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Summary. Many existing methods for estimating agreement correct for chance agreement by
adjusting the observed proportion agreement by the probability of chance agreement based
on different assumptions. These assumptions may not always be appropriate, as demon-
strated by pathologists’ ratings of kidney biopsy descriptors. We propose a novel agreement
statistic that accounts for the empirical probability of chance agreement, estimated by col-
lecting additional data on rater uncertainty for each rating. A standard error estimator for
the proposed statistic is derived. Simulation studies show that in most cases, our proposed
statistic is unbiased in estimating the probability of agreement after removing chance agree-
ment.
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1. Introduction

In the absence of a gold standard or reference standard, an instrument is typically evaluated
by estimating inter-rater (and intra-rater) agreement. Inter-rater agreement measures the
degree to which different raters similarly rate an observation using the instrument, such as
a scoring system or protocol. Many agreement statistics have been proposed to evaluate
reproducibility between two raters giving dichotomous responses. The most commonly
used are proportion agreement and several statistics that correct for agreement by chance,
which can be defined as having no systematic assessment of an observation. While an
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extreme example of chance occurs when raters flip coins to determine their ratings, a more
realistic and common example occurs if raters are uncertain or unsure of their ratings—e.g.,
due to difficulty in interpreting how an instrument applies to an observation or even due
to fatigue, haste, or variations in environment or technology.

Commonly used existing agreement statistics that correct for chance include Cohen’s &,
Scott’s 7, Krippendorft’s a, Prevalence- and Bias-Adjusted Kappa (PABAK), and Gwet’s
AC;. Assuming no missing data, all of these agreement statistics are based on rating
results drawn from a 2 x 2 table of possible responses (Table , where 0 and 1 represent
two response categories such as absence and presence of a feature (respectively), and the
entry in each cell represents the probability, denoted by pup, that rater A gives response
a € {0,1} and rater B gives response b € {0,1}. Values in the margins represent the

Rater B
0 1 Total
Rater A 0 Poo  Poi | Do.

1 Pio P11 | D1
Total P.o P 1

Table 1: 2 x 2 table of rating results

probabilities of responses of 0 or 1 by each rater, with a dot to indicate a value of either
0 or 1 for the other rater. These marginal probabilities can also be interpreted as the
rater-specific prevalences of each response. All probabilities in the table can be empirically
estimated by pup, = nep/N where ng, is the number of observations for which rater A
gave response a and rater B gave response b and N is the total number of observations.
While several existing agreement statistics were originally defined in terms of population
parameters, they are calculated using sample-based estimates and we therefore use the
sample estimates in their definitions below.

Among the chance-corrected statistics, almost all are calculated by adjusting the ob-
served proportion agreement, P, = poo + P11, by an estimated probability of chance agree-
ment, P., and take the form:

P,— P,

1-P.
The numerator represents the agreement in excess of chance, while the denominator is a
normalizing factor. The primary differences among existing agreement statistics are in the
way the probability of chance agreement P, is estimated. These statistics are based on
different assumptions and thus result in different agreement estimates.

For example, disease diagnoses for patients with nephrotic syndrome, a rare kidney
disorder, are conventionally made based on pathologists’ interpretive assessments of kid-
ney biopsy tissue. In the Nephrotic Syndrome Study Network (NEPTUNE), a part of the
National Institutes of Health (NIH) Rare Disease Clinical Research Network (RDCRN),

pathologists established a new scoring system to aid biopsy evaluation using digital biopsy
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images. Using a list of structural features called morphology “descriptors,” pathologists
indicate whether each descriptor is present or absent (Barisoni et al.,2013)). Given the nov-
elty of the scoring system, the descriptors were first assessed for inter-pathologist agreement
before testing their utility in differentiating disease diagnoses. These preliminary repro-
ducibility studies found that some descriptors had very low prevalence (among the samples
included in the studies) and that different existing agreement statistics yielded widely dif-
ferent results (Barisoni et al., [2016; |Zee et all 2018). To evaluate whether assumptions
made by different existing agreement statistics were reasonable for our study, we collected
additional data on pathologists’ certainty in ratings. We found that pathologists demon-
strated little uncertainty even with imperfect agreement (Zee et all [2018)). These unique
data were not only useful in evaluating the suitability of existing agreement statistics, but
also allowed for the development of a novel agreement statistic.

We propose a study design in which data on both the rating itself and uncertainty about
the rating are collected for each item rated for a study with human raters. By asking
raters which observations were rated with uncertainty, we can identify the observations
that may be susceptible to chance agreement due to rater uncertainty. We propose a
novel agreement statistic that utilizes these uncertainty data to accurately estimate chance-
corrected agreement, with chance agreement defined as agreement on uncertain ratings.

The rest of this article is organized as follows. We first briefly review some of the most
commonly used existing agreement statistics (Section . We then describe our theoretical
framework, introduce our proposed agreement statistic and its standard error estimator,
and provide practical considerations for how uncertainty data can be collected (Section .
We conducted a series of simulation studies to test the performance of our proposed statistic
in estimating the population parameter of interest, the design and results of which are
described in Section This is followed by an application of our proposed method to
evaluate inter-pathologist agreement on NEPTUNE morphology descriptors (Section .
Finally, we summarize our findings and describe situations where our proposed statistics
are particularly useful (Section @ This study received a waiver for Institutional Review
Board approval by Ethical & Independent Review Services, #16034-01.

