








We can have these data linked to firms based on the SIC
codes at sector level.

¢) Linking with stock tweets data

To capture investor psychology as a factor for mispricing
[15], we linked to stock tweets data via trading symbols:

dollartag:BAC owl:sameAs value of trading symbol:BAC.

d) Linking to other linked data

We adopted a semi-automated approach for mapping to
DBpedia, which contains basic profile information of firms
e.g. dbpedia-owl:product. First, we generated preliminary
mappings using trading symbol, e.g. from “AAPL” to
dbpedia:AAPL. Then the remaining ones were heuristically
mapped by firm names, e.g from “GOLDMAN SACHS
GROUP INC” to dbpedia:Goldman_Sachs_Group.

We further linked to the New York Times Linked Data
with DBpedia URIs as bridges, and thus could browse related
news through values of the
predicate.

nyt:search api query

2) Leverage Social Intelligence for Linking

With respect to the decentralized and social nature of the
Web, we explored using Semantic MediaWiki to facilitate the
linking process '' where the mapping resources can be
extended collectively by adding contents via friendly user
interface as shown in Figure 2.

Facts about Bank of America ) oL
Dcterms:modified 19 February 2010

Dgtwe:number of 0
datasets

Foaf:name Bank of America

Owl:sameAs http://dbpedia.org/resource/Bank_of_America &7
Skos:altLabel Bank of America , bank of america ., BANK
OF AMERICA ., BAC , and

0000070858

Figure 2 Linking through Semantic MediaWiki

D. Summary

As a result, we built a linked data model which could
incrementally integrate different sources of data to provide a
number of contexts for fundamental analysis. An instance of
LOFD model is shown in Figure 3.

Figure 3 Linked Open Financial Data

' e.g. http://data-gov.tw.rpi.edu/wiki/Dow_Jones_Industrial Average

III.  OTOLOGY MODELING FOR COMPARABILITY

Despite the broad acceptance of XBRL as the structure
model for financial statements, XBRL does not aim to
represent clear semantics related to business logics as well as
domain knowledge, which are required for fundamental
analysis. Our previous work has provided a faithful mapping
from XBRL formats to Semantic Web representations [4].
Based on the translation results where reporting concepts are
mapped to named classes and relationships
(presentationArc,calculationArc and definitionArc)
are represented by object properties, in this study we explored
how to model the domain semantics with the goal of capturing
different meanings of comparability and generating
homogeneous groups of firms. We focused on three primary
financial statements: Statement of Financial Position,
Statement of Comprehensive Income and Statement of Cash
Flows, using OWL 2 DL for ontology modeling and SPARQL
1.1 (with SPIN'? syntax extension) for query.

A. Conceptual Model

The primary information conveyed by financial statements
contains the firm’s economic resources and their related
changes due to corporate activities. Hence the scope of our
modeling includes reporting concepts involved in calculation
relationships, and we found frequently used variables in
fundamental analysis were covered, such as asset, liability,
equity, net income, expense and cash flow. To reflect the
conceptual hierarchies reflected through the additive
relationships we transformed property
xbrlo:calculationArc to fa:componentOf property and
ensured decidability:

EquivalentClasses (fa:Assets ObjectHasSelf ( ex:pA ) )
EquivalentClasses (fa:AssetsCurrent ObjectHasSelf ( ex:pC ) )
SubObjectPropertyOf (

ObjectPropertyChain (ex:pA
fa:componentOf)

owl:topObjectProperty ex:pC)

For reporting concepts not connected by calculation
relationships, we identified fundamental variables in
presentation relationships, e.g. us-
gaap:CommonStockSharesOutstanding, which illustrates
the drawback of organizing concepts based on presentation:
the type of financial instrument (“CommonStock™) is
intermingled with the reporting item (“NumberOfShares”). We
mapped such composite concept to independent classes, and
added properties to specify the relationships between them:
Declaration (Class (fa:Equity))

Declaration (Class (fa:CommonStock))

SubClassOf (fa:CommonStock fa:Equity)

SubClassOf (fa:Equity ObjectAllValueFrom(fa:hasNumberOfShares

xsd:decimal))

EquivalentClasses (us-gaap:CommonStockSharesOutstanding
ObjectAllValueFrom(ObjectInverseOf (fa:hasNumberOfShares)

fa:CommonStock)

