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Aims

The aim of this study was to develop and evaluate machine-learning-based computerized
adaptive tests (CATs) for the Oxford Hip Score (OHS), Oxford Knee Score (OKS), Oxford
Shoulder Score (0SS), and the Oxford Elbow Score (OES) and its subscales.

Methods

We developed CAT algorithms for the OHS, OKS, OSS, overall OES, and each of the OES sub-
scales, using responses to the full-length questionnaires and a machine-learning technique
called regression tree learning. The algorithms were evaluated through a series of simula-
tion studies, in which they aimed to predict respondents’ full-length questionnaire scores
from only a selection of their item responses. In each case, the total number of items used
by the CAT algorithm was recorded and CAT scores were compared to full-length question-
naire scores by mean, SD, score distribution plots, Pearson’s correlation coefficient, intraclass
correlation (ICC), and the Bland-Altman method. Differences between CAT scores and full-
length questionnaire scores were contextualized through comparison to the instruments’
minimal clinically important difference (MCID).

Results

The CAT algorithms accurately estimated 12-item questionnaire scores from between four
and nine items. Scores followed a very similar distribution between CAT and full-length as-
sessments, with the mean score difference ranging from 0.03 to 0.26 out of 48 points. Pear-
son’s correlation coefficient and ICC were 0.98 for each 12-item scale and 0.95 or higher for
the OES subscales. In over 95% of cases, a patient’s CAT score was within five points of the
full-length questionnaire score for each 12-item questionnaire.

Conclusion

Oxford Hip Score, Oxford Knee Score, Oxford Shoulder Score, and Oxford Elbow Score (in-
cluding separate subscale scores) CATs all markedly reduce the burden of items to be com-
pleted without sacrificing score accuracy.
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Introduction life, in clinical practice and research. The
Patient-reported outcome measures  subjective element within these constructs
(PROMs) are questionnaires used to measure  cannot be quantified directly, hence the
health constructs, like knee, hip, elbow, or importance placed on PROMs. Recognition
shoulder pain and function, or quality of of this has led to PROMs being used in large
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initiatives such as the UK NHS PROMs Programme, which
has captured data for hundreds of thousands of proce-
dures undertaken since April 2009." PROMs are widely
used as outcome measures in high-quality randomized
controlled trials, and there are specific guidelines for
their use.? It is possible that PROM use may go beyond
measurement, and actually improve clinical outcomes,
by affecting communication and flagging problems.3*

Well-designed PROMs are available for orthopaedic
and musculoskeletal conditions. These include the
Oxford Hip Score (OHS),>¢ Oxford Knee Score (OKS),”
Oxford Shoulder Score (OSS),® and Oxford Elbow Score
(OES).? There are key strengths to this group of PROMs;
in particular, patients were centrally involved in their
development. All items were derived from patients’
interview accounts and scrutinized by clinicians. Conse-
quently, they comprise items that matter to patients as
well as to clinicians. Their high quality has contributed to
their being used widely in studies, and in initiatives like
the NHS PROMs programme, as well as in other registry
systems around the world.™

Despite the theoretical importance of PROMs, and the
widespread availability of questionnaires for many clin-
ical scenarios, PROMs have not fulfilled their potential
in clinical practice.” Recent in-depth National Institute
for Health Research (NIHR)-funded work has highlighted
several strains that may contribute to this.”> A key
system strain is the trade-off between the high burden
of completing full-length PROMs that are well-validated,
versus using shorter measures that may be more practical
in real-world use but risk sacrificing validity." Full-length
and fixed shortened PROMs may not always relate to indi-
vidual patients’ experiences.'

