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Unstructured Data = Iceberg Under Water

AWeith, Own work, CC BY-SA 4.0, https://commons.wikimedia.org/w/index.php?curid=51789188 
Last accessed Apr 14, 2025. 3



Abundance of Text Data in Health
Over 37M citations indexed by PubMed.

(2025)

Books, Journals, 

Peer-reviewed literature

Medical Records

Over 500M “documents” within Michigan Medicine!
(2024)

Prescriptions

6.7B retail prescriptions filled at 
US pharmacies in 2022

(IQVIA Institute, May 2023)
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Medical 
AI / ML / 
NLP

Medical Natural Language Processing

Published 
literature

Electronic 
Medical Records

Pharmacies
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Computable Phenotyping from EHR

❑ Goal: Use narrative medical records to identify patients with 
certain criteria (e.g., disease state, medication, health conditions)

Admission Date: [**2113-3-22**]

Date of Birth: [**2036-1-16**] Sex: M

Service: SURGERY

Allergies:
No Known Allergies / Adverse Drug Reactions

Attending:[**First Name3 (LF) 1390**]
Chief Complaint:

ear

Major Surgical or Invasive Procedure: 
right chest tube placement

History of Present Illness:

work on it. Car rolled over him and dragged hi

pain, chest pain and a laceration to the head.

hemopneumothorax. Following the chest tube

resolved spontaneously. At baseline the patient
home edications.

contus

and take no anticoagulant m 
fractures, an ear laceration, b 
ions, multiple right sided rib f

fracture.

Past Medical History:
Hypertension

Social History:

arge Date: [**2113-3-28**]

ontusions, right 
injury to

o some mechanical 
m several feet.
ad concerns of RUQ 
He denied loss
he ED for 
placement, the 
potension, but this 
is functional at

He suffered multiple 
onary

d a dens

Denies tobacco or IVDA,drinks 2 glasses wine nightly.

Family History: 
Non-contributory.

Disch Physical Exam:

Pertinent Results: 
[**2113-3-22**] 01:25PM

right hemopneumothorax, bilateral pulmonary c CL--95* TCO2-31*

[**2113-

MCH-3
[**2113-3-22**] 01:28PM

74M was struck by his car after attempting to d [**2113-3-22**] 01:28PM

ractures an most closely to a Le Fort t

[**2113-3-27**] CHEST (

posterior

%RA

, no acute distress 
urmurs
es

, nontender, nondistended 
l perfused

GLUCOSE-107* LACTATE-2.6* NA+-143 K+-4.6 

PT-13.1 PTT-24.1 INR(PT)-1.1

PLT COUNT-201

WBC-9.1 RBC-4.44* HGB-15.4 HCT-43.1 MCV-97 
RDW-13.1
ASA-NEG ETHANOL-NEG ACETMNPHN-NEG

G tricyclic-NEG 
LIPASE-74*
UREA N-17 CREAT-1.1

LOOD WBC-6.4 RBC-2.59* Hgb-9.0* Hct-24.6* 
C-36.7* RDW-14.8 Plt Ct-135*
LOOD Plt Ct-135*

LOOD Glucose-84 UreaN-11 Creat-0.8 Na-137 
Gap-10
LOOD Calcium-8.1* Phos-2.6* Mg-2.1

/MANDIBLE/MAXIL:

es as enumerated before corresponding 
ype III on the left and
or walls of the maxillary sinus on 
rior orbital rim.
within the maxillary sinuses. 
racture of the tip of the dens.

PORTABLE AP):
thorax at the level of the second

r than on [**3-26**]. Small right
bly developed. Lungs low in volume but 
galy unchanged. Healed right lower and

lateral rib fractures.

VS: 97.6 90 138/77 18 98 Brief Hospital Course:

Resp: mild bibasilar crackl contusions, L zygomatic
[**Last Name (un) **]: soft plate fractures, left lateral

Review of Systems:
3-22**] 01:28PM

3-22**] 01:28PM  Neurol 
3-22**] 01:28PM  dilaudid

4.7* MCHC-35.8*  PO pai

bnzodzpn-NEG barbitrt-NE status following displace

[**2113-3-26**] 05:00AM B dens fracture and it was

of consciousness. A chest tube was placed in t [**2113-3-25**] 05:10AM B from an injury 20 years a
K-4.0 Cl-102 HCO3-29 An hospital day 6 he was tri

[**2113-3-22**] CT SINUS requires no further neuro

ilateral pulm 1. Numerous facial fractur fracture.

the right including the infe hemodynamically stable.

