
© SEP 2021 | IRE Journals | Volume 5 Issue 3 | ISSN: 2456-8880 

IRE 1709054          ICONIC RESEARCH AND ENGINEERING JOURNALS 394 

Modeling Digital Engagement Pathways in Fundraising 
Campaigns Using CRM-Driven Insights 

 

OMOLOLA TEMITOPE KUFILE1, BISAYO OLUWATOSIN OTOKITI2, ABIODUN YUSUF 

ONIFADE3, BISI OGUNWALE4, CHINELO HARRIET OKOLO5 
1Amazon Freight, USA  

2Department of Business and Entrepreneurship, Kwara State University, Nigeria 
3Independent Researcher, California, USA 

4Independent Researcher, Canada 
5United Bank for Africa (UBA), Lagos state, Nigeria 

 

 

Abstract- Digital fundraising campaigns have 

undergone a transformative shift, driven by the 

integration of Customer Relationship Management 

(CRM) systems, data analytics, and digital 

engagement platforms. This paper develops a 

comprehensive model for analyzing and optimizing 

digital engagement pathways in nonprofit 

fundraising campaigns. By leveraging CRM-derived 

behavioral data, machine learning, and 

multichannel interaction patterns, we present a 

framework that identifies high-conversion 

engagement journeys across email, social media, 

websites, and SMS. Using historical campaign data 

from multiple nonprofit organizations, we apply 

supervised learning techniques and Markov Chain 

modeling to derive insights into donor behavior, 

channel synergy, and content effectiveness. The 

results indicate that CRM-driven models 

significantly improve campaign attribute, donor 

retention, and personalized outreach strategies. Our 

findings highlight the value of integrating CRM 

analytics into strategic fundraising workflows and 

offer practical implications for campaign managers 

seeking to maximize donor lifetime value and 

engagement ROI. 
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I. INTRODUCTION 

 

In today’s hyperconnected digital economy, nonprofit 

organizations are increasingly reliant on multichannel 

engagement strategies to drive fundraising 

performance. The digitization of donor engagement 

from social media campaigns and targeted email 

outreach to personalized SMS and dynamic web 

interactions has radically altered how charitable 

campaigns are structured, measured, and optimized 

[1], [2]. In this evolving landscape, Customer 

Relationship Management (CRM) systems have 

emerged as critical repositories of donor data, 

interaction histories, and behavioral analytics, 

enabling campaign managers to orchestrate highly 

targeted and personalized donor journeys across 

digital channels [3], [4]. 

This paper investigates the role of CRM-driven 

insights in modeling digital engagement pathways for 

fundraising campaign optimization. Our primary 

objective is to develop a robust analytical framework 

that captures the sequence, frequency, and contextual 

nuances of donor interactions across multiple digital 

platforms, facilitating attribution modeling, pathway 

optimization, and donor lifetime value prediction. The 

significance of this endeavor is underscored by 

growing challenges in donor acquisition and retention, 

as well as heightened expectations for transparency 

and impact in philanthropic engagements [5], [6]. 

1.1. The Emergence of Digital Fundraising 

Ecosystems 

Historically, fundraising has been anchored in 

relationship-building activities such as direct mail, 
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telethons, and in-person donor events. While these 

traditional approaches remain relevant, they have 

increasingly been supplemented and in many cases, 

supplanted by digital fundraising channels. The 

COVID-19 pandemic further accelerated this shift, 

compelling nonprofits to adopt virtual platforms and 

data-driven methods for donor outreach [7], [8]. This 

transition has created opportunities for organizations 

to harness digital engagement tools, including CRM 

systems, to deliver scalable, timely, and personalized 

communications [9], [10]. 

Multichannel digital fundraising ecosystems are 

inherently complex, involving touchpoints such as 

emails, donation forms, landing pages, social media 

ads, influencer outreach, peer-to-peer fundraising 

apps, and live-streamed events [11], [12]. Mapping 

and optimizing donor engagement within this 

ecosystem requires not only tracking individual donor 

actions but also interpreting the intent, motivation, and 

conversion likelihood associated with each interaction 

[13], [14]. 

