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ABSTRACT

Deep learning models have been used widely in various areas and applications of
our everyday lives. They could also change the way non-profit organizations work
and help optimize fundraising results. In this thesis, sequential models are applied
in fundraising to compare their performance against the traditional machine learning
model. Sequential model is a type of neural network that is specialized for processing
sequential data. Although some research utilizing machine learning algorithms in
fundraising context exists, it is based on the data extracted from the specific time
window, which does not take time-dependency of features into account; therefore,
time-series features are independent at each data point relative to others. This ap-
proach results in loss of time notion. In this thesis, we experiment with the application
of time-dependent sequential models including Long Short Term Memory (LSTM),
Gated Recurrent Unit (GRU) and their variants in the fundraising domain to predict
the alumni monetary contribution to the university. We also expand our study by
including the architecture that treats time-invariant demographic data as a condition
to the sequential layers. In this model, the time-dependent data is concatenated after
running the sequential model. Sequential deep learning is empirically evaluated and
compared against the traditional machine learning models. The results demonstrate
the potential use of both traditional machine learning and sequential deep learning
in the prediction of fundraising outcomes and offer non-profit organizations solutions

to achieve their mission.
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Chapter 1
Introduction

The A.IL (Artificial Intelligence) in Advancement Advisory Council (AAAC) is
an organization established in 2018 to help promote the evaluation, use, learnings,
and outcomes from applying A.L. in fundraising [22]. According to the 2019 survey
conducted by AAAC, 28 % of fundraising professionals are using or intend to use
artificial intelligence in their work within the next six months. 42% do not have
any plan to use A.I. within the year, and the remaining 30% have no plan to deploy
or research A.I. at all. As these numbers indicate, the non-profit sector has not
been a quick adapter of A.I. technologies. However, the survey also revealed that
89% of non-profit organizations agree that A.I. could make their work more efficient.
The non-profit sector is behind the for-profit sector in the application of cutting-
edge technologies, mainly due to their small budgets and inadequate staffing. The
for-profit sector has invested vast resources in A.l. for personalizing, targeting, and
marketing optimization. According to the 2019 CIO survey, Gartner reported that
the number of enterprises employing A.I. has increased by 270% from 2015 to 2019,
and 37 % of organizations have implemented A.L in some form [20]. As in the for-
profit sector, the non-profit organizations could benefit from A.I. application in their
operation and enhance their Return on Investment (ROI). The lesser use of A.l. in the
non-profit sector, in contrast to the for-profit sector, reflects fewer published studies
that research the use of A.IL. in the fundraising context.

Among these fewer published studies, one of the earlier ones is the research au-
thored by Dietz L. H. (1985) [I7]. Dietz used regression analysis to predict the
alumni’s financial contribution to Iowa State University. To our knowledge, his re-
search paper was the oldest that applied machine learning in the fundraising context.

The more recent studies in the fundraising domain include the research conducted



by Quin Chen (2010) [7] and Mark E. Walcott (2014) [48]. All these publications
are based on the assumption that the fundraising data is time-invariant, meaning the
information does not change over time and that charitable contribution in successive
equal time spans is independent. The demographic information such as sex, marital
status, education, relationship, and other types of data of similar nature is constant
or rarely changes over the constituent’s lifetime; therefore, this type of information is
considered as time-invariant data. On the other hand, data such as giving amount,
email open rate, click-through rate, event attendance are likely to change every year.
Therefore, those types of information at each successive time steps are dynamic and
subject to change. There is no research works that studies the use of time series data
in fundraising.

A machine learning has been successfully used in many for-profit organizations and
can also help non-profit organizations maximize revenue to advance their mission.
A machine learning system that can increase fundraising productivity is desirable;
however, the credibility of this kind is also questionable. Many factors determine
its performance, including algorithm, data used, domain, features, and representa-
tions. We compare the performance among traditional time-invariant models and
time-dependent models. We use the sequential model to incorporate a temporal se-
quence of events such as charitable contribution, open email count, click-through
count, and event attendance. The comparative studies are conducted with Long
Short Term Memory (LSTM), Gated Recurrent Unit (GRU), and Recurrent Neural
Network (RNN) variations as a sequential model. As a traditional model, we utilized
traditional time-independent architecture similar to the classification model as pre-
sented by Diez [I7], Chen [7] and Walcott [48].

1.1 Objective

Strategic marketing is a key component vital for any organization, and their busi-
ness growth, both for non-profit as well as for-profit organizations. Non-profit orga-
nizations use similar marketing strategies to for-profit organizations to connect with
their targets such as volunteers and donors. Many studies on marketing analytics are
conducted to improve marketing results. In marketing analytics, machine learning
is useful for discovering customer purchasing patterns. In fundraising analytics, the

customer classification model in marketing domain is applied to analyze the donor’s



giving patterns and optimize the efficacy of the target marketing as shown in Key’s
study [24]. Non-profit organizations can maximize the use of the limited fundraising
resources and boost its return on investment (ROI) by studying prospective donors’
giving behavior and predicting the future donations.

In our study, we employed the multi-class classification model as a traditional
model where the amount of financial contributions are grouped into four classes: no
donation, small donations, mid-size donations and large donations. The traditional
model is applied to the time-invariant data collected at a point of time. Quin Chen [7]
and Mark E. Walcott [48] used this type of model on the alumni data for fundraising
purposes. They employed the traditional classification and linear regression models
in predicting charitable giving patterns and amount of giving in the coming years.
Their models utilize time-invariant demographic data and a set of donation data
extracted from the original dataset for a specific time window. Their models assume
that the giving amount is the same in each successive, equal-length of time period,
meaning that the giving pattern and amount remain the same over time. Similarly,
T. K. Das (2015) [15] structured his marketing classification model that classifies
the customers, who will respond to the product offers in their model. The model
assumes the shopping behavior is time-invariant in the same manner as structured in
the models by Chen [3] and Walcott [4] in their fundraising analysis.

The traditional model has two major challenges: feature engineering and time-
independent assumption. Firstly, while feature engineering is a vital component of
successful traditional machine learning models, it is a laborious process and requires
domain knowledge. Second, the model does not consider the time-variant relationship
as discussed. Yang Jiang et al. [4] discuss that Deep Neural Networks (DNN) has an
advantage over feature engineering for its capability to automatically detect essential
features from the raw data. To handle the second time-independent challenge, there
are two approaches. The first approach is the application of time-shifted windows.
Lian Yam et al. (2017) [52] proposed the use of time windows to improve customer
churn model performance. The customer churn model measures the immediate or fu-
ture risk of customer cancellation. To predict future risk, they extracted training data
from several time-shifted windows, and the final results are calculated by weighted av-
erage of time-shifted predictions. Their ensemble classification method outperformed
the traditional time fixed model. The purpose of time-shifted windows is to predict
non-stationary customer behavior. Their approach considers the time notion by in-

corporating several time-shifted windows, but each time window is still treated as



independent in the model. Another approach to account for time-dependency is the
use of sequential model. To the best of our knowledge, there are no research works
that utilize time dependent data in fundraising. In this study, we experiment the use
of deep sequential neural network to handle the aforementioned feature engineering
and time-Independent challenges experienced with the traditional model and examine
its performance against the traditional model.

Recently, more researchers have studied the application of sequential model on
time-variant data. Sequential models have various applications, including stock price
prediction [46], speech recognition [36], machine translation [I3], and sentiment clas-
sification [10] [28]. The sequential models are usually applied on the sequence of one
type of feature, for example, historical stock prices, utterances, or customer com-
ments. It becomes challenging when data consists of both static time-invariant and
dynamic time-variant events. Liu et al. (2018) [44] and Wang et al. (2019) [§], for
example, used sequential models, such as Long Short Term Memory (LSTM), on the
historical data which contains a mixture of static and dynamic data. Liu et al. [44]
experimented with real-world clinical data containing lab tests, diagnosis, drug ad-
ministration, and patient demographic information for their death prediction. Their
clinical data consists of both static demographic information and sequential clinical
data such as blood test results. Wang et al. used LSTM for their study in medical
crowdfunding. Their dataset also includes both static demographic data and time-
varying crowdfunding data. The dynamic data contains how many times the case was
viewed, how many unique donors donated every day, etc. They demonstrated that
sequential models on the data mixed data are quite effective. Our study objectives are
to examine the use of sequential learning in fundraising and compare its performance
against traditional unimodal models. The dataset used for our study is the alumni
records collected by the University of Victoria Advancement Services. The research
conducted at the university conforms with the university’s policies, and all forms of

data are in completely anonymous formats (Protocol Number: 19-0025-02).

Our contributions include:

1. We explored an application of a sequential learning architecture in fundraising

analysis. To our knowledge, it is the first attempt for fundraising domain.

2. We extend our study to experiment an architecture to handle both static and

dynamic data by concatenating time-invariant demographic data followed by



temporal layers.

3. We critically compare the performance of sequential and traditional approach

and examine the potential of sequential learning in the fundraising domain.

The rest of the thesis is organized as follows. Chapter 2 reviews the related liter-
ature on machine learning and sequential learning models in fundraising, marketing
and crowdfunding. Chapter 3 provides a descriptive analysis of our dataset and
discusses its limitations. Chapter 4 describes the considered sequential learning algo-
rithms in detail, namely Recurrent Neural Network, Long Short Term Memory, and
Gated Recurrent Unit and the sequential learning variations including bi-directional
and time-distributed model. Chapter 5 discusses the model assessment methods and

the study results. Chapter 6 summarizes our findings and insights.



Chapter 2
Literature Review

In this chapter, we review literature applying machine learning techniques in three
areas. The first part 2.1 covers the related literature in fundraising analytics, includ-
ing the commonly used classification model in the traditional time-invariant machine
learning approach. The second part 2.2 discusses the literature using the sequential
model in marketing, as well as discusses two different approaches to e-shopping analy-
sis in target marketing. The last part 2.3 is about works that uses model architecture

that combine time-variant and time-invariant data.

2.1 Marketing for a Non-Profit Organization

In 1975 Kotler [26] presented a strong case for the non-profit sector to intro-
duce marketing in their organizations. Kotler firmly delivered that ”Within another
decade, marketing will be a major and accepted function.” In 2003 Andreasen and
Kotler [34] claimed that the need for non-profit organizations to generate more rev-
enue to fulfill their mission drove them to adopt marketing principles and practices in
their operation. However, the adaptation of marketing is still slow in many non-profit
organizations. Shah and George [16] conducted an empirical study to evaluate the
impact of marketing efforts on non-profits’ performance outcome(s). Their findings
are discussed in three areas, conceptual and practical contribution, economic implica-
tion of marketing, and public policy implication. In all areas, their findings strongly
indicate the benefits of using marketing in non-profit organizations and suggest that
non-profit leaders should invest in marketing to boost non-profit organizations’ per-

formance. Section 2.1 discusses the use of machine learning in fundraising, and 2.2



discusses the literature using sequential deep learning in marketing. We investigate
the potential use of sequential learning for fundraising analysis by reviewing the ex-

isting research works.

