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Abstract

This paper describes a text mining program that potes the Barthel score of functional status bylyriag
clinical notes stored in EHR and comparing therthtextual evidence provided by clinician exp€he program
demonstrates high accuracy and overall reliabibgsed on a relatively small number of expert-atrserd charts.
It offers an efficient and affordable method faiireating functional status using clinical notes. ifrportant
feature of the program is an architecture that litaies the interaction between users and the paogthat allows
the program to improve its performance based orfekdback from users.

Introduction

Functional status (FS) is a key indicator of pdtirerall health and quality of life. FS is usedl&iermine care
strategies and monitor changes in clinical stattsidies have also shown that FS predicts pataet@utcomes.
This finding has been demonstrated across diveenp populations including older adults whoseig-&ften
complicated by frailty, multiple comorbidities, ahdterogeneous cognitive abilities. Several imsgnts are
available that capture FS with the more commonpliad being the Barthel Index (BI), Functional Ipgadence
Measure, and the Rankin Score (Balu, 2009), (Cé&hbtarino, 2000) and (Hobart, et al., 2001). While
architecturally different, these tools all captdimensions associated with ability to perform neaegactivities of
daily living (ADLs). Indices to measure FS havebéeveloped for research purposes but are notalpian
integral part of data collected strictly for clinigpurposes. An alternative is to derive the fiomal measurement
scale directly from clinician notes recorded in ffagient electronic health records (EHR). In thinner,
standardized scores can be reported without requardlditional data collection efforts. These scaasnot only
inform direct clinical care, but also provide systkevel information to improve healthcare delivery.

An automated method of assessing patient’s funatiahility is particularly useful to nursing homenainistration.
Under CMS Nursing Home Quiality Initiative, nursihgmes are required to collect a Minimum Data SeD8Yifor
assessing functional capabilities of each of thesidents. The MDS contains quantified ADLs measthat can be
cross walked to items on FS indices allowing ddidvaof a FS score. However, this information i$ oallected for
long-term care patients who do not reside in a kdiMedicaid-certified nursing home presentingndormation
gap for such patients and inability to compareguati across care settings. The need for compaaiswss long
term care settings will become increasingly impatres new models of non-institutional long termecdelivery
emerge. One example of such non-institutional satiee Department of Veterans Affairs Medical Fosteme
(MFH) Program. With efforts to evaluate this alt&iae to nursing home placement, we sought a mefitrodirect
FS comparison among veterans in this program coedgarveterans in nursing homes.

The MFH program is an innovative housing optiomvimch veterans with long-term care needs residke aitamily
in the community instead of an institutional segtifihe VA initiated the MFH program in 2006 as #eraative to
nursing home care. The MFH Program began as aipilQ00 in Little Rock, Arkansas. Two more progem
followed: one in Tampa, Florida and another in $aan, Puerto Rico. As of February 2013, the MFHyRm is
operational and assisting veterans with MFH sadadti 86 sites in 42 localities. The program isangling to 102
sites in 48 states and territories. To date, 1yE2@rans have been served, and there are preS@dtisaregivers,
565 Veterans in MFHs nationally.

While there is a general belief that the MFH peogiis a safe, effective, and preferred modeldiog-term care,
data supporting these assumptions are anecdotitiédnally, individual variations among caregivaswell as
patients that may influence program success akmawn. Given the key role of FS to patient care antomes,
this variable must be included in any program eatidun. As part of a larger project comparing thietya efficacy
and cost-effectiveness of the MFH program to th€(this project develops a tool that scores FS febnician
notes thereby providing a FS measure for MFH pttiaend reducing data collection burden.

The Barthel Index is applied frequently in geri@pbpulations to assess functional status accotdiimdividual's
ability to attend to activities of daily living (ADB). It captures actual rather than potential cédipgband the
preferred source of information is direct obseatiThe instrument contains 10 items: FeedinghiBgt



