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ABSTRACT

Objective This study aims to (1) build and validate model-
based case definitions for multiple sclerosis (MS) that use
trends (ie, trend-based case definitions) and (2) to apply
dynamic classification to identify the average number of
data years needed for classification (ie, average trend
needed).

Design Retrospective cohort study design.

Participants 608 MS cases and 59620 MS non-cases.
Setting Data from 1 April 2004 to 31 March 2022

were obtained from the Manitoba Population Research
Data Repository. MS case status was ascertained

from homecare records and linked to health data.
Trend-based case definitions were constructed using
multivariate generalised linear mixed models applied

to annual numbers of general and specialist physician
visits, hospitalisations and MS healthcare contacts or
medication dispensations. Dynamic classification, which
ascertains cases and non-cases annually, was used to
estimate mean classification time. Classification accuracy
performance measures, including sensitivity, specificity,
positive predictive value (PPV), negative predictive value
(NPV), proportion correctly classified (PCC) and F1-scores,
were compared for trend-based case definitions and a
deterministic case definition of 3+MS healthcare contacts
or medication dispensations.

Results When applied to the full study period,
classification accuracy performance measure estimates
for all case definitions exceeded 0.90, except sensitivity
and PPV for the trend-based dynamic case definition (0.88,
0.64, respectively). PCC was high for all case definitions
(0.94-0.99); F1-scores were lower for the trend-based
case definitions compared with the deterministic case
definition (0.74-0.93 vs 0.96). Dynamic classification
identified 5 years as the average trend needed. When
applied to the average trend windows, accuracy
estimates for trend-based case definitions were lower
than the estimates from the full study period (sensitivity:
0.77-0.89; specificity: 0.90-0.97; PPV: 0.54-0.81; NPV:
0.97-0.99; F1-score: 0.64—-0.84). Accuracy estimates for
the deterministic case definition remained high, except
sensitivity (0.42—0.80). F1-score was variable (0.59-0.89).
Conclusions Trend-based and deterministic case
definitions classifications were similar to a population-
based clinician assessment reference standard for
multiple measures of classification accuracy. However,
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STRENGTHS AND LIMITATIONS OF THIS STUDY

= This population-based cohort study assessed the
performance of trend-based case definitions using
data from 2004 to 2022 with a near complete cap-
ture of healthcare use trends via Manitoba’s univer-
sal healthcare system.

= Variations in case definition performance are iden-
tified based on the number of data years used for
classification, providing applicable insights into the
future application of these case definitions.

= Dynamic classification provides an empirical ap-
proach to identify the average number of data years
needed for classification.

= The reference standard for multiple sclerosis is
based on clinical assessments obtained from home-
care records, which may limit generalisability.

accuracy estimates for both trend-based and deterministic
case definitions varied as the years of data used for
classification were reduced. Dynamic classification
appears to be a viable option for identifying the average
trend needed for trend-based case definitions.

INTRODUCTION

Administrative health data, such as physi-
cian billing claims and hospital discharge
abstracts, are widely used for population-
based chronic disease research and surveil-
lance. Disease cases are identified from the
data using case definitions (ie, algorithms)
with either deterministic or model-based
(eg, probabilistic) rules.' Accurate identi-
fication of disease cases can be challenging,
as administrative health data were not origi-
nally collected for these purposes.* Episodic
diseases, such as multiple sclerosis (MS), that
have periods of remission and relapse can
be particularly difficult to accurately iden-
tify in administrative health data compared
to chronic diseases that are not episodic in
nature.”® MS is disease of the central nervous
system that can lead to physical and cognitive
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disability over time. Canada has among the highest prev-
alence of MS in the world”™ and is, therefore, a disease
of significant interest in national surveillance initiatives.

The choice of a model-based or deterministic case
definition depends on several factors, including char-
acteristics of the disease of interest. Model-based case
definitions, which rely on statistical or machine learning
models to estimate case probabilities,'”"” often have
better accuracy for disease identification than determin-
istic case deﬁnitions,12 1315 \Which are based on a fixed
number and type of observations often occurring within
a defined time interval to identify cases (eg, one or more
hospital separation records, or five or more physician
claims within 2 years). Both approaches primarily rely on
cross-sectional data and do not take the temporal char-
acteristics of an individual’s health history into account.
Identifying episodic disease cases from administrative
health data may benefit from using healthcare use trends
(ie, longitudinal data), rather than summing an individu-
al’s healthcare history at a single time point. Studies that
have used longitudinal data to predict health status have
primarily relied on electronic health records or clinical
data.'®* One study used administrative health data to
detect juvenile arthritis in Childrenlﬁ; however, observa-
tion began at birth, which is often not feasible for adult
populations.