Pulmonary: A chest tube

Patient lives in [**Location 1411**] with his wife. Small right apical pneumo ED. The chest tube was

interspace, slightly smalle CXR revealed this chang
pleural effusion has proba was stable. While in the

ained: anterior right 2-7th rib 
umothorax, bilateral pulmonary 
arch fracture, left lateral pterygoid

orbital wall fractures, left

al fractures, nondisplaced lamina 
bital floor fracture, bilateral
s fracture, right ear skin avulsion.

neurologically intact. He recieved

ICU stay, he was then transitioned to 
scharge he was not requiring pain

gy assessed patient to assess visual 
d orbital fractures. Plastic surgery 
and as patient is refusing surgery,
m as an outpatient. For his facial 
under sinus precautions and is 
eurosurgery assessed patient for his 
determined that his fracture resulted 
go when he dove into a pool. On 
ggered for altered mental status after
ng zyprexa was administered with return 
without further incidient. He

surgical follow-up for his dens

g transfer to the ICU patient remained 
He suffered an intial period of

ency room but after resuscitation he was

was placed for hemopneumothorax in the 
discontinued on HD6. There was a small 
x upon discontinuation, however follow up 
e to be stable. His respiratory status
ICU, he was monitored for respiratory 
plinting from his rib fractures, however 
ained stable and he did not require an

GA: alert and oriented x 3 Summary of Injuries sust GI: Patient suffered no intra
CVS: normal S1, S2, no m fractures, right hemopne soft diet without issue. He

his facial fractures.

remained stable.

Endocrine: He was placed
ogic: Patient was  ICU. At discharge sliding s

n medication. At di noted on CT and needs to
medication. Opthalmolo outpatient,

He was brought to the ED by ambulance. He h MCV-95 MCH-34.8* MCH restricted to a soft diet.N hematocrit was stable. He
prophylaxis.

anterior,lateral and superi Cardiovascular: Followin lopressor (unknown dosage

2. Hemorrhage contained hypotension in the emerg Discharge Medications:

Discharge Disposition:
increase in pneumothora Home With Service

Facility:
clear. Moderate cardiome decompensation due to s [**Location (un) 932**] vna

his respiratory status rem

epidural for pain control. Discharge Diagnosis:

Discharge Condition: 
Good

Discharge Instructions:Ext: warm, no edema, wel minimally displaced orbit GU/Renal: Patient has a fol
Please call your doctor or nurse practitioner if you experiencepapyrica fracture, right or but it was discontinued whe

lateral wall maxillary sinu His electrolytes were replet the following:
*You experience new chest pain, pressure, squeezing or 
tightness.
*New or worsening cough, shortness of breath, or wheeze.
*If you are vomiting and cannot keep down fluids or your

IV prn during his was no longer requiring ins medications.
*You are getting dehydrated due to continued vomiting, diarrhea 
or other reasons. Signs of dehydration include dry mouth, rapid 
heartbeat, or feeling dizzy or faint when standing.

[**2113-3-22**] 01:28PM  assessed facial fractures Heme: Patient underwent s *You see blood or dark/black material when you vomit or have a

they will follow up with hi down slowly. He received o bowel movement.
[**2113-3-26**] 05:00AM B fractures he was placed  hospital, after which he req *You experience burning when you urinate, have blood in your

urine, or experience a discharge.

*Your pain is not improving within 8-12 hours or is not gone 
within 24 hours. Call or return immediately if your pain is

Skin: Patient right ear lacer getting worse or changes location or moving to your chest or

patient had an episode of hematemesis and hy [**2113-3-25**] 05:10AM B receiving valium. Standi plastic surgery. He was plac back.

to baseline mental status treatment course, was disc *You have shaking chills, or fever greater than 101.5 degrees
Fahrenheit or 38 degrees Celsius.
*Any change in your symptoms, or any new symptoms that conc

Medications on Admission: you.

