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Abstract. Two methods are proposed for aggregating the scores ofonditions it may happen that by good luck a weak scientiffpepa

reviewers in a peer-reviewing rating system. Both methadoéa
statistical nature. The simpler method, which is based dassical
statistical approach from the field of linear models, usesattalysis
of variance and can thus be realized by means of existinigtatat
software. The more advanced method, which is a slight meadiific
of the method proposed by Roos et al. [13], uses a nonlinedeimo
and numerical optimization based on a least-squares agprb-
der reasonable statistical assumptions, both approadhestirear
and the nonlinear one—can be seen as using the maximum likel
hood principle. Application of either method implies alsoevalu-
ation of the reviewers. An application example with realfeoence
data shows the power of the statistical methods, compartdtiag
common naive approach of simply taking the average scores.

1 Introduction

Evaluation of persons, papers, products, etc. is a fundaingocial
activity. For example, students are evaluated by teackeisntific
papers by journal/conference reviewers, and sportsmeefoyees
e.g., in figure skating and gymnastics. Even if all reviewers rat-
ing system are subjectively fair, some of them may be biasdgeo-
duce scores systematically too high or too low. If then nbblajlects
are reviewed by all reviewers, it becomes complicated toeagge
the scores given to the same objects in a fair way.

The present paper focuses on the problem of ranking scntifi
papers submitted to conferences, where usually the relatim-
ber of reviews per paper is small. The common procedure egppli
by popular conference management systems such as Easy/@iir
ConfMastef is described as (quoting from the EasyChair website):
“When computing the average score, weight reviews by restigw
confidence.” This means that all scores given to a paper are si
ply averaged, possibly weighted by reviewer-specific wisigthe
confidence levels of the reviewers, which again are veryestibp
because every reviewer evaluates only him- or herself. Utidese
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goes to some lenient or generous reviewers, whereas a gped pa
goes to a harsh reviewer and some normal reviewers. Thengale w
paper might be accepted, but the good one is rejected.

The present paper aims to improve the common “naive” (as Lauw
et al. [9] call it) approach where the overall scores of aljeots
are obtained by simply averaging all given scores of theabbfef
course, paper scores can only provide some guidance ongaqegp-
tance; the final decision is usually made on deeper congidesa
i Itis assumed here that external information about the wevig
is not used, such as weighting the scores. There is also roagep
“training” phase in order to characterize the reviewersdencies.
Instead, the proposed methods apply cross-classificam@miques
to determine the characteristics of both the reviewers bhagudged
objects simultaneously in one step. All reviewers are asslio be
“honest,” to exercise their best judgments, without angpeal rela-
tion to certain objects. Nevertheless, some reviewers radyidsed
in giving systematically high or low scores. As long as ap@es are
evaluated by all reviewers, this is not an obstacle to faire@g-
gregation by averaging. However, if there are only a fewawsi per
paper, problems are likely to arise. The following toy exépken
from [8] shows what can happen.

Example 1 Consider the data in Table 1. There are five reviewers
(ri) and five papers (). The original scoresy from [8] are here
multiplied by10 and are thus in the range from 0 to 10. Consisting
of only15 scores in total, this data set is very small.

Table 1. Data for a toy example taken from [8].

| PL P2 P33 Pa  Ps
r 6 6 6 - -
ro 3 - - 4 -
rs 3 - — - 4
g — 3 3 4 4
s — 3 3 4 4

The naive approach results in the same average scoreQafor
all five papers. This seems to be highly questionable: irr -
liminary discussion, Lauw et al. [8] point out that reviewrgris very
likely to be lenient, causing too high aggregated scorepépers p,
p2, and . In Section 2.2, this example is to be continued to show
the results that can be obtained by means of statistical odsth

Related Work

Preference aggregation is a wide field that has been intesiselied
by various scientific communities, ranging from multiageystems



to computational social choice. The topic of this paper—agating
the scores in reviewing scientific papers—has also beestigeted,
although from other angles and using different methods.eikam-
ple, Douceur [4] encoded the aggregation problem into a&spond-
ing problem on directed multigraphs and focuses on rankings,
ordinal preferences) rather than ratings (i. e., cardirefgpences ob-
tained by assigning review scores). By contrast, Haennpié$ents
an algebraic framework to study the problem of aggregatidiyid-
ual scores.