1.2. CRM Systems as Analytical Infrastructure 

CRM platforms such as Salesforce Nonprofit Cloud, 

Blackbaud Raiser’s Edge NXT, and Microsoft 

Dynamics have become indispensable in modern 

fundraising operations. These systems centralize 

donor profiles, communication histories, campaign 

performance metrics, and behavioral data from 

website visits, email clicks, social media shares, and 

donation transactions [15], [16]. With API 

integrations, machine learning plugins, and workflow 

automation, CRMs are no longer passive repositories 

but dynamic engines of insight generation and 

decision support [17], [18]. 

CRM data serves as the backbone for constructing 

digital engagement pathways. By linking structured 

donor records with unstructured behavioral events 

(e.g., page dwell time, device type, referral source), 

researchers can model the temporal and causal 

relationships among various digital actions. Such 

modeling enables nonprofits to identify high-impact 

pathways, uncover channel synergies, and allocate 

marketing budgets based on empirical attribution 

outcomes rather than heuristics [19], [20]. 

 

1.3. The Complexity of Engagement Attribution 

One of the most persistent challenges in digital 

fundraising is attribution: assigning credit for a 

donation to the correct sequence of engagement 

events. Traditional last-click attribution models are 

often insufficient, as they ignore the cumulative 

influence of earlier touchpoints [21], [22]. First-click, 

linear, and time-decay models attempt to correct for 

this bias, but each comes with inherent trade-offs in 

granularity and accuracy [23], [24]. 

Modern attribution modeling often borrows from 

digital marketing analytics and employs probabilistic 

frameworks such as Markov Chains, Bayesian 

Networks, and machine learning classifiers to infer 

donor pathways [25], [26]. These methods allow for 

nuanced interpretations of donor journeys, 

accommodating nonlinear, multi-touch interactions 

that characterize contemporary digital engagements. 

When informed by CRM-derived behavioral data, 

such models can isolate high-performing sequences 

and predict donor conversion probability with greater 

precision [27], [28]. 

1.4. Donor Behavior and Personalization 

Contemporary donors are increasingly data-savvy, 

mission-oriented, and value-driven. They expect 

personalized experiences that reflect their preferences, 

philanthropic interests, and previous interactions with 

an organization [29], [30]. Generic mass 

communication strategies often lead to disengagement 

and attrition, especially among younger donor cohorts 

who prioritize social impact and digital convenience 

[31], [32]. 

Personalization in fundraising is no longer limited to 

salutations and donor segmentation; it involves 

tailored content, dynamic timing, channel preference 

optimization, and predictive nudges [33]. CRM 

systems, when integrated with AI-driven 

recommendation engines and behavioral models, 

allow nonprofits to deliver such hyper-personalized 

experiences on a scale. Understanding the micro-

patterns of donor engagement such as what type of 

content elicits clicks, what day/time yields higher 

conversion, or what device type signals donation 

intent is essential for personalizing fundraising 

strategies [34], [35]. 
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1.5. Campaign Optimization and Lifecycle Modeling 

Digital engagement is not a single event but a 

lifecycle, comprising acquisition, nurturing, 

conversion, and retention phases. Each phase involves 

a different set of strategies, metrics, and data needs. 

Modeling engagement pathways allows campaign 

managers to tailor their interventions based on where 

a donor is in this lifecycle [36], [37]. 

For example, newly acquired leads might benefit from 

educational content and impact stories, while long-

term donors might respond better to progress updates 

and invitations to exclusive events. CRM analytics can 

track donor velocity through these lifecycle stages and 

trigger automated workflows that align with each 

stage’s objectives [38], [39]. This approach is critical 

for reducing churn, improving retention, and 

enhancing donor lifetime value (LTV). 

1.6. Research Gap and Contribution 

Despite widespread CRM adoption and increasing 

sophistication in digital fundraising, there remains a 

notable gap in academic literature and nonprofit 

practice concerning how digital engagement pathways 

are modeled, validated, and applied for strategic 

decision-making [40], [41]. Much of the existing 

research focuses on channel-level analytics or static 

segmentation rather than dynamic, cross-channel 

behavior modeling. Moreover, there is limited 

consensus on standardized frameworks for integrating 

CRM data into predictive modeling workflows. 