Computerized adaptive testing (CAT) can provide a
solution. Rather than pose every item in a PROM, CATs
use patterns in people’s responses to select the most
appropriate items to administer to a person, with not all
items required to estimate a person’s score. This is anal-
ogous to skipping questions that are not relevant when
taking a history. For example, somebody who says they
cannot jog does not need to be asked if they can sprint.
CATs can shorten PROMs, making them easier to deploy
in practice, while maintaining the originally validated
items and better tailor them to the individual patient
by selecting questions that will provide the most infor-
mation. We developed machine-learning-based CATs
for the OHS, OKS, OSS, and OES using the OBERD soft-
ware system (Universal Research Solutions, USA), which
collects outcome measure data in clinical practice.

Methods

We used a form of supervised machine-learning known
as regression tree learning to develop CAT assessments
for the Oxford Hip, Knee, Shoulder, and Elbow Scores.™
Presented with a large dataset of respondents’ scores to

each item in a PROM, these algorithms aim to iteratively
split respondents into groups with similar overall scores,
based on their responses to individual items. The algo-
rithms learn how to split the data in the most efficient
way possible, i.e. which items to pick, and in which order,
to create subgroups of respondents with scores that are
as similar as possible, from as few item responses as
possible. These data splits can then be applied to select
items in a CAT assessment. For example, the OHS algo-
rithm might start by asking “How would you describe the
pain you usually have in your hip?” and a respondent
might select “None”. The algorithm may demonstrate
that on average, the group of people who select that
response go on to score a total of 45 on the OHS. At that
point the algorithm will impute a respondent score of
45, or pose another item to split that group into further
subgroups with narrower score distributions (for a more
accurate estimation).

For each PROM, we developed CAT algorithms from
retrospective datasets that included deidentified patient
responses to the respective full-length questionnaire.
These were collected during routine clinical practice from
multiple clinical practices, using tablets or laptops which
accessed the internet-based OBERD system (USA), and
included both preoperative and postoperative responses
from patients undergoing clinical evaluation for any
condition on an inpatient or outpatient basis.

We randomly split each dataset into training and test
sets without data leakage, and used the training sets to
develop the CAT algorithms. This aimed to ensure that
preoperative and postoperative forms were included
in each. The approach was to assign about 80% for
training and 20% for testing. However, after the models
were finalized, additional data became available for OKS
and OHS and these were added to the test set in order
to obtain the most comprehensive possible evaluation.
The exact counts are shown in Table I. The percentages
are not exact because a few forms had to be dropped
after the randomization, due to missing responses. The
specific choice of the first item posed by our CATs was
derived from the training set by the learning algorithms
as the single most explanatory question.

We then used the test sets (Table I) to evaluate the
performance of each algorithm in terms of its accuracy
(correlation and concordance of CAT score and full-
length questionnaire score) and its ability to reduce
the number of items administered. To do this, we
programmed CAT simulation experiments in which CAT
algorithms aimed to reproduce a respondent’s total
scale score using only a selection of individual item
responses. The CAT algorithms were free to pick which
items to use, and in which order (as they would do in a
real-life setting). In each instance, we recorded the total
number of items used by the CAT algorithm and the
overall score estimate.
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Table 1. Demographic data for each of the test sets, as well as the number of physicians who contributed patient responses to these datasets.

Variable OKS OHS 0ss OES
Sample size 5,622 3,471 561 2,084
Physicians contributing data, n 7 6 18 31

Median age, yrs (IQR)
Age group, n (%)

68 (62 to 74)

67 (60 to 73)

66 (54 to 74)

56 (46 to 65)

<30yrs 5(0.09) 10 (0.29)
31 to 45 yrs 72 (1.28) 101 (2.91)
46 to 60 yrs 1,059 (18.8) 851 (24.5)
61 to 75 yrs 3,358 (59.7) 1,918 (55.3)
> 75yrs 1,128 (20.1) 591 (17)
Unknown 0 0

Sex, n (%)

Female 3,778 (67.2) 1,984 (57.2)
Male 1,843 (32.8) 1,486 (42.8)
Unknown 1(0.02) 1(0.03)

43 (7.66) 195 (9.36)
40 (7.13) 311 (14.9)
127 (22.6) 776 (37.2)
241 (43) 690 (33.1)
108 (19.2) 108 (5.18)
2(0.36) 4(0.19)
275 (49.02) 1,015 (48.7)

245 (43.67) 1,064 (51.06)
41 (7.31) 5(0.24)

IQR, interquartile range; OES, Oxford Elbow Score; OHS, Oxford Hip Score; OKS, Oxford Knee Score; OSS, Oxford Shoulder Score.