The present paper uses methods of analysis of variance frem t
field of statistics, see [7]. The setting is calldo-way classifica-
tion there, where one “way” relates to reviewers and the otheato p
pers. This classical statistical approach from the fieldnafdr mod-
els is adapted here. This leads to fairer overall scorehéopéapers,
where “fairer” in a technical sense refers to the fact thaftfoposed
method leads to unbiased estimators for certain model pEEsm
(see Section 2.2 for details). At the same time in parale mhethod
also allows for an evaluation of the reviewers.

2 Models
2.1 Basic Assumptions

In the reviewing process considered, reviewers not onlyraent on
the weaknesses and strengths of the papers, but give a eceaieht
paper reviewed. The following analysis focuses on only twes.
These scores are assumed to be integers, to which situatistrenal-
uation processes can be transformed, even if decimal nsmbigr
one or two decimals are given. High scores mean good quality.

There ard reviewersrj andJ papersp;. For each paifi, j), there
exists a binary numbegij, wheregj = 1 means that reviewer re-
views paperj, andej = 0 otherwise. The matrie;j )1<i<i,1<j<J
is calledincidence matrixLetE = {(i, )| j = 1}. The scores cor-
responding to pair§i, j) € E are denoted byj;.

2.2 The Linear Model

Adapting the classical statistical linear modeling apphpahe fol-

The papers by Lauw et al. [8, 9] tackle the same problem asowing model is used:

the present paper, yet with quite a different approach. Tapply
a so-called “differential model,” which is an ad-hoc noetm model.
Their model includes an unknown model parametemwhich ap-
pears not to be statistically estimable. No random errocaroa this
model, although in real review processes such effects allecomre

ceivable to play a role.

We will first present the simple linear approach in Sectich &.
can be realized by existing statistical software. This aggh is then
refined in Section 2.3 by a nonlinear method, which appliek-te
nigues from quadratic programming. Under some statiséisslimp-
tions, both approaches—the linear and the nonlinear one-bea
seen as using the maximum likelihood principle.

The nonlinear model is inspired by a solution to the offline
synchronization problem in broadcast networks, as disthidy
Scheuermann et al. [14]. In that work, the problem of synaizro
ing timestamps in a set of event log files is addressed, wlaarke e
log file has been generated with a different, potentiallyiatévy,
local clock. “Reviewers” in the present paper take the rdlénet-
work nodes” there, the role of “papers” here correspondsédwork
packet transmissions” there, and “review scores” hererdiee with
“reception timestamps” there. However, the setting andrapsions
in Scheuermann et al. differ in some central aspects. Incpéat,
random packet reception time delays, which correspondrtdama
components in review scores, follow exponential distoibsi and are
not Gaussian. More technically, the resulting optimizagmwoblem
is linear in [14], while it is (semi-definite) quadratic here

There is a significant body of existing work in the area of eref
ence aggregation, i.e., on the question how to aggregaiadndl
preferences into a common, global ranking. Some of thesksnae
related estimators in different settings. For example,i2en and
Sandholm [3], Conitzer, Rognlie, and Xia [1], and Xia et 4B,[17]
apply maximum likelihood estimation to model the “noise™viot-
ing. Relatedly, Pini et al. [12] study the issue of aggregapartially
ordered preferences with respect to Arrovian impossyhifieorems.
However, their framework differs from the model used heheyt
consider ordinal preferences, whereas peer-reviewingrisnwonly
based on scores, i. e., on cardinal preferences. Note tithabpref-
erences are more expressive than ordinal preferencesenaalito
provide a notion of distance.

for (i,]j) € E. 1)

Here, 7 is a discretization operator that transforms any real numbe
x into the integer scor&(x). The other symbols have the following
meanings:

Yij = 2 (H+ai+Bj+&j)

e L is the overall mean of all scores given,

e @ is the mean difference between the scores of revieyand 1,

e (3 is the mean difference between the scores of papandy,

e ¢&j isarandom error fofi, j) € E.

The a; are closely related to the “leniencies” of reviewers diseas
by Lauw et al. [8, 9], and th@; to their paper “qualities.” The idea
is that reviewerrj does not assign a score to papgrbased on its
true quality B; (which ri does not know), but based afis own
noisy view of pj’s quality, which isgBj + &j. This judgment is then
linearly shifted according to the reviewer’s “leniency’intplifying
more general models, it is assumed that there is no interabi-
tween reviewers and papers (which, if desired, could beessad
by parametersa f3);j).