2.2 Machine Learning in Fundraising

Direct mail and email marketing campaigns are widely used in fundraising mar-
keting to connect to the target audience. The idea of target marketing is to send out
the fundraising message to those who benefit from it or are likely to respond to such
messages. It is a cost-effective way to optimize resource allocation. Machine learn-
ing helps make an educated guess about future activities such as customer purchase
behavior or donor giving behavior. By adopting a machine learning approach, the
chances of targeting the right group of people are enhanced. The traditional approach
to fundraising analysis commonly uses classification and regression. The objective of
classification model is to identify individuals who are likely to donate. This type of
classification model uses a binary (donate, not donate) or multi-class classification.
Another common approach is to estimate the amount of the donor’s next financial
contribution by using regression. Both methods are based on the donor’s demographic
information and past giving data. Traditional approaches in fundraising analysis in-
clude donor classification and response model that identifies responders to campaign
messages.

Studies on fundraising classification are limited in numbers; however, more re-
search studies about response model are found in direct marketing. The response
model is a classification model that classifies the customers likely to respond to the
next marketing campaign based on the customer information. Direct marketing is a
popular fundraising marketing tool to connect with prospective donors. Key (2000)
[19] utilized the response model in the fundraising context. The author proposed
applying Probit regression and Bayesian models that sets the target variable based
on the recent gift information. Probit regression has binary dependent variables and

uses the cumulative distribution function of the standard normal distribution.
EY|X)=PY =1[X)=0¢(B + 5X) (2.1)

where

X = independent variables



Y = target variables

The target variable is the variable whose values or classes are predicted, while
the predictor variable is the variable whose values are used to predict the target
variable. In Key’s model, the individuals who donated are coded as 1, while those who
didn’t donate are coded as 0. The predictor variables are an individual’s demographic
information (age, gender, marital status, etc.) combined with credit and census
data. The predictor variables with thin correlations are removed by examining the
correlation between predictor variables and the target variable. Multi-collinearity
occurs when the predictor variables among themselves are highly correlated with each
other, which causes unstable estimates. The author tested multi-collinearity among
the predictor variables and removed correlated variables to avoid model instability.

The model structure Key [24] used is called response model, which is used to
evaluate the contributing factors for prospects to respond to the next campaign ap-
peals, and make financial contributions. The model was built on the datasets from
the Catholic School and Metropolitan Museum in the United States. The paper
does not cover descriptive statistics of the dataset, which usually reveals facts about
data including data imbalance, missing data, skewness and anomalies. The fundrais-
ing datasets are often highly imbalanced with a higher proportion of non-responders
compared to responders. The discussion of common issues associated with response
model and ways to handle them is not addressed in the paper.

Walcott (2014) [48] took a similar approach. The research questions for his study

are:

1. What factors are most likely to predict the likelihood of alumni making a finan-

cial contribution to their alma mater?

2. What factors are most significant in predicting the donation amount alumni

will contribute to their alma mater?

Similarly, Walcott used the demographic data (age, gender, marital status, etc.),
connectedness to the college, and alumni experience. In his study, he investigated fac-
tors that affect the likelihood of becoming an alumni donor using descriptive statistics
followed by one-way ANOVA to test the strength of correlation between predictor vari-
ables and the target variable. The variables that have a significant correlation with
the target variable were selected for further analysis. The author used binary Logis-
tic Regression to select the best 14 predictor variables. To obtain the best subset of

predictor, he used the method called "best subset selection’ by adding a variable until



it reaches the best accuracy. To answer the second study question, he ran Multivari-
ate linear regression to evaluate the variables that best predict the first gift amount.
After the model evaluation, nine predictor variables were chosen in the multivariate
linear regression.

For the Logistic regression model, 71" is assigned to the alumni who have pre-
viously donated, while 70" is assigned to the alumni who have never donated. The
dataset used for the analysis is highly imbalanced, with 71% non-donor records. The
overall model accuracy is 75%, and the recall rate of donor and non-donor indicates
the model correctly classified non-donor is 92.5% and for donor it is 30%. The argu-
ment Mark Walcott made on the validity of the model is weak because the dataset
contains 71% non-donors, suggesting that even if the model predicts all the records to
be 707, you still get 71% accuracy. Although the accuracy is relatively higher, the re-
call rate for the minority class (donors) is pretty low at 30%. However, in fundraising
studies on highly imbalanced data, the low recall rate is not rare.

Chen (2010) [7] conducted a comparative analysis over four types of models,
namely multiple regression, logistic regression, neural networks, and support vec-
tor machine (SVM), over their predictive performance. The study goal is the same
as in Key [24] and Walcott [48]; first, to identify donors and non-donors and second,
estimate the future giving amount. Chen’s main contribution was to apply SVM in
fundraising analysis.

Ha et al. [9] proposed the application of a bagging neural network model in the
direct marketing response model. Response model is a popular tool for the fundraising
campaign appeals. They argue that a complex neural network model has a large
variance and a small bias while a simple model has a large bias and a small variance;
this is called a ’bias-variance’ dilemma where bias improves at the expense of the other
and vice versa. Bias is the amount by which a model’s predicted value differs from the
target value, while variance means to what extent a randomly selected variable differs
from its expected value. One way to mitigate this dilemma is to combine multiple
networks. Therefore, they adapted a combined method that merges a neural network
and bagging, called a bagging neural network. The bagging process precedes a neural
network, which randomly samples N records with replacement L times. This process
is called bootstrapping. Each bootstrap is used to train a neural network; therefore,
there will be L neural networks. The final outcome is obtained by averaging a result
from each neural network for regression or by majority voting for classification. In

their study, the majority voting method was applied to select the final outcome.
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Their contribution is to combine neural network and bagging to eliminate the time-
consuming model selection because an ensemble of over-fitted neural networks tends
to cancel out each other’s peculiarities resulting from particular datasets. [9]

The majority of the early fundraising models use logistic regression, Linear re-
gression, support vector machine, and neural networks. Those algorithms are also
popular choices for the classification, response, and churn models in marketing. of
those studies mentioned above attempted to consider the time notion in their models.
As the usage of A.L. in e-commerce proliferates, the sequential deep-learning applica-
tion has dramatically increased on time-series data from e-commerce marketing. The
study on the deep learning approach in the non-profit sector is non-existent or has
not advanced since the early days of fundraising analytics. The fundraising goal is to
identify the patterns influencing donors’ giving behavior over time. The application
of sequential learning could shed light on fundraising marketing. The section 2.3

reviews how sequential learning is used in marketing.

2.3 Sequential Learning in Marketing

Time series data is a set of observations collected in even intervals over time, while
cross-sectional data is collected at a single point in time. There may be a correlation
between observations in time series data. There is an abundance of research works
utilizing sequential deep learning models in for-profit marketing. Non-profit organi-
zations use many of the same for-profit marketing strategies to connect with donors
and volunteers. Fundraising data also contains time-series data. However, there are
no research works utilizing sequential data to my knowledge. This section introduces
some literature that studies the application of sequential learning to the time-series
data from the e-commerce datasets. The literature that uses its application in mar-
keting provides ideas how sequential learning can potentially be used in fundraising
marketing.

In recent years, the drop in computational costs rekindled a hype in deep learning
neural networks. Among various types of Deep Learning (DL) algorithms, Convolu-
tional Neural Networks (CNN) and Recurrent Neural Networks (RNN) have marked
an outstanding improvement in performance and have many examples of real-world
applications. Neural Networks can train with different data types, including images,
voices, texts, and objects. Moreover, some types of deep learning algorithms are

capable of solving time-series data. Both marketing and fundraising data contain
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two types of time-related data, dynamic and static time-series, specifically customer
behavior in the context of marketing and donor’s giving behavior in fundraising.
The traditional classification model treats the features as static, including customer’s
purchasing history or donor’s giving history over time. Recent studies in marketing
incorporate these time-variant features in the model. Particularly, sequential neural
networks are capable of capturing time dependencies. A sequential model is a model
whose inputs or output have a sequential dependence, for instance, predicting the
next purchase item from a sequence of previously purchased items. The following
section discusses research papers that apply sequential learning to marketing.

Cui et al. (2018) [45] proposed a model that combines CNN and RNN for modeling
the customer’s online visit behaviors to predict the probabilities of conversion rates.
The term ’conversion rate’ describes the percentage to get customers to do what
the marketers hope for them to do in marketing, for example, purchasing products,
upgrading their services, etc. In fundraising, conversion rate means the percentage
of a non-donor to donate or a donor to upgrade their monetary contribution. Cui et
al. applied CNN to encode the keywords users employed when searching in Google
search engine and the site names. CNN captures character-level features from each
keyword in the search or URL name. The character-level features make it possible to
utilize various types of words, abbreviations, or typos in the searched keywords. The
embedded feature vectors extracted by CNN are fed into RNN to model the in-session
customer behavior. Next, the Monte Carlo process is used to simulate the customer
shopping journey to predict the conversion rate. The model can be used for the target
advertising to optimize the advertising cost and resources.

Salehinejat et al. (2016) [39] proposed the customer lifetime value (CLV) model
in which the customer shopping behavior is studied with RNN using the customer’s
recency, frequency, and monetary value (RFM) data. Because the time of first pur-
chase differs among customers, they set the lower and upper limit of the time interval.
The lower limit is the start point while the upper limit is the end point in their study.
‘Recency’ means how recently a customer made a purchase, ‘frequency’ is about how
often a customer makes a purchase and ‘money value’ denotes how much money a
customer spends for purchases. The model consists of one input layer, one hidden
layer with ReLu activation, and the output layer. They used an autoencoder to get
features from the customer loyalty number and pass them along with RFM data as a
sequence at a time, t. The target of the Model is RFM values at the time, t+1. At

each time step, customer lifetime value (CLV), R, F, M data for each customer go
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into the input layer. The time interval can be weekly, bi-weekly, monthly, etc. They
also set the lower and upper limits for the sequential time because the first purchase
time differs among customers. They [39] claim that their proposed model is unique
in its use of RFM and CLV data to feed into RNN. Both RFM and CLV data are
also often used for fundraising analysis; thus their approach could be used to estimate
donors’ lifetime financial contribution in the fundraising domain.

Lang and Rettenmeier [38] demonstrated the advantage of using a sequential algo-
rithm, RNN, to predict customer behavior in e-commerce shopping. The model was
built on a large-scale e-commerce dataset, and the empirical results were compared to
the traditional time-invariant model. They demonstrated the advantage of using a se-
quential model, RNN, over time-invariant models. The model was built on large-scale
real-world datasets from European online fashion platform. Their focus is to predict
the probability p((o* | 2} + 4. ...2%)) of consumer u to place an order o* where z,
To....xy denotes customer events at time step 1, 2, ... T. the customer events z
have an action type such as product views, cart-additions, orders, etc., a timestamp
and other session related information. For simplicity, they apply the RNN model on
the product-specific orders. Sessions from six consecutive weeks in the spring of 2016
are used for the experiment. The sessional data from the first four weeks are used
for the training, and the data from the remaining two weeks are used for the testing.
They used RNN with a single LSTM layer and combined the binary time-invariant
features at the last step of the time sequence.

Batmaz et al. [3], in their literature, provides a comparative review of existing
recommender systems literature. The authors discuss that the popular collaborative
filtering (CF) approach in recommender systems assumes that people who agree to
their taste in the past would also agree in the future. As the CF assumption indicates,
they claim that a user’s current browsing history affects his/her future purchasing
behavior. They also introduced another literature that captures this time-dependency
by applying Recurrent Neural Network (RNN) and its family algorithms. Likewise,
we believe that giving behavior is affected by past giving. To be more specific, alumni
who are more engaged with the university (event attendance,email open, clickthough)
in the past may donate in the future or alumni who donate a significant amount in
this year may give less or no financial support in coming years. They claim that
sequential learning can identify the sequential patterns better than the traditional
models with cross-sectional data (non-time-series).

