5% increase from 2015) in the Spring of 2019.

Table 2: A table comparing Crown College’s retention rates before and after using the
predictive model.

Before the After the Deviation
Predictive Model  Predictive Model eviatio
Retention rate for
+ 0
Eligible Students 90 94 4%
Retention Rate for
First-Year 84 89 +5%

Students
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Challenges:

According to Zaino (2021), the most significant challenge they faced when
implementing this initiative was convincing the faculty, staff, and other
stakeholders to support and appreciate the initiative’s objective of improving
students’ persistence and retention rates.

Lessons learned:
Using predictive analytics to model student success and develop engagement plans
helps improve learner outcomes like retention.

Recommendations:

Building buy-in from an organization’s executive leadership and stakeholders
minimizes hindrances to adoption. Learning institutions should adopt ML and Al
technologies to leverage data and improve learners’ educational experience and
outcomes.

3.14.2 Healthcare case study: Crown College’s Use of Predictive Analytics
to retain at-risk students.

The objective of intervention:

This study aimed to develop a generic machine-learning algorithm to estimate
diabetes incidence rates from the number of antidiabetic drug reimbursements to
improve public health surveillance in France.

Strategies:

Haneef et al. (2021) selected a final dataset from CONSTANCES, an
epidemiological cohort-linked the French National Health Database and adopted
a supervised Machine Learning Approach to develop a generic algorithm.

Implementation:

The implementation steps included selecting a final data set, defining targets,
coding variables for a specific window period, and splitting the final data into tests
and training datasets. In this case, Haneef et al. (2021) selected a final dataset
comprising 44,659 participants (44,578 without diabetes cases and 81 with incident
diabetes cases) from CONSTANCES cohort and another 23 variables to train the
different algorithms. Subsequently, Haneef et al. (2021) selected their variables,
trained the model, validated it with test data, and selected the best model.

Outcome (Intended or unintended):

The ML algorithm moderately predicted diabetes incidence rates (67% accurate
and 62% sensitive). Besides, the researchers noted the algorithm’s potential in
estimating type 2 diabetes incidence rates.
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Figure 2. Summary of Haneef et al.’s (2021) implementation steps

Challenges:
One major challenge Haneef et al. (2021) experienced concerns the algorithm’s
low accuracy and specificity.

Lessons learned:
Updating predictive models regularly enhances their accuracy even when data
patterns change.

Recommendations:
Healthcare organizations should utilize high-performance Machine Learning
models or algorithms to enhance healthcare delivery and results.

3.15 Successful Outcomes, Lessons Learned, and Potential Areas for
Improvement

These two case studies reveal that organizations can leverage Al and ML tools to
improve outcomes. For example, Crown College used predictive analytics to
improve student retention. They used predictive analytics to identify at-risk
students and provided support to help them persist. Likewise, Haneef et al. (2021)
developed a Machine Learning algorithm that moderately predicted diabetes
incidence rates for patients without previous diabetes incidents. One lesson
learned is the value of continuous improvement to make Al and ML tools more
effective and accurate. In this regard, updating predictive models regularly ensures
their accuracy despite evolving data patterns. Another critical lesson is that there
are several ways Al and ML applications are significantly impacting different
sectors besides predictive analysis.

3.16 Demonstrating the Value of AI And ML Integration in RBM across
Different Sectors and Contexts

The above examples show the value of integrating Al and ML in RBM across

different organizations to improve results and manage their projects and programs
more effectively. Al and ML tools provide predictive analytics, resource
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optimization, and data-driven decision-making. So, they help government and
private organizations manage projects and programs while achieving better
outcomes effectively.

4 CONCLUSION AND RECOMMENDATIONS

Artificial Intelligence and Machine Learning can significantly benefit and enhance
Results-Based Management. This study revealed that the benefits of using these
technologies in RBM include informed decision-making, better forecasting,
improved scenario analysis, optimized resource allocation, and anomaly detection.
For instance, Al and ML foster data-driven decision-making, ensuring RBM
processes are informed by real-time and comprehensive data analysis.
swiftly. Likewise, the analysis found that the potential of Al and RBM models in
improving RBM includes enhanced efficiency, adaptive management, predictive
analytics and policy optimization. Al and ML techniques automate data analysis,
significantly lessening the time required for effective RBM implementation. Al
also facilitates agile management, where organizations respond to evolving
circumstances proactively, enabling timely decision-making and adjustments.
Moreover, the Al tool’s predictive analysis capacity enables organizations to
anticipate and better manage trends, opportunities, and challenges. Another
significant potential of Al and ML in RBM is the improved capacity to leverage
data analysis to optimize strategies and policies, increasing governance
effectiveness and efficiency.

The application of Al and ML in RBM is evolving and presents numerous
opportunities for further research and development. One potential area for
exploration is interdisciplinary collaboration between RBM experts, data scientists,
and policymakers. This way, stakeholders will design Al and ML models and
algorithms with a more comprehensive understanding of individual programs or
policy contexts. Furthermore, another potential area for further research and
development is advancing explainable Al techniques to enhance Al and ML
models’ transparency and explainability. Successful exploration of this aspect will
significantly help decision-makers and stakeholders rationalize some
recommendations. It is also worth investing in researching and developing
standardized frameworks and guidelines for implementing Al and ML in RBM to
ensure that organizations manage results data responsibly and moderately. Besides,
continuous research into bias mitigation will reduce Al and ML algorithms’
inherent bias that perpetuates anomalies. Lastly, developing more innovative Al
systems that offer instant or automated decision support is imperative, including
recommendations for improving outcomes in RBM. These areas present
opportunities to advance the development of Al and ML in RBM, ensuring more
robust and ethical approaches that will optimize results in different industries and
sectors.
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