Grooming, Dressing, Bowels, Bladder, Toilet usenBfers, Mobility, and Stairs. Each of these itamesrated
according to level of independence. Figure 1 hasxample of the Barthel Index form (Collin, WadeJies, &
Horne, 1988) with a brief score interpretation. Egample, Feeding is rated between three levdlhieOpatient is
unable to feed himself or herself), 1 (needs hetting, spreading butter, etc.) and 2 (the patieable to feed
himself or herself independently). Items have défe weights according to dependence level stratifin. For
example, Bathing scores is between 0 and 1 whdedferring score ranges from 0 to 3. Scores gdpeegresent
ability within the past 24-48 hours; however, agenor shorter time frame may apply according imi@hl status.
The sum of itemized scores produces a total sbater&anges from 0 to 20 with lower scores indicatower level
of independence. (In literature, the Barthel Intealso measured in the [0, 100] scale. For exanipkeding”
score can be 0, 5 or 10 instead of 0, 1 or 2. EXfoeghe multiplier, there is no difference betweble two versions
of Barthel Index.) It is noted that changes of ntbian two points (10%) in total score reliably eefithe genuine
changes in FS. Barthel Index has high inter-ragiability (r = 0.95) and test-retest variability£ 0.87) as well as
high internal consistency (Cronbach’s alpha > O(8@®hen & Marino, 2000) (Hobart, et al., 2001).nCorrent
validity has been demonstrated through high cdicgla between the Bl and other measures of FSdirguthe
Katz Index (k = 0.77) and the Kenny Self-Care Easibn (Spearman r = 0.73) (Cohen & Marino, 2000).

Barthel Index of Activities of Daily Living

Instructions: Choose the scoring point for the statement that most closely corresponds to the patient's current
level of ability for each of the following 10 items. Record actual, not potential, functioning. Information can be
obtained from the patient's self-report, from a separate party who is familiar with the patient's abilities (such as a
relative), or from observation. Refer to the Guidelines section on the following page for detailed information on
scoring and interpretation.

The Barthel Index

Bowels Transfer

0 = incontinent (or needs to be given enemata) 0 = unable - no sitting balance

1 = occasional accident (once/week) 1 = major help (one or two people, physical), can sit
2 = continent 2 = minor help (verbal or physical)

Patient's Score: 3 =independent

Patient's Score:
Bladder

0 = incontinent, or catheterized and unable to manage Mobility

1 = occasional accident (max. once per 24 hours) 0 = immobile

2 = continent (for over 7 days) 1 = wheelchair independent, including corners, etc.

Patient's Score: 2 = walks with help of one person (verbal or physical)

3 =independent (but may use any aid, e.g., stick)

Grooming Patient's Score:

0 = needs help with personal care

1 = independent face/hair/teeth/shaving (implements Dressing

provided) 0 = dependent

Patint's Score: 1 = needs help, but can do about half unaided
- 2 = independent (including buttons, zips, laces, etc.)

Toilet use Patient's Score:

0 = dependent

1 = needs some help, but can do something alone Stairs

2 =independent (on and off, dressing, wiping) 0 = unable

Patient's Score: 1 = needs help (verbal, physical, carrying aid)
- 2 =independent up and down

Feeding Patient's Score:

0 = unable

1 = needs help cutting, spreading butter, etc. Bathing

2 =independent (food provided within reach) 0 = dependent

Patient's Score: 1 =independent (or in shower)

Patient's Score:
Total Score:
(Collin et al., 1988)

Scoring:

Sum the patient's scores for each item. Total possible scores range from 0 — 20, with lower scores indicating
increased disability. If used to measure improvement after rehabilitation, changes of more than two points in the
total score reflect a probable genuine change, and change on one item from fully dependent to independent is also
likely to be reliable.

Figure 1: Barthel Index Form

Healthcare researchers, administrators and praviskertome increasingly interested in methods tockrtioe
valuable stock of narrative information stored liec&ronic health records (EHRS). Currently, unstrced data in
narrative format are underutilized because theynate@menable for automatic processing by computedsthe
high volume of data makes manual extraction castipitive. In recent years, a number of initiatitegpromote the
development of Natural Language Processing (NLéHrtelogy for healthcare have been implemented. For
example, the National Institute of Health helpedreate and provided funding for the Informaticsifaegrating
Biology and the Bedside (i2b2) with focus on prom@tNLP and and text mining applications in headiiec

Objective

This study used NLP techniques to extract FS in&tion from clinical notes and computed Barthel ssor
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Figure 2: Architecture of Barthel Index extraction program

Method

System architecture

The high-level system architecture of the extracpoogram is described in Fig. 2. The input for $listem consists
of clinical notes obtained from the Veterans Hebiformation Systems and Technology Architectures(®) - VA
EHR. Each text file (patient chart) consists ofstém hundreds of clinical notes recorded withirrexgietermined
time period.