The literature mentioned above demonstrate that the sequential models offer a
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legitimate advantage over the other methods in marketing.

2.4 Deep Learning in Crowdfunding

The success of deep learning practices reshaped real-world applications in many
fields, including e-commerce and crowdfunding. Sequential deep learning has been
successfully used in the crowdfunding sphere, among many other areas. This section
discusses the literature that is the theoretical foundation of our study using a similar
paradigm. Wang et al. [8] studied the application of sequential learning in crowdfund-
ing. Crowdfunding is to raise small amounts of capital from a large number of people.
It was first created for entrepreneurs to attract small-sized investments. Crowdfund-
ing has been used to raise funds for a wide range of for-profit, entrepreneurial ventures,
medical expenses, travel, and others [51]. The National Council of Nonprofits (Wash-
ington DC, USA) [32] projects that crowdfunding will become a $90-96 billion dollar
industry by 2025 and will be a valuable tool for fundraising for charitable and non-
profit sectors. As the report indicates, crowdfunding is recently gaining popularity in
the non-profit sector for its fundraising campaigns. Crowdfunding is rich in informa-
tion about a project profile, including text, images, personal data, and metadata in
multimodal form.

The goal of the model is to predict the fundraising outcome at the early stage
of the crowdfunding campaign. The uncertainty over the fundraising outcome influ-
ences a fundraiser’s decision on whether to receive medical treatment or search for
other funding sources. The model aims to predict the outcome in a timely manner
for the fundraiser to seek alternative financial means to receive treatment before the
campaign’s end date, which is determined at the launch of the crowdfunding projects.
Their contribution is to combine time-invariant profile data and time-variant commu-
nication flow data, aiming to improve the model performance. The dataset includes
the fundraiser’s demographic information (age, gender, location) and insurance sta-
tus as time-invariant data and the number of replies to donors, post updates, direct
messages, post shares, and views from the daily flows on the crowdfunding site as
time-variant data. Their proposed model architecture combines Convolutional Neu-
ral Network (CNN) for the time-invariant data and Recurrent Neural Network-Long
Short Term Memory (RNN-LSTM) for the time-variant data. The authors review

the advantages and disadvantages of four methods described below to combine time-
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variant and time-invariant data in their study.

1. Treat the static features as dynamic at each stage.

2. Concatenate the static features with the output of the hidden state at the last

time step.

3. Apply the static time-invariant features to initialize the first hidden layer (t =

1) and concatenated with the dynamic features at the following stages (t > 1)

4. Concatenate the static features with the hidden state at each time step.

The authors adopted the third method, the time-invariant features are fed into
CNN one time at the beginning stage of the training process. The flattened profile
data by CNN is combined into the RNN-LSTM layer. The authors achieved highly
accurate prediction of the project success.

Zheng et al. performed a comparative analysis of several machine learning al-
gorithms, namely, MLP, logistic regression, decision tree, random forest, SVM and
KNN. The observation window for the study is from 2015-01-01 to 2018-11-29. The
input and output data are treated as static. In their research work, the authors
did not include dynamic attributes such as the founders’ social media attributes
(Twitter,Facebook or Flickr), dynamic project attributes (updates, comments), so-
cial promotion (number of followers); however, they acknowledge the necessity for a
comprehensive evaluation of how various factors including dynamic attributes affect
crowdfunding outcomes.

Cheng et al. [50] propose models that predict if crowdfunding projects result in
success by evaluating data solely from the time-invariant project profiles. The authors
designed the model on multimodal information from the project profiles such as texts,
images, and metadata. Their focus is to evaluate the contribution of images to the
predictability of the CNN model. Contrary to the work by Wang et al. [§]), the
research work does not depend on the time-dependent data, i.e. time-variant daily
flows on the crowdfunding site.

The definition of success is whether the project creator can reach their monetary
goal by the end of the limited campaign period. They [50] use the pre-posting in-
formation to predict the campaign outcome before the project profile is even posted.
The main reason for using pre-posting information is that the project creators will

be able to know the likelihood of their success or failure and modify their profile
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proactively or find alternative means to raise funds. The model’s framework consists
of three branches: encoding textual inputs, encoding image contents, and encoding
metadata. Each branch consists of either Convolutional Neural Network (CNN) sub-
net or fully connected hidden layers. At the end of the branch stream, three feature
maps are concatenated into one. The data was collected from the crowdfunding site
"Kickstart” from 2015 to 2018. The data from 2015 to 2016 was used for training,
2017 for validation, and 2018 for testing. Despite the fact that the dataset consists of
data from multiple years, they are treated as time-invariant data. The use of the time
shifted data for training, validation and testing assures unbiased estimate of model
accuracy. Their contribution is the use of multimodal information, which was a first
attempt in time-invariant architectures. Nowadays, more images are used in not only
crowdfunding projects, but also marketing and communication. Their empirical stud-
ies illustrate that the use of multimodal data including visual images could achieve
superior performance. The fusion of two models, the sequential and multimodal data
models, is another approach we could experiment with in fundraising. The multi-
modal information, such as text and images from the email communication, could be
included in the model.

Srinivasan (2020) [42] explored successful crowdfunding based on three key factors:
enticement, experience, and engagement. The author examined the effectiveness of
content, its sentiments, reward, tangibility, funder belief, and founder-funder engage-
ment by analyzing Kickstarter data. The author applied an ensemble deep-learning
model and achieved 93% accuracy. Srinivasan’s study shares similarities with the
aforementioned literature in the study objectives to examine contributing factors in
crowdfunding. The author extended the research and included an additional factor,
i.e., how the tangible rewards incentivize funders.

Sequential leaning can be applied in various areas for supervised learning problems,
containing a sequence of data as input or output. In this section we introduced
the related studies using the sequential model in marketing and crowdfunding fields.
These existing studies illustrate how to use sequential models by using data from
the e-commerce online visit behavior or fundraisers interaction on the crowdfunding
platforms to predict the sequence of the future behavior. Both for-profit and non-
profit organizations share the same goal, generating revenue. Marketing strategy
provides both for-profit and non-profit organizations an edge to achieve their goal.
Optimization of marketing return on investment can be achieved by applying machine

learning techniques. alumni data consists of time sequence inputs and outputs; our



study offers opportunities to explore a new approach for non-profit marketing.
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Chapter 3

Methodology

Deep sequential learning has successfully been used in many areas including e-
commerce and crowdfunding marketing strategy; however, there are not many stud-
ies on the application of deep sequential learning in the fundraising domain. This
research study investigates how the introduction of sequential learning and combined
data of time-series features and time-invariant demographic features influence the
overall model performance compared to the traditional time-independent model in
fundraising. This chapter gives an overview of the theoretical background of sequen-

tial learning and describes how our study was conducted.

3.1 Model Description

Two approaches were employed for a performance comparison, the traditional
time-invariant approach and the sequential dynamic (time-variant) approach. Neural
Network (NN) and Support Vector Machine (SVM) were used for the traditional time-
invariant approach. NN and SVM have the ability to learn non-linear and complex
relationships. For the time-variant sequential model, we applied three variations
of Long Short Term Memory (LSTM) and two variations of Gated Recurrent Unit
(GRU).

The goal of the traditional model in fundraising is commonly to classify con-
stituent’s response to campaign appeals in the binary (eg. donate or not donate) or
multi-class model (eg. no donation, less than $1000, between $1000 and $10000, and
greater than $10,000), or to predict future numerical donation amount by employing

linear regression. Some information such as giving information and event partici-
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pation change over time, but they were treated as time-invariant in the traditional
models. As discussed in Chapter 2, Key [24], Chen [7], and Walcott [48] studied the
relationship between demographic features and the target donation amount to predict
multi-class donation amount and to estimate the numerical value of donation amount
by using the time-invariant observations collected from the specific time window. In
our study, we introduce time-series data in the model to identify giving patterns over
time and consequently classify the range of their giving amounts including no do-
nation in the coming year. To understand the sequential giving patterns, we used
LSTM and GRU for the reason that LSTM and GRU are capable of learning and
remembering over long sequences of inputs. Our first study objective is to examine
the use of a sequential model in fundraising. The predicted amounts are grouped
into four classes based on the 2020 donation amounts. Our study assumption is that
time-series observations are correlated with one another, so each observation does not
work independently. By introducing time-dependent data in the model, we examine
if sequential learning is capable of capturing giving patterns over time.

Our second objective is to examine the performance of the model designed to
handle both time-variant and time-invariant input in the models. The demographic
features (age, sex, education, etc. ) are not time series in nature, which are typically
not included in the sequential deep learning architecture. Demographic data contains
valuable information about donors. Our study question is whether adding static
demographic data leverages the performance of sequential learning. To examine it, we
concatenated time-series donation features and time-invariant demographic features
in our models. As discussed in Chapter 2, Wang et al. [8] presented four existing and
proposed approaches to combine time-variant data and time-invariant data. Their
approach is to concatenate the time-variant information before running sequential
layers. Our study adopts the existing method that feeds the conditional time-invariant
data after running the sequential layers. This approach is discussed by Wang et al.
in their literature. Our alumni dataset includes both the dynamic and static data.
The dynamic data contains the past ten year’s time-series data. The current static
data may differ from the data 10 years ago, including age, education, marital status,
etc., which may affect the giving decision in the coming years. Therefore, adding
the most current demographic data at the end of the ten-year sequential layer is the
most reasonable choice for the static and dynamic fusion model design. We compare
the performance of models from three groups, the traditional model with the static

alumni data, the sequential with dynamic data, and the sequential model combining
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the time-variant and time-invariant features. The model architecture is illustrated in
Figure 3.4.

Finally, the impact of database size on the effectiveness of deep learning model
should be addressed. Many machine learning models, especially deep learning, a sub-
set of machine learning, perform better as the dataset size gets bigger. Abdulraheem
et al. [35] demonstrated in their study how the database size affects the supervised
neural network models. Deep neural networks have many parameters to learn, which
indicates many iterations to find the optimum values. Running a large number of
iterations on a small dataset, therefore, can result in overfitting. By using a large

dataset, we can avoid overfitting and generalize better on new dataset.

3.2 Model Architecture

In this section, we discuss the theories of the algorithms we utilized for our se-
quential models as well as brief description of the traditional model architectures.

Traditional vector-based model takes feature vectors fi, fo, f5.....f, where f,
stands for feature n. The traditional approach requires feature engineering to iden-
tify the time-dependent donation history in the model. In contrast sequential models
enable us to capture donor’s historical donation behaviors in time sequence. [3§].
The time-series features in the static vector-based model are independent at each
data point relative to others, which results in loss of the temporal coherence. On the
contrary, sequential models like Recurrent Neural Network (RNN) and a family of
the sequential models consider the time-sequence of inputs. The family of sequen-
tial models such as RNN, LSTM and GRU are often used for machine translation
[13], speech recognition [36], stock forecasts [46], and autonomous driving [41]. Our
study goal is to capture the donor’s time-series financial contribution by comparing
the performance against the traditional vector-based machine learning models. In the

following section, we introduce the main concept of the algorithms used in our study.