This study contributes to bridging this gap by: 

1. Developing a comprehensive engagement pathway 

model based on CRM-driven behavioral data. 

2. Applying supervised learning, clustering, and 

Markov Chain methods to quantify pathway 

performance. 

3. Demonstrating the application of this model in 

real-world fundraising campaigns, with 

measurable impacts on donor conversion and 

retention. 

4. Providing actionable insights for nonprofit 

campaign managers and data analysts seeking to 

enhance multichannel engagement outcomes. 

1.7. Structure of the Paper 

The rest of this paper is organized as follows. Section 

5 reviews the extant literature on CRM analytics, 

donor behavior modeling, and digital fundraising 

optimization. Section 6 details the methodology, 

including data collection, modeling techniques, and 

evaluation metrics. Section 7 presents the results of 

our analytical experiments and model validations. 

Section 8 discusses the implications of the findings for 

academic research and nonprofit practice. Finally, 

Section 9 concludes with strategic recommendations 

and directions for future research. 

II. LITERATURE REVIEW 

The integration of Customer Relationship 

Management (CRM) systems in digital fundraising 

strategies has become a focal point of contemporary 

nonprofit research and practice. This literature review 

synthesizes prior academic findings, industry insights, 

and technological advancements concerning CRM 

analytics, multichannel donor engagement, and the 

modeling of digital pathways in fundraising contexts. 

By aggregating and critically evaluating these sources, 

we establish the theoretical and empirical foundation 

for our CRM-driven engagement pathway framework. 

1.1. Evolution of Fundraising in the Digital Era 

Digital transformation in the nonprofit sector has 

fundamentally redefined donor engagement, 

campaign design, and performance assessment. Early 

fundraising models relied heavily on linear 

communication channels such as postal mail and in-

person solicitation that limited real-time feedback and 

personalization capabilities [42], [43]. However, the 

rise of digital platforms has enabled nonprofits to 

initiate and maintain donor relationships through 

emails, mobile apps, social media, and search engine 

marketing [44], [45]. 

Scholars argue that this shift demands a more 

dynamic, responsive approach to fundraising, one that 

recognizes the interplay of digital touchpoints and 

individual donor behavior over time [46], [47]. The 

integration of CRM platforms has emerged as a 

cornerstone of this transformation, facilitating real-

time tracking of donor interactions and enabling data-

informed decision-making [48]. 
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1.2. CRM Systems in the Nonprofit Sector 

CRM systems provide centralized donor profiles, 

capturing structured and unstructured data such as 

donation history, communication preferences, website 

visits, and social interactions [49], [50]. They serve as 

the analytical infrastructure that allows campaign 

managers to tailor communication based on behavioral 

trends and predictive indicators [51], [52]. 

Recent studies show that CRM platforms significantly 

improve donor segmentation, campaign targeting, and 

stewardship efforts [53]. These systems also foster 

cross-functional collaboration between development 

teams, digital strategists, and data analysts [54]. 

However, literature highlights the underutilization of 

advanced CRM features, particularly predictive 

modeling and machine learning integrations, due to 

skill gaps and resource constraints [55], [56]. 

1.3. Modeling Donor Behavior and Engagement 

Pathways 

Modeling digital engagement pathways involves 

analyzing how donors interact with an organization’s 

online ecosystem over time. Several frameworks such 

as funnel models, Markov chains, and customer 

journey analytics—have been applied to interpret and 

optimize these pathways [57], [58]. For example, 

Markov chain models quantify the probability of 

transitioning between engagement states (e.g., email 

open → webpage click → donation) and have been 

used to attribute value to each touchpoint in the 

conversion sequence [59], [60]. 

Academic literature emphasizes that effective pathway 

modeling requires longitudinal data, cross-channel 

visibility, and contextual interpretation [61]. CRM 

systems, with their capacity to unify and timestamp 

digital interactions, are ideal for facilitating such 

modeling [62]. Moreover, when augmented with 

machine learning classifiers, these models can predict 

donor intent, identify at-risk supporters, and 

personalize engagement strategies [63], [64]. 

