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ABSTRACT

Web and mobile technologies enable ubiquitous access to informa-
tion. Yet, it is getting harder, even for subject matter experts, to
quickly identify quality, trustworthy, and reliable content available
online through search engines powered by advanced knowledge
graphs. This paper explores the practical applications of Domain
Specific Knowledge Graphs that allow for the extraction of infor-
mation from trusted published and unpublished sources, to map the
extracted information to an ontology defined in collaboration with
sector experts, and to enable the public to go from single queries
into ongoing conversations meeting their knowledge needs reliably.
We focused on Social-Impact Funding, an area of need for over one
million nonprofit organizations, foundations, government entities,
social entrepreneurs, impact investors, and academic institutions
in the US.
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1 INTRODUCTION

Over 70 percent of the US population has access to the Internet
using a mobile device [11], yet, it is getting harder to access accu-
rate, timely, or trustworthy information, even for subject experts.
Worldwide, citizens in 70 countries have been subject to political
disinformation campaigns and social media manipulation [2]. In
contrast to nonprofit organizations, academia, and government en-
tities, the creators of misleading contents are often savvy users of
social media and search engine optimization techniques deploying
outsized budgets to increase content discovery. This asymmetry
results in online content presenting a distorted or incomplete view
of critical public issues, facilitating uninformed decisions, and po-
tentially severe consequences.

In 2018, the nonprofit sector in the US received $427.71B in char-
itable donations [37], yet it is hard to answer questions like “who is
funding research in Intellectual Disabilities?” or “who can I partner
with to fund innovation that helps child survivors of abuse and
neglect in the US?”. General search engines often render incom-
plete information. Nonprofit sector experts agree that this lack of
visibility results in inefficiencies in the deployment of charitable
funding and government grants. It also affects the private sector,
and tech entrepreneurs’ interests in creating Technology for the
Public Interest.

At Giving Tech Labs, we aim to create domain specific knowledge
graphs as a service to the public. The goal is to extract the infor-
mation from trusted published and unpublished sources, organize
it under an ontology defined in collaboration with sector experts,
and enable the public to go from single queries into ongoing con-
versations meeting their needs for accurate, reliable, trustworthy,
and up-to-date information in topics that matter the most.

This paper focuses on the domain of Social-Impact Funding.
By analyzing rich datasets from the Internal Revenue Service (IRS),
the grants from the US Federal Government, and the funding ac-
tivity of thousands of private foundations in the USA and the in-
formation available online of over one-million public charities, we
can derive knowledge required to inform the future deployment of
funds for social-impact. Our contributions are threefold:

(1) a domain ontology for Social-Impact Funding
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(2) a knowledge graph built for Social-Impact Funding
(3) insights derived from the knowledge graph to demonstrate
its efficacy

The rest of this paper is organized as follows. Section 2 provides a
brief overview of background knowledge for ontology and knowl-
edge graph development. Section 3 introduces the ontology we
developed for the Social-Impact Funding domain, and Section 4 pro-
vides details about the data and processes for building the domain
specific knowledge graph. In Section 5, evaluation consideration
is described and efficacy is demonstrated through a real-life use
case. Finally, Section 6 concludes and outlines directions for future
work.

2 BACKGROUND AND RELATED WORK

We are aware of that there are many different and even conflicting
perspectives regarding a precise definition of a knowledge graph
as pointed out by Ehrlinger et. al. [4]. For the purpose of this paper,
we adopt the definition from Paulheim [33] and regard a knowledge
graph to:

(1) mainly describe real world entities and their interrelations,
organized in a graph;

(2) define possible classes and relations of entities in a schema;

(3) allow for potentially interrelating arbitrary entities with
each other;

(4) cover various topical domains.

This characterisation of a knowledge graph is inclusive enough
for us as practitioners to understand well-known industry scale
knowledge graphs [30], such as the Google’s Knowledge Graph [35]
and Knowledge Vault [29], Microsoft’s Academic Graph [38], etc.
This "definition" of knowledge graph is also suited for us to cover the
technical components in this paper while keeping some consistency
with general references on the subject of knowledge graphs [8, 32]
as well as with more recent research work on building knowledge
graphs [22].