To evaluate the suitability of CAT for population-level
assessments, we compared CAT and full-length ques-
tionnaire scores with the following methods: means
and standard deviation (SD), Pearson’s correlation
coefficient, intraclass correlation (ICC), and frequency
distribution plots. To evaluate the suitability of CAT for
supporting individual-level assessment, we compared
CAT and full-length questionnaire with the Bland-
Altman method.™ This combination of analyses has
been used previously, and considers the relationship
between the CAT score and full length score, the contri-
bution of inherent variability of the PROM itself to the
apparent difference between CAT and full-length score,
the relationship between the CAT and full-length score
throughout the distribution of scores, and the pattern of
differences between them.'"

Differences between CAT and full-length scores
were contextualized through comparison with the
instruments’” minimal clinically important difference
(MCID, the smallest amount of change in a score that
could be considered to have clinical importance).'® This
approach was chosen as MCID values are available for
these PROMs. MCIDs are population-based, but as they
are anchored to individual perception of meaningful
difference, we considered them reasonable to use as a
real-world interpretive guide only. Notably, the model
development and accuracy assessment were performed
separately from this. The MCID is context-specific, so we
used MCID values from comparable clinical scenarios.

While the OHS, OKS, and OSS are scored and reported
consistently within the literature, variation exists in
the presentation of results from the OES. The OES was
originally described as a multidimensional instrument
comprising three unidimensional subscales (four items
each) which measure elbow function, pain, and social-
psychological impact.® The scales can be used individu-
ally for discrete measurement in each domain, or a total,

multidimensional score can be obtained by combining
the responses of all three subscales. Scores can be
transformed into a 0 to 100 format, but are also often
reported as raw sum scores, which range from O to 16
for each subscale or O to 48 for the overall score. We
developed a single CAT for the OES to calculate scores
in each of the three subscales and an overall score.
For consistency with the other instruments, we report
OES CAT results for the whole scale and subscales as
raw sum scores.

Results

Oxford Hip Score. We included 8,471 OHS response sets,
of which 5,000 were randomly allocated to the training
dataset and 3,471 were allocated to the test dataset. To
estimate full-length (12-item) OHS score, the CAT algo-
rithm would have asked 13% of these respondents six
questions, 76% of these respondents seven questions,
and 11% of these respondents eight questions.

Full-length questionnaire scores and CAT scores
followed a very similar distribution (Figure 1, Table II)
with a difference in mean score of 0.22 out of 48 points.
Pearson’s correlation coefficient and ICC between CAT
and full-length questionnaire scores were both 0.98
(Figure 2).

For 3,520 patients for whom both preoperative and
postoperative scores were available, the mean difference
in change score calculated from full-length OHS and CAT
OHS was 0.35 points (SD 2.68), and the median differ-
ence in change score was 0.40 points (IQR -1.33 to 2.04).
Oxford Knee Score. We included 15,106 response sets to
the 12-item OKS: 9,484 in the OKS training dataset and
5,622 in the corresponding test set. In 24% of cases the
CAT algorithm used six items, in 58% of cases it used sev-
en items, in 9% of cases it used eight items, and in 10% of
cases it used nine items.
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Fig. 1
Score distributions for the full-length Oxford Hip Score and computerized adaptive testing (CAT) version of the Oxford Hip Score.

Table II. Results from computerized adaptive testing simulation studies. Minimum and maximum differences in score are calculated as full-length score

minus computerized adaptive testing score.