1.4. Challenges in Digital Attribution 

Attribution modeling in digital fundraising is a 

complex undertaking, often complicated by 

incomplete data, multi-device usage, and cross-

platform behavior. Traditional attribution methods 

such as first-touch and last-touch models fail to 

account for the cumulative impact of preceding 

interactions [65], [66]. This limitation has driven the 

adoption of more sophisticated multi-touch attribution 

(MTA) techniques, including algorithmic and 

probabilistic models [67], [68]. 

Research indicates that MTA models improve 

accuracy in performance analysis, allowing campaign 

managers to optimize channel mix and investment 

strategies. However, these models require granular 

interaction data and technical proficiency, which are 

often lacking in small-to-medium-sized nonprofits. 

Literature also notes ethical concerns related to data 

privacy and algorithmic transparency in pathway 

modeling [69], [70]. 

1.5. Donor Personalization and Lifecycle Engagement 

Donor personalization has been identified as a critical 

success factor in digital fundraising. Personalization 

tactics range from email subject line customization to 

content tailoring based on giving history and 

behavioral patterns [71], [72]. CRM-enabled 

personalization enhances donor satisfaction and 

increases the likelihood of repeat contributions [73]. 

Lifecycle modeling a strategy that segments donors 

based on their journey stage (acquisition, nurturing, 

conversion, retention) has also gained traction in 

academic and applied research [74], [75]. CRM 

analytics facilitate this approach by triggering targeted 

interventions aligned with donor behavior patterns and 

engagement readiness [76], [77]. 

1.6. Gaps in the Literature 

Despite substantial progress, gaps remain in the 

integration of CRM insights into comprehensive 

engagement pathway models. Many existing studies 

focus narrowly on email marketing metrics, donation 

forms, or social media campaigns in isolation [78], 

[79]. There is a need for interdisciplinary frameworks 

that incorporate behavioral science, data analytics, and 

nonprofit management theory to fully exploit CRM 

capabilities [80]. 

Furthermore, few studies offer practical models or 

tools that nonprofit professionals can readily 
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implement to evaluate and enhance their digital 

engagement strategies. This paper addresses these 

gaps by presenting an empirically validated CRM-

driven pathway model, demonstrated through real-

world fundraising scenarios. 

1.7. Summary of Key Themes 

In summary, the reviewed literature underscores the 

transformative potential of CRM systems in digital 

fundraising, particularly in tracking, modeling, and 

optimizing donor engagement. However, it also 

reveals a persistent gap in applied analytics capacity 

and strategic integration. This paper builds upon the 

theoretical and empirical foundations laid by prior 

research, offering a novel framework that connects 

CRM data to predictive engagement modeling and 

strategic fundraising outcomes. 

The next section details the methodology used to 

develop and validate the proposed digital engagement 

pathway model. 

III. METHODOLOGY 

This study employs a mixed-methods research design 

to develop, test, and validate a CRM-driven digital 

engagement pathway model tailored for nonprofit 

fundraising campaigns. The methodology 

encompasses four principal phases: (1) dataset 

acquisition and preparation; (2) engagement pathway 

model design; (3) machine learning implementation 

and evaluation; and (4) qualitative validation through 

stakeholder interviews. The approach integrates 

quantitative CRM data analysis with qualitative 

insights to ensure practical relevance and theoretical 

robustness. 

3.1. Research Design 

A sequential exploratory design was used to address 

the dual goals of identifying dominant digital 

engagement patterns and predicting donor conversion 

likelihood. This approach enabled the iterative 

refinement of the model based on both empirical and 

experiential data, enhancing external validity and 

interpretability [81], [82]. 

Quantitative analysis focused on extracting 

engagement trajectories from CRM logs, modeling 

donor behaviors through machine learning techniques 

such as logistic regression, random forests, and 

gradient boosting classifiers [83]. Qualitative analysis 

involved thematic coding of semi-structured 

interviews with nonprofit campaign managers and 

digital strategists, aimed at contextualizing model 

outputs and aligning them with organizational needs 

[84]. 

3.2. Data Sources 

The primary dataset was sourced from a multi-channel 

CRM platform used by a mid-sized international 

nonprofit organization over a 24-month campaign 

period (January 2019–December 2020). The CRM 

system recorded over 3.2 million donor interactions, 

including email engagements, website visits, form 

submissions, mobile app usage, and social media 

engagements [85]. 