The first step of the process is a syntactic aimlymt breaks a file into documents and perforarsous tasks such
as sectioning and sentencing based on syntadtiles. rAs a result, each clinical document is mapptxdan object
that has basic attributes such as document ideatiiiin number (ID), document date and also a nesttadture of
sections, paragraphs and sentences.

The main step of the algorithm is the semanticyaigl Initially, sections known to be irrelevanthe FS extraction
such as administrative and demographic informadi@nexcluded from further analysis. All other sewsi are then
analyzed sequentially. Within each section, semg@ee subjected to a two-step “matching” procBss. pieces of
information are evaluated. The first one istihgic relevancyand the other is tHanctional status leveFor
example, a sentence may be relevant to “Feeding/afithe same time provides information that allavisrring

the “needs help” level (1). However, it is also gibke that the topic relevancy information and Rf8imation are
found in different sentences. What remains invarigthat the topic information always precedesRBe
information as far as sentences are concerned.iffasiance is used in the algorithm to link twegqes of
information together.

Steps in the semantic analysis are as follows:

1. First, each sentence is analyzed byttpéc matchetto decide if it is relevant to one of ten Barthralex
topics. The computed matching score is a numbevdsat O and 1. If the score is higher than an
empirically selected threshold, the sentence ikethas “matched” for the topic.



2. Next, the marking of a sentence triggers the Bhigeoring. This applies not just for the markedsece,
but also for the rest of the section in which thetitence is found until a sentence marked wittifardit
topic is encountered.

3. Blitem scoring is applied for each FS level acaogdo the item specifications. For example, “Fegdi
has three levels, “Bathing” has two while “Transfeg” has four levels.

4. If a sentence matched the FS level, a pie@viofencds generated that includes the topic, the scode a
the actual sentence where it is found. The inclusigdence is used for the diagnostic purpose. Seppo
for example, a clinical note includes sentencefgsds himself with fork and spoon”. The word ‘s
will match the BI “Feeding” topic. Words “feeds” @fthimself” will match to a score of 2 which
corresponds to an “independent” FS level. The falhg piece of evidence will be generated (in XML
notation):<evi dence><t opi c>Feedi ng</ t opi c><scor e>2</ scor e><support >pt. feeds
hinself with fork and spoon</support ></evi dence>.

5. The Bl itemized score for a patient is calculatg@beraging the evidence scores for each of tetofdts.
The Barthel (total) score is the sum of itemizeakrss.

Both components of the semantic analyzer, the to@itcher and the item scorer, use an algorithmctilatlates
thesemantic similaritypetween two sentences. Essentially, in this agitin, the domain knowledge contains the
sentences or phrases that are manually extractegd®gyrt clinicians as the evidence to support lueigment of
patient functional status (see below). While scagmiinical notes, the algorithm compares the sads in the
notes with the sentences in the knowledge base@mgutes their semantic similarity scores. If timeilarity score
passes a threshold then two sentences are cortsiteatched”.

Clearly, the goal of the algorithm is éonulate clinician’s judgmergtbout patient FS. In other words, the algorithm
makes no attempt to “understand” clinical notedyasan experts do, to get the Barthel score. Idstba

algorithm uses a simpler and more efficient apgnp#tat is, to copy the observable behavior of huereerts.
Specifically, the algorithm tries to pick up thentences in clinical notes that are similar to thielence used by
experts to arrive at their judgment. Figurativehe relationship between the human expert andlgogitom is
analogous to the relationship between the engiwberdesigns a machine based on understanding tefinsys
requirements and technological properties of matednd the assembly line workers who, followingieaer’s
instruction, make serial production of the machimech faster.

This approach has a number of implications. Firg,accuracy of the algorithm Barthel score caenoted the
accuracy of clinician judgment about Barthel Ind8uppose that two experts have different judgmentssing
different pieces of evidences, then that diffeeewid| be carried over into the algorithm extracti®r if some type
of evidence is completely missed by human exptrés) the algorithm will miss it too.

Expert provided knowledge

As illustrated in the Fig. 2, the semantic analyzszs the knowledge base to analyze clinical rtoteseate
evidences for FS evaluation. Because the domaiwledlge provided by clinician experts played a alble, in
this approach we set out two design criteria ferittieraction between the software and its thenaed users - the
domain experts. First, the interaction must be &napd intuitive. Second, the interaction must depdive i.e., the
software must be able to improve itself based erfeledback of the users.

