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ABSTRACT

Objectives Ordinal scales provide means for
communicating the severity of a condition, but they are
affected by cognitive biases, they introduce statistical
problems and they sacrifice resolution. Clinicians discern
more details than contained in scales, for example, when
assessing radiographs, but clinicians’ distinctions are
often based on experience-based rules of thumb, that is,
heuristics. The objectives of this study are to compare
clinicians’ heuristic assessments to ordinal grading,

to identify case elements that influence clinicians’
judgements and to present a method for quantifying
heuristic assessments.

Design Clinicians were presented with 17207 random
pairs from a set of 1087 knee radiographs. For each

pair, the radiograph with more severe osteoarthritis was
selected. The Bradley-Terry model was used to calculate
an osteoarthritis strength parameter for each radiograph.
Similarly, strength parameters were determined for 12
morphological features with five additional features being
considered either present or absent. All radiographs were
also graded according to conventional ordinal systems
(Kellgren-Lawrence and Ahlbéck). Relations between
clinicians’ judgements and (1) the heuristics-based
osteoarthritis strength, (2) conventional ordinal systems
and (3) morphological features were investigated.
Results Receiver operating characteristic analysis
showed that the Bradley-Terry model provided a good
description of clinicians’ assessments (area under the
curve (AUC)=0.97, 95% Cl 0.968 to 0.972). Morphological
features (AUC=0.90, 95% Cl 0.900 to 0.908) provided a
superior description of clinicians’ choices compared with
conventional ordinal systems (AUC=0.88, 95% Cl 0.878 to
0.887 and AUC=0.80, 95% Cl 0.796 to 0.809) for Ahlbé&ck
and Kellgren-Lawrence, respectively). The features most
strongly associated with osteoarthritis strength were
medial joint space width, flattening of the medial femoral
and tibial condyles, medial osteophytes and alignment.
Conclusions Heuristics-based assessments give a better
distinction than conventional grading systems of knee
osteoarthritis. The example presents a general approach
to evaluate which features are part of experts’ heuristics.
The data suggest that experts discern more details

than included in conventional ordinal grading systems.

Strengths and limitations of this study

» This is the first study to demonstrate that clinicians
consistently discern more details than contained in
the acclaimed Kellgren-Lawrence and Ahlbéck or-
dinal scales.

» Using the Bradley-Terry model on clinicians’
heuristics-based pairwise comparisons allows the
calculation of a loss-less, ratio-scale strength or se-
verity parameter for individual cases alleviating the
problems of ordinal scales.

» The granularity and detail obtained with the de-
scribed method is well suited for research questions
where differences between radiographs or other
qualitative information are studied.

» A unique understanding of the influence of underly-
ing item features that determine clinicians’ judge-
ments can be achieved similarly using pairwise
comparisons and the Bradley-Terry model.

» The study focused on osteoarthritic knee radio-
graphs as an example, but the findings may reason-
ably be extended to other fields.

Quantitative heuristic assessments may replace ordinal
scales.

INTRODUCTION

Ordinal scales are used to quantify an under-
lying variable, for example, severity of a
condition. Ordinal scales may be informal,
for example, “This is a bad case’, or formal
with class descriptions, for example, ‘NYHA
(New York Heart Association) heart failure
class III’. Both formal and informal scales
allow easy communication between clini-
cians, and they provide personal references
for the individual clinician. Ordinal scales
reduce continuous variation to categories
with consequent loss of detail and statistical
problems,' but there are further issues: they
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are often based on expert opinion with post hoc valida-
tion, they often use unsubstantiated multidimensional
class definitions, and they are affected by cognitive
biases resulting in high intrarater and inter-rater vari-
ability.”* Also, formal grading systems may prioritise
concept over percept, that is, causing an observer to
focus on what one expects to observe rather than what is
actually available.”