Although the distinction between general and domain specific
knowledge graphs can be somewhat loose (Oxford dictionary de-
fines a domain as "a specified sphere of activity or knowledge"), we
consider domain specific knowledge graphs as those that model
deeper knowledge, often only available from experts in the domains,
and cover application issues in the specific domains. General knowl-
edge graphs usually model entities and relationships in the world
without domain restrictions and can be applied for solving various
issues that does not require deep knowledge in a particular domain.

2.1 Domain Specific Knowledge Graphs

Recently, there has been research and development work on con-
structing domain specific knowledge graphs and using these knowl-
edge graphs for solving problems in the corresponding domains,
such as:

o Cybersecurity [19]

Understanding the Impact of Opioid Crisis in the U.S. [20]
Combating Human Trafficking [36]

Factory Monitoring and Process Automation [12]
Capturing Geological Data [40, 41]

Geopolitical Events [21]
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Taking the Siemens example, Hubauer et. al. [12] created a do-
main knowledge graph from multiple data silos within the enter-
prise. Based on the domain model codified into the knowledge
graph, inference and machine processing are enabled which in turn
enabled various applications such as factory monitoring, process
automation, and others. Benefits brought about by domain specific
knowledge graphs from the perspective of breaking and linking
data silos can be captured at 4 levels [12]: 1) single data silos are
enriched with domain specific models; 2) information flow between
silos are enabled when data models for the silos are integrated; 3)
an integrated data space is formed from the linked data silos when
a tighter and more consistent integration between domains and
use cases is established; and finally 4) an active knowledge factory
is obtained by transforming the passive data space through inte-
grating its vast amount of knowledge with graph-specific machine
learning capabilities. The authors stated that for many of their use
cases, knowledge graphs can already generate value on level 1 by
facilitating information access for domain users.

There are also vendor/practitioner specific applications that uti-
lize different aspects of knowledge graph related technologies, fo-
cused on solving a problem defined ahead of time for a specific
domain. For such applications, often the data is already curated
from enterprise data repositories. Sadowksi et. al. [34] uses graph
database to discover connections to detect certain types of fraud.
Winter [39] investigates drug repositioning through linking and
mapping data schema. Such applications may not necessarily result
in domain specific knowledge graphs that can be used to solve other
and new problems in the same domain.

2.2 Domain Ontology Development

An ontology, a formal specification of concepts and relationships
between them in a particular domain, captures the structure of data
in the knowledge graph [24, 25, 31]. While there is no universal
method to develop an ontology, the following design principles and
criteria are widely used for the ontology construction:

e Resemblance to real world: determine and scope its struc-
ture as close as possible to the real world [31];

o Fit for purpose and application: optimize the structure
for the intended purpose of the knowledge graph [17, 31];

o Iterative design: start with a simple model and iterate with
feedback from domain experts [25, 31];

o Scalability and extensibility: support graph merging or
sub-graph slicing for future growth in depth and extent [17].

Ontology development starts with defining the domain and scop-
ing the ontology. Linkova et. al. [25] refers to this stage as require-
ment analysis and suggests to consider ontology reusability and
specificity as well as its coverage, richness , and cognitive adequacy.
Noy and McGuinness [31] proposed to sketch a list of terms and
concepts and a list of competency questions which the ontology
should provide answers to determine the scope of the domain.

The next step of the ontology construction is the specification of
the concepts and the relations between them. Within the defined
scope of domain, terms can be grouped into entity types and at-
tributes and relationships should be identified for each entity type
in accordance with the potential applications of the ontology and
the knowledge graph [31]. The initial ontology design should be
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tested, evaluated, and refined through multiple iterations within a
practical application.

2.3 Processes for Building Knowledge Graphs

A generic description for the process of a building knowledge graph
consists of three main groups of tasks: 1) data and information
extraction; 2) knowledge extraction; 3) knowledge serving.

