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Abstract 

Non-Profit organizations play a vital role in mitigating the plights of society by providing nec-

essary services. However, to accomplish their goals they need an ongoing infusion of funds. 

Prospective donor identification and donor amount upgradation are two major challenges faced 

by these organizations. The research overcomes these challenges by a comparative study of 

seven machine learning models which are Gradient Boosting, XGB, KNN, SVM, Naïve Bayes, 

Logistic Regression, and Decision Tree. As per the research, XGB performs the best overcom-

ing both the challenges by achieving an accuracy of 89% and F1-Score of 88% for donor pre-

diction and an accuracy of 95% and F1-score of 91% for donor amount upgradation. The re-

search also helps to deal with a class imbalance which is a common issue with classification 

problems by using the SMOTE technique. Further, an interactive web application is built using 

R-Shiny to help the fundraisers in their mission. 
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CHAPTER 1 – Introduction 
 

The origin of fundraising dates several centuries ago. It can be called activity to collect funds 

from individuals or a large group of people of the massive population for various purposes. 

One famous fundraising is for the Statue of Liberty wherein 1885, the US government had no 

budget for pedestal construction of the statue. Joseph Pulitzer, a renowned publisher launched 

a fundraising campaign in his newspaper. He published a series of articles and proposed to 

print the names of each contributor on the front page, irrespective of the amounts. The cam-

paign was so popular that it raised over $100,000 from more than 160,000 people within six 

months and contributors are made by children, businessmen, street cleaners, and politicians. 

This helped to resolve the financial problems which the landmark faced. (Yu et al., 2018) 
 

Non-profit organizations are meant to provide services and materials that are often not provided 

by the government and private sector for improving the wellbeing and welfare of society (IBM, 

2014). In total, the global non-profit sector would rank as the world’s eighth-largest economy, 

with its more than $1 trillion turnovers (IBM, 2014). The largest number of active non-profit 

organizations in the world are in India with an estimated 3.3 million (IBM, 2014). “Charity 

organizations”, "non-commercial organizations”, “non-business entity”, “NGOs" all can be de-

fined as a non-profit organization. These organizations work independently of the government 

for philanthropic, developmental, or social missions with funds generated through public and 

private funding. Access to essential services, improving, protecting, and promoting livelihoods, 

improving health services and education are some of their objectives. To achieve these objec-

tives and to meet the demands of employee salaries, marketing costs, carrying out operations 

they require daily funding. As a result, many non-profits organizations are deprived of the fi-

nancial support that can strengthen their operations, enabling them to deliver their services 

more effectively and ultimately help create a strong economy that is beneficial for all sectors. 

 

1.1 Literature Review 
Predictive analytics can be defined as a set of techniques and technologies that extract 

information from data to identify patterns and predict future outcomes (Sremack and Singh, 

2018). Predictive analytics uncovers patterns, trends, and associations hidden within all types 

of data to help predict future outcomes and solve problems thereby making smarter decisions 

as defined by IBM. IBM developed and implemented predictive fundraising analytics for non-

profit organizations in 2014(IBM, 2014). Their research suggested how predictive analytics 

can help non-profit organizations to improve donor engagement and returns on a donor. 

Predictive analytics can be defined as a process of uncovering trends and patterns from data 

which can help to predict outcomes and make smarter decisions. IBM identified the challenges 

which charity organizations face daily and accordingly collected data and applied predictive 

analytics (IBM, 2014). Data collected consisted of demographic information like age, income, 

occupation, gender, etc., campaign data such as contact history and results of the campaign, 

opinion data captured from customer feedbacks through emails, and online polls. To 

understand donor needs and preferences, they also focused on opinion-based online data such 

as surveys and social media feedback. Using IBM’s technology, non-profits can gain a 

significant return on investment by increasing donor contributions, building strong relations, 

and reducing costs. 
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           Figure 1. UNICEF Netherlands (IBM, 2014)         

The entire process can be listed in simple 4 steps: 

1. Integrating donor data.  
2. Predict the outcomes of the model to meet objectives 

3. Integrating insights in daily operations. 

4. Optimizing results from refining sources and insights. 

 

Fundraising has been playing a prominent role in the development history of higher education 

in North America (Ye, 2017). In 2017 a research was conducted by (Ye, 2017) that tackled two 

major fundraising challenges of identifying potential donors who can upgrade the number of 

their pledges and identifying new donors. Personal attributes like age, wealth, marital status, 

and gender were considered for the research. The Gaussian naive Bayes, random forest, and 

support vector machine algorithms were used and evaluated. The test results showed that the 

models can successfully distinguish between donors and non-donors with the best model 

achieving an F-Score of 60%. For a robust test, a ten-fold cross-validation method was used 

for validation purposes. In the validation section, the SVM performed the best in terms of f-

score, accuracy, and recall rate. 

Most of the donations to religious organizations come through private organizations. 

(Laureano, 2014). In research conducted by (Laureano, 2014), a classification model was used 

to understand donation practices of the donors-based on religiosity and religious affiliations. 

The study aimed to conceptualize similarities and dissimilarities between 3 types of donors 

namely religious, secular, and religious but non-churchgoers. Besides, the research investigated 

the extent to which these drivers of donations practices may affect the decision on how much 

people decide to donate and to what kind of organizations. The research suggested that religious 

affiliations and religiosity are important factors while making donations. The method which 

was used in this process was a Decision tree. A decision tree is normally used for classifying 

data. Accordingly, data were to be classified on 3 parameters: 

1. Regular and non-regular donors. 

2. Type of organization a donor donates to. 

3. High level and low-level donations 

 

 

As per the decision tree insights, information was extracted, and conclusions were made. A 

confusion matrix was used for evaluation purposes in which 75% accuracy was obtained. The 
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research also suggested that CART (classification and regression tree) can be used as an 

alternate method. (Laureano, 2014)  

In the Internet Age, crowdfunding is flourishing, and crowdfunding platforms have become a 

booming market as a new fundraising channel in the digital world (Yu et al., 2018). The con-

cept of crowdfunding can be seen as part of the broader concept of crowdsourcing, which 

uses the “crowd” to obtain feedback, solutions, and ideas to develop corporate activities 

(Belleflamme, Lambert and Schwienbacher, 2010). The research carried out by (Yu et al., 

2018) suggests a deep learning model that can be used to predict the success of the crowd-

funding project. By utilizing historical datasets from Kickstarter, the MLP model is proven to 

fulfill the demand for effective prediction in terms of data size and platforms (Yu et al., 

2018). The proposed research can be used in the preplanning stage which can provide ac-

countable results. Comprehensive experiments were conducted with a variety of classification 

algorithms tested to support the prediction engine which concluded that the MLP model has 

the best outcome with 93% accuracy and 0.93 AUC with the least performing being Naïve 

Bayes with 71% accuracy and 0.65 AUC. 

 

In the research conducted by (Sun, Hoffman and Grady, 2007) a multivariate causal model 

was used for data obtained from a two-year alumni survey which produced an accuracy of 

81% for predicting donors. However, their model was built upon the survey responses. These 

statistical models have shown the potential of predicting donors based on quantitative analy-

sis. 

 

1.2 Research Gap 

 

➢ In the research conducted by (Ye, 2017), the dataset used was an alumnus dataset 

which was obtained from the University of Victoria. As a result, the donor data 

was limited to alumnus data so it cannot be concluded that the model will work as 

per the results on the general dataset of any fundraising organization as there 

would be limitations. 