2. Existing Agreement Statistics

2.1. Non-chance-corrected Agreement Statistics
The proportion (or percent) of agreement, P,, is perhaps the simplest and most intuitive
agreement statistic. However, it is often criticized for not taking chance agreement into
account. If the two raters decided on ratings by independently flipping unbiased coins,
the proportion agreement would equal 0.50 on average. This agreement estimate might
be interpreted as moderate agreement even though it was generated purely by chance.
Although some authors believe chance correction is unnecessary (Fleiss et al., [2003), this
extreme case demonstrates the motivation to account for agreement by chance.

Several authors have advised caution when comparing agreement estimates across stud-
ies with different prevalences of positive ratings (Armitage et al., 1966} Grove et al., [1981;
Spitznagel and Helzer| [1985; Uebersax, 1987). Citing the parallels between agreement eval-
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uation and diagnostic test evaluation, one solution is to separately estimate the proportion
of positive agreement as the proportion of concordant positive responses divided by the
average (across raters) prevalence of positive responses, i.e., m, and similarly for
' (o +D.0)/2 (Cicchetti and Feinstein, [1990). However,
these two agreement measures are also not corrected for chance.

the proportion of negative agreement

2.2. Chance-corrected Agreement Statistics

Cohen’s k (Cohen, [1960) is perhaps the most widely used chance-corrected agreement
statistic. It is calculated for two raters and two response categories by

P, — P,

k= ——"

1—- P,
where P, = po.p.o + P1.p.1

and P, is the proportion agreement, as defined above. The probability of chance agree-
ment is thus estimated by assuming raters are independent and summing the estimated
probability that both rate 0 with the estimated probability that both rate 1. In other
words, P, assumes ratings for all observations are based on a random biased coin flip,
where the bias of the coin is based on the marginal proportions of observed ratings (Grove
et al| |1981; Uebersax, |1987). Therefore, x assumes that all observations are susceptible to
chance agreement (Gwet) 2014). In fact, if both raters were merely independently flipping
coins to decide on their ratings, then x would appropriately estimate agreement to be 0.
However, this extreme case is not realistic for most reproducibility studies. Furthermore,
several authors have found that x is sensitive to the prevalence of positive responses and to
the bias (difference in prevalence) between raters (Spitznagel and Helzer, |1985} [Feinstein
and Cicchetti, [1990; Byrt et al., |1993; \Gwet, [2014]).

Scott’s m (Scott, |1955)) is calculated by

PO_PTI'
mT=—,
1- P,
5 (Potpo\’, (PLtpa)’
whereP,r:( 0'2 '0) —|—< 1'2 '1> .

Scott’s 7 is similar to Cohen’s x but makes the slightly more stringent assumption that the
prevalences of positive responses are equal across the two raters (Cohen, 1960; [Banerjee
et all |1999; Gwet|, |2014). Therefore, if the marginal proportions of observed ratings are
identical, then Cohen’s k and Scott’s 7 will be equivalent. Krippendorft’s o (Krippendorff,
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1970)) is similar to Scott’s 7:

~ ~ 2 N A 2
bo—p — (Po. ;rp.o> N <p1. —;m)

except that o makes a correction for small samples, since ]50 is a weighted average of the
proportion agreement and its maximum value of 1. Thus, with moderate sample size, « is
similar in value to .

Several agreement statistics have been independently proposed based on the assumption
that all categories have equal probability of use by both coders, including Bennett’s S
(Bennett et al., 1954), Brennan-Prediger (Brennan and Prediger, 1981), and PABAK (Byrt
et al., 1993)). For two raters and two response categories, all three statistics are calculated

by

N

P, —0.
PABAK = -2~ 0-5
1-0.5

=2P, — 1.

This statistic is not sensitive to prevalence or bias, since the marginal proportions of ob-
servations are not used in the agreement estimate calculation. However, it assumes that
the probability of chance agreement is always 0.5.

Gwet developed the AC; statistic for two or more nominal response categories (Gwet,
2014)). With two response categories,

P, -P
ACl _ 1o - AC1
1 — Paca
A . . Do. + .
where Pyc1 = (Po. + p.o) <1 — ]9()2]90) .

Unlike the previous statistics, Gwet’s AC; assumes that some observations have determin-
istic ratings (i.e., not random or by chance) and other observations have nondeterministic
ratings (i.e., rated with some randomness or chance) (Gwet, |2014). Therefore, only a pro-
portion rather than all observations are susceptible to agreement by chance. AC; thus
estimates the probability of chance agreement as the product of the estimated probability
of agreement given the observation had a nondeterministic rating and the propensity for
a rater to give a nondeterministic rating for that observation. AC; further assumes that
if the observation was given a nondeterministic rating, then the rating is determined by
an unbiased coin flip. Gwet argues that the probability of chance agreement should not
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exceed 0.5, and demonstrates that PAC1 can only take values between 0 and 0.5 whereas
P, and P; can both take values between 0.5 and 1 (Gwet, [2002).

The various assumptions made by existing agreement statistics can result in extremely
different agreement estimates, especially given the sensitivity of several agreement statis-
tics to prevalence. Such variability motivates the need to meticulously assess whether
assumptions about chance agreement made by agreement statistics are valid for specific
applications. Because these stringent assumptions may not be applicable to some situ-
ations, we propose a new agreement statistic that uses uncertainty data to empirically
estimate and account for chance agreement due to rater uncertainty.