Please contact the Dr. [**Last Name (STitle) 90000**] at [**Telep
3. Chronic non-displaced f hemodynamically stable. Metoprolol Tartrate 12.5 mg Surgery to make a follow-up appointment for 1 week from

DROP BOTH EYES, Levofl discharge.

Please contact your primary care provider and make [**Name In 
appointment within 2 weeks. You will need to have an ultrasoun 
of your thyroid as well as work-up of an inguinal hernia.

Completed by:[**2113-3-29**]

facial Hypertension

rib fractures, multiple facial fractures, degloving [**2113- Low Risk
[**2113- Alcohol Use
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AI models can better identify 
disease traits than just ICD codes

Vydiswaran, et al. Automated-detection of risky alcohol use prior to surgery using natural 
language processing. Alcohol, Clinical and Experimental Research, 2024 Jan; Volume 48, 
Issue 1 p.153-163. DOI: 10.1111/acer.15222 7



❑ Social Determinants of Health

❑ Alcohol Use, Drug Use, Tobacco Use, Employment status

❑ Disease state, Medication use, changes over time

❑ Current state of the art systems use deep neural network models

Extracting Patient Information from EHRs

Lybarger K, Yetisgen M, Uzuner, Ö, The 2022 n2c2/UW shared task on extracting social 
determinants of health, J Am Med Inform Assoc, 2023 Aug; Volume 30, Issue 8, 2023,
p.1367–1378, DOI: 10.1093/jamia/ocad012
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Michigan Body Map. Accessed from https://medicine.umich.edu/dept/pain-
research/clinical-research/michigan-body-map-mbm. Last accessed Apr 14, 2025.

Characterizing Pain
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Universal Visual Analogue Scale (VAS) conversion. Accessed from https://ldltregistry.org/VAS. 
Last accessed Apr 14, 2025.

Characterizing Pain (2)
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Characterizing Pain using EHRs
❑ Chronic Pain Phenotypes on structured data fields: pain intensity, 

treatment modalities, diagnosis codes, and interventions

❑ Pain scores: 0 (no pain) to 10 (worst pain imaginable) on Visual 
Analog Scale

❑ ICD-9 and ICD-10 codes for pain-related conditions

❑ Pain medications, including pain-related prescriptions, including 
opioids, NSAIDs, anticonvulsants, and muscle relaxants

❑ Pain interventions: CPT codes for pain-intervention procedures

Begum T, et al. Refining chronic pain phenotypes: A comparative analysis of 

sociodemographic and disease-related determinants using electronic health records. 

The Journal of Pain, Volume 28, 104775
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Pain Characterization in Clinical Notes
❑ Patient’s self-reported pain score is subjective

❑ A score of 8/10 can be manageable for some patients, unbearable for others

❑ Physicians interpret 
patient self-reports in 
clinical notes

❑ This is the fundamental, 
clinical documentation 
of patient care!

❑ Errors / biases in 
documentation can 
persist for a long time

https://www.getfreed.ai/resources/clinical-note-examples. Last accessed Apr 14, 2025.
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Annotating Pain Features in Clinical Notes

https://www.getfreed.ai/resources/clinical-note-examples. Last accessed Apr 14, 2025.
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Pain is Underdiagnosed & Misdiagnosed
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Diagnosing Pain is Subject to Human Bias
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Trained AI Models Retain these Biases
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Key Takeaways
❑ Health Records contain an abundance of information. 

Understanding health text is critical to improve healthcare

❑ ICD codes and structured data provide an incomplete description 
of pain and other comorbidities

❑ AI/Deep Learning methods are effective in phenotyping patient 
cohorts of interest better than ICD codes and structured data.

❑ Large Language Models (LLMs) have advanced significantly in 
recent years, but biased data begets biased models.

❑ Active research on validated intersectionality-aware AI 
models in determining phenotypes such as pain

Questions, Comments: vgvinodv@umich.edu
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