In this project, two of the authors with clinicadgertise went through a sample of clinical notesiaeted relevant
sentences for each of Barthel Index items with é&es Data for the item “stairs” were infrequergiailable,
hence, this item was omitted. Fig. 3 provides aangple of the expert input that is used to creagektiowledge
base. For example, the presence of sentence “TAONG/Montinent — Continent of elimination” implielsat scores
for “BOWEL” and “BLADDER” items are 2.

Alternatively, the experts can just go over thaickl notes, directly highlight the relevant semtenand insert their
evaluation score. A program will collect the higjiied sentences and put them into the knowledge bas

In addition to the expert extracted sentencesktiogvledge base also consists of a glossary of alatiens,
medical terms and the special lexicon that ardawtd in a standard dictionary of general purpassh s
WordNet, a publicly available semantic dictionafyEmglish developed at Princeton University (Felibra 2005)
For example, the glossary of abbreviations founsllifH corpus consist of tokens such as “adls” whitands for
“activities of daily living” or “4ww” for “4-wheela@ walker”, “wfl” for “within functional limits” etc



Bowel

Continent of howel and bladder, [BOWEL = 2; BLADDER = 2) Continent of bowels and bladder. (BOWEL
=2; BLADDER=2)

Continent of B&E (BOWEL= 2; BLADDER = 2)

Continent howel & bladder (BOWEL = 2; BLADDER = 2) & uses bathroom in room _
TOILETING/Continent - Continent of elimination, (BOWEL= 2; BLADDER = 2)

Bladder
Continent of howels and bladder, (BOWEL= 2, BLADDER = 2)
Continent of B&E (BOWEL= 2; BLADDER = 2)
Continent howel & bladder (BOWEL = 2; BLADDER = 2) & uses hathroom in room _
Continent of uring, [BLADDER = 2)
TOILETING/Continent - Continent of elimination. (BOWEL=2; BLADDER = 2)
GU:continent of urine (BLADDER = 2),
Continent of howels and bladder, (BOWEL=2; BLADDER = 2)
5
BIOPHYSICAL ASSESSMENT
WML Able to void without pain or difficulty, continent, urine clear, yellow,

Grooming

He was assisted with set up of oral care and then he brushed own testh, (GROOMING = 1)

Grooming Extensive assistance (GROOMING = 0)

DRESSING/GROCMING/BATHING - Independent with minimal assistance with bathing (_
GROOMING = 1; RIS

Figure 3: Sample of expert provided input

In this application, the expert knowledge in therfmf extracted sentences can be used in two diffanodes.
Originally, it is used as the seed knowledge tmtilae system. However, after the initial trainimgg allow human
users to use the program in an interactive modeidzins can improve the performance of the progbgradding
more sentences it misses and rejecting the falsiéiyevidence that the program captures. Thieradtive feature
enables the program to improves itself withoutititervention of the software developers.

Semantic matching

The semantic matching in this application is amatgm based on word occurrence and the semaiitaeship
between words.

Given the body of expert evidence, for each worthencollection, we compute numbers called ridevancy
weighstby a formula similar to the popular TF-IDF or therm Frequency - Inverse Document Frequency
technique (see for example (Hand, Mannila, & Smg00Q1)). The term frequency component measuresdfi@n a
given word appeared in the expert evidence refatedtopic or a FS level. The inverse documentufeagy
component measures how uncommon the word is igeheral corpus, not just in the relevant sentebaealso in
irrelevant sentences. For example, for the “Bowafiic, words such as “continent”, “bowel”, “toileliave high
relevance weights while other auxiliary words hioxe relevance weights. There are different releeamembers.
The topic relevancy is used for the topic matctdng the FS relevancy is used in the Bl item scorer

Suppose thas, is a sentence in the domain knowledge baseSaiscanother sentence in a clinical note currently
under examination. The similarity 8 to S, reflects the extent to which weighted wordsjrare “found” inS,. The
meaning of “found” in our algorithm is understoaditg broadly. Not only are literal occurrences af@d counted
as “found”, but also synonyms and various gramnahafrms. To account for the ambiguity, the matghietween
two words is graded between 0 and 1 where 1 mearaci occurrence and 0 means completely unrel@tesllist

of synonyms and grammatical forms of a word is ioletz by using MIT Java WordNet Interface (Finlaysadl1).