Case definitions that use healthcare use trends (ie,
trend-based case definitions) may have variable perfor-
mance as the number of data years used for classification
or identification changes. Moreover, the number of data
years required for accurate classification may vary across
individuals. Therefore, identifying the average number of
years needed for accurate case ascertainment (ie, average
trend needed) is a critical first step when using health-
care use trends to identify episodic disease cases within
administrative health data. Dynamic classification aims to
minimise observation time'?* and is a potential approach
for identifying the average trend needed. Individuals
are classified using probability intervals and estimated
interval limits are updated at regular time points.” If the
predetermined classification cut-off value falls outside
an individual’s estimated interval, the individual is clas-
sified; otherwise, observation continues. Therefore, clas-
sification occurs throughout the observation period and
only when enough data are present to make a ‘confident
classification’ (ie, full probability interval either above or
below classification cut-off value), allowing observation
time to vary across individuals.

It is unclear how the accuracy of trend-based case defi-
nitions for episodic diseases compares to the accuracy of
deterministic case definitions currently used in research
and surveillance. In addition, the application of dynamic
classification to identify the average trend needed for clas-
sification has not yet been tested. Our study purpose was
to build and validate model-based case definitions for an
episodic disease, MS, that use trends (ie, trend-based case
definitions) and apply dynamic classification to identify
the average number of data years needed for classification

(ie, average trend needed). The objectives were to (1)
assess classification performance of trend-based case defi-
nitions and a previously validated deterministic case defi-
nition using MS status obtained from homecare records
as a reference standard; (2) identify the average trend
needed for MS case ascertainment using dynamic classifi-
cation and (3) compare the classification performance of
trend-based and deterministic case definition over time
using the average trend needed.

METHODS

Study design

A retrospective cohort study design was used; the study
period was from 1 April 2004 to 31 March 2022. Case
definitions were initially applied to data from the full
study period. The study period was then split into 5-year
windows (fiscal year used) based on the average trend
needed as identified by the dynamic classifier (average
trend windows; 1 April 2004-31 March 2009; 1 April
2009-31 March 2014; 1 April 2014-31 March 2019; 1
April 2019-31 March 2022).

Patient and public involvement
None.

Data source

Data were obtained from the Manitoba Population
Research Data Repository housed at the Manitoba
Centre for Health Policy, University of Manitoba. Mani-
toba has a universal healthcare system and captures all
publicly insured healthcare contacts for its 1.3million
residents. The Manitoba Health Insurance Registry,
Hospital Discharge Abstracts, Medical Claims/Medical
Services, Drug Program Information Network, Canada
Census and Home Care Assessment databases were used.
Data on health insurance coverage dates, birth date,
sex and postal code were obtained from the Manitoba
Health Insurance Registry; the registry was also used
to conduct individual-level linkage of databases. The
Hospital Discharge Abstracts (5-digit International Clas-
sification of Diseases Codes (ICD)-10-Canadian version
(CA) codes), Medical Claims/Medical Services (3-digit
ICD-9-Clinical Modification (CM) codes) and Drug
Program Information Network (Anatomical Therapeutic
Chemical (ATC) codes) databases were used to obtain
information on healthcare visits and prescription medica-
tions from community pharmacies. The Canada Census
was used to obtain area-level income quintile based on
postal code and average household income.* The Home
Care Assessment database was used to construct the study
cohort and provide a reference standard for identifying
MS cases and non-cases. This database captures data
on home care assessments, utilisation and health status
for all individuals receiving homecare delivered by the
Winnipeg Regional Health Authority. The Winnipeg
Regional Health Authority is the largest health authority
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in the province and serves approximately 60% of Manito-
ba’s population.

