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Models"for"Healthcare"Delivery"

Modeling!and!Model!Implementa@on!

Medical!Data!Models!

Diagnos@c!Models!

Therapeu@c!Models!

Workflow/Business!Process!Models!

Clinical!Trials!Models!

Natural!Language!Models!

Research!Models!

Physiologic!Models!

Ontologies!

Temporal!Models!

Predic@ve!Models!

Transla@onal!Research!

Data!Visualiza@on!

!

A"founda)on"for"clinical"research"and"care"delivery"
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Bayes Equation-A Graphical View 
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Finding
Positive
Negative

38.9
61.1

Disease
Present
Absent

34.0
66.0

Rendered&as&
a&Bayesian&
Network&



Bayes Equation – Various Variables 

Rendered&as&
a&Bayesian&
Network&
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Chief Complaint
respiratory
fever2
ABD PAIN
Abdominal
body aches
weakness
ear nose throat
backache unspecified
headache2
CHEST PAIN
Neurologic
specific medical CC
falls
orthopedic injury
chest pressure
flank pain
psychiatric social
syncope and collapse
diabetic
dizzy
other-

56.4
6.70
5.05
4.12
3.75
2.83
2.52
2.20
1.87
1.80
1.74
1.04
0.96
0.88
0.84
0.84
0.82
0.78
0.67
0.62
3.60

Pneumonia
Present
Absent

5.00
95.0

Cough
Positive
Negative

14.2
85.8

White Blood Count
< 11.85
11.85 to 18.75
>= 18.75

81.5
16.0
2.52

9.85 ± 3.8

NSMeanTemp NS_TempStDev

SMeanTemp S_TempStDev

Temperature
24 to 25
25 to 26
26 to 27
27 to 28
28 to 29
29 to 30
30 to 31
31 to 32
32 to 33
33 to 34
34 to 35
35 to 36
36 to 37
37 to 38
38 to 39
39 to 40
40 to 41
41 to 42
42 to 43
43 to 44

 0 +
 0 +
 0 +
 0 +
 0 +
 0 +
 0 +
 0 +
.005
.056
1.71
20.1
49.2
25.0
3.14
0.58
0.18
.038
.005
 0 +

36.6 ± 0.9
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Sources"for"Building"Medical"Models"
What&are&the&sources&of&knowledge&for&Clinical&Decision&Support&
&

•  Clinical!Trials!
–  Prospec@ve!Trials!
–  Observa@onal!Studies!

•  Physiologic!Principals/Models!

•  Expert!Opinion!
•  Common!Sense!

•  CLINICAL!DATA!



Multiple Episodes of Care 

Research and 
Analysis 

Data 
Warehouse: 

Re-
Organizing 

the Data 

Clinical Database  

Clinical"Data"Serves"Us"Twice"

Medical 
Decision 
Support 

Supporting Care/
Collecting Data 
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EDW"Interes+ng"Facts…"

Fact& Measure&

#!of!EDW!login!accounts! 2500!

#!of!EDW!“Consumers”! Thousands!

#!Records!in!EDW! 70,000,000,000!

Size!(bytes)! ~!10!Terabytes!(produc@on)!

Avg!monthly!queries! ~!150,000,000!

Most!queried!table! LKUP.PATIENT_MASTER!

Largest!table!(records)! HELP.PT_DATA!(Pa@ent!Data!Table!from!

HELP1)!
19.5 Billion Records!

#!queriable!tables! 12,500!

Avg!query!run!@me! 6!seconds!

Avg!rows!returned!per!query! 3500!

#!of!years!of!data!(for!major!data!sets)! 10!–!15!years!(25+!for!others)!



Patient 
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Using"Ontologies"to"Extract"Build"Diagnos+c"Models"

There&is&a&need&for&predic?ve&(diagnos?c)&models&for&care.&

•  Predic@ve!models!have!value!in!clinical!care!
environments!
–  Have!successfully!deployed!pneumonia!and!sepsis!

diagnos@c!models!

•  Building!models!from!data!is!resource!intensive.!

•  Ontologies!can!support!diagnos@c!modeling!
–  Requires!a!database!containing!data!collected!during!

rou@ne!care.!

–  An!Ontology!to!capture!clinical!rela@onships!among!data!
elements.!

