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Abstra
t

This paper des
ribes and extensively evaluates a sys-

tem for the automati
 routing of submitted papers to

reviewers and area 
ommittees, without the need for

any human annotation from the reviewers or the pro-

gram 
hair. Routing is based on a pro�le of previous

writings obtainable on-line for the reviewer pool, a

generally stable and reusable resour
e that requires

no manual adaptation for new submission streams.

The paper explores a wide set of variations and ex-

tensions on the 
ore model, and a
hieves system a
-


ura
y approa
hing that of several human judges on

the same task.

1 Introdu
tion and Problem

Statement

Routing submitted papers, abstra
ts or grant pro-

posals to quali�ed reviewers is a 
entral task of the

a
ademi
 enterprise, and a remarkably di�
ult one.

Typi
ally it is 
ondu
ted under signi�
ant time pres-

sure in a 
onferen
e reviewing 
y
le. As the number

of submissions and size of the reviewer pool grows, it

be
omes in
reasingly di�
ult for a 
onferen
e 
hair

to be familiar with the di�erent expertise of all mem-

bers of the program 
ommittee. It is also di�
ult

for one person to master the subtleties of �ne sub-

je
t area distin
tions as topi
 diversity in a 
onfer-

en
e be
omes large. For these reasons, 
onferen
es

su
h as ACL (the Asso
iation for Computational

Linguisti
s) often use a hierar
hi
al program 
om-

mittee stru
ture, where submitted papers are �rst

routed to area 
ommittees, and then more spe
ial-

ized area 
hairs have the task of assigning papers to

individual reviewers in the 
ommittee. However, in

a diverse and multidis
iplinary �eld su
h as natu-

ral language pro
essing, it is often di�
ult to de�ne


lear 
ut 
ommittee des
riptions and the program


hair still must be 
ognizant of the detailed exper-

tise of the area 
ommittee members in order to route

atypi
al or multidis
iplinary papers to 
ommittees

with the most appropriate pool of reviewers. The

low inter-rater 
onsisten
y results shown in Table

12 indi
ate that humans �nd even area 
ommittee

routing to be a di�
ult task.

The following paper fo
uses on a range of auto-

mated solutions to this task of routing papers to

their most appropriate area 
ommittee. It presents

extensive empiri
al investigation and evaluation of a

wide range of issues related to this task.

Previous published resear
h into the problem of

automati
 routing of 
onferen
e paper submissions is

surprisingly limited. Approa
hes to this task 
an be

essentially broken down into four major strategies:

The �rst strategy is keyword based. Authors are

required to spe
ify a list of topi
/subtopi
 areas for

their papers (often from a prespe
i�ed term list),

and reviewers then 
omplete a survey of their rela-

tive level of expertise on this list of topi
s/subtopi
s.

This approa
h is followed by AAAI 
onferen
e re-

viewing. It su�ers from the problem that authors

often have a di�
ult time sele
ting keywords to ad-

equately des
ribe their work. It works best in 
on-

feren
es that are very broad, and is least e�e
tive in

more fo
used workshops where routing distin
tions

in subje
t area and paradigm are more subtle.

The se
ond strategy is to build a statisti
al pro�le

of reviewers' expertise by eli
iting relevan
e judg-

ments on a set of abstra
t data. AAAI also re-

quires its reviewers to rank (bid on) submitted ab-

stra
ts, and there is 
urrently unpublished work ex-

ploring the appli
ation of supervised routing to the

ranked reviewer bids on AAAI submitted abstra
ts

(Hirsh, personal 
ommuni
ation). In groundbreak-

ing work, Dumais and Nielsen (1992) developed a

system for the routing of Hypertext'91 abstra
ts

using latent semanti
 indexing (Deerwester et al.,

1990), trained from available text sour
es in
luding

a small set of reviewer-submitted abstra
ts, on-line

books and ACM arti
les as a sour
e for the term-

by-do
ument matrix used in their singular value de-


ompositions. Reviewers manually ranked their in-

terest in all submitted abstra
ts, and best perfor-

man
e was a
hieved when reviewers were assigned

twi
e their target number of abstra
ts and asked to


hoose their preferred half.

One problem with the modeling of reviewer rank-

ings/bids is that these may be based more on

what the reviewer �nds interesting rather than what
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word sense disambiguation with an ensemble of naive Bayesian 
lassi�ers

s
ore 
ommittee Rough 
ommittee 
hara
terization

0.377 
om4 statisti
al NLP (fo
us on sense tagging)

0.365 
om3 statisti
al NLP (fo
us on MT, statisti
al parsing)

0.258 
om6 generation and systems

0.242 
om5 lexi
ons, some non-statisti
al sense tagging

0.228 
om2 syntax/parsing (mostly non-statisti
al)

0.224 
om1 dis
ourse/dialog

Table 1: Committee routing system output

he/she is most quali�ed to review. Even with

instru
tions, there may be a natural human ten-

den
y to bid higher on ex
iting/interesting abstra
ts

in a more distant area and possibly bid lower on

weak/uninteresting papers in the reviewer's 
ore ex-

pertise. In addition, AAAI reviewers also report this

as a long and tedious abstra
t ranking pro
ess, that

shifts the burden of labor for paper routing onto the

reviewers rather than the program 
hairs.

