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Useful Recent Reviews (methods & applications)

“Natural Language Processing Technologies in Radiology
Research and Clinical Applications” (Cai et al, Radioggaphies)

“Natural Language Processing in Radiology: A Systematic
Review” (Pons et al, Radiology) 27089187

“Natural Language Processing in Oncology” (Yim et al, JAMA
Oncology) 27124593

“Extracting information from the text of electronic medical
records to improve case detection: a systematic review” (Ford

et al, JAMIA) 26911811



Table 3: Median accuracy by algorithm type and condition

No. of | Sensitivity | Specificity | PPV Negative | F AUROC
Studies | (Recall) (Precision) | predictive | measure
value

Algorithm type
Single algorithm for NLP and case detection 18 96.2 97.4 85.35 96.6 49 -
Rule-based secondary case detection algorithm 20 91.2 95.45 71.5 98.95 97.57 94.4
Probabilistic secondary case detection algorithm 21 80 95 86 95.4 77 94
(Logistic Regression; Bayesian; machine learning)
Condition
Respiratory infections 11 92.9 95.45 54 99.9 - 95.85
Bowel disease 4 79.45 94.45 57.5 100 - 87.5
Inflammatory arthritis 5 70 96 93.7 - - 94.4
Cancer 3 93 92.9 95 - 93.5 -
Diabetes 2 96.2 98 - - 98.65 -
Obesity 5 48.4 - 76.3 - 49 -
Mental health 3 731 90 87.85 96.6 - 80
MRSA 2 99.2 99.4 97.9 - 99 -
Cardiovascular 7 82 96 84.7 93 74.85 92.9




“Computer-assisted expert case definition in
electronic health records™ (Walker et al, Int J Med

Inf)

Goal: Use NLP and other data sources for
iterative cohort identification. Apply to acute
liver dysfunc.

Method: Start with seed group, iteratively
sample, and update rules in response to expert
curation.

Result: Appy to 29K adults over 3 rounds of
iteration, final definition sens 92%, PPV 79%.

Conclusion: Can use NLP as part of a system to

refine case definitions. 26725697
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310CT2010

Dx:

NAUSEA ALONE(78702)
NONSPEC ELEV LEVEL TRANSAMINASE/LDH(7904)
OTH NONSPEC ABN SERUM ENZYM LEVLS(7905)
Lab:
Albumin=4.2g/dl
Alkaline phosphatase (ALP) (ALKP)=172u/l
Alkaline phosphatase (ALP) (ALKP)=186w/1
Bilirubin.direct=.1mg/dI
Blood urea nitrogen=16mg/dl
CO2.total=28mmol/l
Calcium.total=9.1mg/dI
Chloride=105mmol/l
Glucose.random=110mg/dl
Hepatitis B surface antigen (HBsAg).qualitative=non-reactive
Hepatitis C antibody (HCADb) (anti-HCV).qualitative=negative
02 saturation.oximetry=95%
Potassium=3.1mmol/l
Protein.total=6.3g/dl
Sodium (NA)=140mmol/l
eGFR=89
NLP:
ALT--ALT(ELEVATED)
NAUSEA--NAUSEA()

0INOV2010

Dx:
ABDOMINAL PAIN RIGHT UPPER QUADRANT(78901)

02NOV2010

Lab:
Creatinine=1mg/dl
Bilirubin.total=.4mg/dl
Alanine aminotransferase (ALT)=300u/l
Aspartate aminotransferase (AST)=152u/l

03NOV2010

Dx:
NONSPEC ELEV LEVEL TRANSAMINASE/LDH(7904)
Lab:
02 saturation.oximetrv=95%
NLP:
ALT--ALT(ELEVATED)
ABDOMEN--PAIN(ABDOMENOQCCASIONAL)
ABDOMEN--PAIN(ABDOMENSOME:;OCCASIONAL:CRAMPY)
ABDOMEN--PAIN(ABDOMENWORSENING)
OBS:
BMI=21.5
DBP=76
HR=72
SBP=122
WT=64.9

Fig. 2. Sample formatted patient data.




Table 3

Definition for identifying ALD cases after three revisions.

Inclusion criteria — any of the following
.