The strategy in the following is to ignore the discretizatio the
statistics and to assume that the discretized data belotig twuly
linear model

Yij = U+ ai + Bj + &j

for (i,]) € E. 2)

with
©)
where theg;j are independent arfel andvar denote the expectation
and variance, respectively. The error of this simplifiedrapph will
be discussed in the full version of this paper.

Model (2) is calledwo-way classificatiorn the analysis of vari-
ance, see, e. g., the book by Draper and Smith [5].

As mentioned above, the naive estimators of the sumg;j, here

Egj=0 and varg; =02 for(i,j)€E,

denoted bW/JrE, are the averages of all review scores assigned to
the respective paper:

— 1

JRRe

> Vi
J)€E
wheren,j is the number of reviews for papej. No serious statisti-
cian will use them, since these estimators are not unbiasgtetter
estimators are possible.



Theory says that only the differences of the effextsind §j can
be estimated without bias. Fortunately, for the problemawtking
papers it completely suffices to have estimates of the difiee3; —
B1. And for evaluating the reviewers, estimates of the diffiess
o; — o are fully sufficient. Thus, one may assume that

lZai_O

In many statistical textbooks such as [5] and [15], it is assd
that for each paifi, j) a fixed, strictly positive number of observa-
tions is given (where, in typical settings;> 1). If so, least-squares
estimates oft, aj, and; are easy to determine. They directly follow
from the means

B 1 1 J ) o J ) B _1 | )
y**:ﬁi;jgly”’ Yis = jzly”’ and y*j_Ti;y”

asp =Y, ai = Vi, — V.., andBj =V, — V... These estimators are
unbiased. In this case, the naive approach is the best. Howethe
situation typical for peer reviewing, the “observation’uctsnjj are
0 (revieweri does not review papej) or 1 (revieweri reviews pa-
per j). (Note thatnjj = 2 would mean that reviewerreviews paper
j twice, independently.) We are confronted with a so-calieddm-
plete” (and “unbalanced”) experimental design. The cqauesing
theory is described by Koch [7, Sections 3.4.2 and 3.4.3¢ ddse
of interest here is there referred totam-way cross-classification

The parameters are estimated by the least-squares appraach
the sum over all

J
and z B; =0. (5)
=1

Gl

(Vij — 1 —ai — Bj)?
is minimized. To this end, Koch [7] describes numerical apphes
based on normal equations. Standard statistical softvifees wari-
ous ways to obtain estimators of thg the 8j, and ofu, which differ
in the so-called reparametrization conditions.

The model variance? is estimated by the mean squared error
which is the sum of quadratic deviatiory;; fyi,-)z with ¥ =
o+6 +[§j divided by their number minus one. The estimators ob
tained are unbiased and in some sense “best.” In the casemétyp
distributeds;;, the least-squares estimators are also maximum likel
hood estimators.

For the practical statistical analysis, the statisticéiveare pack-
age IBM-SPSS Statistics 20 (which we abbreviate by SPS&epr

Table 2. Parameters for the toy example from [8].

| o B
1 24 -04
2 -06 -04
3 -06 -04
4 —-0.6 0.6
5 —0.6 0.6

Note that in the example above, the estimated parametees/alu
exactly reproduce the scores from Table 1 when used in () aliit
&j = 0. Essentially, this means that no random deviations atrell a
necessary to “explain” the reviewers’ scores. Thereftis,gxample
has to be considered extremely simple.

2.3 The Nonlinear Model

The linear model from the previous section is now refined tordin-
ear model, which modifies the method proposed by Roos et3]l. [1
so as to generalize (1) to
for (i,j) € E 6)
with positive parameterg. For the special case ¢f = 1, (6) co-
incides with (1). The terny(aj + B + &) models the interaction
between reviewer; and paperpj; ¥ is a proportionality factor; and
u, ai, Bj, andgjj have the same meaning as in the linear case.
Reviewerr;’s perceived, noisy quality levgB; + & is, just like
in the linear model, added to this reviewer’s systematis bia In
addition, though, the result is transformed by multiplicatwith the
reviewer-specific scaling factgr. This factor models;’s individual
rigor: in essencey describes by how much reviewis review score
changes, given a fixed change in (perceived) paper quality.
Even though this nonlinear model is relatively simple, ibak to
' capture a wide range of reviewer characteristics.
An assumption similar t¢!_, a; = 0 in the linear case (see Sec-
on 2.2) is now done by

Yij = 2 (U +yi(ai + Bj +&j))

~ti

i- a = 0.

