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Abstract

Background: Recent studies of the quality of in-hospital care have used the Quality of Interaction Schedule (QulS)
to rate interactions observed between staff and inpatients in a variety of ward conditions. The QulS was developed
and evaluated in nursing and residential care. We set out to develop methodology for summarising information
from inter-rater reliability studies of the QuIS in the acute hospital setting.

Methods: Staff-inpatient interactions were rated by trained staff observing care delivered during two-hour
observation periods. Anticipating the possibility of the quality of care varying depending on ward conditions,

we selected wards and times of day to reflect the variety of daytime care delivered to patients. We estimated
inter-rater reliability using weighted kappa, k,,, combined over observation periods to produce an overall, summary
estimate, K,,. Weighting schemes putting different emphasis on the severity of misclassification between QulS
categories were compared, as were different methods of combining observation period specific estimates.

Results: Estimated K,, did not vary greatly depending on the weighting scheme employed, but we found simple
averaging of estimates across observation periods to produce a higher value of inter-rater reliability due to over-

weighting observation periods with fewest interactions.

Conclusions: We recommend that researchers evaluating the inter-rater reliability of the QulS by observing staff-
inpatient interactions during observation periods representing the variety of ward conditions in which care takes
place, should summarise inter-rater reliability by k,,, weighted according to our scheme A4. Observation period
specific estimates should be combined into an overall, single summary statistic K, random, Using a random effects
approach, with Ky, rgndom, t0 be interpreted as the mean of the distribution of k,, across the variety of ward
conditions. We draw attention to issues in the analysis and interpretation of inter-rater reliability studies
incorporating distinct phases of data collection that may generalise more widely.

Keywords: Weighted kappa, Random effects meta-analysis, QulS, Collapsing, Averaging

Background

The Quality of Interactions Schedule (QulS) has its ori-
gin in observational research undertaken in 1989 by
Clark & Bowling [1] in which the social content of inter-
actions between patients and staff in nursing homes and
long term stay wards for older people was rated to be
positive, negative or neutral. The rating specifically re-
lates to the social or conversational aspects of an
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interaction, such as the degree to which staff acknow-
ledge the patient as a person, not to the adequacy of any
care delivered during the interaction. Dean et al. [2] ex-
tended the rating by introducing distinctions within the
positive and negative ratings, creating a five category
scale as set out in Table 1. QulS is now generally
regarded as an ordinal scale ranging from the highest
ranking, positive social interactions to the lowest rank-
ing, negative restrictive interactions [3].

Barker et al. [4] in a feasibility study of an intervention
designed to improve the compassionate/social aspects of
care experienced by older people in acute hospital
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Table 1 Definitions of QulS categories [2]

Page 2 of 12

CATEGORY Explanation

Positive social (+s)
Positive Care (+c)
Neutral (N)

Negative protective (—p)

Interaction principally involving ‘good, constructive, beneficial’ conversation and companionship.
Interactions during the appropriate delivery of physical care.
Brief, indifferent interactions not meeting the definitions of the other categories.

Providing care, keeping safe or removing from danger, but in a restrictive manner, without explanation or reassurance:

in a way which disregards dignity or fails to demonstrate respect for the individual.

Negative restrictive (—r)

Interactions that oppose or resist peoples’ freedom of action without good reason, or which ignore them as a person.

wards, proposed the use of the QulS as a direct assess-
ment of this aspect of the quality of care received. This
is a different context to that for which the QulS was ori-
ginally developed and extended, and it may well perform
differently: wards may be busier and more crowded, beds
may be curtained off, raters may have to position them-
selves more or less favourably in relation to the patients
they are observing. A component of the feasibility work
evaluated the suitability of the QulS in the context of
acute wards, and in particular its inter-rater-reliability
[5]. Because of the lack of alternative assessments of
quality of care it is likely that the QulS will be used
more widely, and any such use should be preceded by
studies examining its suitability and its inter-rater
reliability.

