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Abstract

Introduction
In the context of chronic pain, no study has yet compared risk-based and count-based approaches for modelling medication
use trajectories. Risk-based approach reflects the potential burden of medication-related adverse effects, whereas count-based
approach reflects treatment burden and regimen complexity. Comparing these complementary measures may identify different
patient profiles depending on the clinical or research objective.

Objectives
This study aimed to compare a composite medication risk score, the Medication Quantification Scale 4.0 (MQS-4.0), with
medication count in examining medication use trajectories among individuals with chronic pain.

Methods
We conducted a cohort study using data from the TorSaDE Cohort, which links five cycles of Statistics Canada’s Canadian
Community Health Survey (2007-2016 cross-sectional questionnaires) and Québec provincial health administrative databases
(1996-2016 longitudinal data). We selected 8,760 adults with chronic pain who were covered by public prescription drug
insurance. Pain-related medications used in the two-year period following survey completion were operationalised as monthly
risk scores and monthly medication count. Growth Mixture Modelling was applied to each of these measures to identify
groups with similar patterns over time (trajectories).

Results
Both the MQS-4.0 risk score and the medication count were effective in forming trajectory groups that were statistically robust
(based on entropy and Bayesian information criterion) and clinically meaningful. However, the MQS-4.0 risk score approach
was more discriminative, identifying differences between trajectory groups in terms of sociodemographic characteristics,
pain profiles, health status, and healthcare utilisation. Individuals with the highest pain-related medication count did not
necessarily have the highest MQS-4.0 risk scores, and some individuals using fewer medications were found to be at high
risk.

Conclusions
Our findings suggest that a risk-based approach such as the MQS-4.0 may provide complementary information to a
count-based approach for subgroup analyses, particularly when using health administrative databases to study pain-related
medication use in individuals living with chronic pain.

Keywords
chronic pain, polypharmacy, analgesics, medications, risk, trajectories, medication quantification scale, growth mixture
modelling, health administrative data

Highlights

• This study compares a risk-based (MQS-4.0) approach to a count-based approach for modelling medication use
trajectories in chronic pain.

• Both approaches identified statistically robust trajectory groups, but MQS-4.0 was more discriminative in
differentiating sociodemographic, pain, and health characteristics.

• The study highlights that high medication count does not always correlate with high risk, thus challenging traditional
assumptions.

• Results suggest that risk-based approach such as the MQS-4.0 may provide complementary information to a
count-based approach for subgroup analyses.
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Introduction

Chronic pain (CP) affects one in five adults [1, 2] and
is clinically defined as pain that persists or recurs over
more than three months [3]. In 2019, the annual financial
burden of CP in Canada in terms of healthcare and lost
productivity was estimated at $38.3–40.4 billion [4]. CP
treatment involves a combination of physical and psychological
therapy (physiotherapy, meditation, psychotherapy, etc.), in
addition to medication [4]. Polypharmacy, defined as the
concurrent use of multiple medications [5], is highly prevalent
in this population [6, 7]. A recent Canadian study highlights
that 71% of adults living with CP concomitantly use five or
more medications (a common threshold for polypharmacy),
while 26% concomitantly use 10 or more medications (i.e.,
excessive polypharmacy) [8]. Although polypharmacy can lead
to positive outcomes by approaching pain through multiple
mechanisms of action, many medications can pose substantial
risks, including adverse effects [9, 10], drug interactions [9, 10],
drug cascades [11], as well as depression [12], lower quality of
life [13], and mortality [14, 15].

Seeing that individuals living with CP have varying
medication regimens that involve different therapeutic classes
and dosages that change over time [16, 17], it is essential
to gain a better understanding of the risk associated with
medication use among individuals living with CP over time
(risk trajectories). Trajectory analyses rely on person-centred
statistical approaches to identify subgroups of individuals
with similar longitudinal patterns [18]. Identifying these
distinct trajectories helps characterise individuals at greater
or lower risk of adverse outcomes and provides insight into
the modifiable factors associated with each trajectory. Such
knowledge can guide the development of tailored interventions
aimed at improving outcomes among high risk groups. In
CP pharmacological treatment, a research tool designed to
quantify the risk associated with pain-related medications,
the Medication Quantification Scale (MQS), was developed
in 1992 and various versions were validated [19–25]. Its fourth
version (the MQS-4.0) has been validated in Canadian practice
[22].

