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Robast Classification for Ungrammatical and Fragmented Texts
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Abstract Nowadays, a large scale statistical medical studies using electronic medical records have drawn a great
deal of attention in the medical field. However, some parts of information in medical records are written in natural
language, requiring an information extraction technique from texts. In the information extraction field, there are
many previous studies starting from an early pattern match method to a recent tree-based pattern match method.
However, most of previous studies handle formal texts, such as news papers, patents, and technical papers. On
the other hand, texts in medical records includes ungrammatical or fragmented texts. To deal with such texts,
we propose a robust method to select a suitable approach for each input. The experimental results showed high

performance (88.9%), demonstrating the feasibility of the proposed method.

Key words Document Classification, Information Extraction, Natural Language Proceesing, Medical Record,
Parsing
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PAST MEDICAL HISTORY :

Spinal stenosis
Hysterectomy at the age of 32

QD , Zoloft 50 mg QD ,

SOCIAL HISTORY :

She does not smoke tobacco
She
Her
She
Her
She
She

friends check up on her .

Cryptogenic cirrhosis with an unclear work up .
Diverticular bleed requiring colostomy on May 96

No coronary disease , no diabetes and no hypertension .
She had medications on transfer which included Synthroid 0.15 mg
Inderal 10 mg BID ,

uses only occasional alcohol and she is not sexually active .
husband died of lung cancer .
lives alone in Burg Chi Sternafre , Massachusetts

does not have a home health aide .
has 3 kids who live far away .

Prilosec 20 mg QD .
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She is a non smoker .
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Please attempt to quit smoking .
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The patient denied using tobacco . smoking .

PAST-SMOKER

The patient is an ex-smoker .

PAST-SMOKER

Nicotine abuse , quit in the 80s , and rare alcohol .

NON-SMOKER

She does not drink alcohol or smoke tobacco or take drugs .

CURRENT-SMOKER

Smoker for greater than 100 pack years ( 3-1/2 packs per day x 35 years ) .

SMOKER

PAST MEDICAL HISTORY is remarkable for chronic lung disease due to smoking .

HPI 51F w h / o tobacco and crack use p / w SOB / DOE worsening over the past 3 weeks
CURRENT-SMOKER

and breast soreness , with troponin 0.15 in ED .

The patient is a 64-year-old male with a long standing history of peripheral vascular disease
and tobacco use who has had multiple vascular procedures in the past including a fem-fem
SMOKER bypass , a left fem pop once above the knee with PTFE graph and then again below the
knee with a refreshed saphenous vein graft as well as bilateral TMAs and a right fem pop
bypass who presents with a nonhealing wound of his left TMA stump as well as a pretibial

ulcer that is down to the bone .
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