In this paper we describe the analysis of data from an
inter-rater reliability study of the QulS reported by
McLean et al. [5]. Eighteen pairs of observers rated staff-
inpatient interactions during two hour long observation
periods purposively chosen to reflect the wide variety of
conditions in which care is delivered in the hospital
setting. The study should thus have captured differences
in the quality of care across conditions, for example
when staff were more or less busy. It is possible that
inter-rater reliability could also vary depending on the
same factors, and thus an overall statement of typ-
ical inter-rater reliability should reflect variability
across observation periods in addition to sampling
variability. We aim to establish a protocol for sum-
marising data from inter-rater reliability studies of
the QulS, to facilitate consistency across future
evaluations of its measurement properties. We sum-
marise inter-rater reliability using kappa (k) which
quantifies the extent to which two raters agree in
their ratings, over and above the agreement expected
through chance alone. This is the most frequently
used presentation of inter-rater reliability in applied
health research, and is thus familiar to researchers in
the area. When « is calculated all differences in
ratings are treated equally. Varying severity of
disagreement between raters depending on the cat-
egories concerned can be accommodated in weighted
K, K., however standard weighting schemes give
equal weight to disagreements an equal number of

categories apart regardless of their position on the
scale, and are thus not ideal for the QulS. For ex-
ample, a disagreement between the two adjacent
positive categories is not equivalent to a disagree-
ment between the adjacent positive care and neutral
categories. Thus we aim to establish a set of weights
to be used in «k,, that reflects the severity of
misclassification between each pair of QulS categor-
ies. We propose using meta-analytic techniques to
combine the estimates of k, from the different
observation periods to produce a single overall esti-
mate of k,,.

Methods

QuliS observation

Following the training described by McLean et al. [5], each
of 18 pairs of research staff observed, and QulS rated all in-
teractions involving either of two selected patients, during a
two-hour long observation period. The 18 observation pe-
riods were selected with the intention of capturing a wide
variety of conditions in which care is delivered to patients
in acute wards, as this was the target of the intervention to
be evaluated in a subsequent main trial. Observation was
restricted to a single, large teaching hospital on the South
Coast of England and took place in three wards, on week-
days, and at varying times of day between 8 am to 6 pm, in-
cluding some periods when staff were expected to be busy
(mornings) and others when staff might be less so.

The analysis of inter-rater reliability was restricted
to staff-patient interactions rated by both raters,
indicated by them reporting an interaction starting
at the same time: interactions rated by only one
rater were excluded. The percentage of interactions
missed by either rater is reported, as is the Intra-
class Correlation Coefficient (ICC) of total number
of interactions reported by each rater in the observa-
tion periods.

K estimates of inter-rater reliability

Inter-rater agreement was assessed as Cohen’s k [6]
calculated from the cross-tabulation of ratings into
the k=5 QulS categories of the interactions observed
by both raters:
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Q :po —P. ) (1)

l_pe

with p, being the proportion of interactions with identi-
cal QulS ratings and p, being the proportion of interac-
tions expected to be identical (XK 1p: p.) calculated
from the marginal proportions p; and p; of the cross-
tabulation.

In the above, raters are only deemed to agree in their
rating of an interaction if they record an identical QuIS
category, and thus any ratings one point apart (for ex-
ample ratings of + social and + care) are treated as dis-
agreeing to the same extent as ratings a further distance
apart (for example ratings of + social and - restrictive). To
better reflect the severity of misclassification between
pairs of QulS categories weighted «,, can be estimated as
follows:

&, = Po (w)7Pe (w) ’ @)
l_p e (w)

where p, () is the proportion of participants observed to

agree according to a set of weights w;;

Po (w) = Z;Z;Wﬂ’w (3)

and p, () is the proportion of participants expected to
agree according to the weights

k k
Pe(w) = Zi:le:lwlipi~ b (4)

In (3) pyj, for i and j=1...k, is the proportion of in-
teractions rated as category i by the first rater and
category j by the second. A weight w;; is assigned to
each combination restricted to lie in the interval 0 <
w;; < 1. Categories i and j, i #j with w;; =1, indicate a
pair of ratings deemed to reflect perfect agreement
between the two raters. Only if w;; is set at zero, w;; =0,
are the ratings deemed to indicate complete disagreement.
If 0<w;<1 for i#j, ratings of i and j indicate rat-
ings deemed to agree to the extent indicated by w;;.
The precision of estimated k,, from a sample of size
n is indicated by the Wald 100(1- a)% confidence
interval (CI):

Ky—=Zq/2 X SE(Ky ) <Ky SRy + Zgj2 X SE(Ky).

(5)
Fleiss et al. ([6], section 13.1) give an estimate of the
standard error of k,, as:
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—~ 1 k k — =2
SE(Ry) = T pm) /i \/ Z;:12;:1 oD j[wi=(W, + W) =pZu) s
(6)

where W, = Z,];lp-iwﬁ and w; = Z;thij . Un-
weighted « is a special case.