A third option is to learn the reviewer/
ommittee

pro�les by having the program 
hair assign a por-

tion of the submissions to reviewers and/or 
ommit-

tees and then attempt to model these assignments in

order to 
ompute the assignment of remaining sub-

missions to the reviewer pool based on these models.

We evaluate su
h a strategy below.

A fourth option, the fo
us of this paper, is to


reate a statisti
al pro�le of reviewers' expertise

by modeling the 
olle
tion of their previously pub-

lished papers and other writings or statements of

resear
h interest extra
ted automati
ally from what

is available on the web. One advantage of this ap-

proa
h is that frees the reviewer from a laborious

abstra
t ranking/bidding pro
ess. Another is that

pro�les based on a large 
olle
tion of the reviewer's

own writings is perhaps a better model of areas of

demonstrated expertise rather than simply the pa-

pers a reviewer �nds most �interesting�. And, �-

nally, su
h pro�les based on 
olle
ted writings tend

to be relatively stable and reusable from 
onferen
e-

to-
onferen
e (reviewers often serve on many pro-

gram 
ommittees) and may optionally be updated

when a reviewer's representative publi
ations grow

of 
hange signi�
antly. The e�ort in 
reating su
h

publi
ations-based pro�les need not be repeated as

the pool of submitted abstra
ts 
hange. This ap-

proa
h is remarkably 
ost e�e
tive and the empiri-


al results below indi
ate that it 
an a
hieve perfor-

man
e 
ompetitive with human paper routers.

2 Task Des
ription

The primary task investigated in this paper is the

routing of full-length submitted 
onferen
e papers to

S
ore Reviewer Committee

0.540 ng 
om4

0.426 bru
e 
om4

0.420 roth 
om4

0.414 golding 
om4

0.369 wiebe 
om1

0.368 resnik 
om3

0.351 daelemans 
om4

0.344 shin 
om3

0.337 lee 
om4

0.327 hang 
om5

Table 2: Reviewer routing system output (for paper

185, above)

one of 6 area 
ommittees for ACL'99, with the 
om-

mittees ranked in order of appropriateness in Table 1

(a
tual output of the system on sample paper #185).

The 6 
ommittees are best de�ned by their members

(listed with their 
ommittee numbers in Figures 2),

but they are very roughly 
hara
terized in Table 1.

A se
ondary task is to provide a proposed ordered

list of appropriate reviewers, as shown in Table 2.

Note that this list 
an be �ltered to in
lude just the

�rst 
hoi
e 
ommittee, or 
an in
lude the most ap-

propriate reviewers independent of 
ommittee stru
-

ture.

2.1 The Data

The evaluation data used in these experiments 
on-

sisted of full-length arti
les submitted to the gen-

eral session of ACL'99. Themati
 session submis-

sions were ignored be
ause the reviewing 
ommit-

tee was presele
ted by the author in these 
ases.

The ACL'99 
all for papers in
luded a statement re-

questing voluntary submission of ele
troni
 versions

of their papers for a paper routing experiment. Of

the 180 general session authors, 51% (92) parti
i-

pated in the study through ele
troni
 submission.

As noted above, ele
troni
 
opies of representa-

tive papers were also soli
ited from members of the



general session area program 
ommittees. Parti
i-

pants had the option of in
luding a numeri
 rank-

ing (1 to 10) indi
ating the representativeness of

the papers with respe
t to their areas of expertise,

but few 
hose to do so. In the numerous 
ases

where none or insu�
ient numbers of papers were

re
eived from reviewers, their self-sele
ted sample

of previous publi
ations were augmented by large

numbers of downloaded reviewer papers from 
mp-

lg (xxx.lanl.gov/
mp-lg), their own home pages and

the www.
ora.jpr
.
om

1

ar
hive.

Papers were re
eived and pro
essed from 5 a

ept-

able formats: latex, posts
ript, plain text, portable

do
ument format (pdf) and html, all of whi
h were


onverted to a marked-up plain text normal for-

mat. Distin
t regions of the papers (title, abstra
t,

main body, bibliography) were identi�ed and ex-

tra
ted, when possible, in support of di�erential re-

gion weighting.

2.2 Evaluation Methodology

The primary �gold standard� for evaluation 
onsisted

of the 
ommittee numbers a
tually assigned to ea
h

paper by the ACL'99 program 
hair performing the


ommittee routing. These judgments were obtained

prior to his seeing the results of the automati
 rout-

ing experiments. Be
ause the program 
hair 
on-

sidered other fa
tors in
luding potential 
on�i
ts of

interest in assigning papers, this is not a perfe
t an-

notation of the most appropriate 
ommittee based

stri
tly on mass of reviewer expertise. Three other

judges (2 NLP fa
ulty members and one 3rd year

NLP grad student) also routed those papers volun-

tarily submitted from the authors for the routing

experiments, with their names, addresses and insti-

tutions stripped. Greatest 
ommittee appropriate-

ness based on topi
 and reviewer expertise was the

sole 
riterion for these paper assignments. A se
-

ond evaluation gold standard was obtained from the

weighted 
onsensus of the 4 reviewers (des
ribed in

Se
tion 7 below).

The 92 submitted papers were divided into two

equal halves: a primary test set on whi
h all ma-

jor results were evaluated, and a se
ondary devtest

set, via whi
h some global parameters were esti-

mated and the one instan
e of supervised training

took pla
e.

