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Specific Questions

o Will SPEHR accommodate the full range of longitudinal data in a real DSS
of non-trivial size and duration?

o Are data equivalent in the non-SPEHR and SPEHR schemas?

o lIs it possible to conduct the same analysis on the two schemas and
produce identical results?
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o Is performance of the SPEHR-based database acceptable

Introduction to Agincourt HDSS

Introduction to the Agincourt data model (RDM) and the SPEHR data model
Sample database (RDM) construction used for this project

Schema conversion process

Sample data extraction
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Retrieval performance




Agincourt HDSS Agincourt Study Site (South Africa)

. . . . . I . o
o Demographic surveillance site in Agincourt Study Site
northeast South Africa

Medical Facilities

Kruger +  Clinic

National E  Health Centre
Park © Private Clinic

+  Visiting points

o Data collecting through annual census
rounds starting in 1992

Schools
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o ~70,000 people under observation
o Data describes vital events; births
deaths, migrations, and more

o Additional population-wide data
collected at individual and population
levels
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Agincourt population (2004)

ca: . incourt Population Pyramid for 2004
o Additional nested projects collect

data using DSS population as a
sampling frame for targeted studies.

o For more info visit: http://
www.agincourt.co.za/DataSection/
index.htm

Age

6,000 4,000 2,000 0 2,000 4,000 6,000
Males Females




Basic Structure of Reference Data Model (RDM) Schema

o Traditional relation structure of DSS data: Reference Data Model (RDM)

* Episode (interval)-based with geographic residency and social group
membership tables

* One table per event; birth, death, migrations (in/out)

* Individuals table

* Dwelling locations and village tables for geography

* Individual and household status observations for additional data

Advantages of RDM

o Easy to conceptualize
o Reasonably fast data retrieval

Disadvantages of RDM

o Dates de-normalized, i.e. duplicated everywhere

* Date of birth in 4 different tables

* Date of death in up to 4 different tables

e Migration dates in up to 3 different tables
Difficult to extend the model to collect new event types or exposures
Difficult to reconcile duplicated entities
Requires change to data structure for each additional set of data
Difficult to temporally constrain
Not self-documenting
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Difficult to meta-program against (multiple paths between tables)
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Pregnancies

PK

Pregnancy

FK1
FK2

Id

Observation
AntenatalClinic
AntenatalVisits
Education
Scholar
BackToSchool
PregnancyPlanned
ContraceBe
ContraceAf
DeliveryDate
DateEstimated
DeliveryLocal
DeliveryPlace
Hospital
Attendant
Complication
ComplSpecified
Outcome
StillBorn
LiveBorn
Duration

A

Individuals
PK |Id
| - dl
Ll al
Gender
DoB
DoBEstimated
FK3 | Motherld :
MotherStatus Memberships
Refugee PK | Membership
FK2 |Husbandld
HusbandStatus FK2 |Id
DoD FK1 | Household
DoDEstimated StartDate
FK1 | FatherlD " InitiatingMEventType
FatherStatus FK3 [StartObservation
nl FK4 | UnionID P EndDate
d MHCovered o~ 12 | TerminatingMEventType
UHCovered FK4 |LastObservation
Row_Number HHRelation
A 4
Births InMigrations A
PK,FK1 |id PK,FK2,11 |Residen Households
A Residences s PK |Household
FK3,11 s;idwee?g:t PK |Residence InternalMigration X
— MoveType FK2 | Location
BrsastEver_ K2 |1 . DateEstimated FK1 |HouseholdHead
BreastDuration FK1 |1d MovePlace HHEstablished
BreastDurType StartDate < Province FK3 | StartObservation
RoadToHealthCard e EK3 Vil HHDisolved
BirthRegistration 11 |InitiatingEventType hlage FK4 |LastObservation
FK2 Pregnancy FK3 | StartObservation FK1 Location
EndDate Reason
12 |TerminatingEventType JobFound
FK4 |LastObservation JobSpecified
A 'y PlaceCode
Deaths Comments
PK,FK5 |1d ! A 4
Villages
FK6,11 |Residence
DeathLocal OutMigrations R PK |Village
DiedAt PK,FK2,l11 | Residence =
Hospital
DiedAtPlace InternalMigration A
Province MoveType
WomanDeath DateEstimated
DeathRegistration MovePlace
FK1 MainCause Province
FK4 ImmediateCause Y FK3 Village
FK2 Contributory1 FK1 Location
FK3 Contributory2 Locations Reason
DeathFormld N JobFound
PK_ Location JobSpecified
. PlaceCode
Village
DayBlock Comments
DateCreated |
Residents il
FK1 | PoliticalVillage
UserlD
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Basic Structure of Structured Population Event History Register (SPEHR) Schema