The relevancy of composite medication risk scores, such
as the MQS-4.0, is expected as the associated risk of adverse
effects is not always directly proportional to the number of
medications taken. However, such scores sometimes require
complex calculations. It is therefore worth questioning whether
simply counting the number of medications offers comparable
value for research purposes.

This study thus aimed to compare a composite medication
risk score, the Medication Quantification Scale 4.0 (MQS-
4.0), with a count-based approach in examining medication
use trajectories among individuals with CP. Our intention
was to examine how a risk-based measure and a count-based
measure may differently classify medication use trajectories
in a real-world chronic pain population. Although related,
medication risk and medication count represent distinct
constructs. Medication count primarily reflects treatment
burden and regimen complexity, whereas the MQS-4.0
incorporates information on medication classes to better
estimate the potential burden of medication-related adverse
effects. Consequently, the choice of measure should depend
on the research or clinical objective. A count-based approach

may be appropriate when examining polypharmacy prevalence,
healthcare resource use, or medication regimen complexity,
while a risk-based approach may be more informative when
studying medication safety, adverse effects, deprescribing
priorities, or identifying individuals who may benefit from
medication review. Specifically, we compared these two
approaches based on: (1) their utility in creating trajectory
groups (i.e., individuals with similar patterns over time) that
are statistically robust and clinically interpretable; (2) their
ability to generate trajectory groups that are distinct in
terms of sociodemographic profiles, pain characteristics, health
status, and healthcare utilisation; and (3) the overlap between
the high risk or high-count individuals identified respectively
through the MQS-4.0 risk score trajectory analysis and the
count-based trajectory analysis. We hypothesised that heavy
users of pain medication are not necessarily at higher risk of
adverse effects per the MQS-4.0 score, and individuals using
fewer medications may still face substantial risk.

Methods

This manuscript is reported in accordance with the REporting
of studies Conducted using Observational Routinely-collected
health Data (RECORD) Statement.

Design

This retrospective cohort study used data from the TorSaDE
Cohort (n= 102,148) [26], a research infrastructure linking
five cycles of Statistics Canada’s Canadian Community
Health Survey (2007-2008 to 2015-2016 cross-sectional
questionnaires) and Québec provincial health administrative
databases (1996-2016 longitudinal data).

Data Sources

The TorSaDE Cohort has been described in detail elsewhere
[26].

Canadian Community Health Survey

This Statistics Canada survey collects health and socioeconomic
data on Canadians aged 12 and older using probability
sampling [27]. Standardised questionnaires are used and data
quality is maximised through a variety of methods, including
rigorous interviewer training and various control measures.

Health Administrative Databases

In Canada’s universal healthcare system, public health
insurance covers medical consultations, emergency visits,
hospitalisations, and procedures for all Québec residents,
except those with temporary permits [28]. Prescription drug
coverage is mandatory through public or private plans. The
public prescription drug insurance plan covers individuals who:
1) lack private drug insurance; 2) are aged 65 or older; or 3)
receive last-resort financial assistance. These groups represent
approximately 46% of the Québec population [28], and 57 to
68% of individuals living with CP [29, 30]. The pharmaceutical
services database contains detailed information on prescription
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drugs dispensed in the community and covered by the public
prescription drug plan [31].

Linkage and Data Access

When taking part in the Canadian Community Health Survey,
participants give informed consent to Statistics Canada for the
linkage of their responses to provincial health administrative
databases and use for research purposes. Any given survey
year, 90% to 95% of survey participants consent to the
linkage with data from other sources for research purposes.
Linkage with administrative data was possible for more than
95% of participants (person-level linkage) [26]. The linkage
was conducted by the Institut de la statistique du Québec,
the official government agency responsible for collecting,
producing, and disseminating statistical information about
Québec. De-identified data from the TorSaDE Cohort was
accessed via the secure server of the Institut de la statistique
du Québec (ISQ), which acts as the mandated data access
authority. The preparation and cleaning of the TorSaDE
Cohort data then required over 1,000 hours of work by our
team’s experienced biostatisticians specialised in the analysis
of large-scale administrative databases, ensuring high data
quality and reliability for research purposes. Ethical approval
was obtained from the Commission d’accès à l’information
du Québec (#1013990), the Institut de la statistique du
Québec (ISQ), and relevant university Research Ethics Boards
(Université du Québec en Abitibi-Témiscamingue: #2018-02-
Lacasse, A.; Centre hospitalier universitaire de Sherbrooke
(CHUS): #2017-1504).