3. Novel Proposed Statistic

3.1. Theoretical Framework

Since agreement statistics are used when there is no gold standard or ground truth, we
emphasize that we do not seek to assess “accuracy” or “correctness” of ratings compared
to the ground truth. Instead, we seek to assess the extent to which different raters agree
on their ratings. We assume each rater has an underlying, unobserved probability of each
response, and it is both the sampling of observations from the population and the existence
of chance, as defined by rater uncertainty, that causes the actual observed ratings to differ
from the underlying population model. Agreement statistics based on observed ratings
must therefore account for chance to accurately estimate the underlying population-based
true agreement between raters.

We define a theoretical framework that assumes some observations to be rated are
susceptible to chance agreement and some are not. Other authors have labeled these as
“hard” and “easy” cases (Gwet, [2014) or used the terms “dishonest” and “honest” coding
(Zhao et al., 2013). We contend that in most research studies, raters are inherently honest.
We also recognize that a case that is difficult to rate by one rater may be easy to rate
by another. Thus, we allow each rater to have ratings that are “certain” or “uncertain.”
As Grove (Grove et al., [1981) notes, having such information would allow certain cases
to be treated separately from uncertain cases. We then define any observation rated with
uncertainty by either rater to be susceptible to chance agreement. We note that uncertainty
in a rating is a separate notion from error (compared to the unavailable ground truth),
so a rater can theoretically have 100% certainty in a completely “incorrect” rating. As
described above, the assessment of agreement concerns deviations from raters’ underlying
probabilities of responses due to uncertainty or chance and not deviations from the ground
truth due to error.

To illustrate the framework more concretely, we classify the probabilities for each rating
by each of two raters as in Table [2| Each cell of the table, pﬁ,B , represents the probability
that rater A gives response a € {0,1}, rater B gives response b € {0,1}, rater A has
certainty (C') or uncertainty (U), A € {C,U}, and rater B has certainty or uncertainty,
B € {C,U}. The margins show the rater-specific true probabilities of each response, or
true rater prevalences of each response, where a dot represents all possible values of a, b,
A, or B by the other rater. We also note that adding values from corresponding cells can
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Rater B
Certain Uncertain
0 1 0 1 | Total
Certain 0 pOCOC pﬂclc pOCE)U pg’lU Pg'
Rater A O A Lt 1t s
Uncertain 0 poo. PoC | Pho. Por | PG

vc ,UC uu L UU U.
1 Pio. P11 | Pio Pul P,

Total | p§ p¢ | p§ p¥ | 1

Table 2: Probability of each rating and uncertainty indication

collapse Table [2| to the simpler Table (1} i.e., psp = > AB p;‘}fg . Because any observation
rated with uncertainty by either rater is considered susceptible to chance, the shaded cells
in the table are those susceptible to chance.

A similar table is presented by |Gwet| (2008, 2014)), where observations may be described
as easy or hard rather than ratings being certain and uncertain. We therefore consider our
theoretical framework to be different from that of Gwet’s, since it separates observations
by an attribute related to both the rater and the case rather than separating observations
based only on attributes of the case itself. Gwet also assumes observations identified as
easy by both raters can only lead to agreement, whereas we allow for raters to disagree even
though both rated with certainty. In the NEPTUNE study of inter-rater agreement on mor-
phology descriptors, for example, two pathologists who have been trained differently may
have different interpretations of the same descriptor. Although each is absolutely certain in
what he/she sees, they may disagree on whether the descriptor is present. Therefore, it is
not chance that caused disagreement in this case but an underlying bias between the raters.
An analagous example of disagreement with certainty is from the picture of a dress that
became popular on the internet because some identified the dress as blue and black and
others identified it as white and gold. Neuroscientists postulated that the large differences
in color perception were caused by different experiences and adaptations of individuals’
brains (Lafer-Sousa et al., 2015). Our framework therefore accommodates such situations
where there can be certainty and disagreement.

Cohen defines x as “the proportion of agreement after chance agreement is removed
from consideration” (Cohenl1960). Based on this concept, Gwet interpreted the population
quantity of interest for the AC; statistic explicitly (Gwet, [2014). To define our population
quantity of interest, we let v represent a similar quantity as Gwet’s using our notation
and framework from Table As Gwet established, the probability of agreement can be
represented by a fraction with probability of agreement in the numerator and probability
of agreement or disagreement in the denominator. The probability of chance agreement
is 221:0 (ng + pgc + ng), so we remove this quantity from both the numerator and
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denominator of the fraction:

_ Zz‘lzo p5°
1= (Y + ¢ +p5Y)
_ Zz‘lzo pz‘cz‘ ¢
S0P+ s e S as i

~ is therefore the probability of agreement with certainty divided by the sum of the probabil-
ity of agreement with certainty and the probability of disagreement regardless of certainty
or uncertainty, i.e., the probability of agreement after chance agreement is removed from
consideration. If we have observed information on certainty and uncertainty of ratings and
the ratings themselves, then each probability in Table [2] and v above could be empirically

estimated by its corresponding proportion. Specifically, pﬁB can be replaced with pAB

where ﬁbe = nﬁ,B /N. This is the basis of our proposed statistic.