–  An!applica@on!(the!OntologyCdriven!Diagnos@c!Modeling!
System)!is!used!to!automate!the!ini@al!analysis.!



Ontologies"Describe"How"Diseases"Are"Related"
(according"to"ICD9)"

Pneumococcal*pneumonia
Pneumococcal*pneumonia

ICD9:*481

Other*Bacterial*Pneumonia
Other*bacterial*pneumonia

ICD9:*482

Streptococal*Pneumonia
Pneumonia*due*to*Other*

Streptococcus
ICD9:*482.3

Bronchopneumonia
Bronchopneumonia,*
organism*unspecified

ICD9:*485

Viral*Pneumonia
Viral*pneumonia

ICD9:*480

Staphlococcal*Pneumonia
Pneumonia*due*to*

Staphylococcus
ICD9:*482.4

Hemophilus*Pneumonia
Pneumonia*due*to*

Hemophilus*influenzae*
ICD9:*482.2

Pseudomonas*Pneumonia
Pneumonia*due*to*

Pseudomona
ICD9:*482.1

Pneumonia

More*Bactierial*
Pneumonias

Staph*Aureus*Pneumonia
Pneumonia*due*to*

Staphylococcus,*unspecified
ICD9:*482.40

MSSA*Staph*Pneumonia
Methicillin*Susceptable*
Staph*Aureus*(MSSA)*

Pneumonia
ICD9:*482.41

MRSA*Staph*Pneumonia
Methicillin*Resistant*Staph*
Aureus*(MRSA)*Pneumonia

ICD9:*482.42

Other*Staph*Pneumonia
Other*Staphylococcus*

pneumonia
ICD9:*482.49

Bacterial*
Pneumonia More*Pneumonias



Ontologies"Describe"How"Clinical"Data"are"Related"to"
Diseases"

has_X&ray_Manifestation

Pneumonia

Pneumonia,*Organism*

unspecified

ICD9:*486

Pneumococcal*pneumonia

Pneumococcal*pneumonia

ICD9:*481

Pneumonia

More*Bacterial*

Pneumonias

Bacterial*

Pneumonia
More*Pneumonias

has_Sign

White*Blood*Count

Hematology:*White*

Blood*Count

LOINC:*62239H9

has_Altered_Lab_Value

Pulmonary*Rales

Signs:*Chest*

AuscultationHRales

PTXT:*

28.1.3.22.34.2.1.32

Temperature

Vital*Signs:*

Temperature

LOINC:*8310H5

has_Altered_VS

Localize*Infitrate

XHray*Finding:*

Localized*Infiltrate

SNOMED:*128309002

has_Micro_Manifestation

Other*Bacterial*Pneumonia

Other*bacterial*pneumonia

ICD9:*482

More*

Manifestations

has_??_Manifestation

Sputum*Culture:*

Positive

SNOMED:*442773002

+**Sputum*Culture



OntologyNDriven"Model"Discovery"
Using"knowledge"embedded"in"ontologies"to"automate"research?"

•  The System can:  
•  Help select research patients 
•  Identify and extract relevant data 

•  Provide preliminary analysis of the data 

•  Allow visualization of this data 
•  Return Data and results to the user for further study 

•  A tool to support Medical Data Mining 
•  Applies ontological knowledge 

•  Conditions model development Data$Warehouse/
Analytic$Health$
Repository

Disease
Ontology

Concept$Retrieval$(from$
Ontology

Concept$Translation$to$
EDW$Representation

Output

20%

20%

20%
20%

20%

∑
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Prediction$
Algorithm

Analysis$Results
Analytic$Data

Relevant$Ontologic$
Concepts

Analysis$
Design$
Utility

Analytic$Workbench
! " Diagnostic*Models
! " Model$Comparisons
! " Model$Explanation$

(by$reference$to$the$
Ontology)

Natural$
Language$
Processing$
Subsystem

Structural$Knowledge$Retrieval$
from$the$Ontology

Data$Retrieval$from$the$Analytic$
Health$Repository



Pneumonia"Diagnos+c"Screening"System"

•  Implementa@on!Technologies!

–  Bayesian!Network!
–  Model!Trained!Using!Enterprise!Data!

Warehouse!(EDW)!

–  Uses!40!Clinical!Observa@ons!
•  A"Simple"NLP"System"Reads"Chest"XCray"

Reports"

–  Random!ForestsCBased!Concept!Iden@fica@on!