)

B.  Aligning Corporate Activities

It is the common practice to analyze firm’s performance
independent of its capital structure. Various valuation models

12 http://www.spinrdf.org/



have identified specific signals to measure profitability,
growth and risk [3,22] in terms of financing activities (how
firms obtain capital resources) and business activities (how
they use resources to create value) [12]. We modeled such
shared knowledge about corporate activities:

DisjointWith (fa:BusinessActivity fa:FinancingActivity)
DisjointUnion (fa:BusinessActivity fa:OperatingActivity
fa:InvestingActivity)

Among business activities, firm has its “core” activities
referred as operating activities while other activities are not of
the firm’s central business. However, there is no universal
classification for all firms. For example, Coca-Cola creates
value by converting raw materials into goods for sale, but it
may also have some investing activities such as “a portfolio of
bonds for trading purposes” which is not of Coca-Cola’s
operating activities. In contrary, Goldman Sachs creates value
by providing financial services and “a portfolio of trading
securities” is of its central business. As operating asset is a
commonly used variable in fundamental analysis, whether it is
calculated using the same reporting items across all firms or
the nature of individual firms is taken into account has
different influences on the quality of fundamental analysis
results.

To capture such variation, we used property
fa:hasActivityType to connect reporting concepts with
activity classes so that operating asset could be generated by
asking for reporting items which are of asset category and
associated with operating activities, such as:

SELECT ?s
WHERE {
?s a fa:Asset;
fa:hasActivityType fa:OperatingActivity.
}
Essentially, the most accurate mappings require a

management approach [12] since the firm’s management is at
the best position in judging which assets are part of its
ongoing business. Under the current financial reporting
environment, such ontology mapping requires extensive
domain knowledge in differentiating operating assets
(operating liability) from financing assets (financial liability).
Here we developed several heuristic rules to automate the
process before further manual mapping.

First we designed mapping rules based on the nature of the
reporting item relative to the nature of the business as
illustrated in the above example. The rules are coded as:

SubClassOf (us-gaap:TradingSecuritiesDebtCurrent
fa:FinancialItems)

FinancialItems (?f) &hasContext (?f, ?x) &entity (?x,?e) &Financial
Service(?e) => hasActivityType (?f, OperatingActivity)
FinancialItems (?f) &hasContext (?f, ?x) &entity (?x, ?e) &Manuafact
uring(?e) => hasActivityType (?f, FinancingActivity)

Second, we specified mapping rules based on the
knowledge that transactions with certain groups (e.g.
customers, vendors) are of operating activities:

SubClassOf (us—-gaap:AccountsReceivableGrossCurrent
fa:CustomerItem)

SubClassOf (us-gaap:AccountsPayableCurrent fa:VendorItem)
SubClassOf (fa:CustomerItem
ObjectAllValueFrom(fa:hasActivityType fa:OperatingActivity))

SubClassOf (fa:VendorItem
ObjectAllValueFrom(fa:hasActivityType fa:OperatingActivity))

Third, we developed mapping rules based on the source of
incomes and expenses.
SubClassOf (ObjectAllValuesFrom(fa:hasIncomeSource fa:Goods)
ObjectAllValueFrom(fa:hasActivityType
fa:OperatingActivity) )
SubClassOf (us-gaap:InventoryFinishedGoods
ObjectAllValuesFrom(fa:hasIncomeSource fa:Goods))

Activity alignment based on underlying semantics leads to
a common measuring methodology as well as preserves firm-
specific characteristics, and thus a more accurate way to
calculate key financial ratios. For instance, debt-to-equity ratio
is frequently used to assess leverage risk, while it is the
“financing liabilities” that should be used rather than “total
debt” [12]:
# debt-to-equity ratio = Financing Liabilities / Common
#Stock Equity
CONSTRUCT {

?this ex:flratio 2dfl.
?this xbrlo:hasContext ?c.

WHERE {

7e a fa:CommonStock;
xbrlo:hasContext ?c;
xbrlo:hasValue ?equityvalue.

2d a fa:Liability;
fa:hasActivityType fa:FinancingActivity;
xbrlo:hasContext 2c;
xbrlo:hasValue ?debtvalue.

LET ( ?dfl := (?debtvalue/?equityvalue)).