The goal of data extraction is to extract information from differ-
ent data sources, structured or unstructured, private or public, large
or small. Typical tasks for data extraction include web crawling, en-
tity and attribute extraction, and matching. The goal of knowledge
extraction is to extract relationships between entities and infer
attributes for entities and relations. Knowledge extraction tasks
include relation extraction, concept and topic discovery, entity dis-
ambiguation, etc. Knowledge serving provides a mechanism for
the user of the knowledge graph to construct their queries, execute
the queries, and present the results for the user to derive insights.

Algorithms for those tasks exist and some are well established
in the research areas of information extraction and retrieval and
natural language processing [26]. Correspondingly, some of the
algorithms are implemented and available as open source software
or in commercial offerings [3, 5, 14]. However, even with the abun-
dant availability of software and tools, human intervention is still
important to ensure high coverage by the knowledge graph, and to
improve the precision of machine learners.

The next section will introduce our ontology for Social-Impact
Funding, then in subsequent sections we will present the process
and system components we built for constructing the knowledge
graph.

3 MODELING SOCIAL-IMPACT FUNDING

To develop the ontology for the domain of Social-Impact Funding,
we applied the principles described in Section 2.2 and focused on
two main steps that we will describe in detail: 1) defining and
scoping the domain; 2) specification of entities and relationships in
the domain.

3.1 Scope of Social-Impact Funding

The tasks of defining and scoping the Social-Impact Funding domain
include: 1) creating a collection of concepts and identifying the
relationships between them; 2) developing a list of competency
questions; 3) modeling the impact according to the United Nations
Sustainable Development Goals (SDG) [28].

The collection of concepts consists of the terms used within the
Social-Impact Funding domain and specifies the possible relations
between them. We built this collection by aggregating typical do-
main anecdotes from experts within the Social-Impact Funding
domain and from resources such as news, academic, and popular
science articles. We, then, extract entities (nouns) and relations
(verbs) from these anecdotes.

We designed a set of competency questions based on the analysis
of the Social-Impact Funding needs validated by representatives
of the nonprofit, social entrepreneurship, academia, and impact
investment sectors. Some of the resulting competency questions
are:

e Who is funding what? Who funds subject X in a location Y?
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e Who funds an organization O for more than two years?

e How does money flow for a social challenge or a subject X?

e Whom can an individual or an organization partner with
to fund a social challenge or a solution to a pressing social
problem?

e How much funding is allocated to each one of the SDGs?

Modeling impact to the SDGs amplifies the power of our on-
tology given the emerging consensus on aligning Social-Impact
Funding with SDGs. The existence of impact can be determined by
analyzing whether an activity has narrowed the gap between the
existing state of art in some sphere (specific social issue) and the
ideal future (SDG as a proxy). Adopted in the 2015 United Nation’s
master plan, SDGs laid out the thematic roadmap for the world
development until 2030. This roadmap defines 17 comprehensive
goals, 169 targets, and 232 indicators [28], which can be tracked na-
tionally to evaluate the progress and contribution of each country
to the global transformation towards a better and more sustainable
world. We incorporated the SDGs’ architecture of

Goal = Target = Indicator

in our ontology as a reference framework for social-impact mea-
surement and standardization of positive contributions to solving
social issues and investments into sustainable development [18].

To model the concept of impact in the ontology, we used the
Outcome-Indicator idea from the Theory of Change Model (Impact
Value Chain) [9, 10, 13]

Outcome + Indicator = Impact

meaning that accumulation of outcomes (short- and middle-term
effects of organization’s activities measured with specific indicators)
over time result in the organization’s impact towards solving a
social issue.

3.2 Entities and Relationships Specification

After scoping the domain, we identified 3 larger facets which we
want to focus on when constructing the ontology:

Funding sources - organization entity type represents both
grantors and grantees with funds relationship; We also included
geography entity type to capture the location of the organization
and the area of its activities.

Social issues - subject entity type represents the organization’s
activity focus areas which can be extrapolated to a social issue it
is working on. This relation can be static, such as the code the
organizations registered with the IRS. It can also be progressively
changing over time when the organizations shift their focus areas.
In addition, we capture the beneficiaries of the organizations and
their activities under beneficiary and beneficiary group entity
types.

Impact/Outcome - outcome entity type contains information
about results of an organization’s activity. Through the indicator
entity, we link organizations and their outcomes to specific SDG en-
tity type as SDG framework is the standard blueprint for describing
the measurement of progress towards solving social problems.