Clinicians acquire experience through exposure to
large volumes of patients and disease courses, and they
interiorise relations between perceptions and clinical
entities.® According to Polanyi, they develop tacit knowl-
edge, that is, a deeper understanding that often cannot
be explicitly stated: ‘We can know more than we can tell”.’
In 21Ist century terms, clinicians unknowingly develop
algorithms and weighing factors analogous to machine
learning. Increasing levels of tacit knowledge seem to
promote intuitive judgements and data-driven rules of
thumb.”™"

Methods, rules and strategies based on experience have
traditionally been called ‘heuristic’.!" Developments in
cognitive psychology'** resulted in introduction of the
noun ‘heuristic’, which may be defined as an efficient
mental tool, a ‘rule of thumb’. We will throughout this
paper use the term ‘heuristic’ in this sense: ‘a simple
procedure that helps find adequate, though often imper-
fect, answers to difficult questions’.'* Heuristics cause
cognitive biases,””” but they also offer advantages in
decision making.'*"®

The motivation for this study was frustration over the
inability of ordinal scales to catch the levels of detail
perceived by clinicians. It became apparent that clini-
cians can reproducibly discern differences in the severity
of radiographic osteoarthritis (OA), even when radio-
graphs are identically classified using acclaimed ordinal
scales. Yet, clinicians may have difficulty in formulating
discerning rules, and they often regress to ‘obvious from
experience’. The concepts of tacit knowledge and heuris-
tics provide a model for studying, how clinicians make
judgements. Case features, that is, perception elements,
observed by clinicians correspond to particulate details,’
and the features are knowingly or unknowingly used by
clinicians when selecting a heuristic from their adap-
tive toolbox.'” We aimed to investigate, how clinicians’
heuristic assessments compare to ordinal grading. We
also intended to study how case features affect heuristics
assessments and thereby get an understanding of their
tacit knowledge.

We present a method for calculating a strength or
severity parameter for clinical cases based on clinicians’
heuristic assessments, and the strength parameter offers
ratio scale properties without loss of resolution and alle-
viating the statistical problems of ordinal scales.! We also
demonstrate a method for investigating, how underlying
case features influence the overall case assessment. The
relatively simple task of judging the severity of radio-
graphic knee OA is used as an example of a general class
of heuristic judgements.

METHODS

The proposed general method for quantifying heuristic
assessments is based on pairwise comparisons of items
(here knee radiographs). Pairwise comparisons are
performed regarding an overall property (OA strength)
and regarding identified feature variables (morpholog-
ical features) that are likely to drive the overall property.
The results of the pairwise comparisons are represented
in a benchmark model (the Bradley-Terry model (BT))
and item parameters are extracted for both the overall
property and the feature variables. Next, a model class
should be chosen to analyse the results, and we chose
a linear statistical model with the overall property as
response variable (more generalised models and machine
learning could also be used). Feature variable selection
is performed by fitting models within the model class
and comparing these, and we performed the selection
using coefficients of determination. Finally, the proposed
model is compared with the benchmark model in order
to quantify how well the pairwise heuristics-based compar-
isons are described by the proposed model, and we used
receiver operating characteristic (ROC) curves and area
under the curve (AUC) scores. The individual steps will
be explained below.

Material

We used 1087 weight-bearing posteroanterior (PA) preop-
erative knee radiographs from patients listed for knee
arthroplasty from an ongoing study, which is a prospec-
tive observational cohort study of 1452 consecutive
primary knee arthroplasty patients, who were included
from three high-volume centres from September 2016
to December 2017 with the aim of explaining consistent
variation in revision rates among regions in Denmark.'?*
Patients were included in the main study irrespective of
diagnosis, aetiology, the degree of radiographic change
and planned type of implant. The study group had no
authority over the participating centres, and indications
for surgery depended entirely on individual surgeons.
Only radiographs from patients who were treated with a
medial unicompartmental or total knee arthroplasty were
included in the present study. Radiographs with primarily
lateral OA on the PA view were excluded, and the radio-
graphs were all of the operated knee. Some of the PA
radiographs were near-normal, and we assume that other
diagnostic modalities, for example, MRI or arthroscopy,
would have indicated surgery in these cases, but it is also
possible that a few patients had a total knee replacement
for isolated patellofemoral OA. All left knee radiographs
were horizontally mirrored to present all radiographs as
right knee radiographs.

