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Resources on the
Donors Choose website

CURRENT FEATURES

News on the Donors Choose
http://www.donorschoose.org/

TIMELINE

Detailed timeline of their history
http://www.donorschoose.org/about/stor
y.html

API AND OPEN DATA

There is a complete data available free
for download. There is data available
for five major categories: Projects: All
classroom projects that have been
posted so far on the website,
including lots of school info such as its
NCES ID (government-issued),
latitude/longitude, and city/state/zip.
Donations: All donations, including
donor city, state, and partial-zip. Gift
cards: All website-purchased gift cards,
including donor and recipient city,
state, and partial-zip. Project
resources: All materials/resources
requested for the classroom projects,
including vendor name. Project
written requests / essays: Full text of
the teacher-written requests
accompanying all classroom projects.
http://data.donorschoose.org/open-
data/overview/

BLOG

Interesting articles and success stories
http://www.donorschoose.org/blog/

HOW IT WORKS

Brief video on how this works
http://www.donorschoose.org/about

IMPACT

Informative visualizations on the
impact of Donors Choose
http://www.donorschoose.org/about/stor
y.-html

PARTNERS

A complete list of their partners and
supporters
http://www.donorschoose.org/about/part
nership center.html

VOLUNTEER WITH
DONORSCHOOSE

Volunteers review the thank-you notes
to protect student privacy, check them
into our computer system, repackage
them, and mail them off to eager
donors — all within 24 hours.
http://www.donorschoose.org/volunteer

STAFF AND BOARD

Detailed list of people associated with
Donors Choose — The Team
http://www.donorschoose.org/about/mee
t the team.html

OPEN PROJECTS

Comprehensive list of projects that
needs funding
http://www.donorschoose.org/donors/sea
rch.html
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DonorsChoose.org is a United States—based nonprofit organization that allows individuals to donate directly to public school
classroom projects. Founded in 2000 by former public school teacher Charles Best, DonorsChoose.org was among the first civic
crowd funding platforms of its kind. The organization has received Charity Navigator’s highest rating every year since 2005.

Charles Best, a social studies teacher at Wings Academy in the Bronx, New York, founded donorsChoose.org. Charles and his
colleagues often spent their own money on school supplies for their students, and discussed materials they wished they could

afford in the teachers’ lunchroom.

Charles envisioned a platform for individuals to connect directly with classrooms in need, providing materials requested by
teachers. With the help of his students, he built the first version of the site in his classroom and invited colleagues to post
material requests. Charles anonymously funded the first 10 project requests to demonstrate the effectiveness of the site.

- Wikipedia



INTRODUCTION

Donorschoose.org is a nonprofit organization that allows individuals to donate directly to public school
classroom projects. Teachers from public schools post request for funding project with a short essay
describing it. Donors all around the world can look at these projects when they login to
Donorschoose.org and donate to projects of their choice. The idea is to have personalized
recommendation webpage for all the donors, which will show them the projects, which they prefer, like
and love to donate. Implementing the recommender system for DonorsChoose.org website will improve
user experience and help more projects to meet their funding goals. It also will help us in understanding
the donors’ preferences and delivering to them what they want or value. One type of recommendation
system can be designed by predicting projects that will less likely to meet funding goal, segmenting and
profiling the donors and using that information for recommending right projects when the donors login
to DonorsChoose.org.
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Figure 1: Process overview of how DonorsChoose.org
DATA UNDERSTANDING