We examined the sensitivity of &, to the choice of
weighting scheme. Firstly we considered two standard
schemes (linear and quadratic) described by Fleiss et al.
[6] and implemented in Stata. Linear weighting deems
the severity of disagreement between raters by one point
to be the same at each point on the scale, and the
weighting for disagreement by more than one point is
the weight for a one-point disagreement multiplied by
the number of categories apart. In quadratic weighting,
disagreements two or more points apart are not simple
multiples of the one-point weighting, but are still invari-
ant to position on the scale. We believe that the severity
of disagreement between two QulS ratings a given num-
ber of categories apart, does depend on their position on
the scale. The weighting schemes we devised as better
reflections of misclassification between QulS categories
are described in Table 2. In weighting schemes Al to A6
the severity of disagreements between each positive
category and neutral, and each negative category and
neutral was weighted to be 0.5; disagreement within
the two positive categories was considered to be as
severe as that within the two negative categories; and
we considered a range of levels of weights (0.5 to 0.9)
to reflect this. In schemes Bl to B3 disagreements
between each positive category and neutral, and
between each negative category and neutral were con-
sidered to be equally severe, but were given weight
less than 0.5 (0.33, 0.25 and 0.00 respectively); sever-
ity of disagreement within the two positive categories
was considered to be the same as that within the
two negative categories. While in weighting schemes
C1-C3, disagreement between the two positive cat-
egories (+social and + care) was considered to be less
severe than that between the two negative categories
(—protective and -restrictive).

Weighting scheme A4 is proposed as a good represen-
tation of the severity of disagreements between raters
based on the judgement of the clinical authors (CMcL,
PG and JB) for the following reasons:

i) There is an order between categories + social >
+care > neutral > —protective > —restrictive

ii) Misclassification between any positive and
any negative category is absolute and should
not be considered to reflect any degree of
agreement
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Table 2 Weighting schemes

Weighting scheme +s +c N -p -1 COMMENTS
Unweighted + social 1 Ignores the degree of misclassification between categories
+ care 0 1
Neutral 0 0 1
- protective 0 0 0 1
- restrictive 0 0 0 0 1
Linear + social 1 Standard weights 1 for ordinal variables in Stata.
+ care 1 . Weights 1T|i—j\/<k-1), where i and j index the rows and columns, and k the number
of categories
Neutral 05 05 1
- protective 0 0 0.5 1
- restrictive 0 0 0.5 1 1
Quadratic + social 1 Standard weights 2 for ordinal variables in Stata.
© care 075 Weights 1 - {(-)/(k-1)}".
Neutral 05 075 1
- protective 025 05 075 1
- restrictive 0 025 05 075 1

A: Weights given to neutral compared to a positive or negative = 0.5, assuming that misclassification between the positives is equal to misclassification
between the negatives.

Weighted Al

Weighted A2

Weighted A3

Weighted A4

Weighted A5

+ social

+ care
Neutral

- protective
- restrictive
+ social

+ care
Neutral

- protective
- restrictive
+ social

+ care
Neutral

- protective
- restrictive
+ social

+ care
Neutral

- protective
- restrictive
+ social

+ care
Neutral

- protective

- restrictive

1

09
0.5

08
0.5

0.75
0.5
0

0

1
0.7
0.5
0

0

0.5
0.5

0.5
0.5

0.5
0.5

0.5
0.5

0.5
0.5

09

0.8

0.75

0.7

All possibilities from weighting misclassification between the two positives and
the two negatives as 1 (will be the same as having only three categories,
positive neutral and negative) to weighting it as 0.6.

Weighting scheme 4 has a weights of 0.75 (half way between .5 and 1)
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Table 2 Weighting schemes (Continued)