v

ab

3.2. Proposed Statistic

Our proposed agreement statistic, ¢, aims to estimate the probability of agreement after
chance agreement due to rater uncertainty is removed from consideration. It does so by
empirically estimating the probability of chance agreement, ]54, as the proportion of ob-
servations in which the two raters agreed and at least one rater indicated uncertainty in
their rating. This probability can also be expressed as a product of the probability of
uncertainty and the probability of agreement given uncertainty; thus, ]54 is the product
of the proportion of observations rated with uncertainty by either rater and the propor-
tion of observations for which ratings agreed given that they were rated with uncertainty.
Therefore, our proposed agreement statistic ¢ can be calculated similarly to other existing
agreement statistics by

b P
1- P
1
where P, = poo + P11 = Z Zﬁfz‘w

i=0 AB

~CC ~CC ~UC ~UC ~CU ~CU ~UU ~UU
=Poo + P11 +DPoo  +Pi1 TPoo tPii +DPoo +Pi1s

LI Zl Z ~AB 1 ~cC
. . . . — P Z.: s
and PC = E E (p%U + pgc + p%U) . i=0 £oA,B Fii i=0 i

‘ - 1 1 ~CU | sUC | sUU
i—0 j=0 D im0 2-j=0 (pij +p7 P )
1 1
_ ~AB ~CC
= Z Dy — an'
i=0 A,B i=0

UC | AUC | ~CU | ~CU | AUU | ~UU
=Poo tP11 tPeo *+Pi1 +DPoo +Pi1 -
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Subtracting I:’C from P, yields Z}:a ﬁgc, SO PC must be less than or equal to b, Therefore,
like proportion agreement, ¢ can only be non-negative. By algebraic manipulation, the
statistic can also be rewritten as

1
¢ = >0 ”gc
= 1 I :
>0 ngc + Zj;éi >0 EA,B ”?jB

( is therefore an empirical estimator of ~.

3.3. Standard Error

To derive a standard error for , we re-write ( as

Px (Z%:o ngc) /N

~ 1 1 )
py (ZZ‘:() ngc + Zj;éi Zi:O ZA,B nfjw) /N

a ratio of two binomial proportions, px and py, both with denominator N. Similarly, we
re-write v = p—if, where px < py always. Let each of the binomial proportions be expressed
as a sum of N Bernoulli random variables, X and Y}, respectively, where k represents an
individual observation. Therefore, X; = 1 when observation k is rated with certainty
by both raters and the raters agree, and Yy = 1 when X; = 1 or when raters disagree
(regardless of certainty). Then

2
oxy Oy

where 0% = px(1 — px), 0% = py(1 — py) and oxy = E(X3Y%) — E(Xx)E(Y%). Since
Xj = 1 implies Y, = 1, then XYy = Xy, so oxy = E(Xy) — E(Xp)E(Yy) = px — pxpy =
px (1 —py).

By the Law of Large Numbers, px LN px and py LN py . By the multivariate Central
Limit Theorem and the fact that X = px and Y = py,

m([ﬁx ] B [PX D L, N(0, M),

Py PY

By the Continuous Mapping Theorem, log (g—’y‘) 25 log (%). Then using the multivariate
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Delta Method,

VN ([log(px) — log(py)] — [log(px) — log(py)]) = N(0, 1)
WhereM:<Ii —ﬁ)M(i —%)
1

70'3( ﬁ_?axy

P% Py  PxDy
_ px(1—px) n py(1—py) 2px(1—py)

5% v} PXDY
_1l-px 1-py
Px by

Therefore, using similar arguments as in Katz et al.| (1978), log(¢) = log(px/py) =
log(px) —log(py) is approximately normally distributed with mean p = log(y) and asymp-

totic variance
o_l-px 1l-pv

Npx Npy
Finally, since log(() is approximately normally distributed, ¢ is approximately log-normally
distributed with estimated standard error

SE(¢) = v/(exp(0?) — 1) exp(2u + 02).

In practice, v, px, and py can be estimated with (, px, and py, respectively.

g

3.4. Collection of Uncertainty Data
To assess certainty, we can ask raters to indicate whether each of their ratings was made
with certainty or uncertainty. To minimize the extra time that such an indication would
require, a default can be set a priori. For example, all observations can be assumed to
be rated with certainty unless the rater checks a box indicating that they were uncertain.
Alternatively, all observations can be assumed to be rated with uncertainty unless indicated
otherwise. Another way to think about certainty is to ask raters about their confidence in
giving the same rating for an identical observation at a later time. This method uses the
idea of intra-rater agreement without conducting a formal intra-rater agreement study.
The decision to collect these additional uncertainty data should be made when the study
protocol is designed so raters can indicate uncertainty at the time of rating each observation.
Asking raters to indicate uncertainty after all observations have been rated may not be
feasible, and the uncertainty data collected in this way may suffer from recall bias. We also
emphasize that our proposed methods are suitable for studies with human raters where
such uncertainty data can be ascertained, whereas many rater reliability studies involving
non-human raters would not be able to provide such data.
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4. Simulation Studies

4.1. Simulation Setup
We tested the performance of our proposed statistic in estimating the population quantity
of interest v defined in Section [3.1| using a series of simulation studies assuming two raters
and two possible responses. The true rater prevalence is defined as the rater-specific true
probability of a positive rating (not the ground truth prevalence, since there is no gold
standard or ground truth). We first generated data assuming that rater A and rater B
both rated with certainty. We varied the true rater prevalence for rater B when rated
with certainty, p:lc € {0.1,0.2,--- ,0.9} and varied the bias between rater B and rater A,
p:? — pg' € {0,0.1,0.2,0.3}, which determined the true rater prevalence for rater A when
rated with certainty, p?