For all radiographs, we determined the degree of OA,
that is, OA strength, based on heuristic comparisons of
pairs of radiographs, and morphological features were
determined similarly. All radiographs were also classified
using the ordinal rating systems of Kellgren-Lawrence®'
(KL) and Ahlbick.?
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Statistics of pairwise comparisons

The BT model*** is a standard method for estimating an
underlying continuous variable, for example, the degree
of OA, from pairwise comparisons of items. It is useful in
situations where the variable is a qualitative property. The
estimation is done by parametrising the probability P,
that one item ais preferred over another item bregarding
the property/variable. Because the BT model is usually
parametrised using ratios, P, is customarily reported on
a logarithmic scale: log (P,/P,) = B -B,. For the estima-
tion of B for each item taken from N items, a constraint
is needed: Xp=0.

In the original description of the model, a nomencla-
ture derived from sports was used. A comparison was
termed a game, an assessor was a referee, an item was a
player, the more successful player was termed the winner,
and the lesser successful was the loser.

A

Select the radiograph, that you consider to be causing more trouble for the patient.

Use your personal experience, and do not consider any formal classification.

Figure 1 A random pair or radiographs and their vicinity comparison network. (A) Display of a random pair of radiographs,

The BT model can be fitted using either Bayesian
methods (maximum a posteriori estimation (MAP)) or
maximum likelihood estimation. The MAP approach was
used throughout this analysis. All analyses in this study
were performed with R using the BradleyTerryScalable
package.” *°

Heuristic assessments of 0A

From the sample of N radiographs, three times N/2
pairs were randomly drawn from the N!/(2(N-2)!) two-
combinations, so that each radiograph was compared
with three other radiographs. A web-based system was
developed for the comparisons (Procordo, Copen-
hagen). Each image pair was displayed to an assessor, who
would then select the radiograph with the more severe
OA (figure 1A).

B

from which the assessor had to choose the more severe. Severity was based on the assessor’s personal experience of the
relation between radiographic changes and severity of the patients’ symptoms. The assessor was explicitly told not to consider
any formal classification system. (B) The connectivity of comparisons in the vicinity of the two radiographs in (A) (marked as
yellow vertices) with a maximum path length of three edges between the two yellow vertices. All radiographs in the vicinity
network that were compared directly to the left radiograph are shown as blue vertices, and all radiographs that were compared
directly to the right radiograph are shown as green vertices. Each edge between two vertices has an arrow that indicates the
loser of the comparison, and an example is that radiograph ‘L-3’ (at the top of the graph) was found to be with more severe
changes than radiograph ‘R-4’ (the loser). The colour shades of the green and blue vertices signify whether a radiograph was
found to have more or less severe degenerative changes compared with the yellow vertex that they connect to. An example

of a path from the left to the right radiograph is from ‘left’ to ‘L-1’ to ‘R-11’ to ‘right’, where all arrows indicate decreasing
osteoarthritis strength. There are, however, also observations that could suggest that the right radiograph has more severe
changes than the left, and an example is ‘right’ to ‘R-15" to ‘L-4’ to ‘left’. The total number of edges in the vicinity network
pointing directly to ‘left’ is 3 (from the dark blue vertices), and the number pointing to ‘right’ is 8 (from the dark green vertices),
which may be seen as an indication that the left radiograph has more degenerative changes (fewer losses) than the right.

it should be noted, however, that the shown vicinity network is but a tiny fraction of the entire comparison network of 1087
vertices and 17207 edges used to calculate the osteoarthritis strength of each radiograph. The two shown radiographs were,
for instance, each compared with 33 other radiographs, but only the comparisons with a path between left and right of at most

three edges are shown.
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Thirteen experienced orthopaedic surgeons, who had
been performing knee surgery (eleven exclusively, two also
performed hip surgery) for at least 10 years, took the role of
assessors. The surgeons were asked to select the radiograph
from each pair that they considered to be causing more
trouble for the patient based on their experience, and they
were explicitly instructed not to consider any formal grading,
but only to base judgements on clinical experience and intu-
ition. No selection was possible for the first three seconds
after display to reduce the effect of automaticity, and ties were
not possible. The raw data output is a list of pairwise compar-
isons marking the more severe case.