Several evaluation measures were used to re�e
t

system performan
e. The �rst is exa
t mat
h 
las-

si�
ation a

ura
y (the per
entage of the papers on

whi
h the gold standard and system agreed exa
tly

on the 
ommittee assignment). Be
ause the system

returns a full preferred rank order of the 6 
ommit-

tees for all papers, a se
ond natural performan
e

measure is the average position of the truth (gold

1

This is a web sear
h engine spe
ialized in sear
hing Com-

puter S
ien
e related papers (see (M
Callum et al., 1999)).

standard 
ommittee sele
tion) in this rank list. This

measure gives an assessment of how many 
ommit-

tees the human judge would have to 
onsider, on

average, before it found the 
orre
t 
lassi�
ation;

smaller is better. Be
ause in many 
ases there are

two equally viable 
ommittee 
ontenders, a third

measure One-of-best-2 indi
ates the per
entage of


ases where the gold standard 
lassi�
ation is in the

top two 
hoi
es ranked by the system. In many


ases, the whole histogram is given, indi
ating the

position of the gold standard 
lassi�
ation in the sys-

tem's 
ommittee ranking.

3 Routing Methodologies

There are numerous methods des
ribed in the infor-

mation retrieval literature for arti
le routing. As-

suming that there are n 
lasses and a set of m arti-


les, the arti
le routing task attributes ea
h of the

m arti
les to one of the n 
lasses. It is 
lear that

our task �ts well in this paradigm; ea
h paper has

to go to one 
ommittee. The two major approa
hes

tested in this model are the standard Salton-style

ve
tor spa
e model (Salton and M
Gill, 1983) and

the Naive Bayes 
lassi�er (Mosteller and Walla
e,

1964).

2

These and several permutations and exten-

sions are detailed and evaluated below.

3.1 Ve
tor Routing Model

Unless we spe
ify otherwise, we shall assume that

the vo
abulary is sele
ted by removing a set of 
om-

mon (stop) words from the text. Both the submit-

ted papers and the reviewer papers are represented

in the spa
e [0;1)

jVj

, as ve
tors D

i

: D

ij

= 


ij

� w

j

,

where 


ij

is the 
ount (the number of o

urren
es)

of the jth word in do
ument D

i

and w

j

is an �im-

portan
e� weight asso
iated with the jth word. One

typi
al weighting fun
tion is IDF (Inverse Do
ument

Frequen
y): w

j

= log

�

Æ +

N

do
f

j

�

, where N is the

total number of do
uments and do
f

j

is the do
u-

ment frequen
y of the jth word (the number of do
-

uments the word appears in). One 
an measure the

similarity between 2 do
uments by using the 
osine

similarity between their ve
tor representations:


osine_similarity (D

i

;D

j

) =

P

jVj

k=1

D

ik

�D

jk

q

P

jVj

k=1

D

2

ik

q

P

jVj

k=1

D

2

jk

=

�

D

i

kD

i

k

2

;

D

j

kD

j

k

2

�

the dot produ
t of the normalized

3

ve
tors (see

(Salton and M
Gill, 1983)). This measure of sim-

ilarity yields values 
lose to 1 for similar ve
tors and


lose to 0 for dissimilar ones.

2

Routing using these and other models is a 
entral

task in information retrieval, dis
ussed in depth in (Hull,

1994),(Lewis and Gale, 1994), (Larkey and Croft, 1996) and

(Voorhees and Harman, 1998) and many other arti
les.

3

k�k

2

being the Eu
lidean norm.



Baseline Keywords Only

Keywords,

Title,

Abstra
t Only

A

ura
y: 19.6% 36.9% 52.2%

Average position: 3.02 2.48 2.28

One-of-best-2: 50.0% 60.9% 65.2%

Histogram:

1 3 52 4 6

Truth Position

0

5

10

F
re

qu
en

cy
Histogram

1 3 52 4 6

Truth Position

0

5

10

15

F
re

qu
en

cy

Histogram

1 3 52 4 6

Truth Position

0

5

10

15

20

F
re

qu
en

cy

Histogram

Table 3: Baseline performan
e measures

The main algorithm pro
eeds as follows:

1. For the ith reviewer (i = 1; : : :), 
ompute a 
en-

troid R

i

- a ve
tor presumably asso
iated with

the main resear
h interests of the reviewer:

R

ij

=

X

P2P

i

r (P ) � 


j

(P ) � w

j

(1)

where P

i

is the pool of papers for ith reviewer,

r (P ) is the weight/relevan
e of paper P and




j

(P ) is the word 
ount of jth word in paper P

(a given word might weight di�erently in di�er-

ent regions - see region weighting below).

2. For ea
h 
ommittee, 
ompute its 
entroid as the

sum of the 
omposing reviewers' 
entroids:

C

kj

=

X

R

i

2C

k

R

ij

(2)

where C

k

is the pool of reviewers for 
ommittee

k.

3. For ea
h paper, rank all the 
ommittees based

on the 
osine similarity between the paper's ve
-

tor and the 
ommittee 
entroids - the one that

ranks highest is 
hosen as the 
lassi�
ation of

the paper:


lassi�
ation (P

l

) = argmax

k=1:::6

(
osine_similarity (P

l

; C

k

))

(3)

Table 3 gives results for several basi
 baseline mod-

els. Se
tion 2.2 des
ribes these measures.

Clearly di�erent regions of a paper have di�erent

importan
e in determining its semanti
 
ontext. We

automati
ally separate the text into title, abstra
t,

keywords, body and bibliography regions and inves-

tigate di�erent weighting parameters for these re-

gions.