Our ontology for the Social-Impact Funding domain is presented
in Figure 1. The entities and relations together allow us to address
the competency questions raised in 3.1 by describing who provided
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Figure 1: Ontology for the domain of Social-Impact Funding,.

maps_to

funding to whom and for what subject or for which beneficiary in
which location and how those activities are mapped to SDGs.

4 CONSTRUCTION OF KNOWLEDGE GRAPH
FOR SOCIAL-IMPACT FUNDING

This section describes the processes and the data utilized for con-
structing the knowledge graph according to the ontology described
in previous section and Figure 1. Our overall architecture is pre-
sented in Figure 2.

The data sources that are input to the system need to provide
trustworthy and comprehensive coverage on Social-Impact Funding
domain. Harvesting the entire web for data and knowledge about
Social-Impact Funding is not feasible because the signal is extremely
sparse on the general web and is continuously being drowned out
by noise. Thus, we decided to start with trusted data sources that are
curated from domain experts and reliable partners and institutions,
detailed in Section 4.1.

Sections 4.2 - 4.5 will describe details of the transformation pro-
cess from the raw data to entities and relations as specified by
the domain ontology. The system is an ensemble of components
commonly used for processing and extraction of knowledge from
unstructured text data; however, there are data and technical nu-
ances that, if not handled properly, could impact the quality of the
final knowledge graph in material ways. We focus on our solution
to some of these nuances in the following sections.

4.1 Trusted Data Sources

It is known from research in knowledge graphs that the complete-
ness of a knowledge graph is an untenable goal. Hence, our strategy
for domain data and knowledge is to 1) strive for 100% trustworthi-
ness by partnering with domain experts, and 2) strive for statistical
validity and usefulness in generating domain insights usable by
domain experts and the general public.

To build the domain knowledge graph according to the ontology
described in Figure 1, we use the following sources:

o official or verified websites for:
- nonprofit organizations and community initiatives
— public and private foundations
— US government agencies
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e portals and aggregators for funding and grants such as grants.gov,

a list all federal grants
e organizations’ tax returns (a statistically significant subset
from 2013 to 2019 available on AWS [16])

To facilitate impact modeling to SDGs, a set of articles and white-
papers for each of the 17 SDGs are manually curated from the
United Nations and organizations that focus on SDGs. These docu-
ments detail specific information about the respective SDG. Each
document was labelled with the respective SDG by domain experts.
The data set serves as ground truth for building domain dictionaries
and impact classifiers, and we refer to it as SDGTrain data set.

4.2 Entities and Relations from IRS Data

The Internal Revenue Service (IRS) is a rich and trustworthy data
source for uncovering the intricacies of Social-Impact Funding. The
transformation from the raw IRS 990 data to entities and relations
in the ontology (Figure 1) consists of two steps:

(1) extraction - entities, relations, and their corresponding at-
tributes are exact-matched from data fields, producing accu-
rate but not complete results

(2) inference - interpolate missing relations and entity attributes
by utilizing contextual information and knowledge graph
assisted reasoning

To build the initial structure of the knowledge graph, we start
with the extraction of organization and geography entities. We
first sourced a complete list of organization entities from the IRS
Business Master File and indexed by the Employee Identification
Number (EIN). However, due to structural nuances such as mergers,
acquisitions, organizational chapters, among others, an organiza-
tion can have multiple EINs. We resolve these issues by consolidat-
ing the equivalent entities into one organization entity. Then, we
create geography entities to cover the state and zip-code level des-
ignations within the US and utilize the relation is_in to determine
the hierarchy.

From each 990PF e-filing, we extract the relation is_located_in
between an organization and geography at the zip code level. A
small percent of is_located_in relations are removed pre-ingestion
due to observing human error in the 990PF filing.
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Figure 2: General description of the main tasks involved in building a knowledge graph.