 

➢ In the same research, accuracy has been given priority to decide model importance 

which is not the right metric in case of classification problems. Whereas if we 

compare the F1 score which is the harmonic mean of precision and recall the 

model score is average. 

 

➢ For any non-profit after specifying the goals the most important thing is to iden-

tify a target audience. Identifying the target audience helps to efficiently use the 

resources with a limited budget. In the research conducted by (Yu et al., 2018) 

and (Sun, Hoffman, and Grady, 2007) None of them considered any geographical 

attributes like the city, state, or county as the parameter for donor predictions. Ge-

ographic locations define living and economic standards for any population which 

can help in determining donor identification and funds upgradation. 
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CHAPTER 2 - Problem Formulation 
 

Achieving long term financial stability is a long-term goal of any charity organization. Identifying 

prospective donors and upgrading the funding of loyal customers is a major challenge for non-profit 

organizations (NPOs). Donations to charities in the United States comprised 2.2 percent of the Gross 

Domestic Product (GDP), with Americans giving $307.65 billion to charities in 2008 (Golden et al., 

2012). In addition to private donations, the government represents a significant source of funding for 

non-profit organizations (NPOs). For a small organization, identifying prospective donors in a limited 

resource environment is a big challenge. In a huge country like the United States of America with 49 

states and over 200 cities, identifying and knocking on the right door with the expectation of getting 

donations is a hectic task. Proper planning is required to identify such people belonging to different 

states or cities. Knocking on the wrong doors can annoy the public and give a wrong sense about the 

organization apart from wasting resources. Identifying a pool of potential donors based on historic data 

and targeting such potential locations can be the right strategy going forward. The process of identifying 

potential donors based on personal, geographical, and demographic features is a classic case of a 

classification machine learning problem. 

 

 

                 Figure 2. Strategy (IBM, 2014) 

Another problem the research deals with is donor amount upgradation. As per the research 

data statistics, 53.67% of the donations are categorized in the LOW-INCOME whereas 

39.81% of donations fall in the MEDIUM INCOME category and the remaining 6.53% in the 

HIGH-INCOME category. This gives great potential to upgrade donations of LOW and 

MEDIUM category people in the future which can boost the income and attain their goal of 

sustainability. The research suggests a comparison of different machine learning algorithms 

to help fundraisers in an increasing number of donors by accurately identifying donors from 

non-donors based on different parameters as well as to upgrade donations of current donors. 

Finally, to help fundraisers to make quick decisions by applying models and for exploratory 

data analysis, an interactive web application has been developed using R-Shiny. 
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2.1 Challenges for NPO’s 
 

Fundraising plays an important role in the sustainability and success of any charity 

organization. It is not just a means of raising money, but also a way to spread the message 

and goals of a charity. However, government budget cuts and a decrease in contributions 

from donors leaves some of the organizations with limited resources as funds are drying up. 

According to the 2014 State of the Non-Profit Sector Survey, 41 percent of non-profits 

surveyed named “achieving long-term financial stability” as a top challenge, yet more than 

half of non-profits have 4 months or less cash-on-hand and 28 percent ended their 2013 fiscal 

year with a deficit (Everyaction and Nonprofit Hub). In Europe, as the designated funds are 

primarily available only to large, established organizations, emerging and mid-sized non-

profits have been challenged to find new sources of funding (IBM, 2014). As a result, they 

rely more than ever on fundraising from donor contributions. Here we discuss the top 

challenges faced by these organizations. 

➢ Budget 

 

Normally donations start from as low as 21 euros per month, which comes to around only 66 

cents per day and 5 euros per week. 5 Euros is the cost of coffee in most of the European 

countries. Still, they find it difficult to convince the donors to donate. During the crisis, it is 

important to identify potential donors or target groups for quick fundraising and provide 

further services. In this environment, it is increasingly important for non-profits to increase 

not only the number of donors but also the donation amount. Besides, they must find ways to 

reduce the high costs of utilizing resources and accelerate the turnaround time for funds 

availability. Most importantly, non-profits must not invest their limited time, effort, and 

expense soliciting potential donors that will never contribute. All these challenges require a 

more effective strategy for the overall task of donor engagement. 

➢ Time 

 
During the crisis, time is an important factor. Fundraising consumes a lot of time. Individual donors 
now represent almost 99 percent of non-profit funding in India, whereas in the USA it consists of 80 
to 90 percent and 53 percent in Europe (IBM, 2014). Thus, targeting such potential donors without 
consuming much time and resources to fulfill social missions would be a very crucial strategy. 

 

➢ Data Collection and Maintenance 

 

Data can help to predict future trends, gather donor statistics, analyze fundraising trends, etc. 

The reasons for donation rejections can depend on demographical factors like occupation 

(Earning people are more likely to donate than students or pensioners), gender, age, family 

location (locality driven with poverty can be less likely to donate as they are helpless), time, 

etc. To reach any conclusion, it is important to maintain such data daily. Data can help non-

profits understand donor statistics, predict future trends, and more. However, maintaining and 

using data is not prevalent in this world of non-profits. As per the research, only 40% of non-

profit professionals said they use data very often to make decisions or in every decision they 

make, and 46 percent said they do not consistently use data to make decisions (Everyaction 

and Nonprofit Hub). Thus, it is fair to say many times non-profits do collect data but are 
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unaware of how to utilize it. 90% said they collect data out of which 49% do not know how 

they collect it and only 5% of them use it in every decision they make. In addition, 13% said 

they use data rarely or not at all (Everyaction and Nonprofit Hub). 

 

2.2 Factors Preventing Non-Profit’s from Data Collection 
 

For both businesses and non-profits, data collection can either be a gold mine of useful 

information, or it can be inadequate for any purpose. Leveraging good data can help a non-

profit stay up and running with limited resources, or better yet, make impactful changes for the 

future. Unfortunately, non-profit organizations rarely have visibility into their existing data, or 

the quality of their data is questionable. (Wells, 2018). Collecting reliable data is crucial for 

non-profits of any size. An opportunity to do anything with meaningful data would be robbed 

if data is bad or inaccurate. Such factors are: 

➢ NOT ENOUGH TIME, OR PERSONNEL TO FOCUS ON DATA 

Keeping track of every data point helps to get a better insight into donors and the fundraising 

process.  It helps to find patterns in the dataset which can help to establish relationships with 

donors for their long commitment towards the donation. When data is properly examined, it 

helps to improve customer experience and achieve nonprofits' sustainability. 

 

➢ LACK OF EXPERIENCE HANDLING DATA 

 

As per the previous research, 66% said they did not have an individual specifically tasked for 

data handling or analyzing it. An individual can be trained on such things within a short period. 

Not necessarily it is a full-time job. A logical plan can be created to suit the needs of any 

organization. 

 

➢ DATA CENTRALIZATION  

 

As per previous research, 46% felt that not storing data in a centralized location hampered data 

handling and collection. Storing data in a central location helps to run it smoothly and helps in 

maintaining it properly. Creating a data warehouse or data lakes can help. Storing donor's 

demographical as well as fundraising data together can help the entire process. 

 

➢ LACK OF TOOLS 

 

As per previous research, 42% felt that a lack of software’s for handling and analyzing data is 

a problem. However today there is ample software available for such purposes. 
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➢ LACK OF DATA COLLECTION 

 

Previous research suggests that 36% feel that organizations are not collecting enough data. 

There are various sources of data like through web, daily interactions, campaigns, etc. 

Collecting each data is critical to identify donors and to help the organization’s in its mission. 

 

2.3 Research Questions 
 

1. Is SVM, Gradient Boosting, Extreme Gradient Boosting, Decision Tree, Logistic 

Regression, Naïve Bayes, and KNN differentiable for donor prediction and donor 

amount upgradation? 