Given p:? and pg', we first calculated all possible values of pﬁc based on the following
constraints:

C <pf
5 < pf
p§C > pf +pf -1

0<pf® <1
or equivalently,
max{p{" +p{ — 1,0} < p{{” < min{p{,p{’}

To conduct a finite number of simulations, we selected possible values of plch in this range
in 0.1 increments. Then based on each value of p?lc, we calculated

cc _ .cc . cC
Pio =P1. — P11

lele; cc ,..Cc  _C.
Do1” =DPio +DP1 —PIL.

cC cC cC ccC
oo’ =1 — (p1o” +po1 + Pt )-

The true amount of agreement under certainty was calculated as pOCOC + pﬂc. Ratings for
raters A and B were then randomly sampled from a multinomial distribution with

P(a,b|A=B=C) =pS°.

All possible combinations of prevalence, bias, and true agreement were simulated, i.e., those
where all probabilities p,; were between 0 and 1.

We then varied the probability that observations were rated with uncertainty by each
rater, first assuming equal uncertainty across raters, v = P(A = U) = P(B = U) €
{0%, 20%, 50%, 80%, 100%}. Uncertainty for each observation was then sampled from a
Bernoulli distribution with probability ¢». Ratings for observations with uncertainty were
either randomly sampled from a Bernoulli distribution with

Pa|A=U)=P@bB=U)=05
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to mimic an unbiased coin flip or randomly sampled from a Bernoulli distribution with
P(a|A=U) =pf’
P(B=U)=p{

to mimic a biased coin flip.

The number of observations to be rated was also varied, with N € {25, 50, 100, 200, 500},
and each set of simulation parameters was repeated M = 10,000 times, each time with
different draws. For each simulation repetition, we calculated agreement estimates using
our proposed statistic ( and compared them to the population quantity of interest v. We
also estimated proportion of agreement, Cohen’s x, Gwet’s ACy, Scott’s 7, PABAK, and
Krippendorft’s a for comparison of magnitudes and properties, since these other statistics
are based on different definitions of chance agreement. For our proposed agreement statistic
¢, the simulated ratings and the uncertainty indications for each rating were used for
calculation (i.e., by filling in the corresponding cells in the 4 x 4 Table . Because existing
statistics do not use uncertainty data in their calculations, these statistics were estimated
using only the simulated ratings (i.e., by collapsing the 4 x 4 table to the 2 x 2 Table .
R code used to implement these simulations is included in Supplemental Section A.1.
Agreement estimates from Scott’s m and Krippendorff’s o were close to those of Cohen’s
k in almost all simulations, so the former two are not presented in simulation results and
any differences are described below. Agreement estimates were averaged across simulation
repetitions for display in figures and tables.

4.2. Simulation Results with Unbiased Coin Flips for Uncertain Ratings
Figure [1I] shows simulation results with 0 bias between raters, unbiased coin flips for uncer-
tain ratings, N = 200, and true agreement under certainty of 0.80. We observed similar
results at different levels of true agreement under certainty. Estimates from all existing
agreement statistics, including proportion of agreement and chance-corrected statistics,
generally decreased as the proportion of rater uncertainty increased from 0% (Figure
leftmost panel) to 100% (Figure (1} rightmost panel). Even though proportion of agree-
ment, Cohen’s k, and PABAK are not defined by and do not account for uncertainty as our
proposed statistic does or as Gwet’s ACy accounts for difficulty of cases, the fact that they
change with the uncertainty level reflects the extent to which their assumptions regarding
chance agreement fit the underlying data and the amount of rater uncertainty. Gwet’s
AC; statistic demonstrated a concave up curve, with higher agreement as the prevalence
approached 0 or 1. Cohen’s k had a concave down curve, with lower agreement as the
prevalence approached 0 or 1. As expected, PABAK was flat across different prevalences
and always in between Gwet’s AC; and Cohen’s k. Our proposed statistic { was unbiased
in estimating v (true agreement after removing chance agreement) and had a flat curve,
showing less sensitivity to prevalence than Gwet’s AC; or Cohen’s k. ( decreased as the
amount of uncertainty increased but always remained unbiased in estimating ~.

In the extreme case where all observations were rated with uncertainty, all of the exist-
ing chance-corrected agreement statistics and our proposed statistic { estimated agreement
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0% Uncertainty 20% Uncertainty 50% Uncertainty 100% Uncertainty

Agreement Estimates

Prevalence of Positive Ratings for Rater B

True Agreement y —o— Proportion Agreement PABAK
—— Proposed Statistic { —=— Gwet's AC; —*— Cohen's K

Fig. 1. Agreement estimates by uncertainty of both raters for 0.80 true agreement

to be 0, which is also the value of + in this situation. In other words, all of the chance-
corrected agreement statistics removed all chance agreement and estimated true agreement
to be 0. This property is often desirable, since the agreement statistics are able to account
for uncertainty in their estimates by giving lower values with increasing uncertainty. In con-
trast, proportion of agreement was 0.5 with 100% uncertainty, showing moderate agreement
even though ratings were purely by chance. We also conducted simulations that allowed
the probability of uncertainty to be different between the two raters, e.g., 0.2 for rater A
and 0.5 for rater B. Results were similar, with agreement estimates of existing statistics
and of our proposed statistic ¢ falling between the agreement estimates when both raters
had probability of uncertainty 0.2 and both raters had probability of uncertainty 0.5.