Each record included timestamped metadata such as 

device type, referrer domain, interaction type, 

geolocation (anonymized), campaign source, and 

donor segmentation tags. Personally identifiable 

information (PII) was removed in compliance with 

GDPR and CCPA guidelines before analysis [86]. 

3.3. Data Preprocessing and Feature Engineering 

Data preprocessing involved the normalization, 

deduplication, and enrichment of interaction logs. 

Sessions were unified using a probabilistic identity 

resolution model that combined hashed email 

identifiers, session cookies, and device fingerprints. 

Missing values, particularly in multi-touch journey 

data, were imputed using k-nearest neighbor 

algorithms and behavioral heuristics . 

Feature engineering was performed to derive key 

behavioral indicators such as session depth, recency-

frequency-monetary (RFM) scores, channel sequence 

entropy, and time-to-conversion intervals. These 

metrics were then binned and scaled using quantile 

normalization for use in the predictive modeling 

phase. 

3.4. Engagement Pathway Modeling 

Engagement pathways were modeled using Markov 

chain transition matrices to calculate the probability of 

progression across different touchpoints, including 

non-linear re-engagement behaviors [87]. The first 
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order and higher-order Markov models were 

benchmarked against funnel-based and heuristic rules 

to validate their explanatory power. 

To enhance interpretability, Sankey diagrams and state 

transition heatmaps were constructed to visualize 

high-probability engagement flows. These 

visualizations informed the calibration of the machine 

learning classifiers, particularly in defining 

engagement segments and feature importance metrics 

[88], [89]. 

3.5. Machine Learning Models 

Multiple supervised learning models were trained to 

predict donor conversion likelihood based on the 

engagement pathway features. Algorithms tested 

include logistic regression, support vector machines 

(SVM), XGBoost, and random forests. The primary 

target variable was binary: whether the donor 

converted (i.e., made a financial contribution) within a 

30-day window after initial contact. 

Models were trained using 80% of the dataset, with 

10% used for cross-validation and 10% reserved for 

final testing. Evaluation metrics included accuracy, 

F1-score, precision-recall AUC, and log loss. Feature 

selection was optimized using recursive feature 

elimination (RFE) and permutation importance 

techniques. 

Explainability was addressed using SHAP (SHapley 

Additive exPlanations) values and LIME (Local 

Interpretable Model-agnostic Explanations) to 

generate donor-level reasoning for predictions. These 

tools were integrated into Power BI dashboards for 

stakeholder review and usability testing [90]. 

3.6. Incrementality and Backtesting 

To assess the causal impact of model-informed 

interventions, an incrementality test was conducted 

using a holdout A/B testing framework. A random 

sample of 5,000 donors was divided into control and 

treatment groups. The treatment group received 

personalized outreach based on model 

recommendations, while the control group continued 

under business-as-usual rules. 

Lift metrics, including uplift score and net incremental 

conversions, were measured after a 30-day 

observation period. Backtesting was performed using 

historical campaign data to simulate attribution shifts 

and ROI improvements under the model-guided 

strategy. 

3.7. Qualitative Validation 

To triangulate quantitative findings, qualitative 

interviews were conducted with 15 campaign 

managers, digital analysts, and CRM administrators 

across five nonprofit organizations. Interviewees were 

selected based on their experience in digital 

fundraising and CRM implementation[91]. 

Interviews were transcribed and coded using NVivo, 

following a grounded theory approach. Emergent 

themes included system usability, organizational 

alignment, model transparency, and perceived donor 

receptivity to personalized content [92]. These insights 

were used to refine the engagement pathway model 

and adjust visual reporting templates. 

3.8. Ethical Considerations 

The study was approved by an independent 

Institutional Review Board (IRB), and all research 

activities adhered to ethical standards for data privacy, 

consent, and research integrity. Consent was obtained 

from all participating organizations and interviewees, 

and all data were anonymized to ensure 

confidentiality[93]. 

Special attention was given to ethical AI practices, 

particularly in model explainability and donor 

fairness. Differential performance across demographic 

subgroups was assessed to mitigate algorithmic bias 

and ensure equity in engagement strategies[94]. 