Page 5 of 12

Weighted A6 + social 1
+ care 0.6 1
Neutral 05 05 1

- protective 0 0 0.5 1
- restrictive 0 0 0.5 0.6 1

Weighting scheme +s +c N -p  -r COMMENTS

B: Weights using less than 0.5 for neutral compared to a positive or negative and assuming that misclassification between the two positives is equal

to misclassification between the two negatives

Weighted B1 + social 1
+ care 066 1
Neutral 033 033 1

- protective 0 0 033 1
- restrictive 0 0 033 066 1

Weighted B2 + social 1
+ care 05 1
Neutral 025 025 1

- protective 0 0 025 1
- restrictive 0 0 025 05 1

Weighted B3 + social 1
+ care 0.5 1
Neutral 0 0 1

- protective 0 0 0 1
- restrictive 0 0 0 0.5 1

C: Weights assuming that misclassification between the two negative categories is less important than misclassification between the two

positives and varying the neutral weights

Weighted C1 + social 1
+ care 0.5 1
Neutral 025 025 1

- protective 0 0 025 1
- restrictive 0 0 025 075 1

Weighted C2 + social 1
+ care 0.6 1
Neutral 04 04 1

- protective 0 0 04 1
- restrictive 0 0 04 08 1

Weighted C3 + social 1
+ care 066 1
Neutral 05 05 1

- protective 0 0 05 1
- restrictive 0 0 05 083 1

iii) The most important misclassifications are between
positive (combined), neutral and negative
(combined) categories

iv) There is a degree of similarity between neutral and
the two positive categories, and between neutral and
the two negative categories

v) Misclassification within positive and negative
categories do matter, but to a lesser extent

Variation in K, over observation periods
We examined Spearman’s correlation between A4 weighted
K, and time of day, interactions/patient hour, mean length
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of interactions and percentage of interactions less than one
minute. ANOVA and two sample t-tests were used to
examine differences in A4 weighted k,, between wards and
between mornings and afternoons.

Overall k,, combined over observation periods

To combine g (>2) independent estimates of k,, we
firstly considered the naive approach of collapsing over
observation periods to form a single cross-tabulation
containing all the pairs of QulS ratings, shown in
Table 3a). An estimate, Ry, coliapsed, and its 95% CI, can
be obtained from formulae (2) and (6).

We next considered combining the g observation
period specific estimates of «, using meta-analytic
techniques. Firstly, using a fixed effects approach, the
estimate K,,, = K, + &, in the m™" observation period
is modelled as comprising the true underlying value of
K, plus a component, g, reflecting sampling variability
dependent on the number of interactions observed
within the m" period: where k,, is the common overall
value, and ¢, is normally distributed with zero mean
and variance V,,, = SE(liwm)Z. The inverse-variance
estimate of k,, based on the fixed effects model, Ky, fixed
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, is a weighted combination of the estimates from each
observation period:

4 X~
. @Oy X Ky
. ZZ— %

m:lwm
with meta-analytic weights, w,,, given by:

1
VWW! .

Wm = (8)

Since study specific variances are not known, estimates
&,, with variance estimates V,,, = §E(f<wm )2 calculated
from formula (6) for each of the m periods are used.
The standard error of K, fixeq is then:

from which a 100(1- @)% CI for K, fixes can be obtained.
Ry fired 1S the estimate K, overa combined over strata
given by Fleiss et al. [6], here combining weighted Ky,
rather than unweighted &,,,.

Table 3 Cross-tabulation of QulS ratings collapsed over all observation periods, and for the observation periods with lowest and

highest unweighted k

Rater 2 Unweighted
+5 +C N -p -r Total K
a) Collapsed table from all observation periods
Rater 1 + social 36 23 0 0 0 59 (17%) 0.55
+ care 22 164 10 4 1 201 (57%)
Neutral 3 13 47 2 5 70 (20%)
- protective 0 5 2 7 0 14 (4%)
- restrictive 3 1 0 0 6 10 (3%)
Total 64 (18%) 206 (58%) 59 (17%) 13 (4%) 12 (3%) 354 (100%)
b) Observation period with lowest unweighted «
Rater 1 + social 2 4 0 0 0 6 030
+ care 1 9 2 0 1 13
Neutral 0 2 2 1 0 5
- protective 0 0 0 0 0 0
- restrictive 0 0 0 0 1 1
Total 3 15 4 1 2 25
) Observation period with highest unweighted k
Rater 1 + social 1 0 0 0 0 1 0.90
+ care 0 11 0 0 0 1
Neutral 0 0 6 0 0 6
- protective 0 0 1 0 0 1
- restrictive 0 0 0 0 0 0
Total 1 1 7 0 0 19
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Equality of the g underlying, observation period
specific values of «,, is tested using a x> test for
heterogeneity:

theterogeneity = Zi’:lwm = (IA(W”‘_]A(W.ﬁxEd)Z (10)
to be referred to x* tables with g — 1 degrees of freedom.
The hypothesis of equality in the g K,,s is typically
rejected  if X%,etemge,,eity lies above the )é, 1(0.95)
percentile.