}

C. Expressing Implicit Meanings
1) By Function and By Nature

Although classifying expenses “by function” [17] helps to
capture the overall business trends (e.g. wholesale revenue), it
blurs the impacts driven by different economic characteristics.
For example, labor and raw materials might respond to
economic events in different ways. Evidence from existing
research has proved that aggregating accounting numbers “by
nature” facilitates more comparative analysis [6,8,12].

To express both perspectives in describing expenses and
thus enable flexible comparability, we modeled these two
categorizations as two separate sets of class members and
asserted the equivalency between the two categories. The
disjoint constraints were added to make sure non-overlap
within the same category.

DisjointUnion (fa:ExpenseByFunction
fa:CostOfGoodsExpense
fa:SellingExpense
fa:AdministrativeExpense
)

DisjointUnion (fa:ExpenseByNature
fa:RawMaterialExpense
fa:StaffingExpense
fa:DepreciationExpense
)

EquivalentClasses (fa:ExpenseByFunction fa:ExpenseByNature)

Although the benefits of this approach are not fully
realized unless all firms file their incomes with the “by nature”
dimension, which FASB (Financial Accounting Standards



Board) is promoting [12], firms that have been preparing their
income statements in such way could be analyzed comparably.

2) Level of Uncertainty

Reporting items about incomes carry different prediction
signals on future cash flows and stock returns. Reasons could
be due to the variations among income components in
persisting in future as well as the subjectivity involved in
estimating for uncertain factors while filing the reports. For
instance, the cash components of income are shown to have
higher persistence and thus are better predictions for future
cash flows than accrual items are. Reporting recurring
remeasurements involves intensive subjectivity to estimate
both the timing and amounts of the uncertain items.

Following principles proposed by FASB [12], we
expressed the degrees of uncertainty explicitly by using
generic classes to express the types of uncertainty as shown in
Figure 4. Hence, for a given reporting item, implicit meanings
about its uncertainty levels (denoted in yellow) as well as

Income

domain-specific knowledge are captured.
Income
B 4
fv\ SubClassOf K
SubClassOf

N / SubClassOf g pclassof

\ P
/V 2 SubClassOf
SubClassOf sybcClassOf
/ |

Persistent

SubClassOf

OtherAccrual Remeasurement
Accrual
LessSubjective / % Subjective
Income SubClassOf Income
k SubClassOf

SubClassOf
%
Recurring NonRecurring
Remeasurement Remeasurement
Figure 4 Express the implicit differences among incomes

3) Timing and Risk

SubClassOf
7

Liquidity and financing flexibility are of importance to
understand the firm’s risks. However, existing reporting items
about assets and liabilities are only classified as “current” and
“noncurrent”, which are based on the firm’s operating cycle.
Such distincton decreases the comparability because operating
cycles vary a lot across firms. It is difficult to assess the timing
of future cash flows without a clear benchmark. For instance,
reporting item us-gaap:ReceivablesLongTermContracts—
OrPrograms is defined as “amount to be collected within one
year of the balance sheet date (or one operating cycle, if
longer)”"® which carries two meanings for “long term”. To
improve comparability, we adopted OWL time ontology'* to
express the timing explicitly. Here is an example where we
specified that the expected realization date of an asset is one
year after the reporting date. This approach could be applied to
other reporting items wherever consistency is absent.

1 http://viewer.xbrl.us/
' http://www.w3.org/TR/owl-time/

_:f a us-gaap:ReceivablesLongTermContractsOrPrograms;
xbrlo:hasContext
[a xbrlo:numericContext;
xbrlo:period [a time:Instant;
time:inXSDDateTime “2010-11-05T00:00:00-
-8:00”""xsd:dateTime.].];
time:hasDurationDescription
[a time:DurationDescription;
time:year 1.].

D. Aggregating and Totaling

With the ontologies proposed so far, comparability in
financial analysis is enhanced by enabling meaningful and
flexible classifications of firms to get homogenous groups.
Aggregation is required in calculating key financial ratios. The
process of aggregating and totaling is accomplished through
SPARQL query. Since the aggregated value of monetary
reporting items is of central interest for fundamental analysis,
we developed mechanisms for querying the net totals
according to underlying logic. We reused the calculation rule
which compares the balance types [27]: whether a reporting
item has positive or negative impact on the totaling of its super
class depends on whether their balance types are the same or
not. Thus the net total is aggregated by SPARQL query as
below:

SELECT ?p ((?credit-?debit) AS ?netvalue)

WHERE {

{
SELECT (SUM(?vp) AS ?credit)

WHERE {

?p xbrlo:balance ?bp.