DonorsChoose.org is a United States based 501 nonprofit organization that allows individuals to donate

directly to public school classroom projects. Figure 1 gives a process overview of DonorsChoose.org. The
official website has a schema diagram that gives a brief understanding of the relationships among the
datasets. There are five different datasets related to the Donorschoose.org. They are “Projects”,
“Essays”, “Gift cards”, “Resources” and “Donations”. The “Projects” dataset contained school level,
teacher level, project level and demographic information about the project and data about when a
certain project was posted online, the completion date and the date when thank you packet was sent to
the donors. It also provided the funding status of the projects. It contained around 900K records and 50
different variables. “Donation” dataset contained several details about donors such as demographics
(city, state), behavior (donation message), and donation amount. Donation dataset had 5 Million
observations and around 20 variables. “Essays” datasets contained details about the essays, which were
posted by teachers regarding their projects. Essays dataset had 900K observations and 7 variables out of
which project ID is the unique identifier and rest 6 variables were plain text. “Resources” dataset
contained information regarding resources required for a certain project. “Gift cards” dataset contained
information regarding the gift cards bought on the website along with the mode of payment, city-state
and other details. Initial analysis suggested that most of the important information was contained in
Projects, donations and essays datasets and hence greater emphasis was placed on working with these



three datasets. A field project ID was used as the unique identifier for joining the projects and essays
dataset.

PROBLEM STATEMENT

It is important that DonorsChoose.org understands what Donors like donating to and their preferences.

This in turn will help in getting a higher number of projects meet their funding goals. Literature review

on Donorschoose.org dataset suggested that substantial amount of research has been done on ranking

the projects that are posted on the website. There has been very little work done for building any kind

of recommendation system. Exploratory research revealed that approximately 70% of the projects meet

the funding goal where as 30% do not. There is a need to understand factors, which affect the funding

status of projects. In order to build a recommendation system for DonorsChoose.org, the team came up

with three-step process.

1. Analyze the impact of different factors on project funding and try to build a predictive model to find
whether a project will get funding or not.

2. Attempt to understand the donors’ preferences and needs to group them into clusters. Segmenting,
profiling the existing donors helps us to understand the new donors as well

3. Target the specific donor segments with the predicted unfunded projects [from 1% part], so that
number of funded projects increases.

By implementing this recommendation system, projects that are not likely to meet its funding goal can
be recommended to Donors based on their preferences.

DATA CLEANING AND VALIDATION

The datasets were in .csv format. There were many punctuations marks in the text fields which included
characters such as “,”,”/”,”//” and “.”. The issue was addressed with the help of UNIX shell scripting and
SAS codes. A composite delimiter “S|” and dummy indicator “<new _ line>” was included to maintain
the data consistency. In order to convert.csv files into SAS datasets, DLMSTR="$|’ option was used. After
the SAS datasets were created, validation of data was done to confirm that none of the observations
and variables were truncated. Many new variables were created in SAS datasets. The steps followed to
convert the .csv files in SAS files can be viewed in Appendix A: Data cleaning and validation part.
Projects dataset: Exploratory analysis showed that 67.45% of the projects were completed, 28.83% had
expired and the rest were into other (re-allocated and go-live. Basic descriptive statistics show that
variables such as students _ reached, total _ price _ excluding _ price have an extremely high skewness
and kurtosis values. Looking at the box plots and histogram of these variables, suggested that there
were many outliers. For example, the highest value in total_price_excluding_optional was 10,250,017
whereas the 99" percentile was only 2,567.49. Therefore, the data was filtered and transformed in
order to reduce the skewness and kurtosis to permissible values (closer to zero). Essays dataset: It
contained many text variables. We made sure that the text was imported successfully into the SAS
datasets. Donations dataset: This dataset contained data regarding donations by donors. Several
variables such as donation_amount had to be cleaned after examining their distributions. Resources and
gift cards: These datasets revealed information about resources for each project and various gift cards
given. Several high performance procedures like HPIMPUTE, HPSUMMARY were used to clean
donations, essays, resources, projects and gift cards datasets.



VISUALIZATION

The visualizations done in SAS studio can be seen in Appendix B: Exploratory Analysis

ANALYSIS

Analysis and approach to this problem statement is three fold.

1. Predict the projects which will not meet funding goals; involves the finding the factors responsible
for predicting the project funding status and building a predictive model for the same.