Each radiograph was to be compared with 39 randomly
selected radiographs, that is, three comparisons per surgeon,
but a few of the surgeons did not complete their assign-
ment, resulting in a total of 17207 comparisons. Thus, each
radiograph was on average compared with 31.7 other radio-
graphs (figure 1B). By use of the BT model, an osteoarthritis
strength parameter B, was assigned to each radiograph
(figure 2A,B).

Morphological features

We identified morphological features commonly reported
when describing knee radiographs. The list of features was
discussed among the participating surgeons and radiologists,
which resulted in some features being added. All features
were provisionally used to compare radiographs. Some
features were found to be poorly defined or uncertain for
use, and they were removed from the feature list. The result
was a list of 17 morphological features (table 1), and we
wanted to determine a set of feature strength parameters for
each radiograph.

We found that most morphological features could be deter-
mined in all radiographs, while other features could only
reasonably be identified in some of the radiographs (last five
rows of table 1), and these were treated as binary variables.
Two assessors (AO and KBGM) independently reviewed
every radiograph to determine if each of the five features was
present. If at least one of the assessors found a feature to be
present in a radiograph, then the binary variable was set to 1,
otherwise 0.

For each of the non-binary morphological features, the two
assessors performed pairwise comparisons of radiographs
(again, three comparisons per radiograph per assessor), with
the aim of selecting the radiograph from each comparison,
where the feature was more strongly present, and morpho-
logical feature parameters (BJSW, BLJS, B, etc.) were subse-
quently calculated for each radiograph using the BT model.
Figure 2C,D shows B, . . and sample radiographs.

MLS

Ordinal grading

The KL?'*” and Ahlbick® ordinal systems were used.*®
The precise definition of the KL system is not explicitly

stated in the original publication. For the purpose of this

paper, the definition in radiopedia.org® was used (table 2).

The grading is multidimensional, as both joint space
narrowing, osteophytes, sclerosis and bone deformity are

considered. The implicit assumption that these morpho-
logical features are monotonously related has never been
substantiated.

The definition of the Ahlback classification in radiopedia.
org™ was used, adding a grade 0 for no OA (table 2). It may
be argued that the morphological features of joint space
narrowing and bone attrition are the results of a linear
wear process, which would make the Ahlbick grading
unidimensional.

The grading according to both formal systems was done
independently in two separate sessions by two musculo-
skeletal radiologists. First, each radiologist classified the
radiographs in random order. For each presentation, the
radiologist had to wait 3s before being allowed to grade the
image in order to avoid hasty selections (Procordo, Copen-
hagen). All cases of disagreement were solved by consensus
between the radiologists.

Other statistics
The present study is an exploratory study, and no power
considerations were relevant. Several linear models were
created with the OA strength parameter B, as response
variable. Ordinal gradings were included as explanatory
factor variables while morphological features were included
as either continuous or factor (in the binary cases) explan-
atory variables. For the relevant linear models, ROC curves
were created. For each comparison of two radiographs, the
outcome of the comparison was used as response variable
and the difference in the fitted values for each radiograph
from the model was used as predictor. The area under each
ROC curve (AUC) was reported.

The manuscript was prepared using the Strengthening
the Reporting of Observational Studies in Epidemiology
(STROBE) checKlist for cross-sectional studies.

Patient and public involvement
No patients were involved in this study.

RESULTS

Heuristic assessment

The OA strength parameter B, for the 1087 radio-
graphs had a range from -14.8 to 5.9, with a mean of 0 as
determined by the constraint X, = 0 (figure 2A). Five
examples of radiographs taken from the range of B, are
shown in figure 2B.

Case features

The ranges of individual feature strength parameters are
shown in table 1, and all were constrained by a mean of
0. Figure 2C,D shows B, ; for mediolateral subluxation.
Several morphological features were mutually correlated,
for example, ‘medial joint space width’ (JSW) and ‘align-
ment’ (ALG) (figure 3).