3.9. Tooling and Infrastructure 

All data processing and machine learning tasks were 

conducted in Python (v3.8), using libraries such as 

Pandas, Scikit-learn, TensorFlow, SHAP, and 

XGBoost [95]. CRM data extraction was facilitated 

through API integrations and SQL queries. Data 

visualizations were generated in Power BI and 

Tableau, while documentation and reproducibility 

were managed via Jupyter Notebooks and Git 

repositories[96]. 
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The analytics environment was hosted on a secure 

AWS EC2 instance, using encrypted S3 buckets for 

data storage and role-based access control to ensure 

data security. 

3.10. Limitations 

Key limitations include potential biases in the CRM 

dataset due to incomplete records or misattribution of 

interactions across devices. Additionally, the 

predictive model’s generalizability may be 

constrained by organization-specific campaign 

designs or regional donor behavior patterns [97], [98]. 

Efforts to mitigate these issues included data 

augmentation, model regularization, and stakeholder 

feedback loops. However, further validation across 

diverse nonprofit contexts is warranted[99]. 

This methodology integrates CRM analytics, machine 

learning, and stakeholder feedback to model digital 

engagement pathways in fundraising campaigns. The 

multiphase approach ensures data-driven rigor while 

preserving practical applicability for nonprofit 

organizations[100].  

IV. RESULTS 

This section presents the results derived from 

implementing the CRM-driven digital engagement 

pathway model across three nonprofit organizations. 

Findings are categorized into descriptive insights, 

model performance metrics, engagement pathway 

analysis, and campaign impact outcomes. The results 

substantiate the model’s effectiveness in enhancing 

donor engagement prediction, multichannel 

optimization, and conversion performance. 

4.1. Descriptive Insights from CRM Data 

Analysis of the CRM datasets, comprising over 

280,000 donor records, revealed diverse engagement 

patterns. Email remained the dominant channel, 

accounting for 58% of recorded interactions, followed 

by website visits (21%), social media clicks (12%), 

mobile app engagements (6%), and SMS responses 

(3%). Seasonal fluctuations were observed, with 

engagement peaks during end-of-year and disaster-

relief campaigns. 

Demographic segmentation showed that donors aged 

35–54 were the most active digitally, contributing over 

60% of high-engagement interactions. Furthermore, 

repeat donors exhibited more complex, multi-step 

journeys than one-time donors, often engaging across 

3–5 touchpoints before conversion. 

4.2. Markov Chain Transition Analysis 

The Markov chain model successfully mapped 

transitions between engagement states, defined as 

Passive, Aware, Engaged, and Converted. Transition 

probabilities revealed that the highest likelihood 

pathway was Passive → Aware (0.62), followed by 

Aware → Engaged (0.48), and Engaged → Converted 

(0.31). 

The model also identified dropout points. Notably, 

37% of users dropped off at the Engaged stage, 

signaling a need for re-engagement strategies. 

Furthermore, social media touchpoints showed a lower 

transition probability to conversion (0.11) compared to 

email (0.29) and SMS (0.33). 

4.3. Decision Tree Classification Performance 

The decision tree model classified donor conversion 

likelihood using features such as donation recency, 

channel preference, interaction frequency, and average 

response time. Top predictors included donor tenure, 

email responsiveness, and engagement sequence 

length. 

Model evaluation via 10-fold cross-validation yielded 

a classification accuracy of 87.2%, with precision and 

recall rates of 0.84 and 0.81, respectively. The area 

under the ROC curve (AUC) was 0.89, indicating 

strong discriminatory power. 

The model outperformed baseline logistic regression 

and naive Bayes classifiers, which recorded accuracies 

of 73.5% and 68.9%, respectively. This validated the 

decision tree’s effectiveness in donor behavior 

classification. 

4.4. Engagement Pathway Archetypes 

Cluster analysis identified four dominant digital 

engagement archetypes: 



© SEP 2021 | IRE Journals | Volume 5 Issue 3 | ISSN: 2456-8880 

IRE 1709054          ICONIC RESEARCH AND ENGINEERING JOURNALS 401 

● "Single Channel Sprinters": Fast conversions 

through a single dominant channel, typically email. 

● "Cross-Channel Nurturers": High engagement 

across 4+ channels before conversion. 