When positive bias between rater B and rater A was introduced, results were similar, but
all curves were shifted to the right. An example comparing no bias between raters to bias
of 0.2 between raters, with true agreement under certainty of 0.80, 50% rater uncertainty,
unbiased coin flips for uncertain ratings, and N = 200 is shown in Supplemental Figure
S1. Having positive bias between raters was also the one situation where Scott’s = and
Krippendorft’s a were not as close to Cohen’s k as they were when there was no bias between
raters. Across simulations with bias of 0.2 between raters, differences between Cohen’s k
and Scott’s m ranged from 0 to 0.11, and differences between Cohen’s k and Krippendorft’s
a ranged from 0 to 0.08. Results show that agreement statistics that have flat relationships
with prevalence are unchanged with bias between raters, as for our proposed statistic ¢,
the proportion agreement, and PABAK. For other existing agreement statistics that have
curved relationships with prevalence, the curves were shifted right by 0.2 when bias between
raters was increased from 0 to 0.2.
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4.3. Simulation Results showing Standard Error Estimates over Different Sample Sizes

We compared the precision of agreement estimates for different sample sizes. For all agree-
ment statistics, we calculated empirical standard errors (standard deviations of agreement
estimates over simulation repetitions) and separately estimated asymptotic standard errors
in each simulation repetition (then averaged across simulation repetitions). For existing
agreement statistics, we calculated estimated standard errors using established asymptotic
expressions, i.e., the normal approximation of binomial proportions for proportion agree-
ment and PABAK, Fleiss et al.’s standard error estimate for Cohen’s x (Fleiss et al.. [1969;
Gwet, [2014), and Gwet’s standard error expressions for all others (Gwet, [2008|, 2014). For
our proposed agreement statistic, we estimated standard errors as described in Section
and also used those standard errors to calculate 95% confidence interval coverage using a
standard normal approximation, ¢ & zp.975 - SE(().

Table |3| shows empirical standard errors (standard deviations of agreement estimates
across simulation repetitions) and average estimated standard errors using asymptotic vari-
ance expressions of agreement estimates with prevalence 0.5, 0 bias, true agreement under
certainty of 0.80, 50% rater uncertainty, and unbiased coin flips for uncertain ratings. These
parameters resulted in true agreement after removing chance agreement of v = 0.32. We
first observe that our proposed statistic ( is close to v for all sample sizes. We also see
that all estimated asymptotic standard errors are close to the empirical standard errors,
especially as N becomes large. For our proposed agreement statistic, this result confirms
the accuracy of the asymptotic standard error expression developed in Section [3.3] As
expected, standard errors decrease as IN increases. Proportion agreement had the small-
est estimated standard error overall, followed by the proposed statistic (. 95% confidence
interval coverage for our proposed statistic was 96.8% for N = 25, 94.4% for N = 50, and
94.6% for N > 100.

4.4. Simulation Results with Biased Coin Flips for Uncertain Ratings

For biased coin flips, ratings for observations rated with uncertainty were simulated based
on the probability of a positive rating for each rater. Simulation results with 0 bias between
raters, N = 200, true agreement under certainty of 0.80, and biased coin flips for uncertain
ratings are shown in Figure 2| Agreement estimates from Cohen’s xk were similar to those
when using unbiased coin flips. Notably, agreement estimates for our proposed statistic
¢ and proportion agreement show a curve rather than a straight line over different values
of prevalance, demonstrating some sensitivity to prevalence. Unlike proportion agreement,
however, our proposed statistic ( still retains its property of accounting for uncertainty
by giving lower agreement estimates as uncertainty increases. Gwet’s AC; statistic also
demonstrated a much steeper curve, but also often had non-zero values even with 100%
uncertainty. This may be due to the fact that Gwet’s AC; explicitly assumes unbiased coin
flips only for hard ratings (Gwet, [2014). PABAK had a steep curve with biased coin flips
and closely resembled Gwet’s ACy, with values just slightly lower or equal to Gwet’s ACj.
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Mean of Agreement Empirical Mean of Asymptotic

N Statistic Estimates Standard Error Standard Errors
Proportion Agreement 0.578 0.100 0.097
Gwet’s ACy 0.173 0.200 0.197
o5 PABAK 0.155 0.200 0.193
Cohen’s K 0.151 0.198 0.201
Proposed Statistic ¢ 0.322 0.122 0.131
Proportion Agreement 0.573 0.069 0.069
Gwet’s ACy 0.156 0.139 0.140
50 PABAK 0.146 0.139 0.138
Cohen’s & 0.144 0.138 0.141
Proposed Statistic ¢ 0.319 0.084 0.087
Proportion Agreement 0.574 0.049 0.049
Gwet’s ACy 0.152 0.098 0.099
100 PABAK 0.148 0.098 0.098
Cohen’s K 0.147 0.098 0.099
Proposed Statistic ¢ 0.319 0.059 0.060
Proportion Agreement 0.575 0.035 0.035
Gwet’s ACy 0.152 0.071 0.070
9200 PABAK 0.150 0.071 0.070
Cohen’s & 0.149 0.071 0.070
Proposed Statistic ¢ 0.320 0.042 0.042
Proportion Agreement 0.575 0.022 0.022
Gwet’s ACy 0.151 0.045 0.044
500 PABAK 0.150 0.045 0.044
Cohen’s K 0.150 0.045 0.044
Proposed Statistic ¢ 0.320 0.027 0.026