Study Population and Selection Criteria

This study included 8,760 individuals selected according to
the following criteria applied to the TorSaDE Cohort: (1) for
individuals with more than one survey participation, only the
first participation was retained; (2) individuals reporting CP :
individuals who answered “No” to the survey question “Are
you usually free of pain or discomfort?”—while this definition
may differ from commonly used definitions of chronicity
based on the duration of symptoms [3, 32], it has been
used in many CP epidemiology studies [33–48] and provides
prevalence estimates (17-22% [33, 35, 36, 46]) comparable to
those obtained in studies using a more traditional definition
(20-21% [1, 2]) during similar periods; (3) individuals aged
18 years or older; and (4) individuals covered by the public
prescription drug insurance plan during the two years following
their participation in the Canadian Community Health Survey.

Study Variables

Analgesic and co-prescribed medication use (hereafter referred
to as pain-related medications) was operationalised using two
approaches for comparison: the MQS-4.0 risk score and the
number of medications used.

MQS-4.0 Risk Score

The MQS-4.0 is a validated research tool designed to quantify
the risk associated with 36 medication subclasses used for
CP management and associated comorbidities (e.g., sleep,
mood) (Supplementary Appendix 1) [22]. The MQS-4.0

reflects the overall risk of short- or long-term adverse effects
caused by medications [22]. Pain-related medications were
assigned weights (points), which could then be summed to
compute a composite risk score, where higher scores mean
higher risk of adverse effects. Just like previous versions
of the tool, the MQS-4.0 weighting system is grounded in
the clinical judgement of prescribers. Specifically, weights
were derived from the median scores on a 0–10 scale
assigned to each medication subclass in a Canadian survey
in which physicians, pharmacists, and nurse practitioners
who prescribed or adjusted analgesic medications in their
clinical practice evaluated the level of risk associated with
different medications. The definition of the overall risk
of medication was specified to participants before survey
completion, that is, “overall risk of medication to cause a
short- or long-term adverse reaction, such as organ-specific or
systemic toxicity (gastrointestinal symptoms, central nervous
system), medication interactions, physical or psychological
dependence potential, abuse potential, insomnia, tolerance,
increased pain perception over time (hyperalgesia), and
memory or concentration problems”. Approximately 11% of
respondents were chronic pain experts, while the remaining
participants practised in primary care or other clinical
specialties [22]. Consequently, the weights used to calculate
MQS-4.0 scores reflect perspectives drawn from diverse real-
world clinical practice settings. The Medication Quantification
Scale (MQS), was developed in 1992 [21]. Updated in
1998 (MQS-II) [20], in 2003 (MQS-III) [19], and in 2022
by our team (MQS-4.0) [22], it has been shown to be
reliable, valid, and sensitive to change [19–25]. The MQS was
used as the quantification of the risk associated with pain
medications use in a large number of pain studies between
2000 and 2026 [49–71], for instance as an outcome measure
in various clinical trials on the impacts of interventions, or as
a dependent, independent or control variable in observational
studies. Our research team developed a valid SAS® algorithm
to apply MQS-4.0 risk weights to prescribed drug insurance
data [22], utilising American Hospital Formulary Service
(AHFS) codes, supplemented at times by non-proprietary
name codes (Supplementary Appendix 1). In our study,
we used prescribed drug insurance data to calculate
monthly MQS-4.0 risk scores (30-day periods) for each
participant over the two years following the survey completion
date.