2. Segment donors based on the preferences and behavior by looking at their past donations.

3. Suggest the unfunded projects to the donors who may like it and fund it.

The first part of the analysis involves the finding the factors responsible for predicting the project

funding and building a predictive model. The step-by-step analysis done can be seen below in figure 2.

Analyze factors
which influence

Predicting Recommending

Segmentation of

unfunded
donors

projects

projects to
donor segments

funding status

Figure 2: Steps followed to solve the problem statement

Predicting if a project meets its funding goal or not:

In order to predict if a project will reach its funding goal or not, we created a target variable called as
‘funding _ coded’. This takes a value of ‘1’ if a particular project meets its funding goal and takes a value
of ‘0’ if it is expired. There were four categories of funding status in the project. Completed, expired, live
and re-allocated. We have a value of ‘1’ for completed projects and a value of ‘0’ for expired and re-
allocated projects. The live projects were filtered and used as scoring dataset. Initial distribution of
projects, which met its funding goal, and those, which expired, was approximately 70% and 30%
respectively. Stratified sampling was done with 60% for training the model, 20% for validating the model
and 20% for testing purpose. Prior to predictive modeling variables were imputed using various kinds of
imputation techniques. Filtering and transformation techniques were used to deal with outliers,
reducing skewness and kurtosis of different variables. Various kinds of variable selection and variable
reduction techniques were used. Few important variables we choose from projects dataset were
resource _ type, poverty _ level, grade _ level, number _ of _ students _ reached and total _ price _
excluding _ optional.

PREDICTIVE MODELING

Various kinds of predictive models such as Logistic regression, Decision trees, Random forest, Neural
Networks, Ensemble and Rule-based models were built in order to predict if a given project will meet its
funding goal or not. Statistics such as ROC index and Misclassification rate were used to pick the best
models. Input variables used were structured data from projects dataset, text clusters, text topics
created from essays datasets and a combination of these together. Rule-based models were built using
essays text field.

Dealing with text variables: Essays dataset contained many text fields such as title, short _ description,
need statement and essays. These are the text fields that are filled up by the teachers when they fill out
the projects on donorschoose.org. The way these essays were written can affect if the project would
reach its funding goal or not. Initially the dataset was parsed and interactive filtering was done to drop



few words and view concept links. We used the HPTMINE node in text miner to build text cluster and
text topics. These text topics and clusters were used as input variables in the predictive modeling.

Predictive Modeling results: Analysis reveals that for every $10 increase in cost of the project, the odds
of project reaching funding goal is likely to reduce by 10%. The odds for grades level 6-8 are 12 % lower
than the odds of pre k-2 schools. Whereas the odds of pre k-2 are 8% higher than the projects belonging
to grades 3-5. The odds of project belonging to applied sciences primary subject is 22% higher than the
odds of visual arts. The odds of projects belonging to literature & writing are 25% lower than the
projects belonging to visual arts. Similarly, the odds of projects, which have primary subject of music, is
37% higher than that of visual arts. We observe that projects posted in summer have higher probability
of project reaching funding goal that those posted in the rest of the year. The odds for projects posted in
May are 20% higher compared to the projects posted in the month of December. The projects which
have a teacher prefix of ‘Mrs.” have 13 % lower odds compared to those which have a teacher prefix of
‘Ms.”. Technology projects have a 60% lower odds compared to projects which have resource type as
‘Books’. Projects belonging to schools from highest poverty area have 21 % higher odds compared to
projects belonging to moderate poverty. Modeling results can be seen in Appendix 4.4

The best model turned out to be Neural Network with a Misclassification rate of 27.68% and a ROC
index of 0.74. Model performance was verified in order to avoid any kind of over-fitting and under-
fitting of models. In the final model the variables used were resource_type, grade_level, poverty level,
total cost of project excluding optional, number of students reached, month when project was posted,
state to which the project belonged to and the cluster membership of various text variables in essays
dataset.