Table 3: Simulation results of agreement estimates and empirical and estimated standard

errors.
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0% Uncertainty 20% Uncertainty 50% Uncertainty 100% Uncertainty

Agreement Estimates

Prevalence of Positive Ratings for Rater B

True Agreement y —&— Proportion Agreement PABAK
—v— Proposed Statistic ¢ —=— Gwet's AC, —%— Cohen's K

Fig. 2. Agreement estimates with biased coin flips for uncertain ratings

4.5. Simulation Results with Inacccurate Uncertainty Indications

Our proposed statistic is advantageous because it does not make strong assumptions about
the probability of chance agreement, instead using uncertainty data to account for chance
agreement. However, one might suspect that uncertainty indications may also be inac-
curate, whereas our proposed statistic relies on the assumption that uncertainty data are
accurate. We believe this is a plausible assumption, because we assume that raters are in-
herently rating with maximal effort and rigor. While ratings may be susceptible to chance
due to reasons outside of the rater’s control (e.g. blurry images, lack of previous experience,
or having to dichotomize a continuous measure close to the cutpoint), we place trust in the
rater’s ability to assess their own certainty.

Still, we conducted additional simulations to test the robustness of our proposed agree-
ment statistic when indications of uncertainty were inaccurate. Although we expect in-
accurate uncertainty of 10% or less in most situations, we present simulations where we
randomly selected 0, 10, 30, and 50 percent of certainty or uncertainty indications to be
wrong. Figure [3] shows results from these simulations for true agreement under certainty
of 0.8, N = 200, unbiased coin flips for uncertain ratings, and probability of uncertainty
for each rater of 0.2, 0.5, and 0.8.

When the probability of uncertainty was low (Figure 3| top row), ¢ decreased as the
percent of inaccurate indications of uncertainty increased. With 30% or less inaccurate
uncertainty indications, ¢ still had little bias in estimating v. With 50% inaccurate un-
certainty indications, however, the bias was larger. When the probability of uncertainty
was high, ( increased slightly as the percent of inaccurate indications of uncertainty in-
creased. When the probability of uncertainty was 0.5, ¢ had little bias for estimating ~y
even with 50% inaccurate uncertainty indications. The behavior of { is expected, since
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Fig. 3. Agreement estimates with inaccurate indications of uncertainty
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the chance-correction in ¢ contains the proportion of observations rated with uncertainty.
When the proportion of uncertainty is indicated to be high (although it is truly low at 0.2),
¢ will correct more for chance. When the proportion of uncertainty is indicated to be low
(although it is truly high at 0.8), ¢ will correct less for chance.

5. Data Application in the NEPTUNE Study

NEPTUNE is a multicenter prospective cohort study of children and adults with nephrotic
syndrome, a rare type of kidney disease diagnosed by evaluation of a kidney biopsy (Gadeg-
beku et al.; 2013). Kidney biopsy tissue is collected according to the NEPTUNE Digital
Pathology Protocol (NDPP), including digital electron microscopy (EM) images (Barisoni
et al., 2013)). The NDPP includes a scoring system for evaluating biopsies, in which pathol-
ogists rate descriptors representing structural lesions. Although some of these descriptors
are used in conventional diagnoses for nephrotic syndrome, most have never before been
collected in such a quantitative manner. Therefore, it was important to identify the set of
reproducible descriptors to bring to the next stage of validation.

For the current study, we analyzed pathologists’ ratings of six descriptors from assess-
ment of EM images of kidney tissue from N = 196 NEPTUNE patients and one descriptor
from assessment of whole slide images from N = 157 NEPTUNE patients. Two patholo-
gists rated each descriptor as present or absent and additionally used a check box to indicate
whether their rating was made with any uncertainty. The first pathologist indicated uncer-
tainty in the range of 0.3% to 12.7% of observations across the six EM descriptors, whereas
the second pathologist indicated uncertainty in the range of 0.0% to 16.6% of observations.
Pathologists attributed some differences in uncertainty to different experiences, e.g., dif-
ferent interpretations of image quality based on images usually seen in clinical practice by
different pathologists.

We calculated the inter-pathologist agreement for each descriptor using proportion
agreement, Cohen’s x, Gwet’s AC;, PABAK, and our proposed statistic (. Agreement
estimates for the seven descriptors with prevalences between 11.8% and 73.8% are plot-
ted in Figure [4] along with their standard errors. After removing chance agreement (i.e.,
agreement due to uncertainty), inter-rater agreement (standard error) using our proposed
statistic ¢ ranged between 0.58 (0.04) for Sinechia and 0.82 (0.02) for Electron Densi-
ties/Hyaline Material. Proportion agreement yielded the highest agreement estimates, fol-
lowed by (. For descriptors with a low level of uncertainty in ratings, proportion agreement
and ¢ were very similar. The descriptor with the highest uncertainty by both raters was
Sinechia, which also had the largest difference between proportion agreement and (. The
large corrections for chance agreement implemented by other existing statistics resulted in
agreement estimates that were lower.