–  Trained!with!Documents!from!Enterprise!Data!

Warehouse!

BPDiastolic
< 69.5
69.5 to 82.5
>= 82.5

28.3
36.2
35.5

76.9 ± 11

Chloride
< 103.5
103.5 to 105.5
>= 105.5

42.1
25.1
32.9

104.3 ± 1.8

WBC
< 11.85
11.85 to 18.75
>= 18.75

86.1
12.4
1.45

9.46 ± 3.4

PNEUMONIA
Absent
Present

94.9
5.09

Age
< 15.5
15.5 to 45.5
>= 45.5

8.06
45.6
46.4

42 ± 21

RespRate
< 19.5
19.5 to 21.5
21.5 to 27.5
>= 27.5

52.3
24.9
16.1
6.72

20.8 ± 3.5

TempC
< 36.75
36.75 to 37.45
37.45 to 38.05
>= 38.05

62.7
23.8
6.04
7.46

36.79 ± 0.63

MeanBP
< 85.5
85.5 to 99.5
>= 99.5

23.0
35.4
41.7

95.1 ± 12

BPSystolic
< 121.5
121.5 to 148.5
>= 148.5

29.4
44.6
26.0

134 ± 22

HeartRate
< 85.5
85.5 to 99.5
99.5 to 110.5
>= 110.5

44.5
24.7
13.0
17.8

92.1 ± 15

Sodium
< 137.5
137.5 to 140.5
>= 140.5

25.7
41.8
32.6

139.2 ± 2.4

BUN
< 13.5
>= 13.5

45.1
54.9

Creatinine
< 0.405
>= 0.405

3.90
96.1

SpO2
< 92.1
92.1 to 95.3
95.3 to 98.4
>= 98.4

10.2
23.6
44.9
21.3

96.1 ± 3

BS_CONGESTION
Yes
No

0.53
99.5

BS_RHONCHI
Yes
No

0.43
99.6

BS_ABNORMAL
Yes
No

3.87
96.1

BS_DECREASED
Yes
No

2.29
97.7

BS_COURSE
Yes
No

0.90
99.1

BS_WHEEZES
Yes
No

2.84
97.2

BS_NO_COUGH
Yes
No

 0 +
 100

BS_STRIDOR
Yes
No

.083
99.9

BS_CLEAR
Yes
No

44.0
56.0

BS_CRACKLES
Yes
No

0.72
99.3

BS_RALES
Yes
No

0.11
99.9

BS_ABSENT
Yes
No

.030
 100

BS_INSPIRATION
Yes
No

0.79
99.2

BS_TUBULAR
Yes
No

.024
 100

BS_INFREQUENT
Yes
No

0.62
99.4

BS_STRONG
Yes
No

0.76
99.2

BS_FINE_CRACK...
Yes
No

0.31
99.7

BS_EXPIRATION
Yes
No

0.90
99.1

BS_NOT_CLEARING_SECREA...
Yes
No

0.10
99.9

BS_FREQUENT
Yes
No

1.19
98.8

BS_WEAK
Yes
No

0.16
99.8

BS_NON_PRODUCTIVE_CO...
Yes
No

1.74
98.3

BS_PRODUCTIVE_CO...
Yes
No

1.81
98.2

BS_MODERATE
Yes
No

1.36
98.6

BS_CLEARING_SECREA...
Yes
No

0.45
99.6

ChiefComplaint
RESPIRATORY COMPLAINT
FEVER
ABD PAIN
ORTHO INJURY
CHEST PAIN
NEURO COMPLAINT
FALL
TRAFFIC INJURY
ABD PROBLEMS
CHEST PRESSURE
BACK PAIN
WEAKNESS
SYNCOPE
ENT PROBLEM
BODY ACHES
CV COMPLAINTS
HEADACHE
DIZZY
FLANK PAIN
CV PROBLEMS
ASSAULT RAPE
PSYCHIATRIC
CHEST HEAVINESS
SKIN COMPLAINT
SPECIFIC DIAGNOSIS
DIABETIC
PAIN CHEST
HEART RACE
TRAUMA
GENITOURINARY PROBLEM
PALPITATIONS
HEART IRR
ALLERGIES
HIGH BP
FLUID NUTRITION
CONVULSIONS
INFECTION
RAPID HR
IRR HEARTBEAT
LACERATION
INGESTION
BP HIGH
UNCONSCIOUSNESS
VAGINAL BLEEDING
MED REFILL
UNKNOWN
LOW BP
CARDIAC ARREST
EYE PROBLEM
BP LOW
other-