3.2.1 Recurrent Neural Network

To understand Long Short Term memory (LSTM) and Gated Recurrent Unit
(GRU) better, Recurrent Neural Network (RNN) is reviewed first. RNN [49] is a
family of artificial neural networks whose structure is similar to a feedforward neural

network. In the feedforward neural network, inputs are fed from layer to layer in one
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direction, and the previous information is not considered in the model. In contrast,
the information in RNN flows recursively from layer to layer. It allows the state of the
model to be influenced by its previous state. RNN takes a sequence of each feature
by the length of time (T).

ht = f(wxxt + whht_l + b) (31)
where
hy = hidden state at time t (3.2)
X = (1,00, 23, .. .... x7) (3.3)
x; = input at time t (3.4)

The first equation is calculated based on the previous hidden state h;_; and the
input x; at the time t. w, is the parameter weight associated with input and wy, is the
one associated with the hidden state. The weights are shared across all time steps.
The function f is a nonlinear activation function such as tanh, ReLU, and sigmoid
[43]. The first hidden state is normally initialized to random values close to zero. oy
is the output at time t. Softmax is used to obtain a vector of probability for binary

or categorical values, .

1
o = softmax(wyh;) = (3.5)

> exp(wlhy)

Softmax is a function that converts a vector of real values to the same dimensional
vector (K-dimensional) that ranges from 0 to 1 and adds up to 1 [II].The values
received from the output layer are normalized by the sum of the exponentiated values
obtained at all the output nodes and turn them into a probability. An output prob-
ability for each node is categorized into a particular class by selecting a class with
maximum probability. There are various softmax alternatives, Taylor softmax, soft-
margin softmax, and SM-Taylor softmax, but we used the regular softmax function
for our study. While a traditional neural network has different parameters at each
layer, an RNN shares the same parameters, w,, wy, w, for input, hidden layer, and
output across all steps.

One issue with RNN is the vanishing/exploding gradient descent problem, limiting
looking back in time [37]. The problem arises when it back-propagates through time.

In the propagation process, the cost function goes through the layer backward all the
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RNN Architecture
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Figure 3.1: Unrolled and Rolled RNN Architecture where F is the activation function
- insprired by Christopher Olah [33]

way through the time to update the weights. When the weights W are initialized
to close to zero and multiply x;, x(—1), T(1—2),... by the close-to-zero weights, the
gradients become less and less at every time step going backward. It means it is
harder to update the weights and takes longer to get the final result. On the other
hand, if the gradients are big, they get bigger and bigger as propagating in time.

In the exploding gradient case, the solution is to penalize or artificially reduce the
gradient or put a maximum limit on a gradient. The popular solution for the vanishing
gradients problem is the Long Term Short Term Memory Networks (LSTM) discussed

in the next section.

3.2.2 Long Short Term Memory

The Long Short Term Memory (LSTM) Networks is a special type of RNN, which
is capable of learning long-term dependencies (over 1000 time steps) [54]. LSTM
stores information outside of the recurrent network in a structure called a gated cell.
It works like a computer memory where information is stored, read, and written. The
gated cell decides what to store, when to read, and write by opening and closing the
gate [33];the standard RNN does not have this gated cell. In standard RNN, each
sequential layer has a simple structure with a single activation function.

LSTM has three gates at each time step, forget gate, input gate, and output gate

that decide what and how much information goes through.

e Forget gate layer (f;) (eq. 3.6) decides which parts of the old output, hy_1)
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should be kept or thrown away. It is a sigmoid function (o) calculated with
h-1) and X; values where h(;_y is the old output and X; is the new input.
The calculated values by sigmoid function fall between 0 and 1. 1 represents to
keep the information, and 0 to get rid of the information in the values in the
cell Cy_1. The values of the forget gate layer f; is multiplied by the previous
cell state C;_1 in eq. 3.9 to determine which previous state is to be stored in
the state C.

e The next gate layer has two layers, which decide how much new information
should be stored in the cell state C;. The first layer, the input gate layer 4,
calculated by the sigmoid function determines which values should be updated
(eq. 3.7) The tanh layer creates all the candidate values to update (eq. 3.8).
These two values derived from the sigmoid and tanh functions are multiplied
i % Cy to be added to the updated values by multiplying the old cell state Cu-n
and the forget gate value f; (eq. 3.9).

e The last gate layer is an output layer. First, the sigmoid function derives which
part of the cell state C; should be outputted (eq. 3.10). Then to generate the
output at the time t, the cell state C; is gone through the tanh function and
multiplied by o; derived by the sigmoid function (eq. 3.11)[33][55].

fi=o(WxX, + Wephiy + by) (3.6)

iy = o (Wi Xy + Winhi_1 + b;) (3.7)

Cy = tanh(Wz, X; + We,hi1 + bg) (3.8)
Cy = £,Cy 1 + 4,0y (3.9)

0r = 0(Wos Xs + Wonhe—r + by) (3.10)

hy = oy % tanh(C)) (3.11)

3.2.3 Gated Recurrent Unit

Long Short Term Memory (LSTM) and Gated Recurrent Units (GRU) were devel-
oped to deal with the vanishing and exploding gradient issues. GRU was introduced
by Cho et al. [27] in 2014. LSTM and GRU have more similarities than differences.
The key differences between LSTM and GRU are:
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Long Short-Term Memory (LSTM) Network Architecture
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Figure 3.2: Long Short Term Memory (LSTM) Networks is a special type of RNN.
Unlike RNN, LSTM is capable of learning long-term dependencies (over 1000 time
steps) [25]. Figure was inspired by Christopher Olah [33]
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1. An LSTM has three gates (forget gate, input gate, and output gate) while a
GRU has only two gates (reset gate, and update gate).

2. GRU uses fewer training parameters, and therefore, GRU is computationally

more efficient.

3. Because GRU does not have an additional cell state, the memory operates
directly on the hidden state.

The GRU cell combined the forget gate and input gate into an update gate. Cho et
al. [27] evaluated vanilla RNN, LSTM, and GRU’s performance and demonstrated
that both LSTM and GRU perform better than vanilla RNN.

re = oW Xy + Wonhy 1 + by) (3.12)

ze = 0(Woo Xy + Wophe 1+ b,) (3.13)

hs = tanh(WizX, + We(reh—1) + by) (3.14)
he = zehy + (1 — 2)hyy (3.15)

The GRU has two gates: the reset gate and the update gate. The reset gate
controls how much information from the previous hidden layer to forget. It is activated
by a sigmoid function whose values are between 0 and 1, as in LSTM, which indicates
the importance of information (eq. 3.12). The same mathematical equation is used
for the update layer z; to derive what new information to be passed on and what past
information to discard (eq. 3.13). The weights W, in the update layer are different
from the weights W, in the reset layer. The previous hidden state h;_; is controlled
by r;. When r; is closer to 1, the formula becomes the same as the original RNN,
hy = tanh(Wy Xy + Wiphe—1 + by) (eq. 3.1). When r, is closer to 0, it becomes like
Multiple Layer Perceptron (MLP), by turning any previous hidden state to defaults.
By taking a tanh it ensures that the values remain in the interval of ( -1, 1). This state
is called a candidate hidden state h;. Lastly, the previous state and candidate hidden
state are multiplied by the update gate state. When the update gate z; is closer to
1, the new latent state approaches to the candidate hidden state. In contrast, when
2z is closer to 0, the previous hidden state is retained while the information from any

information from X; is ignored [55] [31].
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Gated Recurrent Unit (GRU) Network Architecture
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Figure 3.3: GRU does not use a memory unit ; and directly operates on the hidden
state. GRR is computationally more efficient than LSTM because GRU uses fewer
training parameters. It exposes the full hidden content without any control.
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3.2.4 Neural Network

A neural network is the model that mimics the structure and function of the
human brain. It has three layers of nodes called input, hidden, and output. The
input layer contains input variables, while the output layer has target variables. A
Neural network can have more than one hidden layer, but adding a hidden layer
increases code complexity and processing time. All the input nodes are connected
to every hidden node, which is also connected to every output node. By training a
neural network, the weight values are optimized to minimize the error between true

values and estimated values.

3.2.5 Support Vector Machine

SVM can be used for both binary and multi-class classification. A binary SVM
classifier works by identifying the optimal hyperplane that divides the data points into
two classes. SVM selects the best hyperplane with a maximum margin, the distance

between the classifier and support vector.

3.3 Data preprocessing and model architecture

Many machine learning models use either static(time-invariant) or dynamic(time-
variant) data type. In real life scenario, however, there are many cases where both
static and dynamic features are present in the data. In our bimodal model, we
combined both types of data. One of our contributions is to examine if combining
static and dynamic features will improve classification performance. In this section,
we demonstrate how we combine both static and dynamic features in the sequential

model.

3.3.1 Bimodal model

Our alumni data contains both static and dynamic data. The static information
is the alumni’s demographic information such as age, marital status, education, etc.,
while dynamic data includes time series donation, communication information (email
open/clickthrough), and event attendance information. In this study, unimodal means
using either static or dynamic data separately, while bimodal means using both static

and dynamic data. We utilize the unimodal neural network with backpropagation and
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Treating Static Features as Temporal Features
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Figure 3.4: Method 1 - Copying t times of static features and adding them to the
time series features

SVM as baseline models, which treat all data as static, i.e. both static demographic
data and dynamic giving information. Traditional models are discussed in detail in
Subsection 3.3.3. In contrast to the traditional model, our experiment model treats
the static demographic data as conditions to the sequential LSTM model instead of
mixing time-series data and non-time series data in the sequential layers. The time-
invariant demographic data is introduced outside of LSTM layers and combined with
LSTM output. We examine if adding the conditional demographic data affects model
performance. Four possible methods of merging static features and dynamic features

summarized below.

1. Treat the static features as dynamic features and include them in the dynamic

time-variant features at each stage. (Fig 3.4)

2. Concatenate the static features with the output of the hidden state at the last
time step. (Fig 3.5)

3. Apply the static time-invariant feature to initialize the first hidden layer (t =
1) and concatenated with the dynamic features at the following stages (t > 1)
(Fig 3.6)

4. Concatenate the static features with the hidden state at each time step. (Fig
3.7)

We adopted the second method (Fig 3.5) for our model comparison because it is

reasonable to assume that the latest demographic information, such as age, education,
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Concatenating Static Input After Running LSTM
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Figure 3.5: Method 2 - Concatenating the static features with the output of the
hidden state at the last time step.

and family information, affects the alumni giving decision for the coming years instead
of utilizing demographic information that is ten years old. Therefore, we add the static
data at the end of the LSTM time step. The mathematical expression of the LSTM

hidden layer calculation for the third method is expressed as follows.
he =1(t < T) %oy x tanh(Cy) + 1(t = T') * tanh(Weon * ¢; + beon) (3.16)

where ¢; = Conditions (static demographic features)
The hidden state is set to the condition, ¢;, the static data at the last stage, t=T.
The conditional hidden state, tanh(Weo, * ¢; + beon) is added to the end of LSTM
time-series layer, t=T. o, * tanh(C}) is the computation of hidden states, h; in LSTM,
equivalent to the equation (3.11) while the other mathematical equations (3.6) to
(3.10) remain the same.[S]

In the study, we examined the traditional unimodal model and the bimodal model

with time-variant and time-invariant features combined.
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Initialize static input and concatenate with the dynamic input to run
LSTM
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Figure 3.6: Method 3 - Apply the static time-invariant feature to initialize the first
hidden layer (t =1) and concatenated with the dynamic features at the following
stages
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Figure 3.7: Method 4 - Concatenate the static features with the hidden state at each

time step
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3.3.2 Data Preparation

Muralidharan (2010) [31] researched the importance of data cleansing and process-
ing. Data cleansing and processing involve removing errors, synthesizing missing val-
ues, creating categorical variables, adjusting outliers, and standardizing/normalizing
variables. This section illustrates the methods and techniques we use for data prepa-

ration for the model.