The fixed effects model assumes that all observation
periods share a common value, k,, with any differences
in the observation period specific K, being due to sam-
pling error. Because of our expectation that inter-rater
reliability will vary depending on ward characteristics
and other aspects of specific periods of observation, our
preference is for a more flexible model incorporating
underlying variation in true k,,, over the m periods
within a random effects meta-analysis. The random ef-
fects model has K, = K, + §,, + &, where §,, is an ob-
servation period effect, independent of sampling error
(the g, terms defined as for the fixed effects model).
Variability in observed K, about their underlying mean,
Ky, is thus partitioned into a source of variation due to
observation period characteristics captured by the §,,
terms, which are assumed to follow a Normal distribu-
tion: 8,, ~ N(0, %), with 7 the variance in K., across ob-
servation periods, and sampling variability. The inverse-
variance estimate of x,, for this model is:

A fn:lQm X Kypm
Kw random = TN~ -

Qp

(11)

m=1
with meta-analytic weights, ,,, given by:

1

O, =—-.
"V m + T2

(12)

Observation period specific variance estimates V',
are used, and 7% also has to be estimated. A common
choice is the Dersimonian-Laird estimator [7] defined
as:

2 _ X 2heterogeneity_ (g-1)
an:fom_ (an:lm’%ﬂ> / (Zi’:lw"‘)

usually truncated at O if the observed )ée[erogeneity <(g-1).
The estimate K, ;undom is then:

g 2 .
Zm:19”‘ X Kym

Kw random = g .(A) )
Zm:l m

with

(13)

(14)
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N 1
Q=) 15
T Vw7 1)
and an estimate of the standard error of K., yundom 18:
- 1
SE(KW mndom) = g ~ (16)

Zm:lﬂm

leading to 100(1- a)% ClIs for Ky random-

The role of 7* is that of a tuning parameter: When 7° =
0 there is no variation in the underlying «,,, and the fixed
effects estimate, K, fixes is obtained. At the other extreme,

as 72 becomes larger, the (2,, become close to constant, so
that each observation period is equally weighted and
Ky random  Decomes the simple average of observation
period specific estimates:

>

. 1 \wm

Kw averaged = = (17)
g

Ky averaged ignores the impact of number of interactions

on the precision of the observation period specific esti-

mates. The standard error for Ky, 4yerageq is estimated by:

an:l VW”’

‘@(kw avemged) = g2 (18)

Obtaining estimates of K, from Stata

The inverse-variance fixed and random effects estimates
can be obtained from command metan [8] in Stata by
feeding in pre-calculated effect estimates (variable X1)
and their standard errors (variable X2). When X1 con-
tains the g estimates of X, X2 their standard errors

\/ Vm, and variable OPERIOD (labelled “Observation
Period”) an indicator of observation periods, inverse-
variance estimates are obtained from the command:

metan X1 X2, second (random) Icols (OPERIOD) xlab(O0,
0.2, 0.4, 0.6, 0.8, 1) effect(X1)

The “second(random)” option requests the Ky, yundom €sti-
mate in addition to K, fixes. The “Icols” and “xlab” op-
tions control the appearance of the Forest plot of
observation specific estimates, combined estimates, and
their 95% Cls.

Results

Across the 18 observation periods 447 interactions were
observed, of which 354 (79%) were witnessed by both
raters and form the dataset from which inter-rater reli-
ability was estimated. The ICC for the total number of
interactions recorded by each rater for the same obser-
vation period was high (ICC = 0.97: 95%CI: 0.92 to 0.99,
n=18). The occasional absence of patients from ward
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areas for short periods of time resulted in interactions
being recorded for 67 patient hours (compared to the
planned 72 h). The mean rate of interactions was 6.7 in-
teractions/patient/hour. More detailed results are given
by McLean et al. [5].

In Table 3a) the cross-tabulation of ratings by the two
raters can be seen collapsed over the 18 observation pe-
riods. Two specific observation periods are also shown: in
3b) the period demonstrating lowest unweighted K (kK =
0.30); and in 3c) the period demonstrating highest un-
weighted k (K =0.90). From 3a) it can be seen that the ma-
jority of interactions are rated to be positive, between 17%
and 20% are rated to be neutral, and 7% as negative
(from the margins of the table), and this imbalance in the
marginal frequencies would be expected to reduce chance
adjusted k.