States: Temporally persisting objects, e.g. people,
places, social groups

Events: Time points that mark change, e.g. births
deaths, status observations Relationships
Influences: specify what influence an event has on an ‘
instance of a state. Events can influence multiple states ‘. '

in different ways but can have only one influence on any \J \%r
one instance of a state; i.e. mother gives birth, baby is

born, father gains a child, social group gains a member

Relationships: non temporal collections of states with
specific roles in the defined collections

Advantages of SPEHR

o Temporally normalized with no event date duplication
o Add dates in a single table allowing for metadata-driven temporal constraints

o Static structure while allowing for dynamic data, easy to extend with new data
collections without changing the data model (describe and store) =» schema invariance

o Self documenting
o Easy to program against in a metadata-driven style

Disadvantages of SPEHR

o Slow for data extractions
o Conceptually more difficult, i.e. very abstract
o Storage size larger (could be optimized)
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Vg
O
Event_Attributes Attribute_Types State_Attributes — m
- Relationship_Role_Types I
PK,FK2,U1 |Event Type ID PK | Attribute Type ID PK,FK2,U1 | State Type ID —
PK,FK1,U1 | Attribute Type ID > €———|PKFK1,U1 | Attribute Type ID PK |Relationship Role Type ID X
U1 | Attribute_Name
u1 Event_Attribute_Name U1 |Attribute_Data_Type U1 State_Attribute_Name Relationship_Role_Name O
Event_Attribute_Description Attribute_Description State_Attribute_Description Relationship_Role_Description J_>|
f f =
Event_Attribute_Values Observation_Actions State_Attribute_Values | Z
- - Relationship_Roles
PK,FK3 |Event ID PK |Observation Action ID PK,FK3 |State ID O
PK,FK1 |Event Type ID PK,FK2 |State Type ID PK,FK4 |State ID O
PK,FK1 |Attribute Type ID Observation_Action_Name PK,FK2 |Attribute Type ID PK,FK3 | Relationship ID m
Observation_Action_Description PK,FK2 |Relationship Role Type ID —
FK2 Observation_Event_ID A FK1 Observation_Event_ID S~
Event_Value State_Value FK1 Event_ID ﬁ
Events z
O
PK [Event ID —
Influences v m
FK1 |Event_Type_ID States ) =
FK2 | ob — _E D PK,FK3 |I'If|!§l'lgg T!ng 1D Rela“onshbs m
0 3°"’:_"°"— vent_| < PK,FK1 |Event ID L pIPK |State ID
vent_Timestamp PK,FK5 |State_ID PK |Relationship_ID
FK1 |State_Type_ID
FK2 Observation_Event_ID FK2 |Relationship_Type_ID
FK4 Observation_Action_ID l FK1 |Event_ID
Event_Types ¢
PK |Event Type ID S
i_ UL EE RS PK |State Type ID
FK1 |Parent_Type_ID PK Influence_Type_ID
U1 |Event_Name < ] FK1 | Parent_Type_ID
Event_Description U1 Influence Name U1 | State_Name
_ — L Relationship_Types
Influence_Description State_Description e
FK1,U1 | Event_Type_ID PK |Relationship_T ID
. FK3,U1 | State_Type_ID
it Rt sl €———FK2,U1 |Influence_Action_ID Relationship_Name
PK |Influence Action ID Relationship_Description