Data

The set of 30 patient charts, manually abstracyetvb experts, arrived in two batches at differémies. The first
batch has 10 patients. The evidence for thosenatie used ttrain the program (instantiate the knowledge base).
The later batch of 20 patients is usediestthe performance of the program. The size of eatiept chart,

consisting of tens to hundreds clinical notes, esnfgom 200K to 2,000K, or equivalently, 5,000 60 text

lines. On average, it took an expert about 4 htursanually complete one chart abstraction. AlB@fpatient



charts are selected randomly from the Medical Fastene (MFH) patient pool. The representativendshe
sample is important because if sentences or phodsespecific type were systematically missed ftbmexpert
knowledge input then the algorithm would also faitapture them in clinical notes.

Results

The algorithm was implemented in Java. Running ondéivs 7 system with Intel Core5 processor, it sabe
average about 2.5 minutes to complete scoringpatiant chart. We have tested the algorithm peréoree on two
data sets.

Test case 1: 20 MFH patientsTraining data includes 10 manually abstractedepatharts from MFH pool. The
test data includes another sample of 20 patiemtsfram the same MFH pool that is randomly selédte manual
abstraction.

The manually abstracted Barthel scores are plaityaihst the scores calculated by the programHige&). The
Mean Square Error MSE (Algorithm Barthel score pé&ix Barthel scoré)s 7.14. The Root Mean Square Error
(RMSE) is 2.67 or 13.35% of the score range (20)s Tiumber can also be interpreted relatively eortiability of
Barthel Index as a measure of FS. Studies haversttmat changes of more than two points in the ®Bsathel
score reflect a probable genuine change in FS edtebilitation (Collin, Wade, Davies, & Horne, B)8 Thus, the
reliability of the algorithm score with respectexpert Barthel score is comparable to the relighif expert
Barthel score with respect to the true FS.

The relationship between the expert score on tparighm score can be understood via standard liregaession in
which the expert score is treated as the depemndeiatble and the algorithm score as the independeidble.
Using this regression equation, one can estimateniobserved expert score from a given algorithones
perfect relationship between the two scorings (@lgmic and expert) would be described by a regoesiine with
the zero intercept and the unit slope. The cldsestope to the unity the better and the closeeto the intercept
the better. The actual regression shows a smalhegditive intercept (-0.95) and the unity slop@@21) which
together with high adjusted R-Squared value of @iriflicate a very good agreement between the #goiscores
and the gold standard of expert scores.

Scatter (20 MFH cagses)

Barthel score by Human experts
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Figure 4: Expert abstracted Barthel score vs. Algathm Barthel score (MFH corpus)

The linear regression output

Li near regression nodel:

y ~ 1+ x1
Esti mat ed Coefficients:
Esti mat e SE t St at pVal ue
(Intercept) -0.95622 1.2148 -0.78715 0. 44143
x1 1. 0021 0.11823 8. 4765 1.0647e-07

Nunber of observations: 20, Error degrees of freedom 18
Root Mean Squared Error: 2.64

R-squared: 0.8, Adjusted R-Squared 0.789

F-statistic vs. constant nodel: 71.9, p-value = 1.06e-07



Measure such as Precision, Recall and their hacran@rage, the F1-measpage routinely used to evaluate the
performance of text mining and information retrilefdzuner, Solti, & Cadag, 2010). In this applicatj because
the variable of interest, Barthel score, is quatitie rather than dichotomous (True/False) thosasmes are not
very helpful. However, to facilitate a comparisdroar performance numbers with that of other meghiod
literature, we create binary class labels for patdharts based on the expert Barthel score. Waelgfligh
functional as “expert Barthel score is higher than 10” abhdw functional if “expert Barthel score is less than or
equal to 10. Clearly, this conversion loses some informatienduse, for example, it would classify two patients
with Barthel scores 11 and 20 respectively withgame label “High functional” even they are faiifferent in
terms of FS. Acknowledging the limitation, we cdéte ROC curve and the AUC (0.9643) parameterspimatide
more information than a Precision-Recall pair.