Scatterplots of A4 weighted k,,, against observation
period characteristics are shown in Fig. 1. One of the char-

Page 8 of 12

associated with A4 weighted K, to achieve statistical sig-
nificance (P = 0.046).

In Table 4 it can be seen that the various combined esti-
mates of k,, did not vary greatly depending on the method
of meta-analysis or on the choice of weighting scheme.
However, there was greater variability in X%leterogeneity' For
all weighting schemes except unweighted, B2, B3, and Cl1,
there was statistically significant heterogeneity by virtue of
X}zzeterogeneity exceeding the )é7(0.95) cut-point of 27.59.

Figure 2 shows the Forest plot demonstrating the
variability in «,, over observation periods, R, jixq, and
Ko random » fOr the A4 weighting scheme. Estimate &, fieq
and its 95% CI is shown below observation specific
estimates to the right of the plot, on the line labelled “I-
V Overall”. The line below labelled “D+L Overall”
presents Ry yaom and its 95% CIL. Both estimates are
identical to those shown in Table 4. The final column “%
Weight (I-V)” relates to the meta-analytic weights, &,,,

acteristics  (interactions/patient/hour) was sufficiently  not the A4 weighting scheme adopted for k.
N
5 p=0.715 1.0 p=0.413
® ° | 8
g ] ) 0 g ® 9 ®
z o ° £ (] 4
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g @
g ® e 8
5‘ 4+ @ g g 4] 0
P ® 21 [}
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A B c 4 beds 6 beds
Ward Number of occupied beds in the area
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Fig. 1 Variability of A4 weighted K, in relation to observation period characteristics (n = 18). P values relate to Spearman’s correlation
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Table 4 Combined estimates of k,, with different weighting schemes

Page 9 of 12

Weighting scheme K collapsed (95% CI) R fixed (95% Cl) Xiere,ogene,ry Rw random (95% Cl) R averaged (95% Cl)
Unweighted 0.55 (049, 0.62) 0.52 (045, 0.59) 21.20 0.53 (0.45, 0.60) 0.57 (048, 0.65)
Linear 0.58 (0.51, 0.65) 0.52 (045, 0.59) 3567 0.56 (046, 0.66) 0.59 (0,51, 0.68)
Quadratic 061 (0.50, 0.71) 0.53 (044, 0.62) 38.71 0.59 (045, 0.74) 063 (052, 0.73)
Al 0.64 (0.56, 0.73) 0.51 (043, 0.59) 47.15 0.62 (048, 0.77) 0.66 (0.57, 0.75)
A2 0.62 (0.54, 0.70) 0.50 (043, 0.57) 4575 0.60 (047, 0.73) 0.64 (0.54, 0.73)
A3 060 (0.53, 0.68) 057 (044, 0.58) 39.28 0.58 (047, 0.69) 062 (0.53,0.71)
A4 0.60 (0.53, 0.67) 0.51 (044, 0.58) 36.04 0.57 (047, 0.68) 0.61 (0.52, 0.70)
A5 0.59 (0.52, 0.66) 0.52 (045, 0.59) 33.22 0.56 (046, 0.67) 0.60 (0.52, 0.69)
A6 0.58 (0.51, 0.64) 0.52 (045, 0.59) 29.10 0.55 (046, 0.64) 059 (051, 0.67)
B1 0.59 (0.53, 0.66) 0.53 (046, 0.59) 30.52 0.56 (0.47, 0.66) 0.60 (0.52, 0.69)
B2 0.58 (0.51, 0.65) 0.53 (046, 0.59) 26.01 0.55 (046, 0.64) 0.59 (0,51, 0.67)
B3 0.59 (0.53, 0.66) 0.53 (047, 0.60) 251 0.55 (047, 0.64) 0.60 (0.51, 0.68)
@ 0.58 (0.51, 0.65) 0.53 (046, 0.59) 26.05 0.55 (046, 0.64) 059 (051, 0.67)
2 0.58 (0.51, 0.65) 0.52 (045, 0.59) 28.82 0.55 (046, 0.65) 0.60 (0.51, 0.68)
C3 0.58 (0.51, 0.65) 0.52 (045, 0.59) 31.26 0.56 (046, 0.66) 0.60 (0.51, 0.68)
min-max K, across weighting schemes 0.55-0.64 0.50-0.53 )(?7(0.95) =27.59 0.53-0.62 0.57-0.66