 

2. Are the machine learning algorithms able to correctly predict donors based on personal, 

geographical, and demographical data? 

 

3. Can exploratory data analysis help non-profit organizations to create proper strategy 

thereby reducing wastage of resources? 

 

4. Can a web-based application help fundraisers in data prediction and exploratory data 

analysis? 

 

2.4 Objectives 

 
The main objectives of the research are: 

 

1. To predict whether a person will donate or not based on personal, geographical, and 

demographic parameters using machine learning algorithms. 

2. To predict whether a donor will upgrade his donation amount or not and to which 

category using machine learning algorithms 

3. Help fundraisers achieve goals with limited use of the resources using exploratory data 

analysis. 

4. Create a web-based application to perform data analysis and predictions 
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CHAPTER 3 - Artefact Design and Methodology 
 

 

The following chapter discusses the tools, programming language and methodology that was 

used to carry out the research. 
 

3.1 Tools and Programming Languages Used 
 

➢ Python  

 

The Python programming language is one of the most popular languages which has been 

widely used for scientific computing. Due to its high-level interactive nature and its maturing 

ecosystem of scientific libraries, it is an appealing choice for algorithmic development and 

exploratory data analysis. The entire research modelling is performed using python 

 

 

➢ Environment 

 

The research was performed in Spider Environment. Spider is a powerful environment written 

in python and designed for any general-purpose user which offers a combination of the 

advanced analysis, debugging, editing with data exploration and beautiful visualization 

capabilities 

 

 

➢ Libraries 
 
 

 
 
           Figure 3. Libraries Used 
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Scikit-learn exposes a wide variety of machine learning algorithms, both supervised and 

unsupervised, using a consistent, task-oriented interface, thus enabling easy comparison of 

methods for a given application (Varoquaux et al., 2015). Since it relies on the scientific Python 

ecosystem, it can easily be integrated into applications outside the traditional range of statistical 

data analysis. It has been specifically used to perform various machine learning operations. 

Whereas other libraries used are Pandas, matplotlib and NumPy. 
 

➢ Tableau 

 

Tableau is an interactive data visualization software that can be used for data science and 

business intelligence. The research uses this tool to perform exploratory data analysis in the 

form of various line graphs, bar charts, bubble graphs, etc. 

 

 

➢ R Studio 

 

All the data manipulation and machine learning operations are performed in python. However, 

R has been used to create an interactive web-based application using R-Shiny. Shiny is an R 

package that has been used to create the application. The main benefit of R-shiny is that one 

does not require HTML, JavaScript, or CSS knowledge to build an application. 
 
 

3.2 Methodology for Donor Prediction 
 

Donor prediction deals with identifying prospective donors considering geographical, personal, 

and demographical parameters to help fundraising organizations to make minimum use of 

resources and simultaneously acquire new donors. In the research, dataset donor has been 

defined as the people who have donated in the last 5 financial years whereas Non-Donors have 

been defined as those who have not donated in any of those years.  

 

In today’s world, Big Data is widely used. In the early 2000’s data mining approach to data 

handling, was using the Crisp DM model which was built in 1996 by 4 leaders of the nascent 

data mining world which became de facto methodology in data mining(Watson et al., 2000). 

Accordingly, CRISP-DM methodology has been used for the research. CRISP-DM stands for 

cross-industry standard process for data mining. It consists of 6 stages namely: 
 

1. Business Understanding 

2. Data Understanding 

3. Data Preparation 

4. Modelling 

5. Evaluation 

6. Deployment  
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               Figure 4. Crisp-DM Methodology (Watson et al., 2000) 

 

 

Process 

 

1. Business Understanding 
 

For any data mining project, it is important to do some research about the business. It includes 

understanding facts like how the business is operated, what are its objectives, problems faced, 

etc. This stage includes understanding project objectives from a business perspective. As to 

proceed with data mining it is necessary to understand the business goals first. It is the most 

important step for any data mining project. 

 

In the non-profit organization sector, business is heavily dependent on the funds generated 

through public donations. Accordingly, to achieve the objective of making a non-profit 

organization self-sustained and successful the research tries to achieve the objectives 

mentioned in section 2.4 
 

2. Data Understanding 

 
Data understanding is the 2nd step in CRISP-DM methodology. It includes an understanding 

of data to suit business goals. It starts with initial data collection and proceeds with techniques 

to get familiar with data, explore first insights, understand data quality problems or to detect 

interesting subsets in a hidden form to create a hypothesis(Nadali, Nosratabadi and Kakhky, 

2011). There is always a close relationship between data and business understanding. 
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In this stage the steps taken for the research are: 
 

 

 

 
                                                                                                                                                                                                                                             
Figure 5. Data Understanding Process 

 
 

➢ Understanding Data Type 

 
The research is conducted on the Fundraising dataset obtained from Kaggle which contains 

donor and non-donors personal, demographic, and geographical information from the United 

States of America. The data consists of 34508 records with 26 columns. 
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                                                                    Table 1. Data Type and Description  

 
 

 
 

➢ Finding Missing Values 
 

Real-world data can most certainly contain missing values. As per the research data, 7 features 

contain missing values. Having missing values can create problems for machine learning 

algorithms. There are different ways of handling missing values that have been discussed in 

the data preparation stage. 

 

➢ Data Exploration and Analysis 
 

Identifying and understanding the trends of the donor database can help non-profit 

organizations to efficiently focus their efforts. Analysing and exploring databases can help 

them to create strategies for future campaigns, which can further lead them to achieve targets 

in a specific time span. 
 
 

Geographical Parameters 

 
State 

 
States play an important role in the development of any country. Many factors can influence 
community development in the state. The influence these factors have can greatly affect the 
community’s ability to succeed or fail. Social factors, environmental factors, geographical 
factors, and resources are some of the most important parameters for the development of 
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the state. These factors help the community for its betterment which can further influence 
the community to donate for any charitable cause. 
As the research dataset consists of donors from the United States of America, it has been 
noticed which state has provided the highest contributions towards fundraising. In the figure 
below, states in blue have contributed the highest amount towards fundraising followed by 
the states in orange and the lowest by the states in red. 
 

 
     
                                                                        Figure 6. State Contribution 

 

Thus, it has been viewed that Georgia has provided the highest contribution with over 10 

million funds in donation followed by California, New Jersey, and Kentucky with Georgia 

contributing 25.50% of total donations followed by California with 14.19% and New Jersey 

with 8.81%. 

 
      Table 2. Top 5 States 
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Such analysis can help fundraisers to increase their activities in states with higher contributions 

and analyse further and take necessary steps for low donations from states like Delaware, 

Hawaii, and Wyoming with less than $50000 contributions thus contributing less than a 

percent. 

 

Demographic Parameters 

 

Age 

 

Age is an important parameter in donor prediction as believed by many fundraising researchers. 

Age plays a crucial part in determining a person's behaviour. This is because different ages 

mean different financial conditions, different life stages, life goals, and family conditions. 

The figure below shows age on the X-axis and count of donors on the Y-axis. 
 

  
                                                                                                                                                                                                      
Figure 7. Age Distribution of Donors 

Key Points:  
 

• The highest number of donors lies at the age 30 with the age group 26 – 35 comprising of 
almost 23 % of total donors. 

• After the age of 47 with 217 donors, the donor count seems to decline to suggest if we assume 
working people in the age bracket of 25 – 50, retired or people on the verge of retirement are 
less likely to donate. 

