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ien
e and EngineeringUniversity of Minnesota, Minneapolis, 55455, USA ??Abstra
t. This paper des
ribes an experiment performed using thePrin
ipal Dire
tion Divisive Partitioning algorithm (Boley, 1998) in orderto extra
t linguisti
 word error regularities from several sets of medi
aldi
tation data. For ea
h of six physi
ians, two hundred �nished medi
aldi
tations aligned with their 
orresponding automati
 spee
h re
ognitionoutput were 
lustered and the results analyzed for linguisti
 regularitiesbetween and within 
lusters. Sparsity measures indi
ated a good �t be-tween the algorithm and the input data. Linguisti
 analysis of the output
lusters showed eviden
e of systemati
 word re
ognition error for shortwords, fun
tion words, words with destressed vowels, and phonologi
al
onfusion errors due to telephony (re
ording) bandwidth interferen
e. Noqualitatively signi�
ant distin
tions between 
lusters 
ould be made byexamining word errors alone, but the results 
on�rmed several informallyheld hypotheses and suggested several avenues of further investigation,su
h as the examination of word error 
ontexts.1 Introdu
tion
Industrial grade sp eec h recognition has made n umerous adv ances in recen t y ears,

esp ecially in corpus based implemen tations. Mo dern recognition soft w are suc h as

the application used for this study , often emplo ys a sophisticated com bination of

tec hniques for matc hing sp eec h utterances with their most lik ely or most desir-

able text represen tation (e.g. Hidden Mark o v mo des, rule-based p ost-recognition

pro cessors, partial parsers, etc.). Under ideal conditions, these mo dels enjo y a

com bined recognition accuracy that approac hes 100%. Ho w ev er, w ord errors due

to the misrecognition of an utterance are still not v ery w ell understo o d. Man y

simple factors in
uence w ord recognition accuracy , suc h as mo del parameters

(e.g. language mo del scaling factors, w ord insertion p enalties, etc.), sp eec h 
u-

ency or dis
uency , and items missing from the recognition mo del's v o cabulary .

Other factors are more complex, suc h as the in
uence of v o cal proso dy , or v o w el

dev oicing.

T uning these recognition to ols requires extensiv e analysis, exp erimen tation,

and testing. One useful tec hnique for analyzing w ord errors is linguistic analysis,? This work was partially supported by NSF grant IIS-9811229.?? Please forward all inquiries to m
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in whic h one insp ects the a v ailable data in searc h of w ord error exemplars that

adequately represen t the more general case. Filled pauses ("um" or "ah"), for

example, ha v e b een successfully mo deled using this tec hnique, and ha v e b een

sho wn to "follo w a systematic distribution and w ell de�ned functions" [4]. As

a result recognition accuracy for medical dictation is enhanced b y represen ting

the frequency of �lled pauses in the recognition mo del's training data [5]. Unfor-

tunately , other w ord errors, suc h as w ords mistak enly recognized as �lled pauses

(e.g. "um" ma y b e mistak enly recognized as "th um b" or "arm") [4] are m uc h

more di�cult to analyze b ecause of their sparsit y . In cases where w ord errors

are sparse, error detection b y insp ection, while still the most accurate of an y

tec hnique, b ecomes m uc h more arduous and/or costly .

As part of the W eb A CE Pro ject [1], the Principle Direction Divisiv e P ar-

titioning (PDDP) algorithm w as originally designed to classify large collections

of do cumen ts gleaned from the W orld Wide W eb b y clustering them on w ord

frequency . Eac h do cumen t is enco ded as a column v ector of w ord coun ts for all

w ords in the do cumen t set, and the do cumen t v ectors com bined in to a single

matrix. The clustering pro cess recursiv ely splits the matrix and organizes the

resulting clusters in to a binary tree.

The clustering pro cess consists of four steps:

1. Assign the input matrix as the initial cluster and ro ot of the output PDDP

tree. F or the initial iteration, the ro ot no de is also the only leaf no de.

2. Calculate the s
atter value for all leaf no des in the PDDP tree and select the

no de with the largest scatter v alue.

3. F or eac h do cumen t d in the selcted cluster C con taining k do cumen ts, assignd to the left or righ t c hild of C according to the sign of the linear discrim-

ination function gC ( d) = uTC ( d � wC ) =
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cen troid of the curren t cluster and uC is the direction of maximal v ariance,

or principle direction of C. If gd � 0, then place d in to the new left c hild

no de of C, otherwise, place d in to the new righ t c hild of C.