Missing Data
Missing values occurs for a various of reasons. The large percentage of non-alumni
records lacks demographic and education information. By contrast, this information
is collected when alumni are enrolled in the University; therefore, only 2% out of all
alumni records lack demographic information. For this reason, the non-alumni data
was removed from our study. The constituent’s wealth information was estimated
by the Canada census data released every four years. If the records do not have a
full address, including the correct postal code, the estimated wealth values will not
be generated. Missing data can result in loss of efficiency, and higher bias. We used
descriptive analysis to understand the data and data issues, including missing data,
data imbalance and skewed data

To measure the importance of features that have a larger occurrence of missing
values, we conducted a correlation matrix analysis on all features and target vari-
ables. The correlation matrix table (Table 3.1) does not include features of less than
10% of correlation. After close examination, the best features are selected from the
correlation matrix and RFE feature selection described later in Table 3.4. This pro-
cess analyzes how strong features and target variables are associated, and helps select
better-correlated variables to the target variable for better model performance. If
the features have high frequency of missing values, yet have a higher correlation with
the target variable, we include those features by synthesizing missing values. The
target variable in our study is the largest gift amount out of all the past donations for
each constituent. The analysis revealed that most of the feature variables have a thin
correlation score. Among them, some features indicate a relatively higher correla-
tion, including age, wealth, years donated, loyalty score, click-through count, number
of relationships with organization and individuals, board member, event attendance,

and gender.
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Feature Variables Description Corr Score
BIO-Age Alumni Age 0.136199
GIO-Gender Category Alumni Categorical Gender 0.130422
EDU-Law Degree Count No. of Law Degrees Received 0.151982
EVT-Total Registered No. of Even Registration 0.343171
EVT-Vikes Athletics No. of Athletics Event Registration 0.190436
EVT-Homecoming No. of Homecoming Event Registration 0.219283
REL-Board Member No. of Board Volunteer 0.152661
REL-Child No. of Children in the Record 0.137688
REL-Sibling No. of Sibling In the Record 0.152431
REL-Relative No. of Relatives in the Record 0.132748
REL-Spouse Spouse Information in the Record 0.161355
REL-Org Relations No. of Organizations Linked to the Record | 0.2662
REL-Ind Relations No. of Individuals Linked to the Record 0.294414
REL-Alumni in Family No. Alumni in the Family 0.185035
BBNC-Email Received No. of Emails Received 0.166905
BBNC-Opened No. of Emails Opened 0.201846
BBNC-Clicked Through No. of Click Through 0.182464
GIFT-Loyalty Score (Weighted) | Weighted Donor Loyalty Score 0.376365
pca 1 — Wealth data PCA of Wealth Information 0.142728
Loyalty Years No. of Years Donated 0.576628

Table 3.1: Correlation between Feature Variables And Target Variable (Log of Largest
Gift Amount)
NOTE: Features with less than 10% correlation coefficient are excluded. NOTE:
Loyalty Score is a proportion of total years donated divided by the years from the
first and last year donated. The loyalty Score (Weighted) is adjusted by the frequency
of donations.

The correlation of alumni’s age and largest gift amount (target variable) is not
strong; however, the relationship between alumni’s age and average largest gift amount
clearly indicates a positive relationship as Figure 3.8 illustrates. In Figure 3.9 and
3.10, the warm colors indicate a higher donation amount. As in the charts, the num-
ber of warm colour circles (pink-red) increases as the age range of the largest gift gets
higher, meaning that the average gift size increases as donors get older. Although
the largest gift and age do not show a strong correlation , these charts reveal that
the donor’s age is one of the important factors that influence philanthropic decisions.
Another feature that shows the overall positive relation is wealth PCA, as shown in
Figure 3.11.
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Principal component analysis (PCA) is a statistical procedure that uses an or-
thogonal transformation to convert a set of possibly correlated variables into a set
of values of linearly uncorrelated variables, called principal components.[I4] The first
principal component has the largest variance of variables, and each succeeding compo-
nent has the highest variance under the restriction that the component is orthogonal
to the preceding component. Our wealth data is estimated by a census-tract level
median household discretionary income, median household disposable income, me-
dian house value, median liquid asset, etc. Those values are highly correlated each
other, and the redundant information needs to be removed from the dataset. Al-
though PCA values are not highly correlated with the target variable, figure 3.13
shows a positive correlation between gifts and PCA values, indicating that wealth
affects the amount of financial contribution. The prospect research at any non-profit
organization performs wealth screenings to determine a donor’s financial giving capa-
bility. We included wealth data in our model because of the reason discussed above
and the fundraising business practice. The first principal component (pc) variance is
7.006, 1.498 for the second, and 0.6901 for the third on the normalized wealth data.
The difference between the first and the second principal components is considered
significant for the normalized wealth data. Therefore, we included the first principal
component for the model based on the correlation analysis and standard fundraising
practices.

The missing value issue is common to machine learning. As Table 3.3, 3.4 and 3.5
indicate, a high percentage of missing values is observed in features like age, employ-
ment, and contactable address compared to other features. The postal codes are used
to match the average wealth data with the dissemination area of constituent’s address.
About 13% of all records, 2% of alumni records, and 70% of non-alumni records have
missing age values. About 12% of alumni records and 10% of non-alumni records
don’t have postal codes. As discussed in 3.2, a large proportion of education and
demographic data is non-existent in the non-alumni records; in contrast, the alumni
personal information is collected when they enrolled in the program. The alumni per-
sonal data is transferred to the UVic alumni/fundraising database once they graduate
from UVic. Because non-alumni data has more missing information including age,
postal code, education information, we separate the alumni and non-alumni dataset
and apply the models only to the alumni data for our study. 2% of missing age values
among alumni records are first estimated by the graduation year. The alumni demo-

graphic data of the Normal School and Victoria College was either not collected or
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MICE Imputation Steps
Step 1 : Impute all missing values except the first column by
using column mean values.

Step 2 : Run the Linear Regression on the first feature column
as target variables against other feature columns as in-
dependent feature variables.

Step 3: Update the missing values with the predicted values.
Run the Linear Regression on the next column as target
variables against other columns including the first col-
umn updated with the predicted values. Continue this
process until all the missing values are imputed.

Table 3.2: MultiMultivariate Imputation By Chained Equations (MICE) Imputation
Steps

has been lost over the years. The age and wealth data are imputed using the missing

value estimation method.

Multiple Imputation of Chained Equations (MICE)
Among the methods to mitigate the missing data issues, we applied Multiple Impu-
tation of Chained Equations (MICE) [2I] to impute the missing age and wealth data.
MICE uses a chain of regression equations that imputes variables with missing data
one by one. The first variable with missing values is imputed on all other variables.
Missing values are then replaced by the imputed values. Then the next variable is
regressed on all other variables, including the variable whose missing values are re-
placed. This process continues until all missing values are estimated. (Table 3.2) The
accuracy of the imputations depends on how independent variables are correlated.
If independent variables are completely independent, MICE does not yield accurate

imputed values.

Class Imbalance
A common problem with machine learning classifiers is a class imbalance, where
some classes have a markedly higher number of observations than other classes [30].
The class imbalance problems can be a critically adverse effect on the classification
models. Examples include medical diagnosis, fraud detection, and network intrusion

detection [40]. It affects convergence during training and generalization on the test
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set [40]. The dataset used for this study consists of a disproportionately high number
of non-donors. There has been lots of research for class imbalance, and we explore
one of the techniques for the class imbalance problem in our study.

The class imbalance solutions include re-balancing training dataset [1], cost-sensitive
method [53], and one-class classification [29]. The re-balancing training dataset tech-
nique has two methods: over-sampling and under-sampling. Due to the relatively
small size of alumni data, we employed over-sampling to synthesize the minority
classes (class 1, 2, 3) by using SKlearn SMOTE package. Over-sampling is to cre-
ate new synthetic data points that are similar to the existing data point. SMOTE
generates a synthetic minority observation considering k-nearest-neighbors close to
the existing minority observation. The SMOTE over-sampling procedure picks one
minority class data point, selects one of the K-nearest minority class neighbors, and
creates synthesized data points based on the pattern, Z = Xy + w(X — Xy) where w
is a uniform random variable. The procedure repeats the same process to synthesise

minority points.

Normalization and Transformation
The purpose of normalization and transformation is to make the data more reliable
for model computation in the presence of skewed distribution, nonlinearity, and mul-
ticollinearity. Table 3.12 suggests that 76.5% of alumni are non-donors, while a mere
0.02% of alumni donors have given 67.7% of the total donation amount from all
alumni. The donors whose Largest Gift amount is greater than $10,000 is only 7.69%
of all alumni donors. The median of the largest gift amount is $50.00, and the max-
imum amount is $5,000,000 among alumni donors. The donors are more on the left
side of giving distribution, which means a higher concentration of small donors. The
gift amount is, in contrast, negatively skewed, as shown in Figure 3.13, which sug-
gests that big donors are outliers (Figure 3.14). Because we are looking for donors,
including big donors, i.e. the outliers are critical for the analysis as well. Among
various techniques to mitigate the skewed distribution, we applied a logarithm on
the gift related features, log(x) to transform the skewed distribution into the normal
distribution as shown in Figure 3.11. The gift related features include lifetime gift
amount, average gift amount, largest gift amount etc., whose range is large. The rest

of the features are normalized between 0 and 1.
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Relation between Age and Average Largest Gift
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Figure 3.8: The Age range when the largest gift was made is positively related the
average donation amount for each age range.
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Figure 3.9: Donor Distribution Among Age range 20-34

The size and the colour of the circle denote the size of the gift amount. The bigger
the circle and the warmer the colour, the larger the gift amount.
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Figure 3.10: Donor Distribution Among Age range 35-49

The size and the colour of the circle denote the size of the gift amount. The bigger
the circle and the warmer the colour, the larger the gift amount.



Figure 3.11: Donor Distribution Among Age range 50-59
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Figure 3.12: Donor Distribution Among Age range 50-59 & 60+
The higher the age range is, the more visible presence of warm coloured circles of the

large-gift donors.



39

Average Gift Amount vs PCA Value
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Figure 3.13: Average gift amount increases as the PCA value increases.
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Largest Gift Distribution - Count
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Figure 3.16: Negatively Skewed Largest Gift

The number of big donors are small, but the total amount of large donation is con-
centrated in the largest range of the gift amount.
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LOG Largest Gift Amount
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Figure 3.17: Log Transformation

Positively skewed distribution is transformed to normally distributed distribution
after taking logarithm of the largest gift values.