Scoring the live projects: There are currently around 26,000 projects which are under live phase in
projects dataset. The best model stated above, was used to score this dataset in order to predict if these
projects will reach its funding goal or not. The analysis results can be seen in appendix C.

DONOR SEGMENTATION

The next step done was segmenting the existing donors from the Donors dataset. There were around 5
million records in the Donors dataset. Aggregation was done at a donor level using Donor_ID as the
primary key and various new variables were created. There are approximately 1.6 million unique donors
for DonorsChoose.org.

New variables created: Many new variables such as number of total donations, average time between
each donation, number of times donor donated to projects in same state, number of times donor
donated to each kind of grade level, poverty level, resource needed to projects etc. These variables were
used as input variables for donor segmentation. All the necessary variable transformation for the
clustering and segmentation is done and details are attached in the appendix C. Segmentation and
segment profiling was done. The entire donors in Donations dataset were divided into 7 segments.
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Table 1: Table explaining the weighted importance of each variable with respect to its segments

ISegments Care about
lsegment 1[Middle school & math lovers] |Care more about 6th-8th graders;subject Maths & Science
=Segment 2[Books & literacy lovers] Care only about book resources;subject literacy & languages
Isegment 3[Concerned about poverty & Care more toward high level poverty;resource supplies and
Isupplies] subject Maths & Science
=Segment 4[Upper elementary grade lovers]|Care more about 3rd-5th graders; resource supplies
1ISegment 5[High school lovers] Care more about 9th-11th graders; highest level poverty
ISegment 6[Technology lovers] Care more about technolog resources; 3rd-5th graders
'St—:lg_ment 7[Pre-kindergarten lovers] Care mode about preK2 graders; highest level poverty

Table 2: Table showing the different segments and the values they care about

Details of the seven segments and the characteristics in each of these segments can be seen in table 1
and table 2. Names were assigned to each of these segments in order to uniquely define them.

Recommended Projects for Donor

RECOMMENDATION SYSTEM ID:00000ce845c00chf0686c992fc369df4
Approximately 75% of the Donors have donated only Teaching Music Fundamentals with Technology!
once. Therefore, there are not enough data points to Instant Learning On iPads

create a recommender system on an individual donor Technology for All!

ZSpace Virtual Reality: See it\, Feel it\, Build

level. That is the reason why segmentation of donors was
Enter Your Response Please

done. Using the characteristics of the segments, of
suitable projects were recommended. For example, Sometimes It's the Big Things
consider this case: the donor [ID: No More Textbooks!
00000ce845c00cbf0686c992fc369df4] belongs to the An Apple a Day...
Technology lovers’ segments. Based on the results of the =~ Chromebooks for Our Class
predictive models, a list of live projects, which are likely Chrome Books for Literacy

. . Promethean Board Promises Learning!
not going to meet the funding goal, was generated. These
were filtered with the conditions based on the
characteristics from Technology lover segments and
sorted it by the probability of the project being unfunded. Then, based on the location where the
project exists, recommendations were given to the donor when he or she login to DonorsChoose.org.
For the donorID: 00000ce845c00cbf0686c992fc369df4 [Technology lover], the recommended live
projects title is shown in the table. In this way, the donor does not have to put much effort to find the

Using Technology To Create A Paperless Classroom

Table x: Table showing the recommended projects
for a donor



project, which donor likes, and the projects, which are in the verge of unfunded, will get full funding.
This is just an example of 12 projects recommended to the donor segment 6, who love donating to
projects involving technology. This way we created a recommendation for all the seven segment of
donors. A few projects might exist in one or more recommendation for segments. This way after the
donor has donated one time, the next time he or she login to DonorsChoose.org, based on previous
donation history, segmentation can be done as shown above and recommendation of projects can be
done. This recommendation system works for donors who have done a prior donation. Before a donor
donates for the first time, no prior account is created, nor is the donor asked to give any preferences.
Hence, with the existing process in operation of the website, it is difficult to build a recommendation
system for first time donors.