The relation A % B takes a combined approach. Organi-
zation A, the grantor, can by matched by the unique EIN speci-
fied in the 990PF form entry. Then, organization B is retrieved by
matching the given name and the address information of grantees.
However, we found that the entity matching can fail on both A and
B. For A, a historical issue arises, the organization entities rep-
resent a current collection of tax-exempt organization recognized
by the IRS, so an organization that loses its tax-exempt status in
past years would not be included. More complicated is B. Consider
the following example from the Bill & Melinda Gates Foundation’s
2017 990PF e-filing where they have listed the following grant:

. Sfunds
Gates Foundation ——

EIN: 91-1663695

Heroes for the Homeless
EIN: ?

Street: PO BOX 418

City: Woodinville

State: WA

Zipcode: 98072

To map this data, we complete soft matching with existing
organization entities in the knowledge graph on the cleaned up
contextual information of the grantee, providing a reliable match if
one exists. Again, we suffer from the historical challenge: changing
addresses and names through the years. B should match to the
following organization that has been updated for 2019:

Heroes for the Homeless
EIN: 20-8634738

Street: 10562 NE 122nd St.
City: Kirkland

State: WA

Zipcode: 98034

An additional concern is that the grantee as appears in the 990PF
form is not guaranteed to be of entity type organization; grants are
often for individual recipients or the result of employee matching.
To ensure accuracy, we remove these instances from the graph.

Once a match is found for organization B, we enrich the Social-

Impact Funding Knowledge Graph with the funds relation between

organization A and organization B. After ingesting the entire
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collection of funds relations from the IRS data, we further discover
the relation funds_in by inferring from the following path:

is_located_in

A funds B

geography

therefore,
funds_in
A — geography
From the IRS 2013 - 2019 filing indices, we extracted a partial,
yet extensive picture of the funding activity throughout these years.
The comprehensiveness of the data was measured by the magnitude
of entities and relations in Table 1. Note also this table also contains
the number of dictionary words per SDG which we will present at
next section.

4.3 Dictionary for Social-Impact Funding

A domain specific dictionary strives to understand the dominant
concepts within the domain. We applied the approach from Kim et.
al. [23] to build our SDG domain dictionary. The results of scraping
all sources from SDGTrain dataset at the paragraph level were
conflated within each SDG to produce a representative domain
level document for each SDG. Using this corpus, we calculate the
domain TF-IDF specifying each SDG and output the top 100 words
based on TF-IDF score. We repeat this procedure for bigrams and
trigrams and aggregated the resulting domain dictionaries to form
our eventual SDG domain dictionary. The size of the resulting
dictionary is shown in Table 1 (column 4). We use domain experts
to validate the quality of the dictionary, and prune false positives
when necessary.

An excerpt from the domain dictionary for SDG #16: Peace, Jus-
tice, and Strong Institutions is as follows:

freedom_expression, bribery, activism, criminal, funda-
mental_freedoms, participatory_representative, strength-
ening_institutions, peacebuilding, corruption, access_justice,
peace, judicial, freedom, ...

Take the terms freedom and corruption from the above excerpt,
these words can be found in varied contexts in the general sense.
But, within the SDG scope, we surmise that word distance between
these terms within the scope of SDG domain would differ from
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Table 1: Scope of matched entities and relations contained in
Social-Impact Funding Knowledge Graph from IRS sources.

United Nations Sustainable Organization Funding | Dictionary

Development Goals Entities Relations Terms

SDG #1: No Poverty 40,336 29,881 61

SDG #2: Zero Hunger 31,186 30,480 85

SDG #3: Good Health and 218,074 170,835 73

Well-being

SDG #4: Quality Education 192,285 270,025 62

SDG #5: Gender Equality 34,675 20,534 68

SDG #6: Clean Water and 4,675 9,562 78

Sanitation

SDG #7: Affordable and Clean 13,208 20,310 69

Energy

SDG #8: Decent Work and 49,326 18,958 92

Economic Growth

SDG #9: Industry, Innovation, 36,800 11,802 69

and Infrastructure

SDG #10: Reduced Inequality 122,264 94,972 83

SDG #11: Sustainable Cities and 112,413 63,701 88

Communities

SDG #12: Responsible 1,311 371 63

Consumption and Production

SDG #13: Climate Action 33,370 34,770 79

SDG #14: Life Below Water 10,350 19,168 84

SDG #15: Life on Land 47,214 67,198 86

SDG #16: Peace, Justice, and 77,729 50,905 100

Strong Institutions

SDG #17: Partnerships to achieve 21,631 22,947 *18

the Goals

Total 1,046,847 936,419 1258

* SDG #17 has few domain specific words because it overlaps with the implementation of the other
goals and employs the same terminology.