Diagnostic codes. Presence of an ICD-9 code corresponding to “Acute and subacute
necrosis of the liver,” “Other disorders of liver,” or “Jaundice, unspecified, not of
newborn”;

2. High transaminases. AST or ALT values of at least three times the upper limit of normal
(=3xULN), provided that there had been a preceding value less than two times the upper
limit of normal;

3. Transaminases and bilirubin. Either AST or ALT >2xULN and total bilirubin >3xULN
or AST/ALT =3xULN and bilirubin >2xULN.

Onset date

The first date an inclusion criterion was met, or up to a week earlier if there were
nonspecific hepatic ICD9 or NLP terms consistent with the onset of acute liver disease.

Exclusion criteria — any of the following
Related to onset

1. Bile duct obstruction codes within seven days of onset.

2. Pancreatitis codes within 30 days of onset.

3. Viral hepatitis codes or NLP within 30 days of onset.

4. Metastatic cancer codes within 30 days of onset.

5. Chemotherapy codes within 30 days of onset.

6. Liver transplant before onset.

Related to underlying conditions

7. Cholangitis codes appearing at least two times in the record.

8. Persistent transaminase elevation. Multiple values of AST/ALT >3xULN, not contained
within a 183-day window and with no AST/ALT values <2xULN intervening. Does not
exclude when there is an AST/ALT >6xULN.

9. Other chronic conditions. Codes for sarcoidosis or other chronic nonalcoholic liver
disease, plus NLP terms for cirrhosis.

Rule

Subjects with an inclusion criterion and no exclusion criterion were counted as cases of
acute liver disease with onset as specified.

100
Sensitivity

80 »
s N &ule-positive individuals

Percent
[=1]
o

F-3
o

20

0 1 2 3
Rule Update

Fig. 3. Sensitivity, rule-positive percent and PPV with sequential rule updates. All
rules applied to the fourth (test) data set.



“Text mining electronic hospital records to
automatically classify admissions against disease:
Measuring the impact of linking data sources”
(Kocbek et al, J Biomed Inf)

* Goal: Examine effect of multiple data sources at
recognizing 8 key diseases

* Method: SVM with radiology, pathology, patient
and hospital admission data. "NLP” using
MetaMap/UMLS.

* Result: Radiology, patient, hospital data most
useful for detecting diseases.

* Conclusion: Linking data sources improves
overall performance 27742349



Hospital Admission

Radiology Question

50yo complaining of left
shoulder pain. Tender
generally. Difficulty
abducting the shoulder past
45 degrees. Home on HITH
tomorrow - either inpatient or
outpatient please. Ultrasound
Shoulder performed on ...

Radiology Report

Mobile Chest performed on 01-JAN-2012 at 09:27
AM: The nasogastric tube has its tip in the stomach.
The tracheostomy is seen at T2 level. There is left
basal atelectasis and small left pleural effusion,

unchanged from 2 days ago. Mild pleural calcification

at the right upper zone.

Metadata

Patient admission data

Age: 50
Gender: F
Ethnic Origin: N/A

Hospital admission data

Date of admission: Jun/12

Pathology Report

Urine Culture  Acc No: [removed] Source: Urine
------- URINE MICROSCOPY (PHASE
CONTRAST) -------- Leucocytes x10%L (Ref
<10).... <10 Erythrocytes x10%/L (Ref <10)
Squamous epithelial cells....... Very few
CastS..iiireriee e, 1+ . The casts were hyaline ...
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“Using automatically extracted information from
mammography reports for decision-support”
(Bozcurt et al, J Biomed Inf)

« Goal: Combine NLP extraction with Bayesian
decision support for breast cancer dx.

 Method: NLP system generates input to Bayes
Network. Predict prob(malig) & BI-RADS
assessment.