SUGGESTION FOR FUTURE STUDY

In the existing system, a recommendation cannot be given to donor who is about to donate for first time
as there is no data about their preferences. Instead the system can be slightly modified such that prior
to first donation, preferences of donor can be asked. Based on preferences, we can map the donor to
one of the segments demonstrated above and a recommendation can be made. Using click stream data,
the results of predictive as well as segmentation models used can be improved. There are groups of
donors who donate only because they are teachers in the school, or their children study in the school, or
they know the teacher personally, or the teacher is a relative. The donation message can be text mined
to improve the segmentation results.

CONCLUSIONS

Wherever a transaction is done in online, everyone come across “You may like this”, “Users Who Viewed
This Item Also Viewed” section. It makes the users’ life easier by showing the related products which
they may like and help them in choosing the right product effectively. If this can be done for a monetary
benefit in all domains, why can’t we do the same for a good cause as well? This project is a simple
prototype for our idea. Using the best model, the live projects were scored. 1.6 million donors were
segmented into seven segments, and based on the characteristics of each segment, recommendations
were made from the set of live projects to each segments. These recommended projects match the
likes, and preferences of donors based on previous donation data. If the donor has donated previously
then this recommendation system can be used to recommend projects that donors like. This
recommendation system gives a good experience to donors, by reducing the time taken to search for
projects they like. By implementing this recommendation system, we can understand what the donor is
looking at and what they like to donate for. It can be made better by adding the details mentioned in the
scope for the future section. As demonstrated in this document, DonorsChoose.org website can be
made better by implementing this recommendation system. It will not only help in donors having a
better experience, but also can increase the percentage of projects that meet funding goal.



APPENDICES

APPENDIX A: DATA EXTRACTION AND CLEANING
1.1: Code used to extract and clean csv files and convert them into SAS files

UNIX shell scripting for data preparation.

We have used following scripts to address data issues of .csv files. We have converted the .csv files to
text files.

We had a unique issue of presence of new line characters in the text columns. We replaced these new
line characters with <new_line> to facilitate SAS dataset creation.

Additionally the comma delimiter is replaced by the composite delimiter S|

/111111111111]] Code begins for opendata_projects.csv //////////11/11111111]1/]]]

cat opendata_projects.csv | awk 'gsub(/\r/,"") {printf "%s" , SO;next} {print}' > new.txt

// this is to remove additional new line characters in the data
cat new.txt | awk '{if (gsub(/\\S/, " ")) printf "%s",50; else print }' > 1.txt
sed 's/ \\\\\\\\V/ <new _line> /g' 1.txt > 2.txt

// this replaces the comma delimiter by $| to address the parsing issue of any .csv files

Sed IS/\",\II/\IIS |\Il/gl 2_tXt > 3.txt
sed '1s/\,/S|/g' 3.txt > opendata_projects.txt

HITTTHTTTTTTTTTTTT Code ends [71717171717110000010010010 1111111111117

Similar code is used for modifying the other 6 datasets.

The Donation dataset has quantitative data pertaining to donations as well as the donations message
sent by a donor while donating to a project. We have separated the textual information (donation
message) from the quantitative data by creating two separate datasets as per below.

cut -d "," -fl1-22 opendata_donations.txt > donations.txt

cut -d "," -f1,23 opendata_donations.txt > donations_message.txt

1.2: Code used to extract files from and push files into HDFS

SAS® Studio L) (38) sas
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1.3: Code used to clean the datasets and convert variables into appropriate data types

data new.projects_c;
set '/home/ECZ.INTERNAL/sandeepchittoor/sasuser.v9%4/projects cleaned';