• It can also be seen that teenagers even though in small numbers are likely to donate with a 
slight increase in numbers once they graduate around the age of 21 – 22. 

• Age 20-25 comprise 9% of total donors. 

• Fundraisers can target such age groups or target county’s with a higher percentage of such 
age groups for more donations. 
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The Bubble Chart below shows age with their total donations. Bigger the bubble higher are the 

donations. 

 

 
                                                                                                                                                                                           

Figure 8. Donations based on Age 

 
 
 

Key Points: 
 

• Even though the age group 26-35 comprises 23% of total donors, highest donations in 

terms of price are provided by the donors at age 42 followed by 46 and 47. 

 

• It can also be seen that teens in the age group 19-20 are likely to make a considerable 

amount of donations even though their count is lower. 
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Gender 

 

Gender is another important factor that influences donor behaviour. The figure below shows 

the count of male and female donors. As per the bar chart, males are more likely to donate 

than females with male donors forming 52.10% of donor count. 
 
  

 
 

            Figure 9. Gender Distribution 
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    Figure 10. Donations based on Gender 

 

Since Male comprise of 52.10% of donor count, surprisingly higher donations are donated by 

Females than by Males with females contributing 57.76% of total donations 

 

 

 

Key Points: 

 

• Even though count of donors is higher for the males than females, the donation amount 

donated is higher for females than males.   

• Fundraisers can target locations with higher female count for bigger donations. 

 

 

 

Marital Status 

 

Marital Status can indicate a person’s financial and living conditions. The research dataset 

contains 65.67 % of married donors, 31.69 % single donors, 1.72 % widowed, 83 % divorced, 

and 0.06% of donors who never married. 
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Figure 11. Donors based on Marital Status 

 

 

Figure 12 show’s that Married donors contribute towards 81.50% of total donations followed 

by single donors. People who never married never donated. 
 

 
 
                   Figure 12. Donations based on Marital Status    
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Wealth Rating 

 

Wealth rating is another important factor that is correlated to donor behaviour. The likelihood 

of getting bigger donations depends heavily on the wealth of the household. In the dataset, the 

wealth rating is divided into 8 categories. For further analysis categories 1 and 2 have been 

grouped as Low Income, categories 3,4,5 have been grouped as Medium Income, and 

categories 678 have been categorized as High Income. 

 
1. 1$ - 24,999$ 

2. 25,000$ - 49000$ 

3. 50000$ - 99999$ 

4. 100000$ - 249999$ 

5. 250000 - 499999$ 

6. 500000$ - 999,999$ 

7. 100000$-249999$ 

8. 250000$ - 499,999$ 

 
Table 3. Donations as per Wealth Rating 

 
 

            
 

As per the statistics, the highest donations are given by the people in Wealth Rating $1 - 

$24,999 with total giving over $10 million with the average donation being $ 2897. It can be 

expected that people with higher incomes are expected to give higher donations. So as seen in 

the table above, people in the wealth bracket from $500,000 - $999,999 donate $6411per 

person. These results are skeptical as it cannot be guaranteed whether the wealth ratings 

mentioned by people are correct or not in the dataset as it is private information. 

 

In the figure below it can be seen that the highest number of donors are in the wealth bracket 

of $50,000 - $99,999 but they contribute only 10.49% of total donations. Whereas donors in 

category $1 - $24,999 contribute highest comprising of 34.74% of total donations. Donors in 

the highest income group contribute only 0.01% of the total donations. 
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Figure 13.  Comparison between Donors and their Contributions 

 

If we grouped the wealth ratings based on Low, Medium, and High categories of income group 

it can be seen that even though high category income group count is low, an average donation 

made by them is highest among others followed by Low-income groups. 
                              
    Table 4. Donation as per Income Groups    

 
 

      

 

 

 



21 | P a g e  
 

Financial Giving’s 

 
Financial Giving plays an important role to determine donor behaviour as they are highly cor-

related with it. A person who has a previous donation history has more chances of donating. 

In the research, the dataset comprises of 5 financial years.  

 

In the figure below each state has been assigned one colour. The financial giving’s have been 

categorized for 9 randomly selected states. As per the figure shown below important points to 

consider are: 

 

• California has a repeatedly high amount of donations except for FY4 whereas Georgia 

has high donation only in Financial Year4 even though it has  

• It can also be noted that only California and South Dakota have high donations in the 

Current Financial Year.  

 

                                                                                                                                                                               
Figure 14. Total Giving’s as per Financial Year 

  

Total Giving’s 

 

In the research, total donations have been categorized into 3 groups. Donations below $120 

have been categorized as LOW, donations between $121 and $2000 fall in the MEDIUM 

category and any donations above $2000 fall in HIGH Category 
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             Figure 15. Categorized Total Giving's 

 

As seen in the figure above, the majority of the contributions fall in the LOW category. As per 

statistics, 53.67% of donations fall in the LOW category (Below $120) whereas 39.81% fall in 

the Medium category ($121 <=$2000), and the rest 6.53% consists of HIGH category (Above 

$2000). Some key takeaways from the statistics are: 

 

• Since half the contributions are in the LOW category, there is a big scope to upgrade 

and increase these donations. 

 
Parent 

 

 

         

          Figure 16. Percentage of Parent Donors 

 
As per statistics in the research dataset, the total number of parents constitute only 7.86% of 

the total samples whereas non-parents constitute the remaining 92.14%. If only donors are 

considered, then only 7.40% are parents whereas rest 92.60% are not parents. 

 

This suggests that people having children are less likely to donate than their parents. The total 

amount donated by parents contributes towards 5.64% of total donations whereas non-parents 

contribute towards 94.36% of the total donations. 
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Other Features Considered are: 

Geographical: 

• ZIPCODE 

• CITY 

• COUNTY 

 
Personal: 

• EMAIL_ID 
 

 

3. Data Preparation 

 

 
                                                                                                                                                                                                                                                
Figure 17. Data Preparation Process                                                                          

 

➢ Handling Missing Data 

 

Missing Data can be defined as the data value which is not stored for a variable in the 

observation of interest (Kang, 2013). Missing data occur in almost all research. Missing data 

can reduce the statistical power of a study and can produce biased estimates, leading to invalid 

conclusions (Kang, 2013). It can severely impact how well a machine learning algorithm can 

perform as well as on the conclusions. 
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Missing Data can cause various problems like: 

 

• The absence of data reduces statistical power, which refers to the probability that the 

test will reject the null hypothesis when it is false 

• Missed data can cause biasness 

• Can severely reduce the representation of samples 

• Complicate the process and give invalid conclusions 

 

➢ Ways to Handle Missing Data 

 

Data Imputation 

 

Data imputing means replacing a missing value with an estimate. For the AGE feature, Mean 

Imputing has been used. The age attribute has mean age of 45. Hence all the missing values in 

AGE attribute have been replaced by the mean. 
 

 
 
                            Figure 18. Histogram for Age Attribute 

               

Forward Fill 

 

method='ffill': Ffill or forward-fill propagates the last observed non-null value forward until 

another non-null value is encountered (Bosler Fabian, 2019). Any missing value is filled based 

on the corresponding value in the previous row when ffill is applied across the index. Marital 

Status contains 23760 values. All the missing values in this attribute has been filled by using 

forward filling missing value technique. 
 