Discussion

We consider the most appropriate estimate of inter-rater
reliability of the QulS to be 0.57 (95% CI 0.47 to 0.68)
indicative of only moderate inter-rater reliability. The
finding was not unexpected, the QulS categories can be

difficult to distinguish and though positioned as closely
together as possible, the two raters had different lines of
view, potentially impacting on their QulS ratings. The
estimate of inter-rater reliability is based on our A4
weighting scheme with observation specific estimates

%
Observation Weight
Period A4 (95% Cl) (V)
1 —— 0.40 (0.14,0.66)  7.00
2 —= 0.68 (0.33,1.03) 3.86
3 g 0.59 (-0.09, 1.26) 1.05
4 —_—— 0.61(0.21,1.00) 3.05
5 —— 0.75 (0.53,0.97)  9.51
6 —7—~— 0.78 (0.38, 1.18)  3.02
7 —_— 0.63 (0.21,1.06) 2.66
8 _— 0.50 (0.19,0.81) 5.01
9 — 0.41(0.15,0.66)  7.39
10 ——%——  0.78(0.38,1.18) 3.02
1 —-o—:— 0.38 (0.15,0.62) 9.04
12 —_— 0.62(0.32,0.91) 5.47
13 j————— 0.90(0.53,1.28) 3.45
14 ——%——  0.78(0.36,1.19) 2.78
15 —_— 0.45(0.21,0.69) 8.37
16 0.67 (0.36,0.98) 5.03
17 - 0.20 (0.03,0.36) 18.36
18 . 0.87 (0.37,1.37) 1.92
IV Overall (I-squared = 52.8%, p = 0.005) O 0.51(0.45,0.58)  100.00
D+L Overall <> 0.57 (0.47, 0.68)
T T T 1
0 2 4 6 8 1
Fig. 2 Forest plot showing observation period specific A4 weighted Kym, Ky fixed, aNd Ky random
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combined using random effects meta-analysis. Com-
bined estimates of k,, were not overly sensitive to the
choice of weighting scheme amongst those we consid-
ered as plausible representations of the severity of mis-
classification between QulS categories. We recommend
a random effects approach to combining observation
period specific estimates, Ry, to reflect the inherent
variation anticipated over observation periods.

There are undoubtedly other weighting schemes that
fulfil all the criteria on which we chose weighting
scheme A4, but the evidence from our analyses suggests
that it makes relatively little difference to the resultant
Kw random- 11 the absence of any other basis for determin-
ing weights, our scheme A4 has the virtue of simplicity.
A key issue is that researchers should not examine the
Ky resulting from a variety of weighting schemes, and
then choose the scheme giving highest inter-rater reli-
ability. The adoption of a standard set of weights also fa-
cilitates comparison of inter-rater reliability across
different studies of QulS.

We compared four approaches to estimating overall
Ky. We do not recommend the simplest of these,
Kw collapsed » based on estimating «, from the cross-
tabulation of all ratings collapsed over observation pe-
riods: generally collapsing involves a risk of confounding
by stratum effects. Comparing the remaining estimates it
can be seen that K, ,4udom lies between the fixed effects,
Ry fized, and the averaged estimate, K, averageq, for all the
weighting schemes we considered. Ky, gyeraged gives equal
meta-analytic weight to each observation period, and
thus up-weights periods with highest variance compared
to R, swea. The observation periods with highest variance
are those with fewest interactions/patient/hour of obser-
vation, and it can be seen from Fig. 1 that these periods
tend to have highest «,,,. A possible explanation being
that with fewer interactions it is easier for observers to
see and hear the interactions and thus make their QulS
ratings which would be anticipated to result in more
accuracy and agreement. Thus K, averaees might be ex-
pected to over-estimate inter-rater reliability and should
be avoided. We recommend a random, rather than fixed
effects approach to combining because variation in «,,,,
across observation periods was anticipated. Observation
periods were chosen with the intention of representing
the broad range of situations in which staff-inpatient in-
teractions take place. At different times of day staff will
be more or less busy, and this more or less guarantees
heterogeneity in observation period specific inter-rater
reliability.