@)

This leads to a problem slightly smaller than that \/@i'n:1 a; =0.
Both restrictions are possible and plausible, and the tesah sim-

dure UNIANOVA, was used. The procedure UNIANOVA does not ply be transformed to each other by choosing a suitable peteapn.

use the conditions (5), but it is preset such thigand 3; are set to
zero in the model discussed here.

Alternatively, also the program that will be mentioned ie tiext
section (see Algorithm 1) can be used by setting 1 in (6) below,
which leads to (1). Both programs yield identical results.

The parameters determined by SPSS can easily be transformed

into the parameterg, aj, and;. Simulations and direct calculation
of model parameters are easily possible based on the matdxle
of SPSS.

Example 2 (continuing Example 1) Table 2 shows the values for
the parameters in the linear model; the parameteiis estimated
as4.0. The model parameters indicate that reviewgimdeed has to
be considered as lenient, while the other reviewers arenedéd to
have the same degree of rigor. The papers are now dividedwdo

The aim is to estimate the parametess 3j, yi, and u. Again the
least-squares approach is used, which minimizes the suguafed

errorsei,-,
(i,))€E (

Since this does not affect the optimization itself, in tregting p
can be set to zero. After getting the result, one may shifétees
so that a condition Iikgf:l Bj =0 as in (5) is fulfilled. It is easy to
see that the resulting parameter estimators are maximutihidod
estimators if the errorgj are i.i.d. Gaussian as in (3).

Numerically, the minimization procedure is carried out bgans
of a direct optimization program such as a so-called quidpao-
gram, see, €. g., the book by Nocedal and Wright [11]. In génar
quadratic program(QP) is an optimization problem of the form:

®)

classes: p, pp, and g seem to be weaker papers with lower scores,

while the other two papers appear to be of the same higheritgual
It cannot surprise that Lauw et al. [8] arrive at the same clusions
for this extremely simple example.

minimize

9)
(10)

1
EXTQX—O— c'x

subject to Ax> b,



where (letting@ denote the set of rational numbessg Q", Q €
Q™" ceQ", Ac Q™" andb € QM. The solution of a QP is a

vectorx that minimizes the expression in (9), simultaneously fulfil

ing all constraints in (10).
With the simple substitutiofy = 1/y in (8) one obtains

(';E(Yijﬂ_ﬂﬁ—ai—ﬁj)zv (11)
i,je

which can be transformed into the form of a QP as required py (9

and (10). In the following, the estimatorsayf, 3, andy; are denoted

Algorithm 1 Computing the estimated scores

1: Input: M e @™N /I M contains the given scores.
2 H = [0] c Q(2m+n)x(m-n)
3 for j€{1,2,...,m} do
4:  for ke {1,2,...,n} do
5: if M i.k) > 0then
6:
7
8
9

(
Hi -1y mej) =1
Hing i te-1-me) = —M(ji
H

by d;, B]—, and¥y;. With respect to the QP discussed so far, note that1io:  end for

a trivial solution can be achieved by settifjg G;, and [3] each to
zero, which clearly is not reasonable. Assuming typicaiengers to
be “rational”, one may require the normalization constrain

1l
I—;y, = 1 (12)

. ~ T
Defining a vectorx = (Bl,.“?BJ,Vl?.A.,Q[,érl,A.4,61|) , con-

taining the variables to estimate, one obtains the QP:

minimize %xTQx (13)

subject to Ax>b

with a square matriQ (see lines 2—13 of Algorithm 1 below), and a

matrix A representing the normalization constraint (12).