* Result: 98% performance on BI-RADS. 95%
concordance with reference on malignancy

* Conclusion: NLP can generate features for
accurate patient classification.
26911811



( Radiology

Images Observations
—_— L /Dictations
Hospital
Information
System

\

Extracted Data

NLP
Pipeline

of

Overview

Radiologists

|

Decision
Support
System

Output:
Results

Reporting Workstation

Fig. 1. Decision support tools developed and their relationship to the radiology workflow.
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7/15/1999 CLINICAL: Nodules daughter had
premenopausal breast cancer Comparison &
made to exam dated: 7/16/19397 There are
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;27 "#18A UNILATERAL RIGHT DIAGNOSTIC MAMMOGRAM: 7/11/2001 CLINICAL: 6 month follow up Rt breast asymmetric tissue.
Comparison is made to exams dated: 1/24/2001 1/18/2001 and 10/21/1999 Froedtert Memorial Lutheran Hospital. The tissue of the right breast is
|heterogenecusly dense. This may lower the sensitivity of mammography. Because the breast is dense physical exam is proportionately more
%important. There is a 1.2 cm irregular mass with an indistinct margin in the right breast at 12 o'clock in the anterior depth as palpated. Compared to
|previous films this mass is more defined. This mass is seen in the additional views. Recommend ultrasound examination for further evaluation. A
|BB was placed on the skin denoting the palpable area of thickening. There also is an area of grouped coarse calcifications in the right breast at 10
|o'clock in the posterior depth. Compared to prior exam this calcification region is not significantly changed.

328 10/10/2003  #"

|28 "#42A BILATERAL DIAGNOSTIC MAMMOGRAM: 10/10/2003 CLINICAL: Hx of Rt lumpectomy 8/2001 therapy. Pt had benign stereo
|bx Oct 2002.Patient had lung cancer in 1988 Rt lung removed. Hx large left axillary node. 3 cousins dx breast cancer. Comparison is made to
\exams dated: 10/10/2003 and 4/11/2003 Froedtert Memorial Lutheran Hospital. There are scattered fibroglandular elements in both breasts that
\could obscure a lesion on mammography. Benign appearing calcifications are present in the right breast. There is a focal asymmetric density in the
[right breast at 11 o'clock in the anterior depth which most likely represents a post surgical scar. Compared to previous films this focal asymmetric
1density is not significantly changed. Associated with this focal asymmetric density is architectural distortion. Surgical clips outline the lumpectomy
|site. There also is an area of fine calcification in the right breast in the posterior depth central to the nipple. Compared to prior exam there is an
lincrease in the number of calcifications. Repeat magnification views of the right breast in CC and ML projections should be performed to help
establish stability as precise comparison between the previous CC and ML magnification views and the current MLO magnification view is difficult.
There also is an area of fine calcification in the left breast at 6 o'clock in the anterior depth. Compared to prior exam there is an increase in the
Inumber of calcifications.

Fig. 2b. Output from NLP system on GATE NLP GUI.
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“Information extraction from multi-institutional
radiology reports” (Hassanpour et al, Al in Med)

» Goal: Extract key features from radiology
reports to inform clinical QC & research.

* Method: Discriminative sequence classifiers for
NER. Applied to 3 healthcare systems. Used
information model of radiology concepts.

» Result: Extract concepts with F1=85%

 Conclusion: Effective method to annotate and
extract clinical information from free text for
clinical assistance and research.

26481140
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Fig. 1. A sample manually annotated radiology report in eHOST.



“Characterization of Change and Significance for
Clinical Findings in Radiology Reports Through
Natural Language Processing” (Hassanpour et al, J
Dig Imag)

» Goal: Identify significant changes across
radiographs over time.

* Method: Rules and machine learning to extract
NLP features. Trained for change and
significance.

* Result: Change F1 = 95%, Significance F1 =
75%

* Conclusion: Automated use of NLP to detect
significant radiographic changes, help M)s.-. ,
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Fig. 1 Overview of our methodology for characterization of change and significance for clinical findings in radiology reports




Specific Specialties



“Congestive heart failure information extraction
framework for automated treatment performance
measures assessment” (Meystre et al, JAMIA)

 Goal: Extract information about treatment
performance for CHF from text.

* Method: Rules, dictionaries, ML to extract
information about heart function (e.g. LVEF).

» Result: Medications, LVEF quantitative 91-98%.
Reasons for CHF med use 40%/30%
recall/prec.

* Conclusion: Can find key information about

CHF in text, but some categories more difficult.
27413122
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Figure 1. CHIEF general architecture.