Ordinal grading

Exact agreement was found in 71% and 59% of cases for
KL and Ahlbdck, respectively. The distribution of KL. and
Ahlbéck grades after consensus is shown in table 2.
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A Frequency of osteoarthritis strength for 1087 radiographs

C Frequency histogram of morphological feature strength (mediolateral subluxation)

150

100

Count

50

ﬁMLS

Figure 2 These figures demonstrate the relation between the Bradley-Terry derived parameters and radiographs. (A) the
frequency histogram of osteoarthritis (OA) strength parameter B, of the 1087 radiographs studied. It should be noted, that
B, Presents the degree of OA on a continuous scale rather than in a limited number of categories. A-E denote the 3, of the
radiographs shown in (B). The radiographs A-E have been chosen to show the span of changes observed. (C) and (D) similarly
show the span F-J of mediolateral tibiofemoral subluxation (MLS) observed in the dataset. MLS is but an example of the 17

different morphological parameters studied.

Determinants of heuristic assessments

Linear relations between B, and the morphological
feature parameters were explored. Based on the sizes of
correlation coefficients, the six features most strongly
associated with B, were (1) medial joint space width, (2)
femur flattening, (3) tibia flattening, (4) medial osteo-
phytes, (5) ALG and (6) wear groves (figure 3).

Performing a forward selection or a backward elimina-
tion of all morphological features in a linear model, with
B, as the response variable, resulted in the same model.
All morphological variables except previous operation,
pointing of tibial spines and chondrocalcinosis were
included in the model, with ALG included as border-
line significant with a p of 0.04 (when compared with
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Table 1 List of morphological features included in the analyses

Abbreviation Name Comments B range (min; max)
JSW Medial joint space width 0-limited -7.03;2.19
LJS Lateral joint space width 0-limited -6.52; 3.55
MLS Mediolateral subluxation Direction not specified. -1.96;2.74
PAC Periarticular calcification -2.07 ; 2.63
OPM Medial osteophytes -6.45; 4.08
PTS Pointing of tibial spines -7.45; 3.90
OPL Lateral osteophytes -7.23;4.14
ALG Alignment Dev. from normal. Direction not specified. -6.44 ; 3.58
FFL Femur flattening Medial condyle -7.73; 3.82
TFL Tibia flattening Medial condyle -8.31;4.07
CYS Cysts -2.23;2.49
SST Subchondral sclerosis of tibia Medial condyle -3.98;2.88
CCN Chondrocalcinosis Feature only available in some radiographs  Binary 0/1
WGR Wear groves in the medial compartment  Feature only available in some radiographs  Binary 0/1
AVN Avascular necrosis Feature only available in some radiographs  Binary 0/1
MET Metal implant Feature only available in some radiographs  Binary 0/1
POP Bony signs of previous operation Feature only available in some radiographs  Binary 0/1

the model without ALG through an analysis of variance

test).
Table 2 Definitions of the ordinal grades of Kellgren- Three linear models were created: B, as a response of
Lawrence and Ahlback used in this paper Ahlback or KL grades and as a response of the feature
Distribution
Grade Description (%) L
Kellgren-Lawrence ordinal grading g8zus %‘ g g ;‘g g g‘ g : g g g, £
0 No radiographic features of OA are 7 (0.6) fzg [ ) 1
present o .. 08
1 Doubtful joint space narrowing (JSN) 62 (5.7) - :: 06
and possible osteophytic lipping ISW_est O o o
2 Definite osteophytes and possible JSN 145 (13.3) o .. 02
on AP weight-bearing radiograph PAC_est @) .
3 Multiple osteophytes, definite JSN, 807 (74.2) pps )
sclerosis, possible bony deformity OPL _est Q‘
ALG_est 04
4 Large osteophytes, marked JSN, 66 (6.1) FFL_est (1) °®
severe sclerosis and definite bony CT::—:: @ o g~
deformity SST est -08
Ahlbick ordinal grading L eo:--ON .
0 No radiographic features of OA are 60 (5.5) Figure 3 Qorrelation matrix showing association'st between
present morphological features and the overall osteoarthritis (OA)

strength estimate 3, from the Bradley-Terry model. Medial

1 Joint space narrowing (less than 3mm) 303 (27.9) joint line space width (JSW) is for instance moderately
2 Joint space obliteration 413 (38.0) correlated to alignment (ALG) but not to previous operation
3 Minor bone attrition (0-5mm) 296 (27.2) (POP). ALG, alignment; AVN, avascular necrosis; CCN,
- chondrocalcinosis; CYS, cysts; FFL, femur flattening;
4 Moderate bone attrition (5-10mm) 12(1.1) LJS, lateral joint space width; MET, metal implant; MLS,
5  Severe bone attrition (more than 3(0.3) mediolateral subluxation; OPL, lateral osteophytes; OPM,
10mm) medial osteophytes; PAC, periarticular calcification; PTS,

pointing of tibial spines; SST, subchondral sclerosis of
tibia; TFL, tibia flattening; WGR, wear groves in the medial
compartment.