Reference standard

The reference standard for MS status was based on the
interRAI assessment obtained from the Homecare Assess-
ment database. The interRAI assessment is an inter-
nationally recognised tool that assesses an individual’s
health and functioning and has been shown to have high
sensitivity (0.90) and specificity (1.00) for identifying
individuals with MS within the homecare setting.** Assess-
ments are completed by a clinician based on patient
interviews and review of medical information24; within
Manitoba, an assessment is required for homecare access.
Indication of MS was determined from a checklist of
conditions; those with MS checked were considered cases
and those without were considered non-cases. If multiple
assessments per individual were available, the status of
the majority of assessments was used. Therefore, individ-
uals were assigned the case status that had the strongest
evidence of true MS status. Where the numbers of MS
case/non-case assessments were equal, individuals were
excluded. Overall, the proportion of individuals that had
conflicting MS statuses in the data was low (0.002% of
cohort).

Study cohort

Individuals were included in the study if they had one or
more assessments in the Homecare Assessment database
during the study period. Cohort entry was defined as the
start of the study period (1 April 2004) or start of health-
care coverage, whichever was later. Cohort inclusion
criteria were a valid MS assessment field (ie, a response
from an assessment that had been signed by a physician),
linkage to the Manitoba Health Insurance Registry, at
least 730 days of continuous healthcare coverage between
cohort entry and assessment date and at least 20 years
of age at assessment date. 20 years was chosen as the
minimum cut-off age as this is the age used by the Public
Health Agency of Canada for MS surveillance.”

Study variables

Four healthcare use variables were used to build longitu-
dinal case definitions: the number of general physician (ie,
family physician) visits, the number of specialist physician
visits, at least one inpatient hospitalisation for any reason
and at least one MS healthcare contact (ie, physician visit
or hospitalisation with an MS diagnosis code or a MS-spe-
cific prescription medication claim). These measures
were constructed for each year in the study period. The
number of general physician visits and the number of
specialist physician visits were capped at 92 visits per year
(ie, 1 visit every 4 days; <1% of cohort affected). Specialist
physician visits encompassed any specialty because the
MS population has a higher co-occurrence of multiple
health conditions than the general population.?® #’
Neurologist visits in the Manitoba MS Clinic were not
captured in administrative data between 2000 and 2010

due to alack of shadow billing for alternate-funded physi-
cians and were, therefore, excluded from specialist visits.
MS diagnosis codes were ICD-9-CM 340 and ICD-10-CA
G35.2* ATC codes for MS-specific prescription medica-
tions are reported in online supplemental table S1.%
Demographic variables included age at cohort entry, sex,
income quintile and years of healthcare coverage during
the study period.

Case definitions

Three types of case definitions were applied to the data:
Trend-based with dynamic classification, where classifi-
cation was based on credible intervals (Crl) calculated
annually (trend-based dynamic; more details on the
dynamic classification scheme are found in the Statistical
Analysis section); trend-based with static classification,
where classification was based on a single probability point
estimate calculated from data over the full study period
(trend-based static) and a previously validated determin-
istic case definition (3 or more MS contacts over the full
study period).”* The trend-based case definitions were
built using group-specific multivariate generalised linear
mixed models (ie, separate models for cases and non-
cases). A full description of the models and methods used
to calculate case probability and corresponding Crls can
be found in online supplemental material and in Hughes
et al® Outcome variables included the four healthcare
use variables (general physician visits, specialist physician
visits, hospitalisation and MS contacts). Count outcome
variables (general and specialist physician visits) were
modelled with a log link function and binary outcome
variables (hospitalisation and MS contacts) were modelled
with a logit link function. Model covariates included time
(time=0 for the first year in the study period), sex, age at
cohort entry (continuous) and income quintile (quintiles
1-3=low income; 4-5=high income); all covariates were
binary or continuous and no transformations were used.
All models included a random intercept. Based on univar-
iate analyses (online supplemental table S2), general
visits and specialist visits were modelled with a random
time slope; hospitalisations were modelled assuming a
fixed time slope. MS-specific contacts were modelled with
a random intercept and no covariates due to their sparse
numbers in the non-cases. The same outcome variables
and covariates were used in all models (ie, case and non-
case models).