32.4
6.96
6.05
4.26
4.12
3.69
3.62
3.50
3.45
3.10
2.82
2.79
2.28
2.19
1.88
1.88
1.83
1.77
1.43
0.92
0.87
0.86
0.82
0.78
0.51
0.44
0.37
0.33
0.31
0.31
0.31
0.30
0.29
0.28
0.27
0.25
0.20
0.19
0.16
0.16
0.16
0.13
0.11
.098
.091
.087
.064
.059
.055
.054
0.18

NLP_FINDING
Positive
Negative

25.9
74.1



 Pneumonia 
Screening Tool

Data Supporting 
Pneumonia 
Assessment Clinical Data 

Repository

Pneumonia 
Protocol 

Enrollment

Pneumonia 
Treatment 
Protocol

Computable Medical 
Knowledge Reposotory

Chest Xray 
Reports

Chest Xray Report 
Processing 

(Structured Data 
Extraction)

A"Care"Delivery"Framework"
(mul?Efactor&screening&and&treatment)&

Example: Community-Acquired Pneumonia!

Does!the!pa@ent!
have!pneumonia?!

Should!we!used!the!
protocol?!

Apply!Pneumonia"
Care"Protocol."



The Emergency Department Workflow!

Imbed logic, orders into process of care !Imbed logic, orders into process of care !

Alerting for Pneumonia in the Patient Tracking System 
•  System Watches the Data Flow in the ED 
•  Identifies Possible Pneumonia Patients 
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Intermountain"Sepsis"Bundle"
To"be"successful,"11"components"of"the"Sepsis"Bundle"should"be"accomplished."



Screening"Sepsis"Model"
Goal:"Iden)fy"Sepsis"Pa)ents"within"2"hours"of"admission."

Simple Sepsis Model: Designed for Early Detection!



Sepsis"Model:"Extending"Its"Coverage"

•  Ini@al!Model:!Designed!to!func@on!within!the!first!2!hours!

•  Revised!Model:!Designed!to!func@on!any@me!within!the!

first!24!hours!

Complex Sepsis Model: Effective at Multiple Times?!



Adding"Seman+cs"to"the"Model"
Saying&“Findings&are&consistent&with&Diagnosis”&

Orientation_Consistent
True
False

11.3
88.7

Oriented_x_3
Absent
Present

11.3
88.7

Alert_and_oriented_x_3
Absent
Present

37.2
62.8

Oriented_to_situation
Absent
Present

99.9
.060

Not_oriented_to_time
Absent
Present

94.1
5.92

Not_oriented_to_situation
Absent
Present

99.9
.052

Not_oriented_to_place
Absent
Present

97.0
3.04

Not_oriented_to_person
Absent
Present

99.6
0.44

Not_oriented_to_S_O
Absent
Present

 100
.003

Not_Oriented_x_3
Present
Absent

0.49
99.5

Sepsis
Present
Absent

1.75
98.2

Pneumonia
Present
Absent

0.49
99.5

CXR_Consistent
False
True

94.5
5.47

Multi_Lobar_Infiltrates
Present
Absent
Unknown

33.3
33.3
33.3

CXR_Ordered
Present
Absent

   0
 100

Single_Lobe_Infiltrate
Absent
Present
Unknown

33.3
33.3
33.3

“Chest X-ray Results consistent with Pneumonia”!
!

“Mental Status consistent with Sepsis”!
!



Conclusion"

“All"models"are"wrong;"some"models"are"useful.”"
"""AWributed"to"sta+s+cian"George"Box"

•  Probabilis@c!Models!have!a!role!in!clinical!care!

•  Enterprise!Data!Warehouses!can!contribute!to!

Model!development!

•  Stored!Medical!Knowledge!(in!the!form!of!

Ontologies)!can!accelerate!Modeling!

•  Bayesian!Models!can!flexibly!represent!a!variety!of!

clinical!condi@ons.!



Questions??? 

Comments"and"Ques+ons"
"