The last column shows the distribution of the gradings in the 1087
radiographs after consensus.
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Figure 4 The observed versus predicted osteoarthritis (OA) strength parameter 8, based on the three models (A) Kellgren-
Lawrence (*=0.63). (B) Ahlbick (*=0.73). (C) morphological features (r*=0.79). Of the three models, the feature model explained
the highest amount of variation in B, followed by the Ahlbéck model and then the Kellgren-Lawrence model.

model. An indicator of how much variance of B, was
explained by each model is the adjusted r* By, ~ KL:
’=0.63; B, ~ Ahlbick: 1°=0.73; B, ~ 2P, ... 1'=0.79).
Observed vs predicted values for the three models are
shown in figure 4A—C. The feature model explained more
variance in B, than the models depending on either of
the ordinal systems.

Seventy-three per cent of the variance in B, could be
modelled by a linear combination of (1) medial joint
space width, (2) flattening of the medial femoral condyle,
(3) flattening of the medial tibial condyle, (4) medial
osteophytes and (5) alignment. Adding more morpho-
logical features resulted in only a modest explanatory
improvement.

The AUCs for different ROC curves were calculated to
compare different predictions of the experts’ heuristic
decisions (figure 5). The AUC for the surgeons’ decisions
predicted by B, was 0.97 (95% CI 0.968 to 0.972) indi-
cating that the BT model provides a good description of
data. The AUC for predictions from the Ahlback or KL
score was 0.88 (95% CI 0.878 to 0.887) and 0.80 (95%
CI 0.796 to 0.809), respectively. The AUC for predic-
tions from the feature model was 0.90 (95% CI 0.900 to
0.908). Note, that the CIs for the AUC scores are non-
overlapping. This shows that the feature model was able
to explain the surgeon’s decisions more precisely than
the ordinal grades (Ahlback better than KL).

DISCUSSION

This paper describes a general method for quantifying
clinical heuristic assessments, that is, based on tacit
knowledge, and for revealing the individual case features
that matter to clinicians. By using the BT model, an
underlying variable, for example, the strength of a clin-
ical observation, can be expressed on a ratio scale.™!
For the example studied, we found that the BT model
provides a good description of clinicians’ choices, and we
have shown that experts discern greater levels of detail
than provided by acclaimed ordinal scales. By relating

the strength of individual features to the overall case
strength, it is possible to demonstrate which morpholog-
ical features—possibly unknowingly—matter to experts.
For the particular example of knee OA, it was found
that a linear model including the morphological features
of medial joint space width, flattening of the medial

1.004

Strength Estimates
— fop

m== Ahlback

Sensitivity
o
o
S

=== Kellgren-Lawrence

wss Morph. model

050 0.75 1.00

1 - specificity

0.00 0.25
Figure 5 Receiver operating characteristic curves for
different predictions of the experts’ heuristic decisions. The
AUC for the surgeons’ decisions predicted by 3,,, Ahlback,
Kellgren-Lawrence and the morphological feature model
was 0.97 (95% CI 0.968 to 0.972), 0.88 (95% CI 0.878 to
0.887), 0.80 (95% CI 0.796 to 0.809) and 0.90 (95% CI 0.900
to 0.908), respectively. The morphological feature model
was better than any of the ordinal grading models, and

the Ahlback model was better than the Kellgren-Lawrence
model in predicting the surgeons’ heuristic decisions when
comparing random radiographs. AUC, area under the curve;
OA, osteoarthritis.
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femoral condyle, flattening of the tibial condyle, medial
osteophytes and alignment provided a good descrip-
tion of the «clinicians’ heuristics-based assessments,
and we conclude that these morphological features are
important to clinicians. It should be noted that the first
four of these features are included in either the KL or
the Ahlback ordinal systems, but they are not included
in both systems, and none of the systems consider align-
ment or some of the less important features, that matter
to clinicians.