Individual group probabilities were estimated by using
Bayesian methods approximated via a Markov Chain
Monte Carlo with a burn-in of 500 iterations and a thin-
ning rate of 100.* Trace plots were used to determine
burn-in rates and autocorrelation plots were used to
assess thinning rates.”’ Model convergence was assessed
using trace plots, Gelman-Rubin-Brooks plots and the
Gelman-Rubin diagnostic; when the trace plots for all
coefficients had strong overlap and the Gelman-Rubin
diagnostic was <1.1, the model was considered sufficiently
converged.® ** Trace, density, Gelman-Rubin-Brooks and
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(N=73,942)

Individuals with at least one home care assessment within study period

Excluded (N=10,085; 13.6%)
e Invalid MS assessment code(s) (N=3,972)

A4

v

e Did not meet healthcare coverage requirements

(N=6,113)

requirements
(N=63,857)

Individuals with a valid assessment code who met healthcare coverage

Excluded (N=2,360; 3.2%)
e Unclear MS status (i.e., equal number of case
and non-case assessments) (N=25)

A4

v

e Could not be linked to registry or had invalid
birthdate (N=2,335)

(N=61,497)

Individuals linkable to health insurance registry with valid birthdate

Excluded (N=133; 0.2%)

A 4

\ 4

e  Less than 20 years of age at time of assessment

least 20 years of age at first assessment
(N=61,364)

Individuals linkable to health insurance registry with valid birthdate and at

Excluded (N=1,136; 1.5%)
e No healthcare coverage during study period or

A4

on date of assessment (N=74)
e  Less than 730 days of continuous healthcare
coverage before first assessment (N=1,062)

A\ 4

Final Cohort
(N=60,228)

Figure 1 Flow chart for study cohort. MS, multiple sclerosis.

autocorrelation plots can be found in online supple-
mental figures S1 and S2.

Statistical analysis

Study cohort characteristics were described using means,
SD, medians, IQRs, frequencies and percentages based
on variable type. Group (ie, case vs non-case) differ-
ences were tested using Student’s t-tests for continuous
measures and %* tests of independence for categorical
measures.

Models for the trend-based case definitions were
applied to data from the full study period. A classifica-
tion cut-off point, denoted as ¢, was determined as the
value nearest to the top left corner of the receiver oper-
ating characteristic (ROC) curve. For the trend-based
static case definition, individual probabilities were esti-
mated using data from the full study period. For the
trend-based dynamic case definition, classification was
as follows:

1. Calculate individual probabilities and their corre-
sponding 95% Crl for year 1 of study period (P*°"(1),
PU()).

CIEPROY(0) > ¢ classify individual as a case.

CIEPP() < classify individual as a non-case.

L IF PPOY(1) < < PPP(1), leave individual unclassified.

. If individual remains unclassified, follow to next year
and update probability of corresponding Crl and re-
peat steps 2-5.

Using this classification scheme, individuals had
different classification times (ie, the number of data
years) depending on the observation year where their Crl
was either fully below the cut-off point (non-case) or fully
above the cut-off point (case).

Case definition performance was evaluated using the
following accuracy measure estimates: area under the
curve (AUC), sensitivity, specificity, positive and negative
predictive values (PPV, NPV), proportion of individuals
correctly classified (PCC) and Fl-scores. Trend-based
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Table 1 Description of cohort characteristics
Cases (n=608) Non cases (n=59620)

Variable Frequency (%) Frequency (%) P value
Sex 0.0104

Males 195 (32.1) 22130 (37.1)

Females 413 (67.9) 37490 (62.9)
Period of MS assessment <0.0001

2004-2009 331 (54.4) 22691 (38.1)

2010-2015 148 (24.3) 19182 (32.2)

2016-2021 129 (21.2) 17747 (29.8)
Income quintile at index date <0.0001

Q1 (lowest) 101 (16.6) 14245 (23.9)

Q2 122 (20.1) 13096 (22.0)

Q3 125 (20.6) 12112 (20.3)

Q4 112 (18.4) 10156 (17.0)

Q5 (highest) 142 (23.4) 9542 (16.0)

Mean (SD) Mean (SD)

Age at cohort entry 54.2 (12.8) 69.4 (13.2) <0.0001
Age at assessment date 61.2 (12.7) 77.9 (12.3) <0.0001
Total healthcare coverage, years 15.0 (4.2) 13.3 (4.7) <0.0001
Healthcare coverage before assessment date, years 7.0 (4.9) 8.5 (4.9) <0.0001
Healthcare coverage after assessment date, years 8.0 (5.0) 4.8 (3.8) <0.0001

MS, multiple sclerosis.

case definitions were evaluated using five-fold cross-
validation. Due to the computational intensity of the
models, random samples of non-cases were selected for
both training and validation models (1:5 case to non-case
ratio for training models; 1:10 case to non-case ratio for
validation).