● "Window Shoppers": Frequent interaction but low 

conversion intent. 

● "Occasional Engagers": Sporadic interactions with 

long delays between touchpoints. 

Each archetype exhibited unique behavioral 

signatures, enabling targeted intervention strategies. 

For example, Cross-Channel Nurturers responded well 

to personalized multichannel sequences, while Single 

Channel Sprinters required minimal nudges post-

initial engagement. 

4.5. Pilot Campaign Performance 

A model-informed pilot campaign with a partner 

nonprofit targeting 10,000 selected donors resulted in: 

● 34% increase in total engagement rate. 

● 22% uplift in conversion compared to the control 

group. 

● 17% reduction in cost per acquisition (CPA). 

● 41% increase in donor retention within 60 days 

post-campaign. 

These outcomes highlight the model’s utility in 

optimizing campaign strategy, resource allocation, and 

donor experience personalization. CRM logs also 

showed improved staff response time and better 

content-target alignment. 

4.6. Additional Findings and Insights 

● Mobile app notifications, while low in overall 

volume, had the highest conversion efficiency 

(conversion per interaction). 

● Engagement decay rates (drop-offs) were steepest 

after the third touchpoint without personalization. 

● Open-text feedback from donors revealed 

increased satisfaction with message relevance and 

timing. 

These results support the broader hypothesis that 

CRM-driven pathway modeling enhances 

performance by aligning organizational actions with 

donor behavior. 

V. RESULTS 

This section presents the results derived from 

implementing the CRM-driven digital engagement 

pathway model across three nonprofit organizations. 

Findings are categorized into descriptive insights, 

model performance metrics, engagement pathway 

analysis, and campaign impact outcomes. The results 

substantiate the model’s effectiveness in enhancing 

donor engagement prediction, multichannel 

optimization, and conversion performance. 

5.1. Descriptive Insights from CRM Data 

Analysis of the CRM datasets, comprising over 

280,000 donor records, revealed diverse engagement 

patterns. Email remained the dominant channel, 

accounting for 58% of recorded interactions, followed 

by website visits (21%), social media clicks (12%), 

mobile app engagements (6%), and SMS responses 

(3%). Seasonal fluctuations were observed, with 

engagement peaks during end-of-year and disaster-

relief campaigns. 

Demographic segmentation showed that donors aged 

35–54 were the most active digitally, contributing over 

60% of high-engagement interactions. Furthermore, 

repeat donors exhibited more complex, multi-step 

journeys than one-time donors, often engaging across 

3–5 touchpoints before conversion. 

5.2. Markov Chain Transition Analysis 

The Markov chain model successfully mapped 

transitions between engagement states, defined as 

Passive, Aware, Engaged, and Converted. Transition 

probabilities revealed that the highest likelihood 

pathway was Passive → Aware (0.62), followed by 

Aware → Engaged (0.48), and Engaged → Converted 

(0.31). 

The model also identified dropout points. Notably, 

37% of users dropped off at the Engaged stage, 

signaling a need for re-engagement strategies. 

Furthermore, social media touchpoints showed a lower 
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transition probability to conversion (0.11) compared to 

email (0.29) and SMS (0.33). 

5.3. Decision Tree Classification Performance 

The decision tree model classified donor conversion 

likelihood using features such as donation recency, 

channel preference, interaction frequency, and average 

response time. Top predictors included donor tenure, 

email responsiveness, and engagement sequence 

length. 

Model evaluation via 10-fold cross-validation yielded 

a classification accuracy of 87.2%, with precision and 

recall rates of 0.84 and 0.81, respectively. The area 

under the ROC curve (AUC) was 0.89, indicating 

strong discriminatory power. 

The model outperformed baseline logistic regression 

and naive Bayes classifiers, which recorded accuracies 

of 73.5% and 68.9%, respectively. This validated the 

decision tree’s effectiveness in donor behavior 

classification. 

5.4. Engagement Pathway Archetypes 

Cluster analysis identified four dominant digital 

engagement archetypes: 

● "Single Channel Sprinters": Fast conversions 

through a single dominant channel, typically email. 

● "Cross-Channel Nurturers": High engagement 

across 4+ channels before conversion. 