The results for full text and region weighting are

given in Table 5. Consensus evaluation is des
ribed

T

r

u

t

h

Router 
om

1


om

2


om

3


om

4


om

5


om

6


om

1

1 0 0 0 0 2


om

2

1 9 1 0 0 3


om

3

0 0 6 2 0 1


om

4

0 0 4 3 0 2


om

5

0 0 1 0 5 0


om

6

0 1 1 0 1 2

Table 4: Confusion matrix for the full text, region

weighting 
ase

in Se
tion 7. A 
onfusion matrix

4

showing region

weighting results is given in Table 4. Note that the

primary 
onfusion is between the di�
ult to distin-

guish 
ommittees 3 and 4.

The remainder of this se
tion des
ribes the modi�-


ations made to this model, the results we obtained,


on
lusions and explanations of the results.

3.1.1 Weighting Paper Sour
es Di�erently

As noted before, the reviewers' papers were obtained

from di�erent sour
es, with potentially di�erent rel-

ative indi
ativeness of a reviewer's expertise. A vari-

ety of relative weighting parameters for these sour
es

were explored on the devtest. None yielded a signif-

i
ant improvement over the equally weighted model.

3.1.2 Term Sele
tion and Weighting

Experiments were 
ondu
ted to test the e�
a
y of

two variants of IDF (based on the 
on
epts of 1 do
-

ument per reviewer and 1 do
ument per 
ommittee),

entropy-based term weighting, use of stemming, and

4

A 
ell (i; j) in the 
onfusion matrix shows how many times


ommittee i was 
hosen where 
ommittee j was the true as-

signment. It is an indi
ation of the nature of the mis
lassi�-


ation observed, not merely its absolute number.



Full Text,

Equal Weighting

Full Text,

Region Weighting

Full Text, (RW)

Consensus

Evaluation

A

ura
y 47.8% 56.5% 67.4%

Average position 2.09 1.96 1.72

One-of-best-2 69.6% 71.7% 78.3%

Histogram:

1 3 52 4 6

Truth Position

0

5

10

15

20

F
re

qu
en

cy

Histogram

1 3 52 4 6

Truth Position

0

5

10

15

20

25

F
re

qu
en

cy

Histogram

1 3 52 4 6

Truth Position

0

10

20

30

F
re

qu
en

cy

Histogram

Table 5: Performan
e on Full Text Routing

Title Abstra
t Body Bibliography Topi
 Area

30 30 1 1 10

Table 6: Word Weights Based on Region

vo
abulary sele
tion based on statisti
ally signi�
ant


ross-
lass frequen
y variation. No variation outper-

formed the region weighting model shown in Table

5.

3.2 Naive Bayes Classi�er

The naive Bayes model makes an independen
e as-

sumption relative to the words in a text. It 
hooses

the 
ommittee C

j

that maximizes the probability

P (C

j

jP

i

); formally

argmax

j

P (C

j

jP

i

) = argmax

j

P

(

C

j

)

�P

(

P

i

jC

j

)

P (P

i

)

= argmax

j

P (C

j

)

Q

w

k

2P

i

P (w

k

jC

j

)

= argmax

j

�

log (P (C

j

)) +

P

w

k

2P

i

log (P (w

k

jC

j

))

�

and, furthermore, if one assumes equal a priori

probability on the 
ommittees (P (C

j

) = 
t), then

one looks for

argmax

j

 

X

w

k

2P

i

log (P (w

k

jC

j

))

!

where the words w

k

are the target words in the

arti
le P

i

(usually all the non-stopwords).

One of the issues that need to be addressed when


onsidering naive Bayes approa
hes is smoothing.

One 
annot a�ord to have null probabilities, as

they would just nullify the results. The smoothing

method used in this approa
h is the simple additive

smoothing method, that adjusts the maximum like-

lihood estimates as follows:

P (w

k

jC

j

) =

Æ + C (w

k

; C

j

)

Æ � jVj+N (C

j

)

A

ura
y: 52:2%

Average position: 2:20

One-of-best-2: 67:4%

Histogram:

1 3 52 4 6

Truth Position

0

5

10

15

20

F
re

qu
en

cy

Histogram

Table 7: Results for the Naive Bayes Classi�er

where N (C

j

) =

P

k

C (w

k

; C

j

) and V is the whole

vo
abulary. This is a very simple strategy, but we

believe that it works relatively well for unigrams.

Results are shown in Table 7; it underperforms the

region weighted ve
tor-based model with similar pa-

rameters.

To 
he
k whether unseen words are a problem in

our 
ase,we varied the parameter Æ. Sin
e the results

were almost the same for Æ values varying from 0:01

to 1, we 
on
lude that more sophisti
ated smoothing

methods (e.g. Good-Turing, Knesser-Ney) would

not have made a di�eren
e, either.