_projectid = compress(_projectid PR
_teacher_acctid = compress(_teacher acctid IR -
_schoolid = compress(_schoolid )

school ncesid = compress (school_ncesid LS ¥
school latitude = compress(school latitude AN

data '/home/ECZ.INTERNAL/vigneshdhanabal/sasuser.v%4/projects c new';

set '/home/ECZ.INTERNAL/sandeepchittoor/sasuser.v%4/projects_c'
day dp = input(substr({date posted, 9,2),2.);

month dp = input(substr(date posted, 6,2),2.);

year _dp = input(substr(date_posted, 1,4),4.);

date_post = mdy(month_dp, day_dp, year_dp):

date post = input(date post, 20.);

format date post dateS.;

;

data new.projects c;

set '/home/ECZ.INTERNAL/sandeepchittoor/sasuser.v94/projects cleaned';
_projectid = compress(_projectid P
_teacher acctid = compress(_teacher acctid
_schoolid = compress(_ schoolid PR I
school ncesid = compress(school ncesid PR I
school_latitude = compress(school_latitude R I

AR
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APPENDIX B: EXPLORATORY ANALYSIS
2.1: Distribution of project status in projects dataset

Distribution of project status

2.2: Average total price excluding optional for different project status

total_price_excluding_optional (Mean)

800 -

€00 —

400 —

200

Funding status versus total price excluding optional

completed expired live reallocated

funding_status

12



2.3: Cross tab between the resource_type needed for project and the project funding status

e.‘

Frequency ‘ Table of funding_status by resource_type
Expected | ;
\
Row Pet ‘ ; | fesource__type. 4 7
Col Pct funding_status = Books @ Other Supplies  Technology = Trips = Visitors
completed 133558 | 63817 213321 174082 €880 1051
120778 | 84537 202908 197068 | 63582 | 10825
2253 | 10.77 35.99 29.37 1.1 0.18
7458 | 6869 70.91 59.58 73.01 8543
expired 39714 | 27373 75765 107714 2319 503
51832 | 27589 86742 84245 | 2717.3 | 48277
15687 | 10.80 29.90 4281 0.92 0.20
2218 | 28.81 25.18 2887 | 24861 2124
live 4100 3830 8818 7827 141 45
5004.3 | 2674 8407.2 81652 | 263.368 | 44853
16869 | 14.78 235.90 21.87 0.57 0.18
229 279 293 2.68 1.50 280
reallocated 1701 868 2928 2548 53¢
1658.4 | 885.1 27828 2702.7 | 87.173 | 14.846
2082 | 1085 3599 31.32 1.02 0.07
0.95 0.91 0.97 0.87 0.89 0.37
Total 179071 | 95688 200828 292179 S42e 1805
Frequency Missing = 49

8129

878802

2.4: One-way frequencies of different secondary focus area in the project

The FREQ Procedure
Cumulative | Cumulative
secondary_focus_area | Frequency | Percent | Frequency Percent
Applied Learning 86438 14,20 86438 14.20
Health & Sports 21658 3.56 108096 17.76
History & Civics 47489 7.80 155585 2556
Literacy & Language 214862 35.30 370447 60.86
Math & Science 155947 2562 526394 86.48
Music & The Arts 45402 7.46 571796 93.94
Special Needs 36894 6.06 608690 100.00
Frequency Missing = 270162
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2.5: Summary of missing values of different categorical variables in projects dataset

Primary_focus_area | Frequency| Percent
school_state | Frequency| Percent — —
. Missing 42 0.00%
Mon-missing| 878852 | 100.00%
Mon-missing 878852 |100.00%
Secondary_focus_area | Frequency | Percent poverty_level |Frequency | Percent
Missing 270162 | 30.74% Non-missing | 878852 |100.00%
Mon-missing 608690 | 69.26%
Grade_|evel Frequency | Percent
Missing 44 0.01%
Mon-missing 878808 [ 99.99%
2.6: Summary statistics of different continuous variables in dataset
Variable Mean Std Dev | Minimum Maximum N
total_donations_ 396.8973764 | 495.4140851 0 9999.00 | 878852
num_donors_ 43579135 6.2881867 0 | 848.0000000 | 878852
payment_processing_charges 7.9915385 17.5595281 0 9715.00 | 843771
total_price_excluding_optional | 585.2855661 11034.18 0 | 10250017.00 | 878852
total_price_including_optional 693.8735535 13453.73 0 | 12500020.70 | 878852
sales_tax_ 18.1458315 | 54.8642519 0 13797.00 | 843771
vendor_shipping_charges_ 16.7857364 | 61.5523265 0 38861.00 | 843771
Variable Mean |Std Dev [Minimum |Maximum |N Skewness |Kurtosis  [99th Percentile
students_reached 0 80O 0| 9993939|878700|  476.79| 232348.75 800
total_price_excluding_optional 0 2600 0| 10250017(878852 912.88| 847160.48 2567.49
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APPENDIX C: PREDICTIVE MODELING AND SEGMENTATION RESULTS
3.1: Data partition result for modeling purpose (60:20:20)