the general usage due to the increased co-occurrence when dis-
cussing SDG #16. We verify this hypothesis by comparing a generic
Word2Vec [27] to a domain specific Word2Vec, which we train us-
ing the SDGTrain dataset to capture the contextual differences of
words when discussed under the SDG framework.

SDG domain Word2Vec is used to reinforce the relationship of
dictionary terms within the SDG space. Performing PCA on word
embeddings of the dictionary terms in each SDG, we can confirm
the validity of dictionary terms in the SDG domain dictionary by
observing the clustering of terms within each SDG. Figure 3 shows
one visualization of dictionary terms for SDG #16. The combination
of a domain specific dictionary and Word2Vec enables us to perform
the downstream task of SDG classification that we will discuss next.

4.4 Impact Classification

To analyze the impact of funding, we align the involvement of
organization to SDG through the following path of the ontology:

is_focused_on

S
Organization ———  Subject b

maps_to
— > SDG

For an organization that has an attached subject, such as Na-
tional Taxonomy of Exempt Entities (NTEE) classification [6] from
IRS, we can create a mapping from subject to SDG. For the cases of
NTEE as subject, we adopted a one-to-many mapping from NTEE
codes to SDGs designed by domain experts.

When the is_focused_on relation cannot be readily extracted,
text classification methods are used on the context of organiza-
tion to discover such relations. We built multi-class text classifiers
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Figure 3: PCA visualization of the distance of dictionary
terms from SDG #16 based on a domain Word2Vec.

with labeled training data from the SDGTrain paragraph-level doc-
uments. We perform the text cleaning steps of punctuation and
stopword removal and trigram transformation.

To evaluate the generalization error of the trained classifier, we
tested the ability of the classifier to classify NTEE definitions and
computed the accuracy against our NTEE to SDG mapping. We
used Top-3 evaluation metric out of two considerations: 1) there
exists a one-to-many relation from NTEE code to SDG; and 2) social
activities can be involved in multiple SDGs. Top-3 evaluation can
also account for individual organizational differences ignored by
the NTEE to SDG mapping.

Our first impact classifier, we trained a multi-layer perceptron
on the TF-IDF feature space [15]. Using the Top-3 criteria, this
model achieved a 86% accuracy on the validation set, a partition of
the training set, and 78.8% accuracy on the NTEE test set. While
multi-layer perceptrons have performed well in practice for text
classification, the effects of small size of our the SDGTrain dataset
and imbalance between classes were observable in the results: mi-
nority classes, the SDGs with less rich and a lower quantity of
documents, were misclassified into the majority classes.

Faced with insufficient training data, we proposed a text classifi-
cation algorithm based on keyword similarity matching to a SDG
domain. We transform each word document into the set of its word
embeddings. For a set of n dimensional word embeddings, the score
vector, detailing the similarity score to each class, for a document
is produced by the following:

cf'ed

lldll

where C € R%*" js matrix where the ith row vector corresponds to

S(d) =

the centroid of class i. Then, ¢ € R4 is the vector containing the L2
norms of each class centroid in order. d € R” is the average of the
word embeddings of the keywords within a document.

Applied to the impact classification problem, the algorithm op-
erates on the basis that document’s representation can be derived
from the average of the word embeddings of its keywords and simi-
larly a SDG centroid can be represented by the average of the word
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embeddings of the dictionary terms. We then measure the relat-
edness of a document to each SDG class by calculating the cosine
similarity between the document vector and the SDG centroid. The
accuracy of the model is heavily dependent on the robustness of
it’s components:

(1) Domain Specific Dictionary - determines the centroid of each
class

(2) Domain Word2Vec - adjusts the measure of similarity for
domain specificity

The resulting model utilizes the SDG domain dictionary and
SDG Word2Vec described in previous section. On our NTEE test
data set, we achieved an accuracy of 36.7%. An analysis of the
misclassifications showed the inability to classify select SDGs, we
aim to improve the performance of the classifier by investigating
the respective domain dictionaries.