Largest Gift Amount vs Total Gift Amount by donor
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Figure 3.18: Largest Gift Amount vs Total Gift Amount by Alumni
Most of donors are small donors that are concentrated under $1M and big donors are
small in numbers and considered to be outliers.
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Stat Amount
Min $1.00
Max $5,000,000.00

Median $50.00
Skewness | 57.62955

Table 3.3: Overall Donor Largest Gift Statistics
The overall gift amounts are positively skewed with the median gift value being $50.00.

3.3.3 Model

This section illustrates the training methods of the baseline models and the pro-
posed models.

For our study, we used Python for the programming language. In addition, we
used Python libraries including Numpy, Pandas, Keras and Scikit-learn for process-

ing, model training/testing and assessment.

Traditional Model

For the traditional model, we selected Neural Network and Support Vector Machine
(SVM). The baseline Neural Network Model is structured with two Relu and sigmoid
layers and softmax for the multi-class prediction. The hyper-parameters for the SVM
model are optimized by applying Grid-search with ten-fold cross-validation.

The objective of the sequential model is to classify future giving amounts by using
alumni’s historical data including donation amount, email open/click through. Be-
cause of the time-invariant assumption for the traditional machine learning model, the
traditional model and sequential models can not employ the same model architecture.
All the time-variant features including donation, event attendance, and email com-
munication numbers are taken from the fixed time-window and used as time-invariant
features in the traditional models.

As discussed in 3.2, the traditional model requires feature engineering to identify
the time-dependent donation history in the model. Feature engineering is used to
optimize the model accuracy for the traditional models. For the performance com-
parison, in addition to the features selected by the feature selection method, the

donation features are included in the traditional model:
e Years from the first $1,000 plus gift being made

e Years from the first gift being made
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e Years from the last gift being made
e Years from the first gift until the first $1000 plus gift was made

These factors are considered for the standard prospect research practices to assess
how prospective donors are ready to give. If the last gift was made many years ago, it
is less likely to receive donations from this kind of lapsed donor. By including these
constructed variables based on the existing variables.

We used Logistic Regression - Recursive Feature Elimination [31], correlation ma-
trix, and subject expert opinions to determine which features should be included in
the experiments. The Recursive Feature Elimination (RFE) selects features back-
wardly. This technique is used in conjunction with a model; however, not all models
can be paired with RFE. The models that can be paired with RFE are multiple linear
regression, logistic regression, and linear discriminant analysis. We employed logistic
regression, together with RFE, to computer the importance score for each feature.
After removing the features with a lower score, the model is rebuilt, and the im-
portance scores are computed again. This process is repeated until it optimizes the
performance criteria. Among those selected features, we divided them into the time-
variant and time-invariant features. The results of feature selection using RFE are
depicted in Table 3.4. The features from the Correlation Matrix results (Table 3.1),
the logistic regression with RFE, and the features based on the domain expert’s sug-
gestions are integrated into the traditional model. Those techniques are also applied
on the alumni’s demographic features of the sequential models.

The dataset is split at the ratio of 3:1; one dataset is used for training and the
other dataset for testing by applying 10 fold cross-validation. The largest gift is set
as a multiclass target with four classes based on its gift range. The feature variables
were taken from the data up to 2019, and the target variable is from 2020 to predict
the future gift range. The target classes have four groups, $0, greater than $1 and
less than $1,000, greater than $1,000 to less than $10,000, and greater than $10,000

for the one-year time shifted donation data.

Sequential Model - LSTM & GRU
Our study focuses on introducing time dependency into the fundraising model and
comparing it with the traditional time-independent model. We selected variations
of the sequential architectures, namely stacked LSTM/GRU, Bidirectional model,
Time-distributed model and LSTM/GRU with condition. We employed LSTM and
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Figure 3.19: Stacked LSTM Architecture
A stacked LSTM is defined as a LSTM model comprising LSTM layers.
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Table 3.4: Logistic Regression RFE Top 15 Features.

GRU because they are able to approximate non-linear functions in time-dependent
sequence data. Also, these models solve the vanishing gradient problem RNN suffers
by incorporating three gates, input, output, and memory gate. Recurrent layers of
sequential architecture examine temporal correlations of sequence data to learn the
time dependencies. [41]. The model architectures are discussed in detail in subsection
3.2. We experimented a stacked sequential architecture (Fiture 3.19). Stacked LSTM
is defined as a LSTM model that comprises more than one LSTM layer. By stacking
hidden layers, it adds more depth to the model that is considered to be a way of
optimizing models. We used stacked architecture for both LSTM and GRU model.
The same feature selection methods used for the traditional models were employed

on the demographic features for the sequential models.

LSTM/GRU Variants - Bidirectional Model
Bidirectional LSTM (Figure 3.20) is an extended version of the LSTM model where
the inputs are fed into two LSTM layers, forward network, and backward network.
The output generated from two networks is concatenated and is fed into the softmax
classifier for classification. [47]

Bidirectional LSTM feeds inputs both from past to future and from future to past.
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Figure 3.20: Bidirectional LSTM (inspired by the diagram by Victor Makrenkov

A7)

It preserves information from the future and combines two hidden states (backward
and forward). This allows preserving information from both the past and the future.
We used Keras Bidirectional wrapper package for Bidirectional model.
LSTM/GRU Variants - Time distributed Model

The Time-distributed layer (Figure 3-21) is added to the LSTM or GRU architecture
to predict the output for each time-step individually. By adding Time-distributed
layer, each LSTM/GRU unit returns the output value at each time step instead of a
single output as in the regular LSTM/GRU. There are ten values from the ten-year
time steps in our model. We used the final year output to predict the future donation

amount level for performance evaluation.

Bimodal Model - LSTM/GRU with Condition
Our second goal in this study is to explore a Bimodal model to incorporate both time-
variant and time-invariant features into the model. We used LSTM model to process
sequences of time-variant features. Wang et al.[§] discussed in their literature four

options to combine both time-independent and dependent observations in a model.

1. Treat the static features as dynamic data at each stage.
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Figure 3.21: Time Distributed LSTM (inspired by the diagram by Dipesh Gautam

et al. [18])
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Figure 3.22: Model Architecture and Pipeline
The normalized data selected in the feature selection step is arranged into time-variant
and time-invariant features. The time-invariant features are concatenated with the

sequential layers outcome and processed together for the last outcome. Sequential
Layer is either LSTM or GRU layer.
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2. Concatenate the static features with the output of the hidden state at the last

time step.

3. Apply the static time-invariant features to initialize the first hidden layer (t =
1) and concatenated with the dynamic features at the following stages (t > 1)

4. Concatenate the static features with the hidden state at each time step.

Each method is discussed in detail in the literature review section, Chapter 2. We
adopted the second option among existing methods of combining two types of data.
The justification for selecting the second option is time synchronicity of the last time
step (t) of sequential learning and the demographic data. For instance, the age factor
affects a donor’s decision to give. As demonstrated by figures 3.8 to 3.12, there is a
correlation between the donor’s age and the giving amount.

In the bimodal model (Figure 3.22), the time-variant features include series of
annually calculated donation variables, event attendance per year, and open/click-
through counts per year. Those features are used to examine whether temporal
patterns exist to predict the size of future donations. All time-variant features are
summed up annually for the past eleven years including the target year. The time-
invariant features are the alumni’s age, family information, wealth principal compo-
nent values based on the area alumni live, relationship with organizations such as
UVic boards, family foundations, employers. Those kinds of time-invariant informa-
tion are treated as if they are conditions to the time-variant features for each alumnus
case. The target variable is the annual total amount donation amount shifted by one
year from the training time-series data. Based on the distribution of the total annual
donation amount, the annual donation amounts were grouped by $0 (no donation),
greater than $0 and less $1,000, equal to and greater than $1,000 and less than
$10,000, and greater than $10,000. The model is constructed as a multi-class model
around these four donation buckets. The accuracy rate, precision, recall, F1 scores,
and Cohen’s kappa are used to assess model performance. The performance of se-
quential models, including LSTM and GRU, was compared against the traditional
time-invariant models.

Our objectives in this study are as follows: (1) Experiment with sequential learn-
ing in the fundraising domain. (2) Extend the sequential model by blending static
and dynamic data in the model. (3) Conduct performance comparison and examine

the use of sequential learning in the fundraising domain. For the first objective, we
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tested LSTM and GRU. The main advantage of LSTM and GRU for the sequences
over standard neural networks is that weights are shared across time steps when stan-
dard neural network can not remember previous inputs. LSTM and GRU also solve
the vanishing gradient issue. If there exists any time dependency in the data, LSTM
and GRU are suitable algorithms for time sequence data. Features selected by the
RFE feature selection process include demographic features such as age, marital sta-
tus, and other personal profiles. These demographic features are not utilized in the
unimodal sequential models while both static and dynamic data were included in the

bimodal model for model comparison.

Model List
Baseline Model Proposed Model
Neural Network Stacked LSTM

Support Vector Machine | Stacked GRU

Bidirectional LSTM

Bidirectional GRU

Time Distributed LSTM

Time Distributed GRU

Hybrid model - LSTM with Conditions

Table 3.5: Baseline and Proposed models
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Chapter 4

Empirical Validation and

Discussion

This section describes the data used for our study, the experiment results, and the
major model challenges by comparing the performance of the traditional models and
the sequential models over their performance. Section 4.1 gives overview of the data,
4.2 discusses the model evaluation metrics, and 4.3 the test results and takeaway from
the study.

4.1 Data Overview

The data we used for this study comes from the University of Victoria, Advance-
ment Services. The dataset consists of 171,874 live constituents in total. Out of
those records, 123,515 records are University of Victoria (UVic) alumni. Each record
includes personal information such as age, sex, marital status, degree, open email
rate, and giving history. For this study, we excluded non-alumni records that often
lack important information, such as education data (degree, year of graduation, area
of study, etc.) and age. The alumni records includes the forerunner alumni. Ac-
cording to Wikipedia, "the University traces its roots to Victoria College, the first
post-secondary institution established in British Columbia in 1903. The provincial
normal school was later merged with Victoria College in 1956, becoming the Col-
lege’s Faculty of Education. It operated as an affiliated college until 1963 when it was
reorganized into the present University of Victoria.” [2] The forerunner alumni are

those from Victoria College and Normal School. The alumni donation records trace



52

back to 1987. Out of 123,515 live alumni, 18,482 alumni are donors, while the rest
of alumni, 105,033 are non-donors. The proportion of donors is 15%, which indicates
the majority of the UVic alumni are a non-donor. This introduces the class imbalance
problem in the classification models, which is addressed in the discussion section 4.2

in detail.