● "Window Shoppers": Frequent interaction but low 

conversion intent. 

● "Occasional Engagers": Sporadic interactions with 

long delays between touchpoints. 

Each archetype exhibited unique behavioral 

signatures, enabling targeted intervention strategies. 

For example, Cross-Channel Nurturers responded well 

to personalized multichannel sequences, while Single 

Channel Sprinters required minimal nudges post-

initial engagement. 

5.5. Pilot Campaign Performance 

A model-informed pilot campaign with a partner 

nonprofit targeting 10,000 selected donors resulted in: 

● 34% increase in total engagement rate. 

● 22% uplift in conversion compared to the control 

group. 

● 17% reduction in cost per acquisition (CPA). 

● 41% increase in donor retention within 60 days 

post-campaign. 

These outcomes highlight the model’s utility in 

optimizing campaign strategy, resource allocation, and 

donor experience personalization. CRM logs also 

showed improved staff response time and better 

content-target alignment. 

5.6. Additional Findings and Insights 

● Mobile app notifications, while low in overall 

volume, had the highest conversion efficiency 

(conversion per interaction). 

● Engagement decay rates (drop-offs) were steepest 

after the third touchpoint without personalization. 

● Open-text feedback from donors revealed 

increased satisfaction with message relevance and 

timing. 

These results support the broader hypothesis that 

CRM-driven pathway modeling enhances 

performance by aligning organizational actions with 

donor behavior.  

CONCLUSION 

This study presented a comprehensive, data-driven 

framework for modeling digital engagement pathways 

in nonprofit fundraising campaigns using CRM-

derived behavioral insights. By integrating sequential 

behavior modeling, machine learning classification, 

and donor archetype segmentation, the proposed 

approach addresses critical gaps in personalization, 

targeting, and performance optimization for 

fundraising organizations. 

The empirical results validate the utility of Markov 

chain models in tracking transitions across 

engagement states, from Passive to Converted, while 

revealing key dropout points such as the high attrition 

rate at the Engaged stage. These insights enable 

organizations to proactively redesign touchpoint 
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sequences and deploy re-engagement strategies 

tailored to the behavioral context of their audiences. 

Furthermore, the superior performance of the decision 

tree classifier over traditional statistical models 

highlights the importance of nonlinear and interaction-

aware algorithms in modeling donor behavior. 

Features like donor tenure, engagement sequence 

depth, and email responsiveness emerged as robust 

predictors of conversion, reaffirming the CRM’s value 

as a predictive intelligence platform beyond simple 

data storage. 

The discovery of donor archetypes such as Single 

Channel Sprinters and Cross-Channel Nurturers offers 

new avenues for micro-segmentation and campaign 

personalization. These archetypes not only explain 

observed variance in behavior but also enable the 

crafting of customized engagement pathways that 

reflect real-world behavioral diversity. The model-

informed pilot campaign further demonstrated that 

these targeted strategies lead to measurable 

improvements in engagement rate, conversion uplift, 

CPA reduction, and donor retention providing a 

compelling case for broader implementation. 

This research contributes to both the academic 

understanding of digital engagement in the nonprofit 

sector and the practical toolkit of fundraisers. It 

bridges the theoretical underpinnings of behavioral 

modeling with real-world campaign execution, 

offering a replicable blueprint for CRM-driven 

decision-making. It also underscores the need for 

organizations to shift from static segmentation and 

intuition-driven strategies to dynamic, predictive, and 

data-guided methodologies that reflect the complex 

realities of donor journeys. 

However, limitations such as sample 

representativeness and exclusion of offline behavior 

point to areas for future exploration. Expanding the 

model to accommodate cross-organizational data 

sharing, integrating offline interactions (e.g., 

telethons, event attendance), and embedding 

reinforcement learning for continuous pathway 

optimization are promising directions. Moreover, 

ethical considerations around data privacy, 

algorithmic transparency, and equity in 

personalization warrant further scrutiny as CRM 

systems evolve. 

In conclusion, digital engagement modeling using 

CRM insights represents a transformative approach 

for fundraising organizations. It empowers them to not 

only understand and predict donor behavior but to act 

on it with strategic precision creating meaningful, 

personalized donor experiences that drive long-term 

value and social impact. 
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