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Summary Outcome & Eligibility

Outcome: manipulate patient events and predict

Cohort construction, which aims at finding suitable subjects for a study, is the essential first step for e Existence of event p Overlap Overlap
clinical predictive modeling as illustrated in below figure. Existing tools that leverage SQL and relational e Attribute of event @ p @ —_—
databases are suffering from significant performance issues especially when the underlying data

volume is large. There are two main challenges in cohort construction: 1) flexible and intuitive
programming interface to describe complex criteria for the cohort, and 2) efficient computation for
extracting the cohort from observational data. To address these challenges, we proposed a flexible
domain specific language (DSL) for defining cohorts and developed a simple and efficient intermediate
patient representation for supporting parallel cohort construction. We demonstrated the expressive

power of the DSL using cohort construction for epilepsy refractory patient prediction as an example. , _ , o HRY ©
i.e. Diagnosis before medication no more than 2 days

Eligibility: transform then aggregate events in temporal or non-temporal way
e Aggregation: Aggregate(events)|> | = | <|value

l.e. total hospital stay should be more than 10 days
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Predictive Modeling Use Case

val aed = $"concept" =7= ("AED name", ...) && $"type" === "med"
hod Outcome: val failure = aed | $"duration" > (6 months) |

Method Overview : i

.  C(Case: at least 4 failures Overlap("concept", 15 days)
1. Input patient events Patient 1, Medl * Control: 1 failure

(Patient1, Labl) RDD([Patient] Cohort : : val cases = failure | Merge | $"size" >= 4
2, Para”elize With ApaChe Spark - 2' > (Patient-1, [Med1, Labl, Med2, ...]) (Patient-1, Index, 0) |ndEXZ FIrSt AED fallure

. EEa:enillkﬂad;) kS, (Patient-2, [Lab2, ...]) ke EI blt . val ctrls = fajilure Merge | $"size" ——

3' Group events per patlent Spqu (Pat!entﬂ, I\/Ied2) & | (Patient-3, [Med2, Med1, ...]) m | (Patient-3, Index, 1) Igl 1l y' . . .
4. Process isolated patients - e Two v780.39 or one v345 * val index = Ifailure | First

(Patient-3, Med1)

S fO“OWEd by AED val diagcode = ($"concept" === "78039" || $"concept" ="= "345.x") |
Data Model e Atleast 16 Within(-3 years, O days)

val eligibility = Exists(diagnosis) and
(patient-1, GABA, 2012-01-04, 2012-05-04, type=medication, dosage=20)
_— (diagcode before aed atMost(10 days) atLeast(-2 days))

 Everything as event

and ($"value" > 16) .on(age)

e Increasing orderin timestamp Scalability
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pt!ona egl.n., end timestamp | Patient Events Timeline +  Measure running time F6000-
* Optional additional key-value attributes (patient-1, v345, 2012-01-03. source= cla@ £ method

Dataset  #Patient #Event Size (GB) #Eligible Patient ;4000 || Spark sQL
. . = W scoPE
Event Manipulation CVD 100,000 17,206,589 1.8 2113 5 2000-
Filter bv attributes and . et . Epilepsy 30,441,222 2,514,515,328 216 54,649 0- ..
. y PrOjeCt 45 one .tO one SUb IISt InpUt events as Group mUItlple events CVvD Amon'g Diabetes Epilepsy i:{efactory
tlmeStam p eve nt mapp|ng Ordered IlSt tO form new event Table 1: Statistics of datasets used in this work. Cohort

iR Conclusions

‘ ‘ ‘ t ‘ ‘ QW‘ t ‘ ‘ ‘ t Overlzp QJ"“} t A new cohort construction module for predictive modeling has been developed. This module takes flexible

V345 V78039 780.39 v345 780 80.39 V345 V78039 7780.39 events as input and chained event transformation mechanism is applied to to define prediction outcome,

—ﬁﬁ_> —‘—‘—‘—> _‘__I_> _—> index date and eligibility criteria. Running on top of Apache Spark made the utility scalable to processing
t .

v345  v780.39 v780.39 v345 V780 V780 V345 V780 large healthcare observational data.
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