Summary 5tatistics for Class Targets
Data=DATA
Fumeelc Formartted Frequency
Variable Value Value Coumt FEECENT Label
funding_coded . a ZELE36 30. 6144
funding_coded . 1 SRZ756 69. 3856
Dara=TEST
Fhmeric Formatted Frequency
Variable Value Value Count Fercent Label
funding_coded B 1] EZ308 ID.6145
funding_coded B 1 L1BSE2 9. 3855
Data=TRAIN
Fumeric Formatted Frequency
Variable Value Value Coume FeECcentc Label
Lunding_coded . 0 L5691 30.6143
funding_coded B 1 355653 69, 3857

3.2: Imputation results of different categorical variables

Variable name Imputation method |Impute Value
grade level Count Grades Prek-2
primary_focus_subject [Count Literacy
resource_type Count Supplies
school_metro Count urban
teacher_presfix Count Mrs.

3.3: Filtering bounds for different continuous variables

Variable Minimum | Maximum
students_reached 0 800
total price excluding_optional 0 2600




3.4: iteration plot and ROC index of logistic regression, used to predict if a given project meets funding
goal
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3.5: Model comparison of different models built

Misclassification ROC

Input variables used and modeling technique rate INDEX

3.6: Concept links for word help present in essays variable of essays dataset

17



3.7: Different words present in text topics built for essays text variable in essays dataset

Mulliple 1 0132 0.018+help,*busld +crganize oraders, shear 42365 13
Mubipie 2 0.101 0.018+i2aming +help english +play +read 18531 9
Mutipia 3 0103 0.018 +techeology,*classroom, +canhury,+2ook +enhance 18344 4
Mutipie 4 01 0.018 +book +good, +good book +big.+big book 21000 7
Mutipie 5 0.101 0.018 +read sready +sucosed +aalra +sel 21456 7
Mutipie § 0102 0,018 +classroom +help, screate +computer +ibrary 20401 6
Mutiple 7 0092 0.018 +fisten, +oxnter, shzam, +help Heaming 16001 5
Mutipie 8 0095 0.018 +math hands-0n *hands-on math, smaster,smath center 16343 4
Mutipie 9 0093 0018 +reading, s guide *fug, +Gassroom, +0ozy 17915 5
Mtpie 10 0.085 0.018 +center +kindergarten, siteracy center,»math center, »dassroom 16970 7
Mutpie 1 0081 0.018 +s0ience hands-on, +i2aming, +hands-on saence +stem 11702 5
Mebipie 12 0081 0018 +ieam, +phay, +ieaming, sready, +place 13591 !
Mutipie 13 0072 0.018 +wede, +ight +shll sleaming +help 9993 ]
Mutipie " 0071 0.018+being, +cenbury,+help, +music, +history 9707 10
Mutipie 15 0070 0.018 +creale readers +century, +help, «building 10926 “w
Mutipis 1% 0068 0.018+2 +music,+a supply, +supplies +smart 8024 4
Mstiple 1 0068 0018+ime +keep +help Bds Heaming 212 4
Medlipie 18 0069 0.018 +love +read +Hinderganten +inspire +fosler 7935 9
Muibple 19 0068 0.018+woekd +color +explore,+open, +day 12169 9
Muipie 2 0067 0.018 shudents angaging +inspire, +help, +heep 9393 16
Mutipie b 0.066 0.018 +#ecacy financial +inancial Iteracy +iferacy centar +music 8598 9
Mutipie 2 0.066 0.018 +wank +hear *know readers +play 743 12
Mubpie a 0.066 0.018+butiding readers,brary +fsture,+shem 7588 12
Mutiple A 0.066 0.0188n, +games +math +help, *dassroom 017 9
Mutipie % 0064 0.018 +future sproject “eaching, +stem +kindergarten 14899 "