3.3 Voting

As an alternative approa
h to the top-down hier-

ar
hi
al routing strategy, we investigated the initial

dire
t assignment of papers to reviewers, and then

allowed the top k reviewers vote for his or her own


ommittee. Although optimal performan
e here was

slightly lower than for the referen
e system (46:5%,

2:22), the gold standard is based on the prima
y of

human 
ommittee assignments and have no guar-

antee that the 
ommittee has an adequate num-

ber of well quali�ed reviewers. Without the ability



Sim

text

only Sim

text

and Sim

bib

Sim

bib

only Consensus evaluation

� = 0 � = 0:76 � = 1 � = 0:76 
onsensus

A

ura
y: 56.5% 63.0% 39.1% 69.0%

Average position: 1.96 1.85 2.35 1.65

One-of-best-2: 71.7% 73.9% 56.5% 78.3%

Histogram:
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Table 8: Performan
e of routing based on bibliographi
 similarity

for 
ross-
ommittee reviewing, a 
ommittee with 3

moderately-well quali�ed reviewers would probably

be preferable to a 
ommittee with only a single qual-

i�ed reviewer but with extremely strong expertise.

3.4 Routing based on (transitive)

bibliographi
 similarity

Appropriate reviewers for a paper 
an often be deter-

mined through analysis of the paper's bibliography.

Clearly dire
t 
itation of a potential reviewer is par-

tial eviden
e of that person's suitability to review

the paper. This relation is also somewhat transi-

tive, as the authors who 
ite or are 
ited by an au-

thor dire
tly 
ited in the paper also have in
reased

likelihood of being relevant reviewers.

The goal of this se
tion is to identify tran-

sitively related authors via 
hains of the bib-

liographi
 relations Cites(author

i

; author

j

) and

Coauthor(author

i

; author

j

). To estimate these re-

lations, we automati
ally extra
ted and normalized

bibliographi
 
itations from a large body of on-line

texts in
luding all of the reviewer-submitted papers.

Via transitive use of this extensive 
itation data,

reviewer-paper similarity 
ould be estimated even

when there was no dire
t mention of the reviewer

in the text to be routed.

To formalize this approa
h, let us assume

that there exists an indexed set of authors

A=fa

1

; : : : ; a

n

a

g. The reviewers are part of this set;

let R = fr

1

: : : r

n

r

g denote the set of reviewers. We

also dispose of a set of papers submitted by review-

ers, P =

�

p

1

; : : : ; p

n

p

	

. Using the set P we 
ompute

2 matri
es: Cites and Coauthor:

Cites

ij

=

P

p2P

N

p

(

a

i

;a

j

)

n

a

P

k=1

P

p2P

N

p

(a

i

;a

k

)

Coauthor

ij

=

N


(

a

i

;a

j

)

n

a

P

k=1

N
(a

i

;a

k

)

where N

p

(a

i

; a

j

) is the number of times a

j

was 
ited

in the paper p if a

i

is an author of p, 0 otherwise, and

N
 (a

i

; a

j

) is the number of papers in whi
h a

i

and

a

j

were 
oauthors identi�ed either from the head of

Distan
e d 1 2 3 4

A

ura
y 30:3% 30:4% 32:6% 34:5%

Average Position 2:28 2:22 2:17 2:17

One-of-best-2 65:2% 71:7% 73:9% 71:7%

Table 9: Performan
e 
omparison at di�erent levels

of parameter d, � = 0:8 and � = 1, evaluated on

devtest data

a paper p 2 P , or a bibliographi
 
itation extra
ted

from p. The relation Cited_by 
an be 
aptured by

the transposition of the 
itation matrix Cites

T

.

A symmetri
 similarity matrix 
ombining these

base relations is de�ned as:

Sim

1

= �

1

2

�

Cites+ Cites

T

�

+

(1� �)

1

2

�

Coauthor + Coauthor

T

�

(4)

where � is a weighting fa
tor between the 
ontribut-

ing sour
es of similarity. The index 1 (Sim

1

) denotes

�dire
t� (non-transitive) bibliographi
 similarity. We

enfor
ed that Sim

1

ii

= 1 for all authors i.

The submitted arti
les, P

1

; : : : ; P

n

P

were routed

to 
ommittees based on similarities between the au-

thors 
ited in the paper and the reviewers forming a


ommittee:

Sim (P

l

; C

k

) =

1

jC

k

j

X

r

i

2C

k

Sim (P

l

; r

i

) (5)

where

Sim (P

l

; r

i

) =

n

a

X

j=1

C (P

l

; a

j

)

P

n

a

t=1

C (P

l

; a

t

)

� Sim

1

(a

j

; r

i

)

C (P

l

; a

j

) being the number of times author a

j

was


ited in paper P

l

. A paper is routed to the 
ommit-

tee that maximizes the paper/
ommittee similarity

given in (5). Tuning the parameter � on the training

set yielded � = 0:8.

The similarity relation 
omputed in formula (4) is

very sparse, as a large number of values are 0. To


ompute a more robust similarity, one 
an 
onsider



the transitive 
losure of the graph de�ned by Sim

1

.

The weights in the resulting graphs are:

Sim

1

(i; j) =

X

i = i

1

; : : : ; i

n

= j

i

l

6= i

p

C (i

1

: : : i

n

)

(6)

where Sim

1

(i; j) is the similarity between the i

th

and j

th

author. The similarity along one path 
ould

be any fun
tion of the weights of the 
omposing

links. The one we 
onsidered is:

C (i

1

: : : i

n

) =

n�1

Y

k=1

Sim

1

(i

k

; i

k+1

)

Computing the values in (6) proves to be 
om-

putationally expensive, and it appears that extend-

ing the transitive similarity relationship inde�nitely

may be
ome 
ounterprodu
tive. Therefore, we lim-

ited the length of the paths involved in 
omputing

the formula (6):

Sim

d

(i; j) =

d

X

n=1

X

i = i

1

; : : : ; i

n

= j

i

l

6= i

p

C (i

1

: : : i

n

)

Let us observe that Sim

1

(i; j) = lim

d!1

Sim

d

(i; j),

hen
e the name. In Table 9, one 
an observe that

the routing performan
e in
reases as d in
reases up

through a transitive distan
e of 3, with mixed results

beyond that point.