ROC (AUC = 0.9643)
(20 MFH cases)

09-

0gr

07-

True positive rate
o o =2 o o 9o
S m W = n @

o

I L L . . . . L L I
0 01 02 03 0.4 0s 06 07 08 08 1
False positive rate

Figure 5: ROC curve and AUC (MFH corpus)

Test case 2: 123 CLC patientsPreviously, the program was tested on 20 MFHepatiharts after training on a
collection of 10 MFH charts. In this test, the prang was run on a set of 123 patients charts randsebécted from
the pool of patients who reside in VA Nursing Horkeswn as Community Living Centers (CLC). Thesarth
include Minimum Data Set (MDS) data required by Medicare Nursing Home Quality Initiative. Barttsglores
for CLC patients can be derived from MDS data. atnto know how the algorithm, using the sentemstsacted
by experts from MFH charts, predicts the MDS Bdrtioeres available for veterans residing in CLCs.

The training data include all 30 expert abstracteaits for MHF patients. The testing data are 1PG @atient
charts for whom MDS Barthel scores are available WMISE is 9.21 (RMSE is 3.04). Linear regressiothefMDS
Barthel score against the algorithm score is abkslm Fig. 6. The intercept is 2.0518 and th@slis 0.81155.
The values of R-squared and Adjusted R-Square@.842 and 0.538 respectively.

Discussion

Comparing performance of two tests, we see somadedn performance when the algorithm is applied text
corpus from which it does not have training datee @eterioration of performance on CLC corpus caoegbavith
MFH corpus can be seen in terms of RMSE (3.04 ¥¥)2and the calculated parameters of the regmeéisies:
intercept (2.05 vs. -0.95) and slope (0.81 vs..I.Ag effect can also be seen in terms of AUCH@<L 0.88) and
ROC curve. Nevertheless, under this worst caseasicerthe performance numbers are still practicadigful and
are comparable to results reported in medicalrténing literature (see the discussion of relatedka)p For
example, along the ROC curve, at a false positite (FPR) of 0.2, the algorithm attains true pesitate (TPR) of
0.8; at FPR of 0.4, the TPR is 0.9. Overall AUQueadf 0.88 shows the robustness of the algorithm.
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Figure 6: MDS Barthel score vs. Algorithm Barthel gore (CLC corpus)

The linear regression output

Li near regression nodel:

y ~ 1+ x1
Esti mat ed Coefficients:
Esti mat e SE t St at pVal ue
(Intercept) 2. 0518 0. 7099 2.8903 0. 0045628
x1 0. 81155 0. 067865 11. 958 3. 0989%e- 22

Nunber of observations: 123, Error degrees of freedom 121
Root Mean Squared Error: 2.96

R-squared: 0.542, Adjusted R Squared 0.538

F-statistic vs. constant nodel: 143, p-value = 3.1le-22

Under the same convention defined earlier for “Highctional” and “Low functional”, the ROC curve @AUC
(0.877) are calculated.

ROC (AUC =0.8777)
Label = TRUE if database Barthel score = 10)
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Figure 7: ROC curve and AUC (CLC corpus)

Some decline in performance is not surprising. &l@e at least two plausible factors which are stipd by our
ex-post diagnostic analysis. The most obvious srteé mismatch in terms of textual and linguistiaracteristics
between the expert sentences provided for traiwinigh were taken from the MFH corpus and the clihimtes
that the algorithm analyzes (the CLC corpus). Bsedhe algorithm works by computing the semantitlarity
between the training sentences and that in thecalinotes, relevant sentences from the same cdwues a greater



chance of being picked up. Put it differently, sosaenantically relevant sentences in CLC notes coelthissed
because there are no similar sentences in the kdgelbase. To address this issue, it is necessaddtinto the
knowledge base the sentences extracted by expemsGLC corpus.

The second factor that contributes to the dechrtbe mismatch in terms of scope between the bbdlnical
notes that is used by the algorithm to computeHl&hdcore and the score inferred from MDS dataicgly, the
CLC clinical notes fed into the algorithm reflebetpatient health situation over a relatively Ig@egiod (about six
months) while the Barthel scores inferred from MiB§uist a snapshot (24-48 hours). During the lomgeiod,
patient’s health condition may change significarflgr example “Feeding” FS may regress from “incheleat” to
“needs some help”. A snapshot view like MDS liken capture only one of the states while the dimotes have
evidence for both FS levels. The act of averagimgati the evidence would lead to a score thatfferént from the
snapshot score. This conclusion is supported Bx&post manual analysis of several outlier cadesrgithe
difference between algorithm score and MDS scolarge. One of such cases represented by a padim¢iplot
(Fig. 6) where algorithm score is 16 and MDS Bdrsieere of 6. This problem could be addressed inigea
narrower window for the clinical notes to be ussedngput of the algorithm.