4. Rep eat from step 2

The v ector wC def
=

1

k

P

j

d
j

is the mean or cen troid of no de C. The s
attervalue used for this study is simply the sum of all squared distances from eac h

do cumen t d to the cluster cen troid w, though an y other suitable criterion ma y

b e used as w ell. The principle direction uC corresp onds to the largest eigen v alue

of the sample co v ariance matrix for the cluster C. This calculation is the costliest

p ortion of the algorithm, but can b e p erformed quic kly with a Lanczos-based

singular v alue solv er. The splitting pro cess rep eats un til either the maxim um

scatter v alue of an y leaf no de is less than the scatter of all curren t leaf no de

cen troids (a stop test), or un til a desired total n um b er of leaf no des has b een

reac hed [2].

Tw o strengths of the PDDP algorithm include its comp etitiv eness with re-

sp ect to cluster qualit y and run time. Previous analysis indicates that PDDP

run time scales linearly with resp ect to the densit y of the input data matrix,

not its size [2]. Studies comparing en trop y measures b et w een PDDP and other



clustering metho ds (suc h as Hyp ergraph or LSI) indicate that PDDP exhibits

comp etitiv e p erformance on cluster en trop y ("cluster qualit y") measures [2]. F or

these reasons, the PDDP algorithm w as seleted to cluster sev eral sets of medical

dictation data, clustering on the frequency of w ord errors in eac h dictation do c-

umen t. W e had no solid h yp otheses ab out what sort(s) of results the clustering

w ould rev eal, but hop ed the cluster trees w ould:

(a) rev eal an y linguistic regularities in the w ord errors of eac h cluster, and

(b) indicate an y relationships b et w een sp eci�c w ord errors and the ph ysician or

ph ysicians that most often mak e(s) them

Results from the mining pro cess w ould b e used to further re�ne the acoustic

and/or language mo dels required b y the recognition soft w are (used for this study

and elsewhere), and to pro vide new parsing rules for error correction during p ost-

recognition pro cessing.2 Data Chara
teristi
s and Pro
essing
Mo dern medical practice t ypically includes do cumen t dictation for the sak e of

exp ediency . F or example, a do ctor dictates his or her patien t c hart notes in to

a recording device, and the audio is repla y ed for a medical transcriptionist (a

pro�cien t t ypist with extensiv e medical training). The transcriptionist t yp es the

dictation, formats the text as c hart notes, and submits them to the dictating

do ctor for insp ection. Once the notes are insp ected, pro ofread, and appro v ed,

they are inserted in to the patien t's medical record. Belo w is an excerpt from a

sample �nished transcription:

h date ih name i

Sub jectiv e: patien t is a 51-y ear-old w oman here for ev aluation of com-

plain ts of sore throat and left ear p opping.

Ob jectiv e: The patien t is alert and co op erativ e and in no acute distress.

External ears and nose are normal.

Assessmen t: Upp er respiratory tract infection.

Plan: treat symptomatically with plen t y of 
uids, a v ap orizer and anal-

gesics as needed.

Linguistic T ec hnologies Inc. (L TI), a medical transcription compan y based

in St. P eter, MN USA, p erforms recognition on medical dictation audio using

an automated sp eec h recognition application. This application is comprised of a

Hidden Mark o v Mo del deco der, acoustic mo del, language mo del, and language

dictionary . A rule-based p ost pro cessor is also used after recognition is complete,

to p erform sev eral simple parsing tasks, suc h as formatting n um b ers (e.g. "one

h undred fort y o v er eigh t y" b ecomes "140/80"). The output text is then corrected

and formatted b y a medical transcriptionist for �nal appro v al b y the dictating



ph ysician. The recognition output, if su�cien tly accurate, signi�can tly reduces

the medical transcriptionist's w orkload.

F or eac h of six ph ysicians (henceforth talk ers), t w o h undred �nished med-

ical dictations and their corresp onding recognition output �les w ere selected.

Eac h set of �les w as sanitized to remo v e demographic and time stamp data.

Recognition output w as conditioned in order to normalize the text (do wncase

all w ords, con v ert n um b ers and punctuation to text, use standard represen ta-

tions for con tractions and abbreviations, etc.). Normalization also included sub-

stituting tok ens (called TT-w ords) for common w ords or phrases (e.g. "TT nad"

is substituted for "no acute distress"), w ords that require capitalization (e.g.

prop er names) or w ords that predictably required sp eci�c punctuation marks

(e.g. "TT y earold" w as substituted for "y ear-old"). Finished dictations w ere

treated using PLAB, a proprietary algorithm dev elop ed at L TI for inferring

transcription of actual sp eec h from formal transcription [5]. This pro cess also

included text normalization and rendered the �nished dictation in to a form that

conformed accurately to what w as actually said in the original dictation audio.