Type Total Count | %
Individual live Constituents | 171,874 100%
live Alumni 123,515 72%
live Non-Alumni 48359 28%

Table 4.1: live Alumni vs. live Non-Alumni Distribution

Type Total Count | %
Live Alumni 123,515 100%
Live Alumni Donors 18,482 15%
Live Alumni Non-Donor | 105,033 85%

Table 4.2: Live Alumni Donors vs. Live Alumni Non-Donors

4.1.1 Data Limitations

There are a variety of reasons pertaining to alumni donation to universities. Kosse
(2019) [25] researched the correlation between alumni affinity to their university and
their financial contribution to the university. He concludes that there was a high
correlation between the affinities and gifts in the dataset he used. We also examined
the correlation among contributing features that promote alumni’s motivation for
giving to UVic. However, one of the data challenges for the study of the correlation
among feature variables and target variables is missing values; some data types, such
as age, employment details, contactable address, and marital status, are missing in

many records. The information about the job and marital status are collected by a
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self-report or through the conversation with an alumnus. UVic has a well-established
student calling program, in which the student callers are trained to solicit alumni for
their monetary support. During the phone conversation with alumni, employment,
family, and contact information are collected as long as alumni are willing to share;
however, the number of questions and types of questions are restricted due to the
strict guidelines for privacy and confidentiality of personal information. Additionally,
the Advancement Services Office in the University of Victoria has an alumni tracing
program to track down the lost alumni. Some types of information are hard to obtain
through the calling or alumni tracing program. Therefore, there are still many records
lacking values in some features. For the categorical features, the number -1 is assigned
to the missing data to indicate that the data is not available. All categorical features
are transformed to dummy variables for each category. The missing numerical data,
such as age and census data (average income, average real estate value, etc.), was
synthesized by Multivariate imputation by chained equations (MICE). The missing

data imputation method is discussed in Chapter 3.

Type Total Count | %
Live Constituents | 171,874 100%
Age Missing 22 455 13%
Age Known 149,419 87%

Table 4.3: Missing Age Among live Constituents

4.1.2 Model Data

As Table 3-4 and 3-5 illustrate, the data suffers from missing data issues. The
non-alumni data has a higher percentage of missing data compared to the alumni
data, especially in the education field, in addition to the missing data common to
both alumni and non-alumni. Because of the higher percentage of missing data in
the non-alumni data, the model focuses on alumni data, and the non-alumni data
is to be studied separately for future work. As discussed in the previous section,
the advantage of Deep Neural Network (DNN) is more salient when the size of the
training dataset is large. By reducing the size of training data, therefore, the efficacy
of DNN may be affected as discussed.

The UVic alumni data consists of time-invariant and time-variant attributes. The

time-invariant data includes demographic information (age, sex, employment, city,
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Type Total Count | %
live Alumni 123,515 100%
Age Missing 2,601 2%
Age Known 120,914 98%
Work Information Missing 102,679 83%
Work Information Known 20,836 17%
LinkedIn Data Missing 119,218 97%
LinkedIn Data Known 4,297 3%
Live Contactable Alumni 102,794 83%
Living Non-Contactable Alumni | 20,721 17%
Marital Status Missing 79,078 64%
Marital Status Known 44,437 36%
Family Information Missing 115,419 93%
Family Information Known 8,096 ™%

Table 4.4: Missing Data in Alumni Records

title, and education), census data (average income, average house value, and average
debts of the constituent’s dissemination area). Those types of information remain
the same throughout the fixed period for the model. The time-variant data are
donation information for each year for the last ten years starting from 2010. The
records before 2010 are legacy data stored in an old format, which is not systematic
or coherent. Some information, such as event attendance, campaign, appeals, and
family information, is either inaccurate, not collected, or nonexistent. The time-
variant gift data has been recorded since 1987, while some time-variant information
such as appeals and campaigns have been recorded more consistently since 2010.
Therefore, we only used the post-2010 time-variant data for the model.

There are 84 features including categorical dummy variables in the original dataset
for feature selection. The feature selection process is run against the largest giving
amount to selects the relevant features for the models. The details of the feature
selection method and the selected features are discussed in Chapter 3. The multi-

class models have four classes:

e Class 1- %0
e Class 2 - greater than $1 and less than $1,000
e Class 3 - greater than $1,000 to less than $10,000

e Class 4 - greater than $10,000
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Type Total Count | %
Non-Alumni 48,359 100%
Education Missing or Unknown 32,989 68%
Education Known 15,370 32%
Age Missing 33,826 70%
Age Known 14,533 30%
Work Information Missing 48,204 99.7%
Work Information Known 155 0.3%
No LinkedIn Information Available | - -
Marital Status Missing 38,945 81%
Marital Status Known 9,414 19%
Family Information Missing 38,381 79%
Family Information Known 9,978 21%

Table 4.5: Missing Data Among live Non-alumni

4.2 Evaluation Metrics

Accuracy, recall, precision, F1 scores are the most commonly used evaluation
metrics for machine learning performance. Accuracy is the most intuitive evaluation
measure, which is simply the ratio of the correctly predicted observations and the total
number of observations. The formula of accuracy is (TP+TN)/(TP+TN+FP+FN)
where the actual class agrees with the predicted class for TP & TN while the actual
class contradicts with the predicted class for FP & FN.

TP = True positive
TN = True negative
FP = False positive
FN = False negative

Accuracy is an common metric for model performance evaluation; however, it does

not always disclose the full picture. The problems with accuracy include:

e Accuracy does not distinguish between the types of errors it makes, that is False

Positive and False Negatives [23].

e Accuracy is a good measure only when the dataset is symmetric, where the

counts of false positive and false negative are almost the same (balanced data).

Precision is the ratio of correctly predicted positive observation (TP) to the total
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predicted positive observation (TP+FP), while recall is the ratio of correctly predicted
positive observations (TP) to all actual positive observations (TP+FN). Lastly, F1
score is the weighted average of precision and recall. We adapted these four evalua-

tion indicators to compare the traditional and our bimodal models.

Accuracy = (TP4+TN)/(TP+FP+TN+FN)

Precision = TP/(TP+FP)

Recall = TP/(TP+FN)

F1 Score = 2 * (Recall * Precision) /(Recall + Precision)

The models experimented with:

e Time-invariant Multiclass Neural Network Model

e Time-invariant Multiclass Neural Network with SMOTE

e Time-invariant Multiclass Support Vector Machine

e Time-variant Multiclass Stacked LSTM

e Time-variant Multiclass Stacked GRU

e Time-variant Multiclass LSTM Bidirectional

e Time-variant Multiclass GRU Bidirectional

e Time-variant Multiclass LSTM TimeDistributed

e Time-variant Multiclass GRU TimeDistributed

e Time-variant Multiclass LSTM with Time-invariant Conditions (bimodal Model)

e Time-variant Multiclass GRU with Time-Invariant Conditions (bimodal Model)
NOTE: SMOTE stands for Synthetic Minority Oversampling Technique.

Tables 4.2 to 4.5 are the confusion metrics for the selected models out of all
experiments, and table 4.6 describes the total recall rate combining class 1, 2 and 3
recall rate, which is the total numbers of correctly predicted classed out of all minority

classes. The overall recall rate is correctly predicted giving greater than zero out of
true 1, 2 and 3.
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Figure 4.1 - 4.4 are the diagnostic performance charts for the selected sequential
models. They are used to determine the number of epoch for each sequential model.
The number of epochs is one of the hyper-parameters that defines how many times the
learning algorithm runs through the training dataset where each epoch updates the
model parameters. Figures 4.1 and 4.2 show that the validation loss starts increasing
around epoch 100. The validation loss of time Distributed model drops sharply at
the early stage. The training keeps improving gradually while validation loss stays
the same, as shown in Figure 4.3. The LSTM with conditions model is not learning
after the immediate drop of the validation loss, as shown in Figure 4.4. Several epoch

numbers are examined to select the optimal epoch number for each model.

4.3 Results

This study aims to study new approaches as well as to conduct a comparative anal-
ysis of traditional and bimodal sequential models in fundraising. We also extend the
sequen- tial method by concatenating sequential features and time-invariant features
in the bimodal architecture. We evaluates these model performance, by reviewing

accuracy, recall, and Cohen’s kappa for comparison in this section.

4.3.1 Cohen’s Kappa for Class Imbalance

Anand et al. [2], in their study, demonstrated the majority class dominates the
net gradient that is accountable for updating the model’s weights. It indicates that
the error of the majority class decreases very fast at an early iteration of the gra-
dient descent. In contrast, the error of the minority group increases and converges
slowly. We used Cohen’s Kappa score to evaluate the robustness of the models for
the imbalanced data. Folorunso [19] discussed the use of the Cohen’s Kappa when
the dataset suffers class imbalance. It is used to measure the agreement between
predicted and observed categorized values. Cohen’s kappa ranges from -1 to 1 and
has a more realistic view of the model performance for the dataset with severe class

imbalance. McHugh (2012) suggests the general guideline for the score as follows.
e less & equal to 0 - no agreement
e 0.01-0.20 : none to slight

e 0.21-0.40 : fair
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e (0.41-0.60 : moderate
e (0.61-0.80 : substantial

e 0.81-1.00 : almost perfect agreement

One of the solutions to mitigate class imbalance issue is SMOTE. We applied
SMOTE to both traditional and sequential models in our study. As table 4.1 shows,
the NN model in traditional architecture achieved high accuracy and recall rate. The
result is equivalent after application of SMOTE. The sequential model with SMOTE,
on the other hand, behaved highly erratically and often failed to converge; therefore,
both Neural Netowrk with SMOTE and bimodal model with SMOTE were omitted
in the performance comparison.

The datasets used for all models, including Neural Network, have an uneven distri-
bution of observations in target observations. Under the same condition, the Neural
Network model achieved 61% (substantial) of Kappa score without re-balancing class
distribution (Tale 4.7). SVM, Bidirectional GRU, Time Distributed LSTM scored
0.21-0.40 (fair) range. The rest of the models are in the 0.01-0.20 (no or slight) range.
The results indicate that Neural Networks are the best performer for the imbalanced
class dataset used for our study. The structure of the SVM model is the same as
in the neural network model, yet its performance is significantly different. It implies

that the traditional model does not necessarily outperform the sequential models.

4.3.2 Recall Rate

In the fundraising context, false negative results in lost revenue and the opportu-
nity for financial support in the fundraising model. On the other hand, false positive
is interpreted as the loss of human and financial resources allocated to solicit false
positives. A false negative is more costly in fundraising than a false positive; therefore,
our study focuses on the recall rates for performance comparison. As shown in Table
4.6, Neural Network achieved 98% for majority class, 91% for minority class 1, 72%
for minority class 2, and 0% for minority class 3. The recall rates of the traditional
SVM are almost equivalent to or lower than some sequential models. Again, these
results indicate that we can not conclude that the traditional models outperform the
sequential models. Instead, we could deduce the conclusion that Neural Network has
the ability to extract meanings from the data and predict the future giving amount

range. Even the high performing neural network model could not identify any of
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the class 3 observations. Given that observations from a minority class consist of a
negligible 0.4% of all observations, the class 3 recall rates, 20 - 28% of the SVM and
Time Distributed models, are considered good.

We also evaluated model performance on the selected models by focusing on minor-
ity recall rates. Two rates, minority recall and overall (binary) recall, were calculated
based on the confusion matrix. The minority recall rate is the percentage of minor-
ity true positives (class 1, 2, & 3) divided by all minority observations. The overall
recall rate is the percentage of all predicted minority observations, regardless of their
classes, divided by all minority observations (Table 4.3). The stacked LSTM model
identified 63.2% observations donating in 2020 out of all minority classes. It is better
than random guessing, which should be equal to the proportion of the minority group,
23.5%. Neural Networks achieved 89.2% for minority recall and a remarkable 99.7%
overall recall rate. This recall rate assessment proves that neural networks is a most

robust and reliable model.