 

Backward Fill 

 

method='bfill': Bfill or backward-fill propagates the first observed non-null value backward 

until another non-null value is met (Bosler Fabian, 2019). WEALTH_RATING contains 30748 

missing values. All missing values for this attributed have been replace by using backward fill 

method. 
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➢ Web Scraping 

 

Web scraping or web extraction is a process of extracting data from the websites. It is generally 

used when a user wants data that is not in a suitable format to download or copy-paste. Web 

scraping uses intelligent automation which can scrape hundreds or even millions of data points 

from the web. Different techniques can be used for web scraping like using beautiful soup, 

selenium, scrapy, etc. as well as some other automated tools. For the research, python scrapy 

has been used. Scrapy is a free and open-source web crawling framework written in python. 

 

Geographical parameters like city, counties, and state are very important for analyzing non-

profit organizations. It helps to indicate which city or state has contributed most donations. The 

dataset did not contain these attributes. Therefore, these attributes had to be derived from 

“ZIPCODE” present in the dataset. https://www.zipcodestogo.com/ZIP-Codes-by-State.htm 

contains all US States with their zip code, city, and county names. 

 
 

 
 
    Figure 19. Code for Web Scraping 

  

Accordingly, all information related to zip codes from every US state was extracted and 

matched with the dataset. 

 

 

One Hot Encoding 

 

Machine Learning libraries do not take categorical variables as input in string format. 

Thus, before applying the model, categorical variables in string format must be transformed 

into numerical ones. The technique used for categorical transformation is called one-hot en-

coding. It is used to transform categorical (string) input to numerals. In the research, MARI-

TAL_STATUS, GENDER, WEALTH_RATING, EMAIL_PRESENT_IND, and DO-

NOR_IND contains categorical (string) values that have been converted into numerical varia-

bles. 
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• Data Normalization 

 

Data normalization is an integral part of data preprocessing in the data mining process.  

The success of machine learning algorithms depends on the quality of the data to obtain a 

generalized predictive model of the classification problem. The goal of the normalization is to 

change the numeric values of columns to a common scale without losing any information or 

distorting differences in the range of values.  

 

In the dataset, the columns related to donor giving contains values in the range of 100’s to 

100000, whereas other columns contain binary values. The big difference in the scale of num-

bers can cause problems when columns are combined as features before modeling to avoid 

these problems normalization is used. 

 

 

• Imbalanced Dataset 

 

Imbalanced class distribution in the dataset occurs when one class, often the one that is of more 

interest, that is, the positive or minority class, is insufficiently represented (Ali, Shamsuddin 

and Ralescu, 2015). Imbalanced data set, a problem often found in a real-world application, 

can cause a serious negative effect on the classification performance of machine learning algo-

rithms. In simple terms, it means that the number of examples from minority class is much 

smaller than the majority class. Due to this variance in classes, the model can make assumptions 

and give biased results. 

 

Most standard algorithms are accuracy driven. This is the main issue with an imbalanced da-

taset as many classification algorithms operate by minimizing the overall error that is, trying 

to maximize the classification accuracy (Ali, Shamsuddin and Ralescu, 2015). However, for 

such imbalanced dataset accuracy may not be the right measure for model evaluation.  

 

Problems with Imbalanced Dataset 

 

• A classification algorithm to attain maximum accuracy will give 99% accuracy for all 

the majority class examples predicted correctly but misclassify one minority class ex-

ample. 

 

• Another concern with imbalanced class learning is that most standard classifiers assume 

that the domain application datasets are equal in sight (Ali, Shamsuddin and Ralescu, 

2015). 

 

• An inadequate number of examples especially of the minority class will cause difficul-

ties to discover pattern uniformity. 

 

• The assumption that errors coming from different class have the same cost (Ganganwar, 

2012). 
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                                       FIGURE A                                                        FIGURE B 
                   Figure 20. Class Imbalance 

 

The solid line determines the true decision boundary. Whereas the dashed line determines the 

estimated decision boundary. Figure A explains how the classifiers determine estimated 

decision boundary (dashed line) from many samples of the minority class whereas in figure B 

the estimated decision boundary is estimated from a small number of samples from minority 

class. 
 
 

 
            Figure 21. t-SNE Visualization for Class Imbalance between Donors & Non- Donors 

 

 The figure above shows the imbalance of classes between donors and non – donors. The yellow 

cluster consists of Donors whereas blue clusters consist of Non-Donors. To avoid any issues 

which can arise due to imbalanced classes it is necessary to balance the classes. 

 

DONORS VS NON-DONORS IMBALANCE 
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➢ T-distributed Stochastic Neighbour Embedding 

 

The above clusters are formed using t-SNE algorithm. Normally t-SNE is a dimensionality 

reduction technique which can be used for data exploration.  To illustrate the difference in the 

classes, following technique has been used. 
 

The technique which has been used to avoid such problems due to imbalanced classes is called 

SMOTE. 

 

 

➢ SMOTE – Synthetic Minority Oversampling Technique 

 

An oversampling technique that generates synthetic samples from the minority class is called 

SMOTE. It is used to obtain a synthetically balanced or class balanced training set which can 

be further used to train the model. 

 

 

The SMOTE samples are linear combinations of two similar samples from the minority class 

(x and xR) and are defined as: 
 

s=𝑥 + 𝜇 ⋅(𝑥𝑅−x). s=𝑥 + 𝜇· (𝑥𝑅 − 𝑥), 

 

with 0 ≤ u ≤ 1; 𝑥𝑅is randomly chosen among the 5-minority class nearest neighbours of 𝑥. 

(Blagus and Lusa, 2013) 

 

    Figure 22. Code to Perform SMOTE 

As seen in the figure 22, the smote technique is applied on the training dataset. 
 

 
 
    Figure 23. Before and After SMOTE Operation  
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In figure 23, the results for print commands are observed. The training dataset before SMOTE 

contains imbalanced classes with minority class 0 (Non-Donor) having 7766 samples as 

compared to 12731 of Donors. Whereas after applying SMOTE, synthetic samples for minority 

class are created. 

 

➢  Feature Engineering 

 

Dealing with high dimensional data is a major problem for researchers in machine learning. 

Feature Engineering is a technique which helps to remove redundant and irrelevant data which 

can help in increasing model accuracy, computational time and increase data quality. As 

dimensionality of the data rises, the amount of data required to provide a reliable analysis grows 

exponentially (Hira and Gillies, 2015).  
 

 
 

                Figure 24. Correlation Heatmap 

 

In the research, both manual and automated feature selections method have been used for the 

best results. In the manual feature selection method, the features are considered using their 

correlation with other features. The threshold value which has been considered is + - 0.5 Any 

value above or below positive and negative 0.5 would be rejected if there also exists a causal 

relation between 2 features. The causal relation between 2 features exists if the occurrence of 

one event affects other events positively or negatively. As a result, PrevFY2, PrevFY4, and 

Total Giving’s have not been considered for the research. Another reason for not considering 

Total Giving was since research needs to identify a donor from non-donor, the presence of 

Total Giving can bias the model. 

 

Feature Engineering helps in removing irrelevant and unwanted columns. It not only helps to 

prepare datasets to be compatible with the model but also helps in increasing model 

performance. Further, it helps to reduce training time and the overfitting of data. The technique 

which has been used for the research is the Univariate Selection Method. The scikit-learn 
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library provides the Select-K-Best class that can be used with a couple of different statistical 

tests to select a specific number of features. The test metric used is the chi2 Test. Features with 

best scores are selected and transformed and then passed to the model as seen in figure 25. 