3.8: Number of documents by topics and number of terms by topics analysis

kil Number of Documents by Topics IENERES
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3.9: Different rules for rule-based models built to predict the funding status of different projects

1 1tomado & destroy & start ] 33
1 2s0il & compost & ~mobde & emdronmental 9U%  004%  008%  SBI%  00d% 009N 0
1 3year & ~technology 8 ~camera & ~ural &~ &~center S ~organze &~ 9949%  006%  OM%  8B06%  005%  010%46HE 67

1 Aunitd ~shrage & -echnology & ~dgtal 4 -ural & +ideo Sholocaust . 995T%  006%  03%  TG%  006%  0M%3E o
1 5s0il & worm & school garden 0953%  008%  015%  8B64%  007%  013%40M0 10VM0
1 Oiteratre & -echnology & -center 6wl dengish & -fuencyd-inke.  067%  008%  OAT%  865T®  008% QIR 1MW
1 Tsharpener & ~technology & sharpen & ~cender & mahemabdan 970%  009%  018%  8661%  00B%  016%3000 67
1 Snovel & ~technology & graphic novel & engage book 9947%  010%  021% &57T%  009%  0MENMM5 14
1 bully & ~lechnology & high & ciy B71%  013%  026% 8H4%% 0% 023%8 A
1 10engaging &~technology & ~center &~camera &~chair kindependent..  9882%  0M4%  028%  8631% 0% 024NN 1o
1 11understanding & ~technology & ~camera & ~tabiel & school garden 945%  046%  03%  863%  OM%  02%T0M 192
1 2conkoue & ~technology & ~camera 8 ~center 8 ~ural & last&~cenky.  9B52%  0.47% 0% 8565% 0%  030%ZIT 1509
1 13immigrant & ~lechnology & ~cd & ~slorage & -websile 8 ~dzsk&sha  9856%  018%  035%  8552%  0M6% 032 102
1 fimmigrant & -echology & ~lcd & ~storage & ~website e & public  9853%  040%  03B%  BM% 0% 0UNAN0 1M
1 15neighborhood & ~technology & ~camera & bully 9730% 0%  048%  BATSH  021% Q4% 197211 51K

4.0: Fit statistics of rule-based models
Fit 3tatistics
Target=funding coded Target Label=' '
Fit

Statistics  Statistics Label Train  Validation Test
_AE Average Jquared Error 0.07 0.07 0.07
DIV Divisor for ASE 1025148.00 341716.00 341720.00
MR Maximum Absolute Error 0.60 0.60 0.60
_NOBS_ sum of Frequencies 512574.00 170858.00 170860.00
_RATE Root Average Squared Error 0,27 0.27 0.27
_38E_ sum of Seuared Errors 74716, 66 24988, 47 24943.73
_DIGF_ Frequency of Classified Cases 512574,00 170658, 00 170860.00
_MIAC_ Misclassification Rate 0,36 0.37 0.37
_WRONG Number of Wrong Classifications 184313,00 63474,00 63735, 00
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4.1: Segmentation of donors output

4.2: Variable worth for of different variables in various segments of donors

& Variable Worth: SEGMENT. [o | © [

Segment Value =7 A
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4.3: Donor segment profiling output
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4.4: SAS Enterprise Miner modeling diagram
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