?cl fa:componentOf ?p;
xbrlo:balance ?bcl;
xbrlo:hasValue ?2Vp.

FILTER (?bp=2?bcl).

GROUP BY ?p

I

{

SELECT (SUM(?vn) AS ?debit)

WHERE {

?p xbrlo:balance ?bp.

?c2 fa:componentOf ?p;
xbrlo:balance ?bc2;
xbrlo:hasValue ?vn.

FILTER (?bp!=2bc2).

GROUP BY ?p

}}

}
IV. RESULTS

We verified the results in two aspects. First we
demonstrated the efficiency of LOFD in integrating variables
from multiple data sources. Then combined with the results
from ontology modeling, we showed fundamental variables
could be aggregated based on meanings so that the valuation
factors from wvaluation models [1,13,26] are accurately
generated.

A.  Quick Mashup

Mashups on LOFD lead to quick hypotheses about context
under which to generate comparable firms. As an example, a
mashup from stock tweets data, SEC 10-Q reports, NYSE US
100 index data and short interest data reveals that whether
stocks have short interests or not may have different effects on
to what extent social dialogs on Twitter are related to the
firm’s earning performances as shown in Figure 5.
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Furthermore, we can easily use data curated at other
places. For instance, the following query on corporate
management published by rdf.about.com ' would explore
whether board sizes provide context for comparable
performances:

Total Number of Tweets Linv =

Figure 5 Mashup from different sources of data

SELECT ?firm ?epsd ?boardsize {
{SERVICE <http://rdfabout.com/sparqgl>
{SELECT ?firm count (?mgmt) as ?boardsize

WHERE {
[foaf:name ?mgmt] sec:hasRelation ?2o.
2?0 a sec:0fficerRelation;

sec:corporation ?firm.
}}
SERVICE <http://plato.cs.rpi.edu:8890/sparqgl>
{SELECT ?firm ?epsd

WHERE {
GRAPH <http://tw.rpi.edu/lofd/resources> {
?2r owl :sameAs ?2firm;

dcterms:identifier ?cik.
}
GRAPH <http://tw.rpi.edu/lofd/2010/sec-edgar> {
?f a us-gaap:EarningsPerShareDiluted;
xbrlo:value ?epsd;
xbrlo:hasContext [xbrlo:entity ?2cik].

B8

B. Adapting to Existing Valuation Models

Tremendous valuation models have examined fundamental
variables conditional on several well-known contexts. We
generated the groups of firms which are comparable based on
the meanings of the conditional variables used in primary
valuation models. The SPARQL query results would be the
subset of comparable firms.

1) Operating asset under industry context

Analyzing firms within a given industry is a widely used
approach to improve comparability [1,26]. The query below
returns firm-specific “Return on Operating Asset” depending
on the nature of industry :

SELECT ?firm ?industry COUNT (?v) AS ?2gm
WHERE {
GRAPH <http://tw.rpi.edu/lofd/sic> {

'3 http://www.rdfabout.com/demo/sec/

?s sic:indus fa:FinancialService;
sic:name ?firm;
owl:sameAs ?e.
}
GRAPH <http://tw.rpi.edu/lofd/2010/sec-edgar> {
?f a fa:Asset;
fa:hasActivityType fa:0OperatingActivity;
xbrlo:value ?v;
xbrlo:hasContex Zc.
?c xbrlo:hasEntity ?e.

}

2) Earning multiple in related with profit margin, firm
size, book-to-market ratio
Fundamental analysis is inseparable from market-based
valuation. We mashed up accounting data and market data
with flexible selection of subset firms. We compared the
earning multiples, profit margin, firm size and book-to-market
among firms which have positve operating profits [13].

CONSTRUCT {

?this ex:firmname ?firm;
ex:priceearningratio ?pe;
ex:profitmargin ?pm;
ex:firmsize ?fsize;
ex:bmratio ?bm.