Se
tion 3.4 has, until now, des
ribed a routing

similarity based only on transitive bibliographi
 
i-

tation and 
o-authorship (Sim

bib

). However, rout-

ing a paper solely on this basis is not optimal as it

ignores similarity between the the terms in the full

text (Sim

text

), as des
ribed in Se
tion 3.1 using re-

gion weighting. We 
ombined these two measures

through interpolation:

Sim (P

l

; r

i

) = � � Sim

bib

(P

l

; r

i

)+

(1� �)Sim

text

(P

l

; r

i

)

(7)

On the training set, a value of � = 0:76 was found to

maximize performan
e, for d = 3 and the previously

�xed � = 0:8.

The full evaluation of the transitive bibliographi


similarity measure are given in Table 8. Perfor-

man
e using ex
lusively Sim

bib

(� = 1) is 
onsid-

erably lower (39.1%) than the previous best text-

based similarity (Sim

text

) performan
e of 56.5% ex-

a
t mat
h a

ura
y. However, 
ombining the two

eviden
e sour
es yields a substantially higher rout-

ing a

ura
y of 63.0%. This result is also observed

when evaluating on the 
onsensus gold standard de-

s
ribed in Se
tion 7, where 
ombined model a

u-

ra
y of 69.0% ex
eeds the Sim

text

only a

ura
y of

67.4%. As shall be shown, for both evaluation stan-

dards the 
ombined system a

ura
y rivals that of

several human judges.

A

ura
y: 52.2%

Average position: 2.00

One-of-best-2: 69.6%

Histogram:

1 3 52 4 6

Truth Position
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Table 10: Author-based paper routing

3.4.1 Routing based ex
lusively on the

paper's author

Prior to now, we have ignored a submitted paper's

author(s) when making the routing de
ision. How-

ever, ACL'99 reviewing was not blind and an inter-

esting question is what is routing performan
e when


lassi�
ation is based ex
lusively on the authors'

identity. Using only Sim

bib

(author; reviewer

j

) for

the paper's author(s), exa
t mat
h a

ura
y 
om-

pletely ignoring the submitted paper (52.5%) ap-

proa
hes that of the a

ura
y using only the submit-

ted text (56.5%), as shown in Table 10. This sug-

gests that an author's identity alone is largely suf-

�
ient for routing the paper to the 
ommittee most

appropriate for evaluating her or his work.

4 Supervised Learning

The algorithms presented so far are unsupervised;

the only use for labeled data in the devtest was for

global parameter optimization. This is a strength of

the approa
h presented here, be
ause it 
an be used

su

essfully without any human annotation. In this

se
tion, we tested the e�
a
y of training supervised

models based on initial program 
hair annotation of

a portion of the submitted papers. Models of the

types of papers initially assigned to ea
h 
ommittee


an help sele
t further papers appropriate for that


ommittee. Using the ve
tor model, we 
an de�ne

the 
entroid D

ij

of papers initially routed to a given


ommittee as in (2), where D

ij

=

P

P

k

2C

i


 (w

j

; P

k

)

and 
 (w

j

; P

k

) is the 
ount asso
iated with paper P

k

and the jth word. Rather than use these models

in isolation, we 
ombine them with the previously

des
ribed reviewer 
entroids for ea
h 
ommittee C

ij

into C

0

ij

= C

ij

+ � � D

ij

, where the parameter �

was optimized in the devtest to be 3. The results

are presented in Table 11, and outperform the sim-

ple unsupervised model 60:9% to 56:5%, given initial

program 
hair annotation of 1/2 of the data (the de-

vtest set).

The updates to the base 
entroids were made o�-

line in our method; however, this is not required;



A

ura
y: 60.9%

Average position: 1.98

One-of-best-2: 76.1%

Histogram:
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Truth Position
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F
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Table 11: Adaptation to the primary judge partial

annotation of the data

on
e the de
ision is made (a new paper is routed),

the �true� label 
an be used to update the 
orre-

sponding 
entroid. There are numerous methods

that 
ould be borrowed from AI and IR to imple-

ment this strategy, in
luding A
tive Learning (Lewis

and Gale, 1994). Su
h online adaptation 
an maxi-

mally leverage program 
hair feedba
k and minimize

the need for initial tagged training data.

5 Automati
 Area Committee

Generation

In a hierar
hi
al routing system, 
learly the 
omposi-

tion of the 
ommittees is 
ru
ial. Suboptimal results

are a
hieved if the 3 most appropriate reviewers for

a paper are spread out over di�erent 
ommittees.

As an experiment to see if the 
ommittee organi-

zation 
ould possibly be improved, we investigated

empiri
ally 
ommittee stru
tures using several 
lus-

tering strategies.