F or example, the ab o v e �nished dictation, after sanitizing and PLAB pro cessing,

w ould lo ok lik e this:<s> di
tating on paragraph TT s
olon patient is afifty one TT yearold woman here for evaluation of ah
omplaints of a sore throat and left ear popping periodthe TT patient alert 
ooperative and in TT nad periodexternal ears and nose are normal period TT a
olon upperrespiratory tra
t infe
tion period paragraph plan 
olonwill treat this symptomati
ally with plenty of fluidsah ah vaporizer and analgesi
s as needed period </s>
The PLAB output and normalized/sanitized recognition output w ere then

aligned w ord b y w ord. Alignmen t errors w ere then divided in to three categories:

1. Insertions: w ords the recognizer inserted that w ere not in the �nal dictation

(e.g. the soft w are recognized a cough, throat-clearing, or other suc h utterance

as a w ord).

2. Deletions: w ords the recognizer deleted b y mistak e, the rev erse scenario of

an insertion error.

3. Substitutions: w ords the recognizer confused (e.g. "he" and "she" are easily

confused).

Here is a sample excerpt from an alignmen t �le, illustrating the three t yp es

of errors: TT o
olon TT o
olonthe -- DELETIONTT patient TT patientis --- DELETION



alert alertand --- DELETION
ooperative 
ooperativeand andin in--- no INSERTION--- a
ute INSERTION--- distress INSERTIONTT nad sin
e SUBSTITUTIONexternal externalears ears... ...
A matrix con taining coun ts of eac h w ord error b y do cumen t w as created

for eac h error category (insertion, deletion, and substitution). Eac h matrix w as

then clustered using the PDDP algorithm, whic h separated the do cumen ts in

eac h matrix in to clusters b y w ord error. Euclidian Norm scaling w as used [1],

and the algorithm w as halted after �ft y clusters w ere obtained. Histograms w ere

created for eac h cluster, indicating the n um b er of do cumen ts for eac h talk er in

that cluster. The cluster's ten most common w ord errors w ere also rep orted, as

indicated b y the cluster cen troid's ten highest v alues. If the cluster w as split,

then the ten highest and ten lo w est principle direction w ord errors w ere also

rep orted, indicating the w ord errors with the greatest con tribution to the split.3 Results
Sparsit y measures for eac h matrix w ere tak en b y simply dividing the n um b er of

en tries greater than zero b y the total size of the input matrix. These measures

indicated that all input matrices w ere b et w een 0.15% and 0.72% �ll. This is v ery

sparse, whic h sho w ed that the data and algorithm w ere a go o d matc h. Some

clusters sho w ed a high frequency of a single talk er's do cumen ts, but signi�can tly

few er do cumen ts from other talk ers, as illustrated in Fig. 1). These clusters

sho w ed a relationship b et w een the strongly represen ted talk er and the w ord

errors of that do cumen t's cen troid. (In Figures 1 and 2, eac h colored column

represen ts a di�eren t talk er. The y-axis on the left edge of the graph con tains a

scale of 0 to 200, the maxim um n um b er of do cumen ts for an y talk er.)

Other cluster histograms sho w ed a more equal represen tation among talk ers,

indicating that w ord errors rep orted b y the cen troid (and in the cen troids of

other, similar clusters) w ere of a more global c haracter, as indicated in Fig 2.3.1 General Chara
teristi
s
Most of the w ords rep orted at eac h cluster and at eac h split w ere short w ords and

function w ords. "Short w ords" are w ords that con tain only one or t w o syllables,

suc h as "he" or "she" ("longer w ords" will refer to w ords of three or more



Fig. 1. This 
luster and 
entroid words indi
ate a strong relationship between a par-ti
ular talker and parti
ular word errors.

Fig. 2. This 
luster suggests that the 
entroid values are likely global (more ubiquitous)errors.
syllables). F unction w ords ha v e little seman tic con ten t, but ha v e grammatical

function instead, suc h as determiners ("a", "an", "the"), conjunctions ("and",

"or", "but"), copulas ("is", "w as", "w ere") and quan ti�ers (e.g. n um b ers). There

w as a great amoun t of o v erlap b et w een these t w o categories, as most function

w ords are short and man y short w ords are function w ords.3.2 Vowel Destressing and Cliti
ization
Notably , most short w ord and function w ord errors con tained a destressed v o w el.

