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Journeyman Data Modeling.

Journeymen data modelers, among whom | must chamnngjority of
modelers | have met, do not use the exercise afiogemodels to engage
the user community in conceptual clarification.téagl, they build a data
model entirely on the concepts, and especiallytitelogy, that the user
community is familiar with.

In the first scenario, for example — the one alooutracts and contract
versions — the easiest course of action is to a¢bepmntology of the
business as it exists, and to include in the madabntract entity whose
business identifier is contract-number plus comtranewal-date.

In the second scenario, the data modeler reacbgmtht where he realizes
that the minimum cardinality of the relationshig/kether a customer can
exist with no salesperson, and vice versa — habew®it specified in the
requirements. Instead of asking for clarificatibayever, it is easiest to
assume the most common case, i.e. that the redatrs optional for both
customers and salespersons. This case permitslidlidata to be recorded
in the database, no matter what the real rulestabimimum cardinality are.

In both cases, the completed model will directdbestruction of a database
that does work. In the former case, the businessbatinued to operate for
years or perhaps decades with databases that daiistiaguish contract
versions from contracts, even though the users oféga interested in all
the contract versions with the same contract numigerin contracts.
Certainly, then, the business can continue to d@d¢nat way. Indeed, as |
indicated in the previous installment in this sgrieven very, very bad data
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models can be implemented in information systerasgtill meet all the
user requirements.

In the latter case, by making the relationshipapl for both customers and
salespersons, the database is still capal#epoéssing the true business
policy, even if that policy is that a salespersoreiquired for a customer, or
vice versa, or both. What has been lost is thatybil enfor ce those
constraints by the DBMS itself. Since those comstsavere not specified in
the requirements, it is likely that they will na Bnforced in code, either.
This leaves their enforcement to the mechanisrasifresort — user
convention. If users who enter customers into thst@ner table, and
salespersons into the Salesperson table, are canefugh, it may be a long
time before a salesperson-less customer is recandbe database, or a
customer-less salesperson.

This kind of journeyman data modeling, as | saidva does work. It is

easy for a data modeler to do only this kind ofkydor any of several
reasons. In some cases, the modeler doesn't rédadizeith an adjustment

to the users' conceptual scheme, a lot of convdlbitsiness processes could
be simplified. With adjustment to the users’ ongylpas reflected in new
entities being introduced into the data model cibgée that accesses and
maintains that database can be substantially siraote the database itself
will be easier to understand once a period of thiae elapsed to allow the
users to accommodate themselves to the concepiaadjes.

In other cases, data modeling is relegated to k-kwmsmm function. Someone
else, often someone unfamiliar with data modelgadhers user
requirements. At the end of the requirements defmiphase, the
requirements are turned over to the data modeketh& model is
constructed, the modeler will almost inevitablyeatpt to draw relationships
whose full cardinalities are not specified in teguirements. For example,
he might find an entity involved in a set of retaiships each of which is
optional for that entity, but suspect that at least of them is required for
every instance of the entity. Once again, dataedlausiness rules like
these are often not captured in requirements gathsessions. But by this
time, requirements definition is over. A few of tmest serious issues the
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modeler discovers may get answered, but the chautméhe subject matter
experts are no longer wide open.

Professional Data Modeling.

Professional data modelers have an obligationdaterthe best data models
they can for their employers. The first scenatigsirated a case where
doing so requires the modeler to persuade the éssiexperts to change
their conceptual scheme. This is often a verydiffithing to do; but the
responsibility does exist. The second scenaristiliied a case where
developing the data model raised business requiresnggeiestions that were
not answered during the formal requirements dadimiprocess. In this case,
it is easier, and quicker, to make a guess thago feack to the subject
matter experts and clarify the matter. Far too mausiness rules are
defined by IT personnel, in the process of makingsges like these. Some
of them are expressed in data schemas, othersaedbural code. It should
go without saying that it is not the role of a miedeDBA or developer to
define business rules.

The discovery of as-yet undefined business ruleset | consider the
major benefit of creating normalized data modelseylsupplement the
passive activity of writing down whatever requirartsethe subject matter
experts think to tell us with an active processlistovering data-related
requirements that were overlooked. In this respiatg modeling is better at
bringing out all relevant requirements than areass®es, because building a
logical model brings out requirements issues tret not have been raised.
The passive process of writing use cases, on tiexr band, no matter how
smart and interactive the business analyst is,iggg\no0 mechanism by
which to discover gaps in the requirements. Thehaeics of normalization
force the discovery of data requirements, instdgzhssively relying on
subject matter experts to remember to tell us atheum.

Data modeling beyond the journeyman stage, thenuh more that
making entities out of the noun phrases and relahips out of the verb
phrases in requirements documents. It is an aahdenteractive process of
engaging subject matter experts in the clarificatbessential business
concepts, often concepts so central that theyatetthe underlying ontology
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of the business. The value of such clarificatioth&t while poor data
models can usually be made to work, systems basethofying and
improving the conceptual scheme of the busineds@imore reliable,
flexible and efficient in the expression and enéonent of the applicable
business rules. A second way in which professidatd modeling is an
active process is that the construction of a datdehraises requirements
guestions that would otherwise have been overlackedn inexperienced
modeler, these look like technical questions ofrirss identifiers and
relationship cardinalities. To the professional eled, it is apparent that
these are questions about the very meaning of tdst fundamental
concepts of the business.