Table 2. CHIEF information extraction results with exact matches (with 0.95 binomial exact confidence intervals)

Information extracted N Recall Precision F;-measure
Mentions of LVEF 2276 0.978 (0.971-0.984) 0.986 (0.980-0.990) 0.982
LVEF quantitative values 2200 0.910 (0.897-0.921) 0.939 (0.928-0.949) 0.924
ACEI medications 2949 0.994 (0.990-0.996) 0.976 (0.970-0.981) 0.985
ARB medications 591 0.978 (0.963-0.988) 0.960 (0.941-0.974) 0.969
Reasons not to take ACEI/ARB 483 0.311 (0.270-0.354) 0.247 (0.213-0.283) 0.275
Overall (micro-average) 8499 0.928 (0.922-0.933) 0.917 (0.911-0.923) 0.922
Table 3. CHIEF information extraction results with partial matches (with 0.95 binomial exact confidence intervals)

Information extracted N Recall Precision F;-measure
Mentions of LVEF 2276 0.986 (0.980-0.990) 0.994 (0.990-0.997) 0.990
LVEF quantitative values 2200 0.945 (0.934-0.954) 0.976 (0.968-0.982) 0.960
ACEI medications 2949 0.996 (0.993-0.998) 0.978 (0.972-0.983) 0.987
ARB medications 591 0.997 (0.988-1.000) 0.978 (0.963-0.988) 0.987
Reasons not to take ACE/ARB 483 0.404 (0.360-0.449) 0.321 (0.284-0.359) 0.358
Overall (micro-average) 8499 0.946 (0.941-0.951) 0.935 (0.930-0.940) 0.940




“Natural language processing to extract symptoms
of severe mental iliness from clinical text: the
Clinical Record Interactive Search Comprehensive
Data Extraction (CRIS-CODE) project” (Jackson et
al, BMJ Open)

* Goal: Use NLP to capture info for mental iliness

* Method: Build & Apply rules to 23K discharge
summaries. Attempted 50 key symptoms

* Result: For 46 symptoms, F1 = 88%.
Successful symptoms from 87% with MI, 60%
without.

* Conclusion: Symptoms of M| can be extracted.
28096249
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clinical notes of patients with heart diseases:
Developing and validating a natural language

processing application” (Topaz et al, Int J Nurs
Stud)

« Goal: Extract information about patient wounds.
Only 46% of charts have structured wound info.

 Method: MTERMS engine for NLP. Built
information model using terminologies +
keywords.

« Result: 101 notes. F-measure 93%. Best =
wound treatment, worst = wound size.

* Conclusion: Free text can supplement poorly
coded data with extraction of key wound_ ...



Wound type: Venous Leg Ulcers AnatomicLocation: Right Lower Extremity

— —
— —

She has chronic venaﬁs stasis withﬂR_l‘f _‘lu lcers
treated with(Silvadene.]Wound size:

Wound Treatment: Silvadene Wound Size: Length- 3.5 cm; Width- 2
(SILVER SULFADIAZINE) cm; Depth-1 cm.

Fig. 2. Wound information annotation example.
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Fig. 3. Distribution of wound type information in the clinical notes.



Other settings



“Identification of Nonresponse to Treatment Using
Narrative Data in an Electronic Health Record
Inflammatory Bowel Disease Cohort”
(Ananthakrishnan et al, Inflam Bowel Dis)

* Goal: NLP of charts to characterize response to
IBD treatment (antibodies to TNF-alpha)

* Method: Regression on narrative text, coded
complications, procedures & med features for 3
classes: response, partial, non-response

» Result: 33% correlation with MD grading, 18%
nonresponse, 21% partial, 56% complete.

» Conclusion: Promising initial results for drug
response 26332313



Validated
cohort of
CDandUC
patients

-

“potential anti-TNF users”
[ = 1 coded or narrative

mention]

Derivation set
100 patients
165 anti-TNF starts

Derivation set
87 patients
93 anti-TNF starts

Classification
Algorithm

Validation set
50 patients
S0 anti-TNF starts

True anti-TNF users

Multivariate
regression
model

Non-responders
Partial responders
Complete responders

Validation set
87 patients
93 anti-TNF starts

FIGURE 1. Flowchart representing study procedure to identify non-
response to treatment in the EHR.