4.3.3 Limited Sequential Data and Performance

This section discusses the sample size challenge with the sequential models. Cui
et al. [12] state in their study that neural networks could fail to generalize from the
training data when training data is not sufficient. They also indicate that one needs
careful consideration of sample size issues to achieve a successful network generaliza-
tion. The alumni dataset contains enough observations; however, the time sequence
data is limited due to the data consistency issues discussed in Chapter 3. The feature
data such as event registrations, click-through and appeals are nonexistent or not
consistent before 2010, consequently limiting the number of time-variant sequences.
The time-variant window, therefore, is limited to the period from 2010 to 2020. Thus
it could intensify the class imbalance in each time step because not all donors give fi-
nancial support every year. The short time sequences, in our study ten time steps, do
not give enough context for an accurate prediction, especially when the data suffers
sever class imbalance. Each alumnus observations include number of features times
10 sequences, meaning 10 observations per feature. Despite sufficient observations for
each time step, the limited number of time step hampers the sequential model from
learning temporal patterns. Sequential neural networks shares architectural similar-
ities with simple neural networks. The performance dropped significantly by adding

time sequences to the neural networks. It is indicative of a need for further studies
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on performance gain by increasing sequential data. The possible solutions to this

problem could be:

1. to remove other time-variant feature and only use gift-related features, which

have consistently collected since 1987

2. to increase the frequency of measures such as quarterly or monthly to increase

the number of temporal sequences.

4.3.4 Bimodal Model and Performance

Bimodal sequential model combines sequential learning and a fully connected
static layer within the model. The model failed to present a high accuracy that
generalizes the trained model to classify unseen data. Although minority class is
harder to predict for the sequential neural networks because of few examples of each
minority class at each time step, the other sequential models achieved a high accuracy
rate in the 92 - 98% range. On the other hand, the bimodal model could not reach
as high accuracy as other models. The bimodal model differs from the other sequen-
tial models for its static conditions. In other words, concatenating the static data
affected adversely. We could infer from these results the following. First, the LSTM
output data does not correlate well with the other information added and adds white
noise to the model. Second, it requires more training on the blended data (LSTM
time sequence data and static data) to benefit from the additional static data. Two

options are suggested for future study.

e fully connected neural networks (FC NN) to be employed on the concatenated
data (LSTM output and static data)

e to run the fully connected neural network (FC NN) on the time-invariant

features and concatenate the output with the sequential data before running
LSTM.

e to run the fully connected neural network (FC NN) on the time-invariant fea-
tures separately and concatenate the output with the sequential output after
running LSTM.



Comparison Summary

Traditional Models LSTM/GRU LSTM w/ Conditions
Accuracy High High Lower than random
Recall Minority High - NN Low for most of Low in all minority
(Each class) Low - SVM minority classes classes
Recall Minority High - NN Stacked LSTM Low
(Overall) Low - SVM 68.62%

Experiment on

Use NIN for binary/multiclass Pgsmbly used for running another.model
binary models after concatenating
static data

Figure 4.1: Model Comparison Summary Chart
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Figure 4.2: Validation Loss Chart - Stacked LSTM
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Model Class | Precision | Recall | F1 | Accuracy
NN 0 1.00 0.98 0.91 | 0.98
1 0.48 0.91 0.63 | 0.98
2 0.20 0.72 0.32 | 0.98
3 0.00 0.00 0.00 | 0.98
SVM 0 0.85 0.97 0.90 | 0.83
1 0.60 0.23 0.34 | 0.83
2 0.22 0.05 0.08 | 0.83
3 0.25 0.27 0.26 | 0.83
Stacked LSTM 0 0.99 0.94 0.97 | 0.92
1 0.10 0.13 0.12 | 0.92
2 0.02 0.75 0.12 | 0.92
3 0.00 0.00 0.00 | 0.92
Stacked GRU 0 0.99 0.95 0.97 | 0.92
1 0.21 0.15 0.18 | 0.92
2 0.02 0.55 0.3 ]0.92
3 0.00 0.00 0.00 | 0.92
LSTM Bidirectional 0 0.99 0.88 0.93 | 0.88
1 0.12 0.53 0.19 | 0.88
2 0.01 0.02 0.02 | 0.88
3 0.00 0.00 0.00 | 0.88
GRU Bidirectional 0 0.99 0.98 0.98 | 0.96
1 0.21 0.28 0.24 | 0.96
2 0.08 0.18 0.11 | 0.96
3 0.00 0.00 0.00 | 0.96
LSTM TimeDistributed | 0 0.99 0.99 0.99 | 0.98
1 0.48 0.43 0.45 | 0.98
2 0.01 0.02 0.02 | 0.98
3 0.08 0.22 0.12 ] 0.98
GRU TimeDistributed | 0 0.99 0.98 0.98 | 0.97
1 0.41 0.30 0.34 | 0.97
2 0.10 0.45 0.17 | 0.97
3 0.01 0.22 0.01 | 0.97
LSTM with Conditions | 0 0.98 0.72 0.83 | 0.71
1 0.02 0.28 0.04 | 0.71
2 0.00 0.00 0.00 | 0.71
3 0.00 0.00 0.00 | 0.71
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Table 4.6: Experiment Results (NOTE: GRU with Conditions is omitted due to the

failure of minority identification.)



Model Kappa

Neural Network 0.612760
SVM 0.282066

Stacked LSTM 0.167466
Stacked GRU 0.184376
Bidirectional LSTM 0.143740
Bidirectional GRU 0.238634
Time Distributed LSTM | 0.280993
Time Distributed GRU | 0.205246

Table 4.7: Cohen’s Kappa Score

Predict 0 | Predict 1 | Predict 2 | Predict 3
True 0 | 34484 667 69 23
True 1 | 2 621 47 9
True 2 | 0 9 31 3
True 3 | 0 3 6 0

Table 4.8: Confusion Matrix Neural Network with no time-variant features

Predict 0 | Predict 1 | Predict 2 | Predict 3
True 0 | 32436 809 1260 1
True 1 | 258 83 323 0
True 2 6 32 0
True 3 | 1 3 5 0

Table 4.9: Confusion Matrix Stacked LSTM

Predict 0 | Predict 1 | Predict 2 | Predict 3
True 0 | 34133 285 70 18
True 1 | 376 283 4 1
True 2 | 14 23 1 4
True 3 | 5 2 0 2

Table 4.10: Confusion Matrix LSTM Time Distributed Model

Predict 0 | Predict 1 | Predict 2 | Predict 3
True 0 | 33824 289 112 281
True 1 | 388 198 52 26
True 2 | 15 1 19 9
True 3 | 5 0 2 2

Table 4.11: Confusion Matrix GRU Time Distributed Model
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Model Class 0 Recall | Minority Recall | Minority Overall
NN 98.0% 89.2% 99.7%
Stacked LSTM 94.0% 16.1% 63.2%
LSTM TimeDistributed | 99.0% 40.0% 44.8%
GRU TimeDistributed | 98.0% 30.5% 43.2%

Table 4.12: Minority Recall Rate - Selected Models




67

Chapter 5
Conclusions

While there are many machine learning applications in various fields, the use of
machine learning to optimize non-profit fundraising activities is still limited. This
study introduces a deep sequential learning algorithm that few or no researchers have
used before in fundraising and compares its performance against traditional models.

The traditional approach to fundraising optimization problems relies on the data
collected at one specific point in time. However, the real-world fundraising data
contains not only time-invariant data but also time-varying data. To the best of our
knowledge, there is no research on applying a sequential model in the fundraising
domain. In our study, we experimented with using time-varying data in the model.
Additionally, we studied the hybrid approach by introducing bimodality in the model
that includes both time-variant and time-invariant features in the models.

Among all the models tested, traditional unimodal neural networks demonstrated
the most capable of achieving strong classification performance. The performance
of SVM in the traditional structure is almost equivalent to the sequential model
performance in every evaluation metric. By comparing these models, we identified
that the traditional models do not always outperform the sequential models. To put
it another way, it depends on the architecture. The unimodal neural networks proved
most capable of learning giving patterns and are the most robust and reliable model
on highly imbalanced alumni data.

There are a few possible causes of lower recall and Cohen’s kappa rates among the
sequential models; first, limited time sequence, and second, magnified class imbalance
at each time step. Due to the database quality issue, the sequential data was collected
from a shorter period, 2010 to 2020. This introduces the sample size issue of a short

time steps. Sequential neural networks could fail to generalize from the training data
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when training time sequence data is not sufficient. Secondly, the class imbalance is
magnified when the model looks at each time step while the traditional model looks
at overall giving data. Covering longer time sequence could be a solution.

The cause of the poor performance of the bimodal model is thought to be the
process after concatenating the LSTM layer and static data. The Hybrid model
evaluation metrics are lower than those of the other sequential models. It could be
because the LSTM data does not correlate well with the other information added,
meaning adding noise to the model, or it requires more training on the blended data
(LSTM time sequence data and static data) to benefit from the additional static data.
There are a couple of methods learning from the static data by using fully connected
neural networks discussed in Chapter 4. More research is needed to confirm whether
running additional learning on blended data helps improve its performance.

The sequential models achieved high accuracy, which is much better than random
guessing. Despite the low recall rate for each class, the overall binary recall rate
indicates its potential to identify time dependent patterns. The empirical results
indicate that the sequential model could be used for binary models.

Donor retention is an essential factor for successful fundraising. The churn model
is used to predict at-risk donors and take proactive measures to prevent the existing
donors from leaving. The predicted probability that a donor will churn is used in
designing donor retention strategies. The results from sequential learning may provide
inspiration for developing proactive strategy for at-risk donors and reducing the risk
of donor churning.

Another potential area we could use the sequential model is communication. The
University of Victoria has sufficient fundraiser auction records with alumni, including
action type (phone call, mail, meeting), frequency, etc. These types of action records
also suffer data limitations in time sequence but cover a longer time window than
other types of sequential data. Wang et al. [§] used time-variant communication flow
data to predict the success of crowdfunding. Their study proved that the communi-
cation flow data is critical to predicting the outcome in a timely manner. The use of
action data in the fundraising model potentially provides the model success.

The results demonstrate the potential use of neural networks and a unimodal sequen-
tial model in the prediction of fundraising outcomes.

Lastly, if we were to design this study again, there are a number of changes or

experiment we would make.
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Rebalancing time-variant data

SMOTE application in the time-variant model caused erratic behavior and failed
to converge; however, there are other synthesizing methods, including autoen-
coder, and hybrid method that combines over-sampling and under-sampling
(SMOTE ENN and SMOTE Tomek Link) [5].

Cost-sensitive learning

Cost-sensitive learning introduces a misclassification cost to minimize the con-
ditional risk, i.e., strongly penalizing misclassification of the minority classes
[6].

Running fully-connected neural network (FC NN) before LSTM
Run the fully connected neural network on the time-invariant features and con-
catenate the output with the sequential model data. The concatenated data is

used for LSTM sequential learning.

Running fully-connected neural network (FC NN) after LSTM
Run the fully connected neural network on the concatenated data (sequential

output and time-variant data.

Running fully-connected neural network (FC NN) and LSTM separately
Run the fully connected neural network on the time-invariant features separetely
and concatenate the output with the sequential model output after running

LSTM. Then the concatenate two outputs is used for LSTM sequential learning.

Various hyper-parameter optimization methods

We applied grid search method on the traditional SVM model; however, grid
search is too expensive and it was not practical to apply it on the other models.
Instead of grid search, alternative options could be applied and compared for
their performance.

Widely used optimization methods [51]:
Manual search
Grid search
Random search
Bayesian optimization

Gradient-based optimization
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