The average trend needed was identified as the mean
classification time, in years, when applying the trend-
based dynamic case definition. All case definitions were
then reapplied to average trend windows and perfor-
mance was reassessed.

Supplementary analyses were conducted to explore
factors that may influence classification time for the
trend-based dynamic case definition. After the trend-
based dynamic case definition was applied, classification
time for the entire cohort was split into quintiles. Quin-
tile means and proportions of cohort characteristics were
calculated and stratified by MS case status. Case defini-
tions were also applied to an additional average trend
window (1 April 2017-31 March 2022) as a supplemen-
tary analysis, as the full study period could not be evenly
split into 5-year windows.

All data analyses were performed by using R V.4.1.0%
and SAS V.9.4 (SAS Institute). The mixAK package®® was
used to build and validate the trend-based case defini-
tions. SAS was used to apply and validate the determin-
istic case definition.

RESULTS

Between 1 April 2004 and 31 March 2022, 60228 eligible
individuals (608 MS cases (1.0%), 59620 non-cases
(99.0%)) were identified in the Homecare database
(figure 1). Cohort characteristics are provided in table 1.
Cases comprised a slightly higher percentage of females
compared with non-cases (cases 68% female; non-cases
63% female). A larger proportion of cases were in the
higher-income quintiles, whereas a larger proportion of
non-cases were in the lower-income quintiles. At cohort
entry and MS assessment date, cases had a mean age of
54 and 61 years and non-cases had a mean age of 69 and
78 years, respectively. Cases had a slightly greater average
total number of years of healthcare coverage than non-
cases. Non-cases had more healthcare coverage before
the assessment date and less coverage after the assess-
ment date than cases.

Table 2 reports accuracy estimates for the case defini-
tions applied to the full study period. The trend-based
static case definition had the highest sensitivity estimate
(0.96, SD: 0.02) and the deterministic case definition had
the highest PPV estimate (0.98, SD: 0.005); specificity and
NPV estimates were similar for all three case definitions.
The AUC estimate was slightly higher for the trend-based
static case definition compared with the trend-based
dynamic (0.98 vs 0.94). The trend-based dynamic case
definition had the lowest PPV, sensitivity and Fl-score
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Table 2 Classification accuracy measure estimates (SEs) for trend-based and deterministic case definitions for the full study

period

Trend-based dynamic case

Trend-based static case Deterministic case

Accuracy measure definition* definition* definition
AUC 0.94 0.98 N/A
Sensitivity 0.88 (0.03) 0.96 (0.02) 0.94 (0.009)
Specificity 0.95 (0.006) 0.99 (0.003) 1.00 (0.001)
PPV 0.64 (0.04) 0.91 (0.02) 0.98 (0.005)
NPV 0.99 (0.003) 1.00 (0.002) 0.99 (0.001)
PCC 0.94 0.99 0.99
F1-Score 0.74 0.93 0.96

*Estimates and SEs are averaged over fivefold.

AUC, area under the curve; N/A, not applicable; NPV, negative predictive value; PCC, proportion correctly classified; PPV, positive predictive

value.

estimates (0.64,0.88 and 0.74, respectively). The PCC
estimates were similar for all case definitions. The trend-
based static and deterministic case definition had similar
Fl-scores. Mean classification time for the trend-based
dynamic case definition was 5 years; this estimate was used
to define the average trend windows.