In the �rst test, we generated a hierar
hi
al ag-

glomerative 
luster of the entire reviewer set based

on the pairwise 
osine similarity between their pub-

li
ation ve
tors, using maximal linkage 
lustering

(Duda and Hart, 1973; Jain and Dubes, 1988). The

results are given in Figure 2a, showing the full tree

and extra
ted 
luster list. The numbers in bra
kets

indi
ate the a
tual 
ommittee assignment of the re-

viewers; basi
 inspe
tion will indi
ate that the de-

rived 
lusters 
orrespond 
losely to existing 
om-

mittee 
ompositions (although this information was


ompletely ignored in the 
lustering pro
ess). Anal-

ysis of the substru
ture in the tree shows a natural

sub-
lustering by resear
h subfo
us (e.g. ((isabelle

(knight (fung wu))) somers)). Inspe
tion will also

show that people with 
lose resear
h fo
us are spread

out among 3 or more di�erent 
ommittees, raising

some doubts about the optimality of any 
ommittee-

based routing pro
ess.

In another experiment, we tested the extent to

whi
h 
ommittees 
ould more produ
tively be re-

formed by beginning with the initial 
ommittee 
en-

troids and redistributing the reviewers using K-

means 
lustering. We used a modi�ed version of

it to obtain reviewer groups that are balan
ed in

size similar to the original 
ommittees. This was

done by limiting the 
lass size to the the maximum

number of reviewers in an original 
lass; the start-

ing point of the algorithm was based on the original


ommittees. The resulting 
lusters are shown in Fig-

ure 2b. The basi
 initial 
ommittee 
omposition is

preserved, with some outliers reassigned.

A third experiment was 
ondu
ted to see if 
om-

mittees 
ould be re
onstru
ted to better mat
h the


ommittee assignment of papers as proposed by

the program 
hair. Spe
i�
ally, we �reversed� the

routing problem by 
omputing 
ommittee 
entroids

based on the set of submitted papers assigned to the


ommittee by the program 
hair, and then routed

the reviewers to the 
ommittees as if ea
h reviewer

was an abstra
t. In this 
ase, we did not impose any

restri
tion on 
ommittee size. The results are shown

in Figure 2
. One 
an still see the original 
ommit-

tees in the new organization; the fa
t that the third


ommittee is large (21 reviewers, almost one third of

the whole population) 
an be probably explained by

the fa
t that the papers routed to 
ommittee 3 were

interdis
iplinary, therefore they had a lot in 
ommon

with many reviewers.

Another meaningful measure for 
lustering is the

Sim

bib

(author

i

; author

j

) based on transitive bibli-

ographi
 
itation and 
o-authorship (Se
tion 3.4).

Figure 2d shows the results of applying maximum

linkage agglomerative 
lustering to this similarity

measure. This also shows some 
orrelation with the

manually 
hosen 
ommittees.

Finally, it is readily noted by the human judges

that 
ertain 
ommittees (su
h as 3 and 4) were quite

similar and di�
ult to distinguish. We 
an use ag-

glomerative hierar
hi
al 
lustering of our 
ommittee

pro�le 
entroids to a
hieve some measure of relative


ommittee distan
e. The following tree 
on�rms hu-

man intuition regarding 
ommittee similarity:

 com6

 com1

 com4

 com3

 com2

 com5

One appli
ation of this tree and asso
iated dis-

tan
es is to weight the 
ost of 
ommittee misassign-

ments by the severity of the error. The majority of

the system errors noted in Table 4 are between (3,4)

and (1,6), whi
h this empiri
al 
lustering would in-

di
ate are relatively low 
ost mistakes.
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Figure 2a: Committees obtained by average-linkage agglomerative 
lustering of reviewer papers
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Figure 2b: Committees obtained by k-means re
lustering of initial 
ommittees
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Figure 2
: Committees obtained by reverse routing reviewers to the 
entroids of assigned papers
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Figure 2d: Reviewer 
lusters based on agglomerative 
lustering using bibliographi
al similarity

6 System Usage and Con�den
e

Measures for Routing

The routing algorithms presented here have two nat-

ural modes of appli
ation. The system's 
ommit-

tee re
ommendations 
an be used either for post-

ho
 routing error identi�
ation (as a sanity 
he
k)

or for pre-ho
 initial automati
 assignment with hu-

man veri�
ation

5

. The latter strategy requires some

measure of system 
on�den
e for optimal appli
a-

tion. Su
h a measure would help a human judge

minimize the time spent in performing the task. If

the system is very 
on�dent, one might even de
ide

to a

ept the de
ision without 
areful review. On

the other hand, in 
ases where the system is not


on�dent, full attention is required.

Based on the ranked output of the system, we

5

The former strategy was a
tually employed in ACL'99

reviewing.

sear
hed for feature transformations whose output


an be used in determining 
on�den
e intervals. A

reasonable one is Æ =

x

1

�x

2

x

1

where the x

1

and x

2

are the s
ores asso
iated with the �rst and se
ond


hoi
es of the system. A plot of the averaged a
-


ura
y of this operator is depi
ted in Figure 1 (the

value interval was divided in 10 equal and partially

overlapping bins and average a

ura
y was 
om-

puted on ea
h one of them). The graph on the

right shows the a

ura
y in the 
ase where ranking

the gold standard as the system's se
ond 
ommittee


hoi
e is not 
onsidered an error.

One 
on
lusion that 
an be drawn from the plots

is that one 
an be relatively 
on�dent in the sys-

tem 
lassi�
ation if the value of Æ is above the 0:25

threshold, while Æ < 0:1 tends to indi
ate lowest ex-

pe
ted a

ura
y and greatest need for 
areful human

inspe
tion. Su
h 
on�den
e measures may also be
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Figure 1: Measures of 
on�den
e

used in postho
 
orre
tion of human assignments to

rank the most likely human errors for re-inspe
tion.