Mean full- Minimum Maximum  Pearson’s Mean items
Training data Test data length score  Mean CAT score difference in difference correlation administered by
M e ple size ple size (SD)* (SD)* MCID*'7'8  score in score coefficient ICC  CAT algorithm, n
OHS 5,000 3,471 30.43 (11.70) 30.65 (11.59) -7.83 12.07 0.98 0.98 6.98
(12 items total)
OKS 9,484 5,622 28.16 (10.67) 28.43 (10.61) -10.10 8.62 0.98 0.98 7.05
(12 items total)
0SS 2,258 561 31.49 (11.23) 31.52 (11.33) -7.70 8.44 0.98 0.98 725
(12 items total)
OES total 8,359 2,084 35.49 (11.85) 35.62(11.83) 75 -10.17 12.00 0.98 0.98 4.87
(12 items total)
OES,.,. cion 8,334 2,078 12.74 (3.60) 12.84 (3.50) 1.5 -7.16 4.36 0.95 0.95
(4 items total)
pain 8,344 2,078 11.36 (4.48) 11.33 (4.41) -4.73 5.32 0.97 0.97
(4 items total)
8,338 2,078 11.39 (4.72) 11.38 (4.63) -5.56 5.57 0.98 0.97

Social
(4 items total)

*Raw score.

CAT, computerized adaptive testing; ICC, intraclass correlation; MCID, minimal clinically important difference; OES, Oxford Elbow Score; OHS, Oxford Hip Score; OKS, Oxford Knee Score; OSS,

Oxford Shoulder Score; SD, standard deviation.

The difference in mean score between the full-length
assessment and the CAT version was 0.26 out of 48
points. Pearson’s correlation coefficient and ICC were
both 0.98. For context, this is better than the Pearson’s
correlation coefficient of test/retest completion of the
OKS in the original development paper, which was 0.92.°
For 95% of patients (n = 5,341), the difference between
the CAT and full score was less than 4.5 points, which is
smaller than the MCID (see Table II).

Both preoperative and postoperative scores were avail-
able for 4,453 patients. Between the full-length OKS and
the CAT, the change scores differed by a mean of 0.34
points (SD 2.6) and a median of 0.36 points (IQR -1.37
to 2.05).

Oxford Shoulder Score. We included 2,819 response sets
to the 12-item OSS: 2,258 in the training dataset and 561
in the test dataset. In 4% of cases, the CAT algorithm used
six items, in 68% of cases the CAT algorithm used seven
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Correlation of scores from the full-length (long) Oxford Hip Score and computerized adaptive testing (CAT) version of the Oxford Hip Score. Point colour

indicates the number of questions used by the CAT algorithm in that instance.

items, and in 29% of cases the CAT algorithm used eight
items.

The difference in mean score between the full-length
OSS at the CAT version was 0.03 points out of 48 points.
Pearson’s correlation coefficient and ICC were 0.98.

In over 95% of cases (n = 533), CAT OSS scores and
full-length OSS scores differed by under five points
(Figure 3 and Figure 4), which is less than the six-point
mean reported MCID for the instrument.”

Across the 926 patients with both preoperative and
postoperative scores, the difference in the change scores
between the full-length OSS and CAT was 0.21 points
(mean) and 0.30 points (median).

Oxford Elbow Score. The CAT algorithm for the OES re-
duced the total length of the instrument from 12 items
to a mean of 4.87 items (SD 0.33). In 13% of cases, four
items were used by the CAT algorithm, and in 87% of
cases five items were required. The difference in mean
score between the full-length (12-item) OES and the CAT
version was 0.13 out of 48 points. Pearson’s correlation
coefficient and the ICC for the total scale were both 0.98.

For each subscale, the mean difference between full-
length subscale score and CAT score was less than 0.1 out
of 16 points. Correlations between full-length subscale
scores and CAT subscale scores ranged from 0.95 to 0.98
(Table II).

Preoperative and postoperative scores were available
for 308 patients. The mean difference in change scores
between full-length OES and CAT was 1.58 points (SD
2.71) (median 1.35 points (IQR -0.35 to 3.06)).