A QP with a positive definite matri®Q has a unique solution and

can be solved in polynomial time using interior-point methosee,
e.g., [16]. In this specific QP, the matriXis at least positive semi-

definite, i. e., all eigenvalues @éf are nonnegative, because it can be
written asH - HT (see Algorithm 1 below for the definition of ma-
trix H). Analogously to the linear model in Section 2.2, one does

not have any global, absolute “reference” to which the decares
could be adjusted. This leads to an additional degree ofiémein
the optimization, which precludes obtaining a unique maximin
fact, a similar issue also occurred in the work of Scheuemein
al. [14], and along similar lines as there it is easy to overeoone
may seta; = 0, thus using one reviewer as a “fixed”
In this paper, the last reviewer is picked for this constraiee Equa-
tion (7). Yet, also with this modification it istill possible to come
up with pathological instances where the solution is notjuei This
lies in the nature of the problem: For instance, it is impalgsio
compare the relative “rigor” of two groups of reviewers, liete is
no paper that has been reviewed by at least one reviewer eacof
of the two groups. In general, such ambiguities are easdntified
and can always be resolved by introducing additional caitgs as
needed (or, alternatively, by assigning additional reglewhis then

yields a positive definite matri® and consequently a unique solu-

tion of the QP.

11: end for
12: remove the last row frorkl /I normalization
13: Q=2-H-HT
14: =0 - 0eQ"
15:hp=(1 - 1)eqQ
16:hg=(0 -+ 0)eqQm?
A [ E hs}
17 A {hl —1.h hg

-o- (1)

19: solve: min %XTQX subject toAx>b

20: B = (x1 o xn)T
21: Output: B Q"

3 A Case Study

The following discusses data from tf&ird International Workshop
on Computational Social Choig€ OMSOC-2010) that took place in
September 2010 in Dusseldorf, Germany [2]. There were Smhisdb
sions (where submissions that had to be rejected on formahgs
are disregarded) and 20 reviewers. Every submission wasnrest
by at least two reviewers; a third reviewer was assignedrizessub-
missions later on, and one paper was even reviewed by foigwev
ers. (The fact that these extra reviews were somehow refatdte
evaluation of the papers in the first two reports is ignorethénfol-
lowing.) Table 3 shows the data, the results of the revieypiogess.

reference point. ;v contains the scores given by the reviewers to the papeferav

“~" means “no review.” As is common in EasyChair, the scoresev
integers between-3 and 3, which are here shifted to the integers
between 1 and 7, where 7 is the best possible score.

Table 4 shows the main results of applying the methods pezpos
in this paper to real conference data: the estimated COM3Qi0-
paper scores obtained by the two approaches presentedniéch,
are closely related to thgj. The acceptance threshold of the con-
ference was around.B, based on the naive approach. This led to
acceptance of a total of 40 submissions, while 17 were &gjlect

Table 5 shows the parametexs and y; of the reviewers, which
allow to evaluate them as well. This is simpler in the lind=art in

To solve the resulting QP, one can use existing solvers S8ch §pe nonlinear approach. According to the linear approastiewer
MINQ [10], a MATLAB script for bound constrained indefinite 7 it o, — 2.3662 is the most lenient reviewer. In the nonlinear

quadratic programming. Algorithm 1 illustrates this apuro. The

scoresy;j for (i, j) € E are assumed to be nonnegative for line 5 to

work. Any negative number (e.g=1) at position(i, j) in the in-
put matrixM indicates that reviewes did not review submissiop;
(i.e., (i,j) € E). M thus encodes both and the review scoreg;.
Note that the resulting estimated scoreﬁimay exceed the interval
of the input scores. This can, however, be overcome by subsdy
scaling to results as desired, as discussed above; this yred scaled
score estimates, in the following denotedﬂqy for all submissions.

approach, the relatively large valueypf= 6.1283 also leads to high
review scores even if the paper quality is only moderate. @yrast,
reviewerrig with a39 = —0.8523 (in the linear model) has some
tendency of being harsh. The parameters in the nonlineapagip,
a19 = —0.6411 andy;g = 1.8889, allow for a more differentiated
representation of this reviewer's mapping of paper quadityeview
score.

The differences in modeling and reducing reviewer bias betw
the approaches results in different paper rankings. Cendior ex-



Table 4. The scores in all three approaches. Bpén the linear approach
are shifted by, = 0.6698 and the nonlinedj by Unoniin = 2.8864 in
order to achieve the same average scores as in the naiveaapphitote that
this means a slightly modified righthand side in (5).