}
WHERE {
GRAPH <http://tw.rpi.edu/lofd/resources> {
?r rs:name ?firm;
dcterms:identifier ?2cik.
}
GRAPH <http://tw.rpi.edu/lofd/marketdata> {

?s owl:sameAs ?r;
md:closing ?price;
md:date ?day.

GRAPH <http://tw.rpi.edu/lofd/2010/sec-edgar> {

?2f0 a fa:NetIncome;
fa:hasActivityType fa:OperatingActivity;
xbrlo:value ?earning;
xbrlo:hasContext ?cl.

?fl a us-gaap:EarningsPerShareDiluted;
xbrlo:value ?epsd;
xbrlo:hasContext 2cl.

?cl xbrlo:entity ?e;
xbrlo:period [rdf:first [time:hasEnd ?day.]]
?2f2 a us-gaap:CommonStockValueOutstanding;
xbrlo:value ?bv;
xbrlo:hasContext ?c2.
?f3 a us-gaap:CommonStockSharesOutstanding;
xbrlo:value ?shr;
xbrlo:hasContext ?2c2.
?c2 xbrlo:period [rdf:first [time:Instant ?day.]].

}

LET (?pe := ?price/?epsd).
LET (?fsize := ?price*?shr).
LET (?bm := ?bv/(?price*?shr).

FILTER (?earning >0)

V. RELATED WORK

The importance of choosing comparable sets of firms has
been well studied in areas of accounting and finance.
Contextual analysis was proposed since it was found that the
cross-sectional variations are related to firm-specific attributes
[1]. Choosing firms from the same industry improved
predictions [26]. Benefits of contextual fundamental analysis
were also demonstrated in investigating the subset of firms
with extreme returns [6]. The importance of the contextual
approach was enhanced by developing growth-oriented
valuation measures separately for low BM stocks and applying
traditional valuation factors for high BM stocks [21].



Although these work have demonstrated the advantages of
identifying appropriate selections, few of them led to a
systematic and scientific approach. The difficulties were
pointed out to be the relative costs associated with collecting
data [23]. Efforts include seeking reasonable industry
classification mechanisms [9], and performing regressions on
valuation models’ parameters to improve the objectivity in
selecting comparable peers [8].

From a technical solution perspective, compared with the
direct mapping from XML Schema to OWL [14] and a faithful
translation of XBRL taxonomies into OWL DL [4], we went
further to model the domain knowledge and enhance the
diversity of LOFD.

VI. CONCLUSION

We explored leveraging Semantic Web technologies as
systematic and objective approaches for choosing comparable
firms in fundamental analysis. We investigated Linked Open
Financial Data as an incremental data organization model at
low cost. Relevant data from various sources are connected
enabling simultaneous control over a range of explanatory
variables. By applying ontology modeling, we represented
both generic and domain-specific meanings along with the
logic relations underlying accounting numbers used by
fundamental analysis, making implicit information explicit
and machine-readable. Collectively we explored how
comparability is improved according to valuation rationales
with flexible aggregation and disaggregation among data.

For future work, we will continue to study a fuzzy
representation for uncertain factors, and improve the reasoning
ability of our knowledge model to assist fundamental analysis.
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APPENDIX

owl http://www.w3.0rg/2002/07/owl#

rdf http://www.w3.0rg/1999/02/22-rdf-syntax-ns#

rdfs http://www.w3.0rg/2000/01/rdf-schema#

dcterms http://purl.org/dc/elements/1.1/

skos http://www.w3.0rg/2004/02/skos/core#

foaf http://xmlns.com/foaf/0.1/

time http://www.w3.org/TR/owl-time/

ex http://www.example.com#

us-gaap http://xbrl.us/us-gaap/2009-01-31/

fa http://tw.rpi.edu/2010/lofd/fa/

xbrlo http://tw.rpi.edu/2010/xbrl/

dei http://xbrl.us/dei/2009-01-31/

xbrli http://www .xbrl.org/2003/instance/

dollartag http://twitlogic.fortytwo.net/dollartag/

us100 http://data-gov.tw.rpi.edu/source/YahooFinance/dataset/us100histdaily

md http://data-

gov.tw.rpi.edu/source/YahooFinance/dataset/us100histdaily/vocab/enhancemen