We have provided kernel density plots, scatter plots,
and Bland-Altman plots for all CAT comparisons as
Supplementary Material.

Discussion

We have developed CATs for the suite of Oxford scores,
specifically the OHS, OKS, OSS, OES, and OES subscales.
These are among the most widely used PROMs in their
fields, especially in the UK and Europe,'®®* and are
commonly used in areas where the NIHR has recog-
nized strains that may contribute to PROMs not gaining
the traction they need to improve patient care. We have
markedly reduced the assessment lengths of the Oxford
scores, in many instances by half. In pressurized clinical
systems, this may translate into saving time, and mean-
ingful increases in uptake and completion. In research
studies, several outcome measures are often used,
and reducing the burden of some or all of them might
contribute to gaining more complete study data. At the
same time, this advantage is achieved without compro-
mising on score accuracy, as assessed in the battery of
tests that we used.
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Fig. 3
a) Bland-Altman plot demonstrating the concordance of scores from the full-length and computerized adaptive testing (CAT) versions of the Oxford
Hip Score. For each pair of scores, the x-axis represents the mean of both scores and the y-axis represents the difference between them. The outermost,
horizontal solid lines represent the 95% limits of agreement and the surrounding dotted lines represent their 95% confidence intervals. b) Bland-Altman
plot demonstrating the concordance of scores from the full-length and CAT versions of the Oxford Knee Score. c) Bland-Altman plot demonstrating the
concordance of scores from the full-length and CAT versions of the Oxford Shoulder Score. d) Bland-Altman plot demonstrating the concordance of scores
from the full-length and CAT versions of the Oxford Elbow Score (total combined score of all three subscales).

To provide context for our results, the ICC between
the OBERD CAT and the full-length questionnaires was
between 0.95 and 0.98, whereas the original develop-
ment study of OKS demonstrated a test-retest Pearson’s
correlation coefficient of 0.92.5 This suggests that our
CATs perform well, relative to the intrinsic variability in
PROM scores seen when a person completes the ques-
tionnaire twice. Furthermore, the difference between
OBERD CAT score estimations and full-length ques-
tionnaire scores are unlikely to be important in the real
world. This good CAT performance was demonstrated
across the range of potential scores, as confirmed
by plotting the score distributions for each PROM (a
selection of illustrative figures has been included in
this paper). We compared the difference between our
CAT scores and the full-length questionnaire with the
MCID, and the differences between OBERD CATs and
full-length scores were generally smaller than MCIDs
for the PROMs concerned. While the accuracy of CAT

assessments was high at the population-level, and
generally high at the individual level, there will be some
cases where an individual’s CAT score and full-length
assessment score differ by more than the MCID. The
impact of these unusual cases may be greater for studies
with small sample sizes.

In some instances, CAT-based reduction in items
posed was not dramatic. Nevertheless, contemporary
electronic PROM administration still offers advantages
over paper-based administration. Our system can be
used on computers, tablets, smartphones, and with
automated voice communication. Even if major item
reduction is not achieved for a proportion of people,
these features may still be appealing. The ability to
complete CATs on the individual’s personal smartphone,
rather than require healthcare IT infrastructure, may
also be advantageous. When differences arose between
full-length questionnaire and CAT, the cases exhibiting
the largest discrepancies were the most atypical in
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Fig. 4
Difference in score between the full-length Oxford Shoulder Score and its computerized adaptive testing (CAT) counterpart. Dashed horizontal lines represent

the instrument’s minimal clinically important difference (MCID).

the training set, because there are not enough similar
cases to achieve better accuracy by machine-learning
methods.

There are other outcome measures in these clinical
areas,'®? including some PROM options that share
CAT systems advantages, such as the Patient-Reported
Outcomes Measurement Information System (PROMIS),
which employs item response theory.?' Item response
theory-based CATs involve referencing an individual
against a dataset in real time. In practice, this is acknowl-
edged to lead to time lag for the user completing the
CAT.%2 The regression tree approach that we used to
develop OBERD CATs is known to avoid this.?? This could
be formally assessed in a future comparative study,
though real-world deployment and user feedback has
not revealed performance issues to date.