Bohning et al. [9] identified several practical issues re-
lating to inverse variance estimators in meta-analysis.
For example and most importantly, that estimation is no
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longer unbiased when estimated rather than known vari-
ances are used in the meta-analytic weights. This bias is
less extreme for larger sample sizes in each constituent
study. We included 354 interactions across the 18 obser-
vation periods, on average about 20 per period, but it is
not clear whether this is sufficient for meaningful bias to
be eradicated. A further issue relates to possible misun-
derstanding of the single combined estimate as applying
to all observation periods: a correct interpretation being
that the single estimate relates to the mean of the distri-
bution of k,,, over observation periods. An alternative
might be to present the range of values that k,, is antici-
pated to take over most observation periods. This would
be an unfamiliar presentation for most researchers.

Meta-analysis of k over studies following a systematic
review has been considered by Sun [10] where fixed and
random effects approaches are described, but the latter
adopting the Hedges [11], rather than the conventional
Dersimonian-Laird estimate of 7°. Alternatives to the
DerSimonian-Laird estimator are available including the
REML estimate, or the Hartung-Knapp-Sidik-Jonkman
method [12]. Friede et al. [13] examine properties of the
DerSimonian-Laird estimator when there are only two
observation periods and conclude that in such circum-
stances other estimators are preferable: McLean et al’s
study [5] was based on sufficient observation periods to
make these problems unlikely. Sun addressed the issue
of publication bias amongst inter-rater reliability studies
found by searching the literature. Here we included data
from all observation periods, irrespective of the estimate
Kywm - Sun performed subgroup analyses of studies ac-
cording to the degree of training of the raters involved,
and also drew a distinction between inter-rater reliability
studies where both raters can be considered to be
equivalent and a study [14] comparing ratings from hos-
pital nurses with those from an expert which would
more appropriately have been analysed using sensitivity,
specificity and related techniques. The QulS observa-
tions were carried out by raters who had all received the
training developed by McLean et al: though there was
variation in experience of QulS a further source of inter-
rater unreliability relating to the different lines of view
from each rater’s position was also considered to be
important.

In the inter-rater study we describe, in some instances
the same rater was involved in more than one observa-
tion period, and this potentially violates the assumption
of independence across observation periods, which
would be anticipated to lead to increased variance in an
overall estimate, K,,. A random effects approach is more
suitable in this regard as it catches some of the add-
itional variance, coping with extra-dispersion whether it
arises from unobserved heterogeneity or from correl-
ation across observation periods.
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Though we have considered analysis choices that
need to be made when summarising information on
the inter-rater reliability of the QulS, the issues we ad-
dress are relevant to inter-rater reliability studies more
generally. Firstly, where weighted «,, rather than un-
weighted « is thought to be a better summary of dif-
fering degrees of disagreement between raters, it is
important that the weighting scheme be decided in ad-
vance. Secondly, where a study comprises distinct sub-
sets of data collection, the method of combining
information needs to be considered. It is likely that
data in larger inter-rater reliability studies would need
to be collected in distinct phases, but the lack of at-
tention to combining K,, over subsets within a study
suggests that researchers often ignore the issue, adopt-
ing the easiest approach of collapsing to obtain a sin-
gle estimate of k. We would advise taking account of
structure in data collection by either a fixed or ran-
dom effects meta-analysis approach, the latter being
appropriate where variation across subsets is antici-
pated or plausible. Our example dataset illustrates a
potential source of bias in the simple average of subset
specific estimates, K,,. Finally, in the context of meta-
analysis over studies, Sun considered the issue of bias
arising from the selection of studies for publication. In
the context of combining over subsets of data collec-
tion within a study, it is possible to imagine circum-
stances where authors might choose to omit selected
subsets, but a good reason would have to be given to
justify such a step and the omitted data described.

Conclusions

Researchers using the QulS to evaluate the quality of
staff/inpatient interactions should check its suitability in
new settings, and (possibly as part of staff training) its
inter-rater reliability. In practice such studies are likely
to follow a similar protocol to that adopted by McClean
et al.: involving the multiple observers to be employed in
a subsequent main study, over a variety of wards similar
to those planned for the main study; and preferably
taking place at different times of day. We recommend
inter-rater reliability be estimated using our A4 weight-
ing scheme and a random effects meta-analytic approach
to combining estimates over observation periods,
Ky random» be adopted. The K, jundom estimate should be
presented with its 95% confidence interval reflecting
precision of estimation achieved from the available num-
ber and length of observation periods.

Additional file

Additional file 1: Table S1. Cross-classification of ratings for each of
the 18 observation periods and period specific covariates'. (DOCX 36 kb)
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