7 Human Performan
e and

Consensus Generation

Area 
ommittee routing is a di�
ult task for hu-

mans. Table 12 shows the relatively low inter-judge

agreement rates for the 4 judges mentioned in Se
-

tion 2.2 when annotating the 46-word primary test

set. Judge 1 (the program 
hair) had a slightly dif-

ferent obje
tive fun
tion for routing (in
luding the

avoidan
e of 
on�i
ts of interest and perhaps some


ommittee size balan
ing), explaining slightly lower

agreement rates than that between the two fa
ulty

members (Judges 2 and 3) who had the same task

des
ription of �nding the most appropriate 
ommit-

tee without 
onstraint. Judge 4 was a knowledgeable

but less experien
ed 3rd year graduate student, and

his lower performan
e relative to his 
olleagues may

have been due to more limited familiarity with the

reviewers and their expertise.

In order to improve the quality of the gold stan-

dard, a 
onsensus standard was generated by taking

the majority vote of Judges 1-3. In 
ase of a tie,

the program 
hair was used as the de�nitive assign-

ment. In nearly 80% of the data, the 
onsensus was

identi
al to the program 
hair's assignment.

Table 13 illustrates the performan
e of Judge 4

and the referen
e Systems (Se
tion 3.1 and 3.4) for

both the Judge 1 and Consensus gold standards.

Both Judge 4 and the System agreed substantially

more with the 
onsensus than the Judge 1 standard,

providing some eviden
e for the relative merit of the


onsensus standard. The most interesting result,

however, is that the system performed better than

the graduate student Judge 4 for both standards (al-

though generally lower than the performan
e of the

more experien
ed fa
ulty members). This suggests

that system performan
e, by virtue of its inherently

mu
h greater familiarity with the publi
ations and

Judge

1

Judge

2

Judge

3

Judge

4

Judge

1

100 60.9 65.2 45.6

Judge

2

60.9 100 73.9 47.8

Judge

3

65.2 73.9 100 52.2

Judge

4

45.6 47.8 52.2 100

Table 12: Human judge agreement

hen
e the expertise of the reviewers, more than 
om-

pensates for its rather limited skills at generalization

and inferen
e. This would suggest that the proposed

algorithm may be as e�e
tive (or even more e�e
-

tive than) human paper routers ex
ept for the most

knowledgeable human judges.

The �nal observation is that in 
ases where there

is high agreement among the human judges, system

routing a

ura
y is also very high. Table 14 divides

the data by thresholds of minimum agreement be-

tween the Judges 1-3, as the primary partitioning

prin
iple using the Se
tion 3.1 system without the

Sim

bib

extension. Given a 
ertain level of agree-

ment (e.g. all 3 judges agree), it's also useful to


onsider whether the 4th Judge agreed or not with

that 
onsensus. By giving the less-experien
ed 4th

Judge an e�e
tive 1/2 vote, further re�nement in

the granularity of 
onsensus 
an be obtained with-

out e�e
tiving the prima
y of the votes of Judges

1-3. In the 57% of the data where only the �rst 3

judges agree, system a

ura
y ex
eeds 80%. In the

most 
on�dently 
lassi�ed 35% of the data where

all 4 judges agree, system a

ura
y approa
hes 88%

and in 100% of these 
ases the 
onsensus 
ommit-

tee was one of the system's top two 
hoi
es. These

results strongly suggest that in the 
lear-
ut 
ases

where humans 
onsistently agree on a 
lassi�
ation,

system performan
e is very reliable too. The large

bulk of system �errors� are in 
ases where humans

tend to disagree as well.



Judge

1

Judge

2

Judge

3

Judge

4

System 3.1 System 3.4

Judge

1

assignment = Truth 100 60.9 65.2 45.6 56.5 63.0

Consensus = Truth 78.3 82.6 82.6 56.5 67.4 69.0

Table 13: Human judge and system agreement with 2 goldstandards

Minimum

Agreement

% of data

System

A

ura
y

Average

Position

One-of-2-best

1 100 67.4% 1.72 78.3%

1.5 98 68.8% 1.64 80.0%

2 87 75.0% 1.38 87.5%

2.5 72 78.8% 1.30 90.9%

3 57 80.8% 1.23 96.2%

3.5 35 87.5% 1.12 100.0%

Table 14: Routing results given levels of minimum human agreement on 
ommittee assignment

8 Con
lusions

This paper has presented and extensively evaluated

a 
lass of algorithms for automati
 routing of sub-

mitted papers to reviewers and area 
ommittees,

without the need for any human annotation from

the reviewers or the program 
hair. Routing is

based on a pro�le of previous writings obtainable

on-line for the reviewer pool, a generally stable and

reusable resour
e that requires no manual adapta-

tion for new submission streams. The paper ex-

plored a wide set of variations and extensions on the


ore model, and system a

ura
y approa
hes or ex-


eeds that of human judges on the same task. This

resear
h demonstrates that su
h automated paper

routing te
hniques may have merit for paper rout-

ing for future 
onferen
es, espe
ially those with rel-

atively large and diverse program 
ommittees where

it is di�
ult for one person to be familiar with the

full range of expertise of all 
ommittee members.
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