Table 3. Input data from the review process for COMSOC-2010. The
scores of 20 reviewers for 57 papers are shown. (Note thatateematrix
given here is transposed compared with Table 1.) The pape@a@ered

with respect to their rank obtained by the naive approach.
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o oot 1 7000 1 | 755/ 1 | 6549 7
82 777777777 LT T Ty 2 7000 2 [6831 8 | 6132 15
p377777777777777777777 3 7.000 3 | 7557 2 6.549 8
p;‘ LT T- T le-tfT-——T 4 7.000 4 | 6315 15 7538 2

__________ T _e_____"C 5 6.500 5 | 7305 3 6.230 13
Pe |- -~~~ e 6 6500 6 | 6815 9 | 6957 5
L 7 _ - _ _ _ 6 _ 7 6.500 7 | 6.602 10 5150 29
ps______________7____6 8 6.500 8 | 7195 4 7229 3
p9____6__________7____ 9 6.500 9 | 695 6 6.477 10
P10 6 7 10 6.500 10 | 6.249 17 7651 1
P11 . el e----—cC 11 6.500 11 | 6.123 19 6.352 11
P12 S S 12 6.333 12 | 6588 12 6.179 14
P13 6_______ " - -"-"-T"T"g°>C 13 6.000 13 | 6.891 7 6.482 9
814 B 14 6000 14 | 5552 28 | 5913 19
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o 6 — — — 6 _ ____ 17 6.000 17 | 5124 33 5.078 31
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Ps7 57 1.000 57 |2034 55 | 3.962 52




Table 5. The reviewers’ parameters. Note that the zeros imtltelumns

of the last row result from the normalization according tp (7 [1]
Numberi Linear model Nonlinear model
of reviewer a; a; Vi
1 0.9511 4.0540 0.9190
2 0.1620 —0.7132  3.0569 [2]
3 0.2494 0.3388 2.1501
4 1.6499 1.3767 1.7379
5 —0.0676 10.3078  0.3896 [3]
6 1.7839 0.2520 2.7372
7 2.3662 —0.7730 6.1283
8 0.5962 0.9447  1.4482 [4]
9 0.7156 9.8857 0.4435
10 0.7260 —0.8439  3.3569 [5]
11 —0.0703 -0.2022  2.2902
12 1.1419 7.9980 0.5621 [6]
13 0.8011 4.3951 0.7558
14 —0.4330 0.3932 1.4713
15 0.4097 12.2399 0.4336
16 1.9088 11.6348 0.4356 [7]
17 0.1235 —0.7309 4.0056
18 1.2852 2.7802 0.9436 [8]
19 —0.8523 —-0.6411 1.8889
20 0 0 1.8305
[

ample, paperpy7 and pe3: p17 was (by good luck for the authors) [10]
reviewed by reviewers; andryg. As noted above, reviewef tends
to be lenient; the same appears to apply (though to a lessamtex
to reviewerrig. Thus, in the naive approach, papgar is likely to
have been ranked higher than merited. Papemas reviewed bys
andrig. Reviewerrs seems to be neutral with at most a slight ten- [12]
dency of being harsh, reviewerg exhibits a more distinct tendency
towards harshness. Thus, in the two approaches presernedohe

per p23 is assigned better scores and jumps from rank 23 in the naive-3]
approach to rank 5 in the linear and to rank 12 in the nonlinezdel.

The corresponding mean squared errors (winerel16 is the total

[11]

number of reviews) are.8533 for the linear model and 1739 for  [14]
the nonlinear model. It is not surprising that the additlqrerame-
tersy; reduce the error.
[15]
4 Conclusions [16]
[17]
In this paper, we introduced two statistical methods farefarating
(and thus, ranking) of scientific papers based on scorestefpally 18]

biased, partially blindfolded reviewers. These methodskweell
also in cases where each paper is reviewed only by a smalleushb
reviewers; in particular, there is no need for every revietweassess
each paper. This approach clearly improves on the classiaale,
yet currently common method of averaging the individualeeers’
scores. The linear approach can be carried out by meanssainexi
statistical standard software. The nonlinear approachveter, al-
lows for a more detailed modeling of the behavior of reviewv€n
the other hand, it requires more sophisticated softwarks timobe
carried out. The authors assume that Section 3 providesisuffin-
formation for its use, and they offer their help in analyzifega based
on a data table like Table 3. We applied both methods to retal da
from a scientific conference, and pointed out some effeatsimn
plications that are visible in the results. This displaysittipotential
to improve decision-making in peer-reviewed scientific lfation
venues.
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