Related works

Various machine learning techniques have been toiedinical text mining problems. The most comrhyonsed
methods are rule-based inference and statistiaasification models such as logistic regressioppstt vector
machine and its variants. For example, (McCartnBgrJarman, Finch, & Luther, 2012) wanted to ideralls
within clinical text associated with an ambulatencounter. Their data consisted of 26,010 annotitedments
from 2,241 patients who were selected based omdklted ICD-9-CM E-code. They trained three difer
statistical text mining using logistic regressiod aupport vector machine (SVM) models on 70% efdhta tested
the models on the remaining 30% of documents. Tepgrted high AUC scores of 95% or more for alethr
methods. (Botsis, Nguyen, Woo, Markatou, & Ball12) used 6034 US Vaccine Adverse Event Reportysgeth
(VAERS) reports for HIN1 vaccine with positive/ntga for anaphylaxis classification by medical estpdor
training. They showed that rule-based classifiet @assifiers based on boosted trees and SVM bad g
performance in terms of Recall, but suffered higbahassification rates. Patrick and Li (Patrick & 2010) used a
combination of two machine learning algorithms aederal rule-based engines to extract medicatif@nriration in
the 20092b2 information extraction challenge. They reporteddjossults with approximately 90% accuracy on
five out of seven entities in the name entity regtign task, and an F-measure greater than 95%enetationship
classification task. Gundlapalli et al (Gundlap@D12) extracted surveillance information abootnielessness
status of patients from the clinical notes in th&® EHR. They showed that the templates existing iwitthe text
require special treatment, and including these teteg into analysis improves the accuracy. Kraws @{raus,
Blake, & West, 2007) compared several methods tes@tentify drug, dosage, and method of delivefgimation
from transcribed physician notes. They showedubatg just one extraction heuristic can achievevarage
precision 96.70% and 79.72% recall. They arguatdtsimple method using a small number of heasstan
provide accurate extraction of drug, dosage andhadedf delivery information in medical notes. Dedegt al
(Deleger, Grouin, & Zweigenbaum, 2010) describeottaer approach using a semantic lexicon and eidractles
to extract medication information from clinical ceds in the context of the i2b2 2009 challenge witiformance
of 77% (F-measure).

Our algorithm differs from those text mining appliions in two important aspects. First, our progisumot a
binary classifier because the variable of inteieguantitative not dichotomous. The training datavided by
experts do not have binary labels either. Secamyiadly more important distinction is our approszlexpert
domain knowledge. The main goal of this text mingmggram is to emulate the evaluation of the clams. Unlike
other applications that demand large amount of miiinlabeled or annotated data for training, thggoethm can
run with relatively small numbers of expert-abstealccharts. Of course, more training data is alviyter but high
initial demand for training data is an obstacl@iactice.

Limitations and future works

A number of known issues that have not been adelldasthis version of the application due to lirdigata
availability and resource limitations. For examphes temporal information in the clinical notesrisstly ignored
because the notes, before they can be fed togbetaim, have undergone a de-identification proedssh, among
other things, scrambles the factually recordedsda&aother issue is the difficulty in recognizirgetintention of the
sentences. The narrative clinical texts containomby factual observations by clinicians but thégoanclude



“formulaic” templates and forms which do not regnetsfactual information. At this point, the progr&amot able to
differentiate the intention behind the texts. Hipalve recognize the fact that the body of expestvwled evidence
used to instantiate the knowledge base is stilllsana exclusively from the MFH cohort. This expigithe
deterioration when applied to veterans residinGli€s. However, improvement in performance can lgexed if
more domain knowledge input is available.

Conclusion

This paper describes a text mining program thatprdes the Barthel score of functional status baseanalyzing
clinical notes and comparing them with expert pded textual evidence. The initial results showezleacy and
reliability based on eelatively small numbeof expert-abstracted charts. The Barthel scoraputed by the
programis strongly correlated with the gold standard, etpestracted Barthel scores. The main advantagfgf
text mining approach is the ability to take advgetaf the vast amount of clinical notes based tatively modest
demand on training data. The program offers a nmigte efficient and affordable alternative to marextaction.
This application is different than other clinicakt mining applications in several aspects. Weaexta quantitative
variable from the narrative texts rather than byr@assification labels. An important feature isamohitecture that
facilitates the interaction between users and tbgram that allows the program to improve its penfance based
on the feedback from users.
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