4.5 Web Data Extraction

To be able to apply a text classification solution to the inference
task of an organization’s involvement in the 17 SDGs requires a
representative document describing the activities of an organization.
Often a fitting document to detail an organization’s activities is their
"mission", "vision", or "about" statement. This information is not
available on the IRS tax related forms. Therefore, we expanded our
search to the unstructured web to enrich the contextual information
for each organization.

For the purpose of expanding the context of an organization,
an apparent resource is Wikipedia. We linked organizations to
Wikipedia pages using Microsoft Text Analytics entity extraction
[3]. The results reveal a core issue: the lack of a Wikipedia presence
for private foundations. Only 4% matched Wikipedia pages were
reasonable - that is, the returned Wikipedia page is an exact match
or a broader representation of the foundation.

To address this issue, we broadened our coverage by using Mi-
crosoft Bing Search service to perform a search for a organization’s
web page, particularly the "about” page. For each organization,
we narrowed the search results using a criteria that searched for
URLSs that contained the greatest number of words in the organi-
zation’s name and contained "about", "vision", or "mission" in the
title. This method yielded a more bountiful return on organization
URLs. After applying a filter for URLs containing "about", 46% of
the matched URLs were appropriately matched to the foundation.
Even then, the underlying assumptions from the search criteria are
easily invalidated. Consider this case of matching:

Alpha Foundation, Inc
|
e — » alphafoundations.com/
search return about-us.htmi

alphafoundationhsv.org

The search return belongs to a foundation repair company that
does not fall under the scope of our domain, not the intended non-
profit Alpha Foundation. When limited to string matching the URL
and metadata, the search return contends with the matching URL.
To avoid polluting the knowledge graph with mismatched web
data, we address another text classification problem to determine
whether text content is relevant to our specific domain or not.

2799

KDD 20, August 23-27, 2020, Virtual Event, USA

We created a SDG/non-SDG dataset from the NTEE mapping by
considering all NTEEs mapped to a SDG as domain content and
those unable to be mapped as out of domain content. Through a seed
plus expansion method where each NTEE definition serves as a seed
query, we expand the dataset through supplying the definition as a
query to Google Search engine and scraping the top 3 web pages to
provide additional training data. After text preprocessing, we train
a Naive Bayes model, which performs at a 2% false positive rate
when tested on a subset of web scraped organization descriptions.
We apply this binary classifier as an initial filter to optimize the
specificity and trustworthiness of the ingested data.

Using a subset of reasonably matched organizations, we en-
hanced the descriptions of the organizations by scraping the matched
web page. We classify on this subset of organizations and the results
were reviewed manually. 77.2% of the organizations were catego-
rized into a reasonable SDG affiliation. The Social-Impact Funding
Knowledge Graph was then enriched with the is_focused_on from
classification results.

5 EVALUATION AND APPLICATIONS

A knowledge graph can be evaluated [1, 33] in multiple aspects such
as accuracy, trustworthiness, Consistency, relevancy, completeness,
timeliness, ease of understanding, interoperability, accessibility,
licensing, and interlinking, etc. However, researchers agree that
it is challenging to simultaneously improve the quality of knowl-
edge graphs in many different aspects; it is an open question of
what aspects are most critical and necessary. We focus on trustwor-
thiness through selecting reliable data sources trusted by domain
practitioners. We focus on efficacy through testing the knowledge
graph for solving real-life problems and assessing testimonies from
domain experts. Also, for accuracy, we evaluate specific data points
against known data sources.

5.1 Evaluation of Data Accuracy

The evaluation of a knowledge graph is a continuous maintenance
effort, and our Social-Impact Funding Graph is no exception. We
have identified specific metrics to serve as evaluation benchmarks
and audited distinct data points and validating them using publicly
available data and internal data from organizations.