Influence_Action_Name
Influence_Action_Description




Reason for using a sample data base Application used to create sample data script 9
amp izar N
o Smaller and more manageable for e rep ’ =
development purpose. Faster build times P ———— ;
When debugglng conve rSion proceSS Introduction Sample Database Name: |ADSS1IN1020030304 | w
Sample Type: | Percent =
o tAhr!onyn"_nous so can be shared as output of - et J§>
|S prOJeCt Sample Table Sample Table: ILocatiuns -U
. . Stratafied by: l|:| Location %] —
Objectlve Of the sam ple data ba se 2: Enter Table Meta Info :ulput Iocati;:m: |C:ADocuments and Settingshbenjamin'DesktophaD | m
gséj?ggﬁon: ‘C:\Dncuments and Settingsi\benjamin\DesktopkaD ‘ U
3: Select JOIN SOL
o Smaller and more manageable for R — l ;_>|
development purposes. Faster build times 4 Enter Column Meta Infa Fiom Database: |ADS52003030¢ >
. . (LTest Connection ]
when debugging a conversion process 5 un Buid Sanpl §
o Anonymous so can be shared as output of 6 Documertaion Dupu m
this pr0ject Server: .\devel From Datab. ADSS:! To Datab <not connected> NPONGO-XPibenjamin

o Sample locations table
o Represents the unit of observation during data collection
o Stratified by village
o Decide tables to include in the sample database, either as sampled or in entirety, e.g. code tables

o Decide columns of each table to include, excluding identifiers and sensitive variables. Anonymize
other columns using various methods, including all table primary keys so that the sample database
cannot be joined back onto the original.

o Select appropriate JOIN to join on base sample table (location)




Conversion Process model Event Hierarchy Model

Event: Migrations

Pz
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In Internal Out o
Migration migration Migration prd
Intra Inter Internal External U
: Y Internal In External In village village out
Develop conversion database igratio igratio
— —
Create Table of All individual O
Create that combines individual from N Meta Script Event,
MetaObject Table "l theindividualstable, State table Stubs m
maternity history etc... village in village in village in village in O
P m
I
X
Edit Table Stubs ail g
‘ . Influences: Migration O
m
ﬁSuweeds —
) . Social Group Study
Edit Meta import
script
Migmﬁon: SocialGroup(Member) Migration: Study St?r\?:ﬂ?agr:i:r:fea
Migration:Social_Group{Head) Migation: DSA
“—Migmtion: Person(Migrate) Migration: Out_of DSA Out of DSA
Migration: Person(S igration: Village
Clean Data

Migration: Person(Child) Migration: Location

Village

Location
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Methods and Results RDM 2006 Population Pyramid

Methods

Produce the INDEPTH minimum data set of
person years by age and sex by year for each
year of the study and event counts. The
dataset allows for the most basic
demographic rates and statistics to be
calculated.

Real difference in scripts used to extract data
sets was the need to create the residence
episode table in SPEHR, which already exists
in the RDM. After that the scripts were
basically identical for person year
calculations.

Event counts were simpler in SPEHR.
This process exposed dirty data in the RDM

Results:

Identical dataset where event counts were
concerned. Slight differences in person years
for a few records in the 4th decimal place.

SPEHR took about twice as long to calculate,
45 sec (RDM) to 1.5 min (SPEHR)

2006 Population Pyramid
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Performance Test results RDM Data Retrieval Performance

Methods Average of caching
Averaged 100 retrievals of 1 to 16

columns of data by 16 different levels of 111222

rows returned ranging from 90 to 1430 £ 2000

Results g 6000

o SPEHR much slower but feasible £ 4000

o SPEHR scales better (implications for 2000 iy

large repositories used to pool multisite 0

data) %0 270 459 630 Column
o In the real world, SPEHR seems to take B0 90 yyz0 ' Returned
about twice as long as the RDM Rows Returned

SPEHR Data Retrieval Performance Comparison of RDM to SPEHR

Average of 100 runs after caching Ratio of SPEHR To RDM
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Answers to Specific Questions

o Will SPEHR accommodate the full range of longitudinal data in a real DSS
of non-trivial size and duration ?
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YES

o Are data equivalent in the non-SPEHR and SPEHR schemas ?

YES

o Is it possible to conduct the same analysis on the two schemas and
produce identical results ?

YES

o Is performance of the SPEHR-based database acceptable ?

YES, but it is slow for small databases