TABLE 2. Univariate Analysis of Predictors of
Nonresponse to Anti-TNF Biologic Therapy in IBD

Term Odds Ratio for Nonresponse
Pain 1.01 (1.00-1.02)
Diarrhea 1.09 (1.03-1.15)
Relapse 1.12 (0.59-2.11)
Abdomen 1.01 (1.00-1.02)
Bleeding 1.01 (0.92-1.10)
Tenesmus 1.01 (0.50-2.05)
Colonoscopy 1.03 (0.99-1.08)
Fatigue 1.18 (1.04-1.34)

Absence of pain
Remission

0.92 (0.65-1.29)
1.00 (0.89-1.12)




“Modelling and extraction of variability in free-text
medication prescriptions from an anonymised
primary care electronic medical record research
database” (Karystianis et al, BMC Med Inf)

 (Goal: Extract detailed medication dose
iInformation from free text.

 Method: Rules to extract applied to primary care
data

 Result: On 220 free text directions, 91%
accurate a prescription level, 97% across
individual attributes.

* Conclusion: Good ability to extract detailed
dosing information from free text. 26860263



\

CPRD prescriptions

1.Application of dictionaries and rules

—>  dose unit

—» dose number —

—> dose frequency—

2.Structuring the extracted information

—— i ————————————————

o ————— — o —

——>» dose interval ——

Fig. 1 The two-step approach for the extraction of structured dose information from CPRD prescription instructions




Table 1 Examples of prescription instructions represented in our model

Prescription dn_min dn_max df_min df_max di_min di_max dose unit
take 2 tablets 4 times a day 2 2 4 4 1 1 tablet
2 tabs gid 2 2 4 4 1 1 tablet
a half to one tablet to 2 three times a day when required 05 2 0 3 1 1 tablet
10 mg to be taken weekly 10 10 1 1 7 7 mg

2 with each meal 2 2 3 3 1 1 ?
take 2.5 ml twice a day 25 25 2 2 1 1 ml
half a tablet twice a day when required 05 05 0 2 1 1 tablet
2 puffs 6 hrly prn 2 2 0 4 1 1 puff

1 to 3 every day 1 3 1 1 1 1 ?

one or two to be taken every 4 to 6 hours 1 2 4 6 1 1 ?
take as directed 1 ? ? ? 1 ? -
apply as needed 1 1 0 ? 1 ? -

dn_min is dose number (minimum), dn_max is dose number (maximum), df_min is dose frequency (minimum), df_max is dose frequency (maximum), di_min is
dose interval (minimum), di_max is dose interval (maximum). Additional file 1: Table S1 contains examples of frequent Latin abbreviations

Table 2 Examples of rules for the recognition of dosage attributes in medication data

dosage attribute

(number of rules) examples identified span (in bold)
rule — a(verb) [@number]| a(DoseUnit) eq('each’) (@period
take two capsules each morning Take two capsules each morning
dose number
(149 rules)
rule — a(verb) [@number]| a(timeUnitLy)
take one daily take one daily
rule — a(verb) [@number] eq('times")
per day apply 3-4 times Apply 34 times
dose frequency
(90 rules)
rule — a(verb) (@number a(DoseUnit) [@perTimeUnit]
inhale 2 puffs three times a day inhale 2 puffs three times a day
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temporal assomahons from clinical narratives with
an application to medical product safety
surveillance reports” (Wang et al, J Biomed Inf)

« Goal: Tag and extract temporal information from
narratives, associate with related events.

* Method: “Shallow” syntactic information
extracted with rules. Built model of temporal
statements.

« Result: 86-88% F-measure on 140
FAERS/VAERS. Correct on 69% of event
relations in 12b2 test set

* Conclusion: Temporal information models can
extract useful temporal data from narrativéeztesd.



e Date - if a time string does NOT contain time intervals such as

“day”, “month”, “year”, “hours”, etc.

e Age - if a time string is followed by “old”, “of age”, “y/0”, or “yo”.
e Relative- if the time string:

O is adjacent to relative signal words, such as “before”, “after”,
“prior”, “later”, “earlier”, “post”, *“ago”, ‘“next”, and
“following”.

O contains words like “same”, “time”, “morning”, “evening”, as
well as weekdays such as: “Sunday”, and “Monday”.

e Duration - if the time string follows words like “for”, “over”,

“lasting”, and “within”.

e Frequency - if the time string follows words like “every” or “per”.
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