As described in Section it is ideal if uncertainty data can be collected at the same
time that the ratings are made, as in the NEPTUNE data example. If uncertainty indica-
tions for each observation were not collected when ratings were made, or if only summarized
uncertainty data are available, simulations may be useful to approximate . An additional
data example illustrating this idea is provided in Supplemental Section A.3.
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Fig. 4. Agreement estimates + 1 standard error for seven pathology descriptors identified in kidney
biopsies from the Nephrotic Syndrome Study Network (NEPTUNE)

6. Conclusion

Given the wide variability in estimates from existing agreement statistics, it can be chal-
lenging for researchers to know which agreement statistic is appropriate for their data.
Many default to Cohen’s x, but its strong penalty for chance agreement from assuming
all observations are susceptible to chance may be too stringent. Other existing statistics
are less conservative but still make assumptions for estimating chance agreement that may
not hold in many situations, such as assuming an unbiased coin flip determines ratings
for observations rated with chance. In response to these challenges, we propose that re-
searchers collect rater-reported data on uncertainty and use our novel agreement statistic,
¢, to estimate agreement corrected for chance due to rater uncertainty.

Our proposed statistic ¢ can accommodate a wide range of assumptions about uncertainty—
both in terms of which observations are rated by chance and the probability that they are
rated by chance. It possesses the desirable ability to account for uncertainty in its esti-
mate by decreasing in value as the amount of uncertainty increases. With these additional
uncertainty data, we can separate agreement (disagreement) between raters due to chance
from agreement (disagreement) between raters due to true agreement (disagreement). Fur-
ther, ¢ has little bias and little sensitivity to prevalence for estimating the probability of
agreement after removing chance agreement.

With very low levels of uncertainty, one could argue that proportion of agreement is
sufficient to estimate agreement without having to correct for chance agreement at all.
However, we must first understand the level of rater uncertainty to justify this approach
and therefore must collect the uncertainty data. Calculation of ¢ can then be considered,
along with any existing agreement statistic. Another potential strategy to use uncertainty
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data would be to use proportion agreement to estimate agreement only among cases rated
with certainty by both raters. Among such cases with no uncertainty, there is no chance
agreement and therefore no need to correct for chance. However, the resulting proportion
agreement estimate should be interpreted only among cases rated with certainty. Only if
the cases rated with certainty are sampled completely at random from the entire population
could this agreement estimate be broadly generalizable.

There are two limitations of our proposed statistic worth noting. First, the calculation
of ¢ requires additional data collection and thus more resources. However, we estimate the
additional burden to be small relative to potentially large benefits of being able to calculate
this chance-corrected agreement statistic. Second, we assume that raters provide reason-
ably accurate indications of uncertainty. We believe this is a plausible assumption, since
research-based agreement studies are generally conducted with experienced raters following
rigorous scientific principles. To minimize the risk of inaccurate indications of uncertainty,
we recommend well-designed protocols for rating and assessing uncertainty and adequate
training to carry out the protocol design. Our simulation study results also showed robust-
ness of our proposed statistic when these inaccuracies were low or moderate. Specifically,
¢ had little bias in estimating the probability of agreement after removing chance agree-
ment with modest (30% or less) inaccurate indications of uncertainty. However, when the
true amount of uncertainty is thought to be close to 0 or 1 and the amount of inaccurate
indications of uncertainty are thought to be 50% or more, { may not be appropriate.

It is also important to note that there are studies in which more conservative agreement
estimates would be preferred, e.g., when the goal is to flag poorly performing raters. Alter-
natively, established agreement statistics may be preferred when it is important to compare
to previous studies. On the other hand, e.g., in our NEPTUNE data example in which
the goal is to choose reproducible descriptors for further validation, we want to be very
cautious about removing useful descriptors and therefore want a more liberal agreement
statistic. ¢ being insensitive to prevalence also has the benefit of being comparable across
studies with different prevalence levels. Such studies should have similar uncertainty levels
for appropriate comparison, although differing uncertainties could uncover important infor-
mation about the raters’ processes and/or interpretation of observations. In some cases, it
may be useful to calculate multiple agreement statistics and discuss the differences between
the estimates.

Currently, our proposed method is applicable to agreement studies with two raters, two
response categories, and a dichotomous indication of uncertainty. Natural extensions of
our method would allow for more than two raters and ordinal or more than two nominal
response categories. To accommodate ordinal responses, we could follow strategies similar
to those used for existing statistics (Cohen, |1968; |Gwet, 2014), i.e., incorporating weights
that are highest when the raters agree perfectly and that decrease as the difference be-
tween the two chosen ratings increases. Both the proportion agreement and the estimated
probability of chance agreement would be calculated using a weighted sum of all observed
proportions. Similarly, uncertainty may sometimes exist on an ordinal or continuous scale
rather than dichotomous. If we apply our proposed statistic ¢ by dichotomizing uncer-
tainty in this case, ( may be conservative in its correction for chance agreement since
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even small degrees of uncertainty are assumed to lead to chance ratings. An ordinal scale
of uncertainty could therefore improve agreement estimates in these cases and could be
incorporated by weighting ratings for each observation by the degree of uncertainty.

As new biological markers for nephrotic syndrome and other chronic conditions become
available, it is crucial to evaluate their reproducibility. Our proposed statistic can provide
accurate assessments of rater agreement by accounting for rater uncertainty. We thus
recommend that future inter-rater reproducibility studies also collect uncertainty data for
agreement estimation.
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