We used the total size of the nonprofit sector in the US to confirm
a validity of our data extraction from IRS forms. The Social-Impact
Funding Knowledge Graph gives us $2.12 trillion reported by US
nonprofits over the last 12 months, which matches the generally
accepted size of the nonprofit sector of $2 trillion [7]. Another
metric we used was a total amount of charitable giving in the total
income of the US nonprofit sector, which is estimated of $427.71
billion in 2018 by Giving USA [37]. This matched the findings in
our knowledge graph of $450.7 billion.

5.2 Use Cases to Demonstrate Efficacy

We consulted with subject matter experts to understand how the
lack of access to insights had a detrimental impact on the funding
of social-impact causes. A Program Manager Officer at the Raikes
Foundation and a leader at a Community Foundation with $1B
under management, had similar needs to understand who else they
can partner with to support a specific cause, a group of grantees
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Figure 4: Visualization of a sub-graph derived from our Social-Impact Funding Knowledge Graph. The sub-graph represents
over $850,000 of social-impact funding focused on children’s justice and health in WA.

or an individual organization. For example, in the case of a funder
who is looking for funding partners who supports programming
activities related to criminal justice and healing for survivors of
child abuse and neglect in WA state, they would use the following
query in a conventional search engine:

Funding AND Justice AND Health AND WA AND
(Abuse OR Child OR Sex OR Neglect)

This search yields about 7,380,000 results, the top of which provides
useful links related to abuse and neglect on children, but no infor-
mation related to funding flow. The question remain unanswered
despite of the use of the complex search query.

We use Neo4;j as our graph database that enables us to store and
query the knowledge graph. We structure our query in Neo4j for
the above question as follows:

JUSTICE and HEALTH in WA

MATCH q=(Donor:Organization)—[fund :FUNDS]->
(Org:Organization) — [:INVOLVED_WITH] —(un:SDG)
WHERE ((un.name CONTAINS "justice ") OR
(un.name) CONTAINS "health")

AND NOT fund.purpose CONTAINS "MATCHING"
AND (fund.tax_period) = 2017

AND (Org.state) = "WA"

AND ((Org.name) CONTAINS "ABUSE" OR
(Org.name) CONTAINS "CHILD" OR

(Org.name) CONTAINS "SEX"

OR (Org.name) CONTAINS "NEGLECT")

RETURN q
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The resulting visualization displayed in Figure 4 helped informed
the decision in the following cases:

(1) A program officer of a private foundation connected with a
peer foundation that also invests in justice for children, to
plan an impact-funding initiative with a new grantee.

(2) A Director of VidaNyx, a digital video evidence management
solution that serves the needs of Child Advocacy Centers,
identified relationships between a client of VidaNyx and sev-
eral grantors that help other Child Advocacy Centers, which
are still using manual processes. Now she can pursue social-
impact funds from those grantors to support technology for
those centers.

This demonstrates the advantage of a domain specific knowledge
graph.

6 CONCLUSIONS AND FUTURE WORK

Domain-specific knowledge graphs can provide access to reliable
and actionable data insights. As society continues to consume more
content online, the creation of domain specific knowledge graphs,
under ethical considerations, can create a structural shift in how
nonprofits, foundations, government agencies, social entrepreneurs,
impact investors, academic institutions, and the general public in-
form their actions towards creating social impact. This is showcased
by the promising results validated by subject matter experts utiliz-
ing the Social-Impact Funding Knowledge Graph.
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We can apply the same methodology developed for the construc-
tion of the Social-Impact Funding domain graph to other domains.
We organized the existing knowledge on the topic and developed
the reproducible methodology for both ontology and knowledge
graph construction. In this paper, we laid out the challenges we
encountered during this work, potential ways to overcome them,
and the lessons we learned.

As a next step, we plan to use the methods and system we de-
scribed in this paper to enhance the Social-Impact Funding Knowl-
edge Graph. We plan to add complementary datasets from the
Security and Exchange Commission (SEC), the Venture Capital and
Private Equity industries, and the impact investing sector, to de-
rive greater knowledge about the total flow of funding towards
social-impact causes. Another step is to use the methodology to
develop a knowledge graph for the intellectual disabilities domain
in partnership with Special Olympics International.
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