Accuracy estimates for the trend-based case definitions
applied to the average trend windows were slightly lower
than the accuracy estimates obtained for trend-based
case definitions applied to the full study period (table 3).
PPV and Fl-score estimates had the lowest values, which
ranged from 0.54 to 0.81 and 0.64 to 0.84, respectively.
In contrast, the deterministic case definition had similar
accuracy measure estimates when applied to the average
trend windows and the full study period, except sensitivity
and Fl-score, which had considerably lower estimates for
the average trend windows (sensitivity: 0.41-0.80 vs 0.94;
Fl-score: 0.59-0.89 vs 0.96). Variability in sensitivity, spec-
ificity, PPV and NPV estimates for the three case defini-
tions across the average trend windows can be seen in
online supplemental figure S3. Supplementary analyses
for the average trend window of 1 April 2017-31 March
2022 can be found in online supplemental table S3. Clas-
sification accuracy measures for all cases were slightly
higher when applied to the 2017-2022 average trend
window compared with classification accuracy measures
obtained using data from the 2019-2022 average trend
window.

Mean case probability estimates and 95% CrIs for cases
and non-cases over the study period are reported in
figure 2. Mean case probability estimates increased over
time for cases and decreased for non-cases. Mean 95%
Crls decreased over time for non-cases.

Results from the supplementary analyses exploring the
impact of cohort characteristics on classification time are
found in online supplemental tables S4-S6. For cases and
non-cases, individuals who were younger at cohort entry
were more likely to be classified within the first classifi-
cation time quintile. For cases, a higher proportion of
individuals classified within classification time quintile 1

were in income quintile 5 (Q5; 0.25) compared with the
remaining income quintiles. For non-cases, the highest
proportion of individuals classified within classification
time quintile 1 was in quintiles 1 and 2 (Q1 and Q2; 0.24
and 0.25, respectively). The highest proportion of cases
were classified in year 1 (online supplemental figure S4),
whereas the highest proportion of non-cases were classi-
fied in year 5 (online supplemental figure S5).

DISCUSSION
This study aimed to build and validate trend-based case
definitions for MS and assess the use of dynamic classifi-
cation for identifying the average trend needed for clas-
sification. Trend-based case definition performance was
compared with the performance of a previously validated
deterministic case definition. We found similar accuracy
estimates for trend-based dynamic, trend-based static and
deterministic case definitions; the trend-based dynamic
case definition had lower PPV and sensitivity estimates
compared with the other case definitions. Dynamic classi-
fication estimated an average trend of 5 years was needed
for classification. When the observation period was
limited to the average trend needed (ie, 5 years), perfor-
mance of all case definitions was slightly lower; sensitivity
for the deterministic case definition was considerably
lower. Poorest performance estimates were observed for
all case definitions when they were applied to the most
recent trend window (ie, 1 April 2019-31 March 2022).

Previous studies validating MS case definitions for
administrative health data have reported variable accu-
racy estimates.” * ®** The majority of validated case
definitions were deterministic. The deterministic case
definition used in this study (three or more MS contacts)
has been validated in multiple geographical regions and
populations (children and adults), with good perfor-
mance (sensitivity: 0.87-0.99; specificity: 0.56-1.00; PPV:
0.75-1.00; NPV: 0.76-0.98) .28 30 36-39

The estimated PPV values obtained when applying the
trend-based case definitions to the average trend windows
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Table 3 Classification accuracy measure estimates and ranges for trend-based and deterministic case definitions for the

average trend windows

Accuracy measure 2004-2009 2009-2014 2014-2019 2019-2022
Trend-based dynamic case definition®
AUC 0.92 0.94 0.92 0.88
Sensitivity 0.85 0.87 0.86 0.77
Specificity 0.93 0.95 0.93 0.91
PPV 0.55 0.64 0.60 0.55
NPV 0.98 0.99 0.98 0.97
PCC 0.92 0.94 0.92 0.90
F1-Score 0.67 0.74 0.71 0.64
Trend-based static case definition*
AUC 0.94 0.94 0.93 0.89
Sensitivity 0.87 0.89 0.88 0.79
Specificity 0.94 0.97 0.97 0.90
PPV 0.61 0.77 0.81 0.54
NPV 0.99 0.99 0.99 0.97
PCC 0.94 0.96 0.96 0.89
F1-Score 0.72 0.83 0.84 0.64
Deterministic case definition
Sensitivity 0.76 0.80 0.68 0.42
Specificity 1.00 1.00 1.00 1.00
PPV 1.00 1.00 0.99 0.98
NPV 0.98 0.98 0.97 0.94
PCC 0.98 0.98 0.97 0.95
F1-Score 0.86 0.89 0.81 0.59

Boldface indicates maximum estimate observed over the average trend windows.
Underline indicates minimum estimate observed over the average trend windows.