Furthermore, our CAT algorithms use the existing items
of well-accepted PROMs. The Oxford scores that we have
studied here are widely used in the UK and Europe.'%?°
Oxford scores are also used outside Europe, for example
in New Zealand'’s arthroplasty registry.’® They are gener-
ally well-developed, validated, and familiar to clinicians.
Furthermore, we are proposing the use of our CATs in
scenarios where these PROMs are already used.

There are strengths to our study design. In particular, we
used large datasets, and split the data into completely sepa-
rate training and test datasets. As a result, our final analyses
are at less risk of instability and imprecision, and provide an
exploration of the generalizability of our findings.?* Similar
methodological approaches have been used to successfully
develop CATs for other musculoskeletal PROMs.?#% Such
successes do not guarantee that good performance will be
seen with other measures, hence the value of our study in
applying these techniques to the Oxford scores.

There are also limitations to our study. We used pre-
existing data and these may not be generalizable to other
groups, who differ from our cohort based on demographics,
diagnoses, or treatments. To account for overfitting, we
employed a training/test data split, in which data leakage
was prevented to ensure the results are based on applying
the algorithms to fresh data. We undertook randomization
of forms before establishing whether forms were complete.
This led to exclusion of some forms after randomization.
This sequence could be reversed in future, though we do
not believe it introduced bias into the results.

The CAT is currently implemented as a web-based appli-
cation, so is available to any device with an internet connec-
tion and a browser. Future work might focus on examining
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the real-world impact of CATs like these. While CATs harness
questions that will provide the most information, qualita-
tive research might explore whether the content validity
of CAT assessments is perceived to be comprehensive and
relevant. Additionally, there remains uncertainty around
whether reducing the burden of assessment will translate
into better compliance in terms of patients completing
postoperative surveys. However, this is plausible, and the
benefits of CATs are acknowledged by bodies such as the
American Academy of Orthopaedic Surgeons.?® Further-
more, the acceptability of our CATs could be tested in
routine practice and research. This could be achieved by
deploying some or all the OBERD CATs in routine clinical
practice in a national registry or similar. As with all CATs,
OBERD CATs are completed electronically, rather than with
pen and paper. Traditionally, this has been considered to
limit access for those who do not use technology and might
affect acceptability. However, this is becoming rarer. In the
UK, smartphone access has increased year on year, to as
high as 92% in 2021.%” While smartphone ownership may
be distinct from digital literacy, we believe that the level of
digital literacy likely to be needed to complete an electronic
PROM is low. Furthermore, there is no difference in the level
of digital literacy needed to complete our CATs compared
to completing full-length electronic PROMs. As a result, we
believe it is increasingly unlikely to be an issue affecting the
rollout of systems like this, which have potential in both clin-
ical practice and research.

In summary, we have developed machine-learning-
based CATs for the OHS, OKS, OSS, and the OES, and its
subscales. These CATs all reduced the burden of items to
be completed, without compromising on score accu-
racy. Moreover, the validity of the questions themselves is
supported by the success of the original instruments. Given
this, and potential efficiencies of machine learning CATs,
we believe that OBERD CATs will prove a useful option for
measuring musculoskeletal outcomes in clinical practice
and research.

Take home message

- Computerized adaptive tests (CATs) of the Oxford Hip, Knee,
Shoulder, and Elbow Scores can markedly reduce the burden
of completing these patient-reported outcome measures.

- CATs of Oxford scores do not sacrifice accuracy of measurement.

A
P

Twitter
Follow C. J. Harrison @conrad_harrison
Follow J. N. Rodrigues @mrjnrodrigues

Supplementary material
Kernel density plots, scatterplots, and Bland-
e Altman plots comparing full-length scores and
computerized adaptive testing scores for each
measure.
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