V o w el destressing often co-o ccurs with cliticization, in whic h the short w ord is



"attac hed" to one of its longer neigh b or w ords. F or example, the w ord "and" in

the ab o v e excerpt is destressed and cliticized in the phrase "ears and nose": the

"a" is destressed and deleted, and the "d" is deleted. The result is an utterance

that sounds lik e "ears anose" or "earsanose" unless sp ok en v ery carefully . The

recognition soft w are treated most w ords of this t yp e as noise or �lled pauses and

discarded them. V o w el destressing and cliticization for short w ords and function

w ords w as common throughout most of the medical dictation examined. While

still an uncon�rmed h yp othesis, w e susp ect that man y destressed w ords w ere

lo cated near the ends of phrases, a p oin t at whic h a talk er's sp eec h is lik ely to

accelerate.3.3 Vowel Syn
ope
Other clusters sho w ed evidence of v o w el syncop e, in whic h unstressed v o w el

sounds in quic kly sp ok en w ords are deleted. F or example, a talk er migh t signal

to the medical transcriptionist the end of one paragraph and the b eginning

of another simply b y sa ying "paragraph". Ev en in relativ ely unh urried sp eec h,

though, this w ord w as often said quic kly , and in the pro cess, the second and

"a" in "paragraph" w as deleted. The result w as an utterance that sounded lik e

"pair-graph". Said ev en more quic kly , the third "a" w as also deleted: "pair-

grph". As a result, recognition soft w are misiden ti�ed the w ord con taining the

syncopated v o w el(s), making a substitution error (e.g."oh" for "zero"), or treated

the utterance as noise or a �lled pause and discarded it, making a deletion or

insertion error. Syncop e w as also ubiquitous throughout the medical dictations

examined, though not as common as short w ord errors.3.4 Telephony Interferen
e
Cluster cen troids and splits also sho w ed some evidence of telephon y bandwidth

in terference. W ords (esp ecially short w ords) that con tained v oiceless fricativ e

consonan ts ("f", "th", "s", "sh", etc.), w ere easily confused, esp ecially in cases

where the fricativ e carries the greatest amoun t of w ord information (e.g. "he"

v ersus "she"). These w ords w ere also easily mistak en as noise or �lled pauses,

though short w ords more frequen tly than longer w ords (w ords of three or more

syllables).4 Dis
ussion / Future Work
Sev eral conclusions can b e dra wn from the ab o v e results. Firstly , w ord errors

in v olving short, destressed w ords and function w ords are ubiquitous throughout

the medical dictations examined with the PDDP algorithm. Most often, these

w ords w ere confused with other function w ords, brief p erio ds of silence, bac k-

ground noise, or �lled pauses. W e h yp othesized prior to the study that this w as

the case, but un til no w, had no w a y to easily visualize it. One task for sub-

sequen t studies w ould b e to cluster the PDDP tree using a cen troid stopping



test (describ ed earlier), and re-agglomerate sev eral of the leaf clusters, without

regard to whic h side of the PDDP tree the lea v es are situated. This w a y , clusters

that w ere acciden tally fragmen ted on one dimension during a split along another

dimension could b e reassem bled.

Secondly , n um b er w ords ma y or ma y not cause recognition accuracy prob-

lems, b ecause it is kno wn that the �rst t w en t y or so w ords of an y dictation

con tain the patien t name, curren t date, and the name of the dictating ph ysician.

These excerpts are rarely , if ev er, recognized accurately . Instead, p ost-recognition

pro cessing (simple parsing) seems to more easily rectify problems organizing and

correcting w ord errors in v olving n um b er w ords. F uture w ork will more carefully

exclude the initial p ortion of the dictation alignmen t, so that clustering results

will concern only n um b er w ords found in the b o dy of the dictation text.

Finally , w e also noticed that sev eral talk ers w ere split o� in to their o wn clus-

ters, suc h as the cluster sho wn in Fig. 1. Most often, one or t w o high frequency

w ord errors w ere resp onsible for separating out a sp eci�c talk er, but more gen-

erally , w e w ere unable to discern an y qualitativ ely signi�can t w ord features that

distinguished w ords in these clusters from w ord errors elsewhere in the tree. F or

example, a high frequency of deletion errors in v olving the w ord "and" separated

out one talk er, but all b y itself, the w ord "and" isn't signi�can tly di�eren t from

the w ord "an", esp ecially in telephone sp eec h. The distinguishing factor(s), then,

m ust reside not only in the distinguishing w ords themselv es, but in the con text in

whic h those w ords w ere situated. One imp ortan t next step for this study will b e

to examine con text e�ects surrounding w ord errors, including w ord collo cation

and syn tactic part of sp eec h.Referen
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