Many ordinal grading systems are the result of origina-
tors’ heuristics and intuitive grading. Our method can be
viewed as a way of validating the level of tacit knowledge
of grading systems’ originators. Alternatively, observed
relations between an overall strength parameter and
individual feature strength parameters based on many
experts’ assessments may provide more robust designs of
ordinal grading systems.

Our data set consisted of radiographs of knees listed for
arthroplasty, which imposes a limitation on the conclu-
sions regarding the relation between the overall OA
strength parameter and the morphological features. The
regression results should not be extrapolated to other
settings, for example, primary care, since only a few cases
with very mild OA were included. The fact that some of
the morphological features were non-linearly related to
the overall strength parameter also suggests that the rela-
tions between features and the overall strength parameter
could be studied in more detail. The main conclusions
of the study, that clinicians’ heuristic assessments discern
more detail than contained in the classic ordinal scales,
and that the method allows the examination of relations
between an overall strength parameter and item features
are, however, not affected by this limitation.

The purpose of the paper was to present a method for
quantifying heuristic assessments and as such we have not
performed sensitivity analyses or validation of the devel-
oped linear models and the achieved results. Validation
may be done using different methods, for example, k-fold
cross-validation, to quantify the importance of the specific
data on the variables included in the final model and the
estimates for these variables. Such a way of determining
the variability of the data-driven model could be included
in our proposed general method. Itis an important point
that if the approach proposed in this paper is to be used
to identify case features (or other decision-driving vari-
ables), validation and sensitivity analyses of the identifi-
cation process and the final variables included should be
performed.

It is the assumption of our approach, that experienced
clinicians possess tacit knowledge.® They are assumed to
have collected experience and observed relations through
years of practice, that have become internalised and may
yet be difficult to express. Our method provides a way
for detailing the particulars, for example, morphological
features, used by experienced clinicians when judging
a comprehensive entity, for example, a radiograph. By
explicitly integrating the particulars, our understanding

of clinician judgement is expanded, and we may gain
important insights. The validity of tacit knowledge has,
however, not been our focus. By relating the heuristics-
based strengths of items to some external observation, for
example, patientreported outcome, external validity of
the heuristic assessment may be demonstrated.

The Bradley-Terry model has rarely been applied in
medical research. In 1995 Matthews and Morris used the
model in a study of pain.** Searching for BT in PubMed
yields 36 results (search of 23rd Feb. 2020), but none of
the papers are related to clinical research.

Classification of images is an obvious field of applica-
tion for the method. There are clinical situations where
classifications have a dichotomous character and a multi-
level grading is not needed, for example, when classifying
lumbar stenosis, but we suggest that the method should
be used in studies where detail and discriminative power
is needed to distinguish grades of indications, outcomes,
etc.

The low reliability of many ordinal grading systems may
be explained by a multitude of cognitive biases.'*
It is plausible that methods based on pairwise compari-
sons will reduce some of this bias, but further research is
needed to substantiate this assumption. We have shown
that experts are able to distinguish between grades of OA
severity not accessible by the grades of the conventional
ordinal systems, which may well be important for deci-
sion making and research. Based on our findings, many
studies claiming (lack of) relations between qualitative
data and other observations may be questioned.

We used a simple linear model to relate all morpho-
logical features to overall OA strength. A more sophisti-
cated way of performing variable selection is to consider
intervariable correlations along with plots of marginal
distributions. The marginal distributions showed that the
effects of several of the morphological feature parameters
were non-linear in nature, and some features were highly
correlated.

The suggested method for assigning a severity strength
and extracting elements of tacit knowledge is well suited
for groups of cases. In situations, where a severity strength
is to be assigned to a single case, this approach cannot be
used. For use in single cases, we suggest that reference
sets be established, which can be used for comparisons.

The purpose of this study was to describe methods for
quantifying and investigating experts’ heuristics-based
assessments. We chose to investigate radiographs of osteo-
arthritic knees, but the methods may be used for any item
type of data including complex information aggregating
both quantitative and qualitative data.
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