In this way, professional data modeling leads twea dialog with user
experts in which the modeler is given the mean'gpish back" and
challenge what the user experts say. Time andagpaé, | have found that
in doing so, those user experts are capable ofrigak their business in a
new way. The result, in such cases, is more thaorkable model, a
workable database and a workable system. It isxeweey of thinking about
the business, one which results in more reliabdejlle and efficient
information systems, and more streamlined busipessesses.

The Enforcement of | ntegrity Constraints: Another Point of

View.

As | was submitting this article, | came acrossfitst of a two-part series
which, just as Dr. Sharp’s article, seems to opplesegosition | have been
arguing for: In that article, Fabian Pascal says that he wplan “just why
the notion of ‘denormalization for performanceaisnisconception”, and
will “expose its costly dangers, of which practiteys are blissfully unaware.
If the integrity cost of denormalization is takea consideration,” he
continues, “it will cancel out performance gairisgny.”

Although | write this prior to the publication di¢ second installment in
Pascal’s series, the thrust of his argument, ifatidhe details, seems clear.

! “The Dangerous lllusion: Denormalization, Penfiance and Integrity, Part 1”, Fabian Pasball

Review, June 2002.
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What he calls “integrity” issues are what | havibeth“business concepts”
which, as a totality, constitute the “conceptudiesne” for a business,
variously expressed in business rules, policiescdiner constraints”.

| have argued that a fully-normalized logical dawadel brings to light most
of the data-related business rules for the datagb®miodeled. My response to
Pascal’s assertion that “the integrity cost of aeradization ..... will cancel
out performance gains”, as well as to Dr. Sharp&edion that “Any
structure that ..... allows invalid data to be popedamust be considered an
error”, is that the key to data integrity isitentify all the relevant business
rules, not necessarily smforce those rules in one specific way, i.e. by
means of fully normalized physical data schemas.

If we fail to identify a business rule, the intagrof the data it governs will

not be enforced because we won’t know to do it.iBwe do identify the

rule, then we have several ways to enforce it asdre the integrity of the
data it governs. Physically implementing a fullysmalized data model is
only one of the ways to do that. If the cost offsacatabase is unacceptable
performance, then let us denormalize, achieve énfpnance the user
demands, and create developer-written code to @ntbe business rules
which are no longer enforced by data structdres.

Just as firmly as do Pascal and Dr. Sharp, | inls&tthe integrity of the
data must not be compromised. But | also insidtttieultimate objective is
to satisfy the business user. As long as the psazedeveloping a
normalized model has brought integrity constraiotght, we can then
chose among various means of enforcing those @ntstr Denormalization
often moves the enforcement burden to developdtenrcode. But if, in the
process, we bring the performance of our dataltasas acceptable level,
then we have satisfied the business user in teatisds performance and of
the integrity of the data.

The cost of enforcing integrity constraints by neahdeveloper-written
code is indeed higher than the cost of enforcify imeans of data

2 My nine-part series on “Basic Normalization"pesially the later installments which discuss Bayce
Codd normal form, also contain a discussion ofvém@ous ways that data-related business rules ean b
enforced. This series can be found in the archivethis site.
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structures and the DBMS engine. One of those ®$tst code is more
error-prone than data structures. One reasontisitéaode is a procedural
specification of an integrity constraint while datauctures are a declarative
specification. But if acceptable performance camadi@eved in no other

way, and acceptable performance is a requirentesmn, the additional cost
may often be worth the result it achieves — a Batisiser.

Nonetheless, | encourage my readers to read DrpSharticle, and to
examine Pascal’s two articles very carefully. Theintinued emphasis on
the value of relational theory to practical issaesnplementing databases,
Is very important. As Chris Date has repeatedlg,sdiheory is practical!”,
and | agree completely.

The most useful work we data modelers can do tiéiseaintersection of
theory and practice, but | believe that neither @daminate the other. |
believe that no set of non-trivial rules containaplete set of instructions
for applying itself to every conceivable situatidwistotle noted an
analogous gap in ethics, a gap between the magsphespecified ethical
rules, and the day-to-day situations they applytw.Aristotle, that gap was
filled by praxis, a faculty of moral judgment which was governed by
experience and moral maturity, not by rules. Sirtyilanodeling decisions
made on the grounds of theoretical purity are sutibv@l; they optimize the
enforcement of data integrity rules without codd, diten at the cost of
failing to optimize the business user’s satisfactoth the complete system.
In the application of modeling theory to modelimggdice, we need a
faculty of data modelingraxis. If we simply slam theoretical purity onto
every relational modeling situation we are involwegdwe are optimizing the
value of something we care about at the cost oksaimy the business user
cares about.
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