 

 

 
       

                 Figure 25. Automated Feature Engineering Code 

 

4. Modelling 
 
Naïve Bayes  
 

Naive Bayes Classifier is a classic and well-known classifier based on Bayes Theory. A Naive 

Bayes classifier is a simple probabilistic classifier based on applying Bayes' theorem with 

strong (naive) independence assumptions (Bayes, 2006). A more descriptive term for the 

underlying probability model would be the "independent feature model”. It is one of the most 

efficient and effective inductive learning algorithms for data mining and machine learning 

(Zhang, 2004). Its competitive performance in classification is surprising, because the 

conditional independence assumption on which it is based, is rarely true in real-world 

applications (Zhang, 2004). 
 

 

 
     

                        Figure 26. Naive Bayes Concept 

 

 

In naive Bayes, only the class node has a parent node. These classifiers are rousted to isolated 

noise points because such points are averaged out when estimating conditional probabilities 

from data. Naïve Bayes Classifiers can also handle missing values by ignoring the example 

during model building and classification. (Mie Mie Aung, Su Mon Ko, Win Myat Thuzar, 

2019) 
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For classification, Gaussian NB implements the Gaussian Naive Bayes algorithm. The likeli-

hood of the features is assumed to be Gaussian: 

 

𝑃(𝑥𝑖|𝑦) =
1

√2𝜋𝜎𝑦
2

exp (−
(𝑥𝑖 − 𝜇𝑦)

2

2𝜎𝑦
2 ) 

 

Maximum Likelihood is used for estimation of the parameters 𝜎𝑦 and 𝜇𝑦. 

 

K-Nearest Neighbour 
 

It is the most straightforward classifier in the arsenal of machine learning techniques 

(Cunningham and Delany, 2020). The classification is achieved by identifying the nearest 

neighbours to a query example and using those neighbours to determine the class of the query 

(Cunningham and Delany, 2020). The issues of poor run-time are not such a problem these 

days. Hence this approach for classification is of importance. In KNN, classification is 

performed based on the classes of the nearest neighbours. It is known as K- Nearest neighbour 

as normally more than one class is considered as neighbours. k-NN is very simple easy to 

understand and simple to implement. So, it can be considered for any classification problem. 

 

 
 

          Figure 27.  KNN Concept 

 

If the objective is to classify an unknown example q. 

 

For each xi ∈ D we can calculate the distance between q and xi as follows: 

 
 

𝒅(𝒒, 𝒙𝒊) = ∑ 𝝎𝒇𝜹(𝒒𝒇, 𝒙𝒊𝒇)

𝒇𝝐𝑭

 

 

where training dataset D made up of (𝑥𝑖𝜖)i [1, n] training samples (where n = |D|). 

Each training example is labeled with a class label 𝑦𝑖 ∈ Y 
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KNN calculates the distance between data points by using the given Euclidean Distance 

formula (Shubham Panchal, 2018). 

 

𝒅(𝒑, 𝒒) = 𝒅(𝒒, 𝒑) = √(𝒒𝟏 − 𝒑𝟏)𝟐 + (𝒒𝟐 − 𝒑𝟐)𝟐 + ⋯ + (𝒒𝒏 − 𝒑𝒏)𝟐 

                                           =  √∑ (𝒒𝒊 −𝒏
𝒊=𝟏 𝒑𝒊)     

 

Support Vector Machine 

A Support Vector Machine (SVM) is a supervised machine learning classifier defined by a 

separating hyperplane (Ye, 2017). The classification problem can be considered as a two-

class problem without loss of generality (Ye, 2017). The goal is to separate the two classes by 

a function that is induced from available examples. SVM algorithm has its operation based on 

finding the hyperplane that gives the largest minimum distance. The goal is to produce a 

classifier that generalizes well. 

 

                         Figure 28. SVM Concept 

As seen above there are many possible linear classifiers that can separate the data, but there is 

only one that maximises the margin. This linear classifier is termed the optimal separating 

hyperplane.  

 

Decision Tree 

One of the most intuitive and frequently used data science techniques are decision trees also 

known as Classification trees (Data Science Concepts and Practice Second Edition, 2019). 

Classification Trees as the name implies, are used to separate a dataset into classes belonging 

to the response variable. Usually, the response variable has two classes: Yes or No (1 or 0). 

Decision trees are basically used when target or response variable is categorical in nature. 

Entropy and the Gini Index are used to build the decision trees. Different criteria will build 

different trees through different biases. 
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                Figure 29. Decision Tree 

T=
1

𝑝
 if there are T events with equal probability of occurrence P. Shan, defined entropy as 

log2
1

𝑝
 or  log2 𝑝 where p is the probability of an event occurring”. (Data Science Concepts 

and Practice Second Edition, 2019). Thus entropy, H is as follows: 

 

𝑯 =  − ∑ 𝒑𝒌 𝐥𝐨𝐠𝟐(𝒑𝒌)

𝒎

𝒌=𝟏

 

 

where 𝑘 = 1, 2, 3, ..., 𝑚 represents the 𝑚 classes of the target variable. 𝑝𝑘 represents the 

proportion of samples that belong to class 𝑘. 

 

Gradient Boosting 

Gradient boosting is an important tool in the field of supervised learning, providing state-of-

the-art performance on classification, regression, and ranking tasks (Mitchell R and Frank 

E,2017). Gradient boosting machines are a family of powerful machine-learning techniques 

that have shown considerable success in a wide range of practical applications (Natekin and 

Knoll, 2013). They are highly customizable to the needs of the application, like being learned 

concerning different loss functions. These algorithms have shown success not only with 

practical applications but also with machine learning and data mining challenges (Natekin 

and Knoll, 2013). It trains many models in an additive, gradual and sequential manner. 

Gradient boosting consists of three elements: 

➢ A loss function to be optimized. 

➢ To make predictions a weak learner is required. 

➢ An additive model to add weak learners to depreciate the loss function. (Browniee, 

2016) 
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With an idea of a new model minimizing loss function GB creates new models from an en-

semble of weak models (Rahman et al., 2020). Gradient descent method is used to measure 

this loss function. Overall accuracy is improved as each new model fits accurately with new 

observations with the use of loss function. To avoid overfitting boosting needs to be stopped.  

 

Extreme Gradient Boosting 

 

A scalable machine learning technique for tree boosting. Some of the award-winning 

applications of Xg Boost are store sales prediction; high energy physics event classification; 

web text classification; customer behaviour prediction; motion detection; ad click-through 

rate prediction; malware classification; product categorization and hazard risk 

prediction(Chen Tiangi and Carlos, 2016). 

Scalability is the most important factor behind the success of XGBoost in all scenarios. The 

system runs more than ten times faster than existing popular solutions on a single machine 

and scales to billions of examples in distributed or memory-limited settings (Chen Tiangi and 

Carlos, 2016). Several important systems and algorithmic optimizations result in high 

scalability. Parallel and distributed computing make learning faster which enables quicker 

model exploration (Chen Tiangi and Carlos, 2016). It supports customized objective and 

evaluation functions. It has better performance on several different datasets. 

 

Logistic Regression 

Logistic regression is used for classification problems. The term regression is used in it 

because its underlying technique is the same as of Linear Regression. Decision boundary and 

cost function are the 2 important hyper-parameters for Logistic Regression. To predict in 

which category the class belongs to a threshold can be set. Based on this threshold, the 

obtained estimated probability is classified. 