*Estimates are averaged over fivefold.

AUC, area under the curve; NPV, negative predictive value; PCC, proportion correctly classified; PPV, positive predictive value.

were lower than the PPV estimates obtained when
applying trend-based case definitions to the full study
period. In contrast, the deterministic case definition had
lower sensitivity estimates when applied to the average
trend windows compared with when it was applied to the
full study period. This indicates trend-based case defini-
tions are more likely to misclassify non-cases, whereas the
deterministic case definition is more likely to misclassify
cases when the number of data years used for classifica-
tion is reduced. Understanding how case definitions are
robust to changes in the years of data used for classifica-
tion is important when applying case definitions across
multiple jurisdictions, as most jurisdiction do not have
the same number of data years available.* **

As trend-based case definitions rely on trends for clas-
sification, changes in disease treatment over time may
influence performance. While this applies to the full
study period, it is most evident when applying case defi-
nitions to the 2019-2022 average trend window, where
drastic changes in healthcare were observed due to the
COVID-19 pandemic, including increased virtual care,

physician departure from clinics and introduction of
new MS medications.”” * Data exploration indicated a
drop in the mean number of physician visits (general
and specialist), hospitalisations and MS-specific contacts
for the 2021 fiscal year due to the COVID-19 pandemic,
which likely contributed to lower estimates of case defi-
nition performance. Lower estimates were still observed
when the average trend window was extended to 1 April
2017-31 Marc 2022 in supplementary analysis.

As expected, mean case probability estimates for cases
increased over the study period, whereas mean case prob-
ability estimates decreased for non-cases. This indicates
that using a longer trend for classification (ie, more
years of data) resulted in a more accurate estimated case
probability. Notably, the estimated case probability trend
seen in this study was based on a classification approach
and obtained under the assumption that MS preva-
lence remained constant over time, which is not always
the case.” ¥ Worldwide, MS prevalence is considered
to be increasing primarily due to earlier diagnosis and
improved survival rates.”’ A different trend in estimated
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Figure 2 Mean estimated case probability and 95%
credible interval (Crl) limits with SE bars at each year during
observation period for cases and non-cases.

case probability may be observed when changes in base-
line prevalence are considered or where a prediction,
rather than classification approach is used.

There were some limitations to this study. The
selected reference standard for MS status and study
cohort comes from those receiving homecare within
the largest health authority in the province of Mani-
toba, which primarily serves urban populations. There-
fore, study finding may not generalise to younger,
healthier populations or rural populations. MS status
was obtained from the InterRAI assessment. This is
a validated assessment conducted by a clinician®* **;
however, MS cases and non-cases may still be misclas-
sified.** The interRAI assessment has been previously
used as a validation source for MS.”

Strengths of the study include near-complete
capture (ie, 99%) of healthcare use via Manitoba’s
universal healthcare system.*! In addition, applying
case definitions to a reduced number of data years as
well as the full study period provides a more complete
picture of case definition performance. The deter-
ministic case definition chosen for this study as a
comparison for the trend-based case definitions has
been well validated in Manitoba®” ** % as well as other
jurisdictions.” *® ** Last, the novel use of dynamic

classification provides an empirical and effective
approach to identify the average trend needed, which
can easily be applied to different episodic disease in
future research.

In conclusion, trend-based case definitions have
similar performance to deterministic case defini-
tions when identifying MS cases and non-cases from
administrative health data. Performance for both
trend-based and deterministic case definition varies
when the number of data years used for classification
is limited. When using a trend-based case definition,
dynamic classification appears to be a viable option
for identifying the average trend needed for classifi-
cation. Future research should examine how changes
in the years of data used for classification at the
individual-level impact case definition performance,
as we only explored changes in the number of data
years at the population (ie, marginal) level. The appli-
cation of trend-based case definitions should also be
explored for other episodic chronic diseases, such

as rheumatoid arthritis®® >* or inflammatory bowel

. 55 56
disease.”” *°
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