 

                               Figure 30. Sigmoid Function 

 

If ‘Z’ goes to infinity, the target variable ‘Y’ will become 1 and if ‘Z’ goes to negative 

infinity, the target variable ‘Y’ will become 0. 
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The Cost function for logistic regression is given by: 

𝐶𝑜𝑠𝑡(ℎΘ(𝑥), 𝑌(𝑎𝑐𝑡𝑢𝑎𝑙)) = − log(ℎ𝛩(𝑥)) 𝑖𝑓 𝑦 = 1 

  − log(1 − ℎ𝛩(𝑥)) 𝑖𝑓 𝑦 = 0   

 

5.   Evaluation Metrics 

To evaluate the model performance different evaluation metrics have been used like 

Precision, Recall, Accuracy, F1-Score and AUC. A confusion matrix is often used for 

classification model evaluation. In a confusion matrix, the number of correct and incorrect 

predictions are summarized, and count values are broken down into the classes. 

 

CONFUSION MATRIX 

A confusion matrix consists of True Positive (TP), True Negative (TN), False Positive (FP) 

and False Negative (FN). 

TP means observation is positive and prediction is also positive. 

TN means observation is negative and prediction is also negative. 

FP means observation is negative but predicted positive. 

FN means observation is positive but predicted negative. 

 

ACCURACY 

Formula for accuracy is given by: 

 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

 

For classification problems accuracy may not be the right evaluation metric as it assumes 

equal costs for both kinds of errors. Ability of a classifier to select all cases that needs to be 

selected and reject all cases that needs to be rejected is called accuracy (Kotu and 

Deshpande,2019). 

 

PRECISION 

Precision is calculated as: 

 

Precision =  
𝑻𝑷

𝑻𝑷+𝑭𝑷
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High precision indicates class labelled as positive predicted positive. Which is small number 

of False Positive. Proportion of cases that were relevant is called Precision (Kotu and 

Deshpande,2019). 

 

RECALL 

Recall is calculated as: 

 

Recall = 
𝑻𝑷

𝑻𝑷+𝑭𝑵
 

 

High recall indicates a class has been classified correctly. It can be defined as proportion of 

relevant cases that were found among all the relevant cases (Kotu and Deshpande,2019). 

 

F1-Score 

F – measure = 
𝟐∗𝑹𝒆𝒄𝒂𝒍𝒍∗𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏

𝑹𝒆𝒄𝒂𝒍𝒍+𝑷𝒓𝒆𝒄𝒊𝒔𝒊𝒐𝒏
  

 

It can be defined as harmonic mean of both precision and recall. 

 

K-FOLD CROSS VALIDATION 

 

For robust results, the research further implements 10-fold cross validation to validate the 

results obtained. The scoring metric which has been used is AUC for donor identification and 

accuracy for donor amount upgradation. 

 

 

 

 

 

 

 

 

 

 



37 | P a g e  
 

3.3 Methodology for Donor Amount Upgradation 

Loyal donors are more likely to upgrade their donations because of their affiliation with the 

organization. However, identifying such donors who can upgrade it and to which category 

would be a challenging task. Donor Amount Upgradation deals with upgrading donations of 

loyal donors who have the potential to upgrade based on previous contributions. As per the 

findings from exploratory data analysis on the research dataset, 53.67% of donations fall in the 

LOW category who have a greater potential to upgrade it to the Medium or High category.  

The methodology used for this problem is the same as for Donor Prediction which is CRISP-

DM. As explained in Section 3.2, the methodology and the process used for this task is the 

same as that used for the donor prediction task. Any additional steps which have been taken in 

any stage have been explained below.  

1.  Data Preparation 

➢ Removing Unwanted Data 

As the research for this problem is concerned with upgrading donor donations of potential 

donors, all the non-donor data has been excluded for this problem 

 

➢ Data Transformation 

All the financial giving’s of the donors have been categorized into 3 parts: 

Donation less than $120 = Category 1 [LOW INCOME] 

Donation above $120 and less than or equal to $2000= Category 2 [MEDIUM INCOME] 

Donation above $2000 = Category 3 [HIGH INCOME] 

 

➢ SMOTE 

 
                             Figure 31. Class Imbalance for Financial Giving’s 
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As seen in the above figure and explained in the section 3.2   to avoid class imbalance problems 

smote oversampling technique has been applied. 

 

 

 
 

  Figure 32. Before Smote Operation          Figure 33. After SMOTE Operation 
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CHAPTER 4 - Results and Discussions 
 

In fundraising both precision and recall are important. The metrics which can be suitable for 

organizations may depend upon their goals, resources, and budget. Because consider a non-

profit organization on a small budget with limited resources, for them to sustain, it is 

necessary to implement a model with high precision and low recall rate. On the other hand, 

an organization with a big budget and many resources may not want to miss out on any 

prospects in gathering funds may want to go with a model having high f1-score which is the 

harmonic mean of both precision and recall. In simple terms, small organizations may not 

want to miss out on potential prospects thus low recall means potential donors who have been 

predicted, non-donors. Whereas big organizations with good financial backing can take the 

risk of high recall. Hence model best suited for them would be with a balance of precision 

and recall. 

 

4.1 For Donor Prediction 
In the research for targeting new donors, seven machine learning algorithms have been imple-

mented which have been explained in Section 3.2. For any classification problem, accuracy is 

not the right measure for measuring performance as explained in the Data Preparation stage of 

Section 3.2. Hence the metrics used for model evaluation are mentioned below: 

 

• Precision 

• Recall 

• F1-Score 

• AUC score 

 
         Table 5. Performance of Machine Learning Algorithms for Donor Prediction 

 
Model 

 
TP 

 
TN 

 
FP 

 
FN 

 
Precision 

 
Recall 

 
F1-
Score 

 
Accuracy 

 
Cross 
Validation 
AUC 

Naïve 
Bayes 

2543 4928 3 1406 0.89 0.82 0.83 84% 0.82 

Gradient 
Boosting 

2952 4844 47 997 0.91 0.87 0.88 88% 0.87 

XGB 3017 4857 932 74 0.91 0.87 0.88 89% 0.87 

Decision 
Tree 

3234 4106 715 825 0.82 0.83 0.82 83% 0.83 

SVM 114 4897 3835 34 0.67 0.51 0.39 56% 0.51 

Logistic 
Regression 

1249 4457 3700 474 0.67 0.61 0.59 64% 0.61 

KNN 2135 3779 1152 1814 0.66 0.65 0.65 67% 0.74 
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The model has been applied to the 13 features which include geographical, personal, and de-

mographic information. The best algorithm to predict donors in the dataset is Extra Gradient 

Boosting achieving an F1-Score of 0.87, with accuracy 89%, precision rate of 91%, and a re-

call rate of 87%. For 10-fold cross-validation, AUC is used as a metric to validate results 

which shows the best results for the XGB model with 0.87 AUC. The second-best algorithm 

is Gradient boosting which has similar results as of XGB. The third best model is Naïve 

Bayes which gives an F1- Score of 0.83, with 84% accuracy, precision is 0.89 with recall 

0.82. THE Cross-Validation AUC score for this model is 0.82. XGB and Gradient Boosting 

clearly outperform other models in terms of the AUC score and F1-Score. Whereas SVM and 

Logistic Regression perform poorly for predicting donors with an F1-Score of 0.51 and 0.61 

respectively. 
  

RECEIVER OPERATING CHARACTERISTICS 

For summarizing the trade-off between true positive rate and false-positive rate for a predic-

tive model using different thresholds ROC curve is used. It is a plot of False Positive Rate on 

the X-axis to True Positive Rate on the Y-axis. The area covered under the ROC Curve is 

called Area Under Curve. It can be used as a summary of the model skill. 
 

 

 

                   Figure 34. ROC for Naive Bayes                                                                     Figure 35. ROC for Gradient Boosting 
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          Figure 36. ROC for Extreme Gradient Boosting                                      Figure 37. ROC for Decision Tree
  

Figure 38. ROC for Support Vector Machine   Figure 39.  ROC for Logistic Regression 
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                                         Figure 40. ROC for KNN 

 

4.2 For Donor Amount Upgradation 

 

The performance of machine learning algorithms for the donor amount upgradation is as 

follows: 

 
Table 6. Performance of Machine Learning Algorithms for Donor Amount Upgradation 

Model Precision Recall F1-Score Accuracy Cross 

Validation 

Gradient 

Boosting 

0.90 0.71 0.79 71% 70% 

XGB 0.91 0.92 0.91 92% 95% 

Decision Tree 0.90 0.85 0.88 85% 90% 

Naïve Bayes 0.90 0.1 0.13 10% 31% 

Logistic 

Regression 

0.89 0.12 0.17 12% 44% 

SVM 0.88 0.12 0.16 12% 45% 

KNN 0.90 0.66 0.76 66% 79% 
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The best model for donor upgradation is Extreme Gradient Boosting algorithm with an F1-

Score of 0.91, Recall rate of 92% and precision rate 91% and giving an accuracy of 92%. Only 

one more algorithm has performed like XGB which is decision tree with an F1-Score of 0.88, 

Precision rate of 90% and Recall rate of 88% with an accuracy of 85%. The worst performing 

algorithms are SVM, Logistic Regression and Naïve Bayes with an F1-Score of 0.16, 0.17 and 

0.13, respectively.  

For cross validating the results, 10-fold cross validation technique has been used. It shows an 

improved accuracy for all the models. With highest cross validation accuracy obtained by XGB 

model with 95% followed by Decision Tree and KNN with 90% and 79% respectively. The 

lowest cross validated accuracy of 31% is obtained by Naïve Bayes algorithm. The results show 

that 2 models can efficiently predict donor amount upgradations with close to 90% F1-Score. 

 

4.3 R-Shiny Application for Data Analysis and Prediction 

 

The R-shiny is an open-source R package for creating web-based interactive applications. 

Building a machine learning-based application with an exploratory data analysis option for 

fundraisers can help them to take quick measures by applying readily available models in the 

application. For the research, a similar application has been created to help them. The app has 

been designed to obtain exploratory data analysis of the dataset and to perform predictions. For 

the application, either inbuilt dataset from R or any dataset from the system can be used. In the 

app, 1st panel consists of exploratory data analysis with 2 visualizations provided in the form 

of histogram and bar-plot as shown in the below figure. 

 

 
                                            Figure 41. First Panel of the Application 
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The 2nd panel consists of applying model and getting the results. Due to time constraint, two 

machine learning models have been implemented in the application which are Linear 

Regression and Logistic Regression with binomial and polynomial family. Each tab represents 

the data it will display. Left Section is considered the input panel whereas the section on the 

right is the output panel. 

 
                                   Figure 42. Second  Panel of the Application 

For the research purpose, inbuilt iris data was used to check the applications working. As per 

the input requirements, Regression Type, Target, and Independent variables and the ratio for 

the train test dataset were selected. The dataset Tab displays the dataset. Each tab will display 

the results as per its name.  

  
                                Figure 43. Panel Displaying Dataset 
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Below figure shows the models summary. All the independent variables have high significant score. 

                    

          Figure 44. Model Performance Summary 

Actual vs Predicted data for the full and reduced models. The reduced model is implemented using 
StepAIC function which selects the best features available. 
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Figure 45. Predictions Graph 

 

For evaluation RMSE has been used. It stands for Root Mean Squared Error. As seen in below 

figure RMSE value is 0.37 for both the models. 

 

 

 

 

 

 

 

 
        

                                                                                                                                                                                                                           
Figure 46. Model Evaluation 

                 

Similar implementation can be done on the donor dataset by the fundraisers which can help 

them to achieve their objectives. 
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CHAPTER 5 – Conclusion 

The research successfully deals with 2 major challenges faced by non-profit organizations 

which are donor identification and donor amount upgradation using a comparative study of 7 

machine learning algorithms. The examination of these 7 algorithms for donor identification 

challenge proves that out of 7 algorithms, 5 algorithms are successful in distinguishing between 

donors and non-donors based on geographical, personal, and demographical information with 

Extreme gradient boosting algorithm and Gradient boosting algorithm performing best among 

others with both of them achieving an F1-Score of 88%. The precision rate and recall rate was 

also similar for both models with 91% and 87% respectively. To further validate the model, 

10-fold cross-validation was performed using the Area Under Curve as a scoring metric in 

which both models excelled giving an AUC score of 0.87. The least performing model was 

Support Vector Machine with an F1-score of just 39%. 

 
    Figure 47. Performance Chart for Donor Prediction 

For the second challenge, the same models were used to understand if these algorithms can 

classify donors who can upgrade their donations considering their previous donation history. 

For this study non-donor’s data was excluded as it was irrelevant. In this challenge, only 4 

models stood out with Extreme Gradient Boosting again achieving the best F1-score rate of 

91%, followed by the decision tree model with an 88% F1 score rate. Since it was a multiclass 

problem, AUC was not used for cross-validation instead accuracy was considered. The 

precision and Recall rate for XGB was 91% and 92% respectively.  

 
         Figure 48. Performance Chart for Donor Amount Upgradation 
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Apart from achieving these objectives the research also dealt with solving imbalanced 

classification issues which is a major problem for classification datasets which hampers model 

performance and leads to overfitting 

Finally, a shiny application was designed to help fundraiser in applying machine learning 

models and for exploratory data analysis.  

 

5.1 Answering the Research Questions 

 

1. Is SVM, Gradient Boosting, Extreme Gradient Boosting, Decision Tree, Logistic 

Regression, Naïve Bayes and KNN differentiable for donor prediction and donor amount 

upgradation? 

➢ The results show that Extreme Gradient Boosting performs the best in terms of 

Precision, Recall, F1-Score and AUC for both the predictions among all the algorithms. 

 

2. Are the machine learning algorithms able to correctly predict donors based on 

personal, geographical, and demographical data? 

➢ Yes. The machine learning algorithms can make correct predictions based on personal, 

geographical, and demographical data with the best model achieving an F1-score of 

0.87 with precision rate of 91% and Recall rate of 87%. 

 

3.   Can exploratory data analysis help non-profit organizations to create proper strategy 

thereby reducing wastage of resources? 

➢ Yes. Exploratory data analysis can help non-profit organizations to create strategy and 

identify target audience and then take actions thereby minimize wasting resources.  

 

4.    Can web based application help fundraisers in data prediction and exploratory data 

analysis? 

➢ Yes. The research has proved that web-based application help fundraisers in making 

quick decision for fundraising success. 
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5.2 Limitations 

➢ Due to Covid-19 it was not possible to obtain data from the actual fundraising 

organizations. Obtaining which would have increased the quality and reliability of the 

data.  

➢ Previous research papers on fundraising predictions are very few. Because of the 

limited research papers, the research had limited work to compare with or to take ideas 

from. 

➢ Because of the time constraints, it was not possible to create a shiny application where 

data to be predicted could be manually fed. As a result, the application shows 

predictions for the dataset data or inbuilt data only.   

 

5.3 Future Scope 

➢ A web application could be created where a donor’s specific input could be fed 

manually, and various machine learning algorithms could be tested. The model with the 

best results could be used to create strategies and decide the target audience.  

➢ The research was conducted on the dataset available offline. In the future, data can also 

be collected from online sources like reviews, blogs, etc. to help fundraising operations 

by using different machine learning algorithms. 
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