Number of Medications (Medication Count)

Prescribed drug insurance data was used to calculate the
monthly number of different pain-related medications used by
each participant over the same two-year period. To enable an
adequate comparison of the two approaches, only medications
covered by the MQS-4.0 were included in this calculation,
excluding those prescribed for other indications. For both
approaches (MQS-4.0 risk score and medication count),
participants were considered users of a specific medication
in a given month if at least one claim for the medication
was recorded during that month, regardless of prescription
duration.
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Figure 1: Study Sample Selection Flowchart

aNo chronic pain n= 64,885; missing response to the question about pain n= 21,118; chronic pain percentage calculated using
non-missing data= 16,145∗100/(102,148-21,118)=19,9%.

Furthermore, we assessed medication use status at the time
of survey completion using health administrative data. For
this assessment, we applied a 90-day window to account for
potential refill gaps [72]. Then, using the number of different
pain-related medications used at least once in the 90-day
period following survey completion, we classified participants
based on medication count: five or more medications (i.e.,
polypharmacy), and 10 or more medications (i.e., excessive
polypharmacy) [5, 73]. We followed the same approach
for medications used across all therapeutic indications. As
polypharmacy can also be defined as the use of two or more
medications for a single health condition [74], we also applied
this cut-off to classify participants based on the number of
pain-related medications used.

Covariables

Variable selection aimed to describe our sample in terms
of sociodemographic status, health status, and healthcare

utilisation. Such self-reported variables included age, sex at
birth, education level, relationship status, annual household
income, administrative region of residence, pain intensity
(none/mild/moderate/severe), activities prevented by pain
or discomfort (none/a few/some/most), and self-perceived
general health or mental health (fair/poor/good/very
good/excellent). We used health administrative data to
calculate the following variables during the two-year period
following survey completion: continuity of care index
(percentage of visits to the same practitioner [75]),
number of different prescribers, and number of visits to a
general practitioner, to a specialist, or to the emergency
department. Administrative data covariables also included
the number of hospitalisations (episodes), benzodiazepine
use, and opioid use during the two-year period. We also
considered all-cause mortality (dying at some point, after
the end of the two-year period during which the trajectories
were modelled) as descriptive outcome to characterise
participants.
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Table 1: Sample Characteristics

Characteristicsa (n= 8,760) No. (%) of participantsb

Sociodemographic profile
Age (years) – mean ± SD 63.6 ± 14.8
median (IQR) 66.0 (18.0)

Age (years) – n (%)
18-24 143 (1.6)
25-44 817 (9.3)
45-64 3,042 (34.7)
≥ 65 4,758 (54.3)

Sex – n (%)
Female 5,684 (64.9)
Male 3,076 (35.1)

Education level – n (%)
No secondary diploma 3,600 (41.7)
Secondary diploma 1,112 (12.9)
College diploma/Registered apprenticeship or other trades certificate or diploma 2,934 (33.9)
University diploma 995 (11.5)

Relationship status – n (%)
Not in a relationship 5,066 (57.7)
In a relationship 3,699 (42.3)

Annual household income (Can$) – n (%)
< 20,000 2,964 (33.8)
20,000 -39,999 3,329 (38.0)
40,000 – 59,999 1,391 (15.9)
60,000 -79,999 592 (6.8)
≥ 80,000 484 (5.5)

Living in a remote region – n (%)
No 6,384 (72.9)
Yes 2,376 (27.1)

Pain symptoms
Pain intensity – n (%)
Mild 1,759 (20.3)
Moderate 4,703 (54.2)
Severe 2,209 (25.5)

Activities prevented by pain or discomfort – n (%)
None 3,001 (34.4)
A few 2,881 (33.1)
Some 1,456 (16.7)
Most 1,373 (15.8)

Health profile
Self-perceived general health – n (%)
Excellent, very good or good 5,254 (60.1)
Fair or bad 3,491 (39.9)

Self-perceived mental health – n (%)
Excellent, very good or good 7,510 (89.1)
Fair or bad 923 (10.9)

All-cause mortality (died, at some point, after the 2-year period during which the
trajectories were modelled) – n (%)
No 8,214 (93.8)
Yes 546 (6.2)

Continued
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Table 1: Continued

Characteristicsa (n= 8,760) No. (%) of participantsb

Healthcare and medication utilisation during the two years following survey completion
Continuity of care index (%) – mean ± SD 84.7 ± 20.6
median (IQR) 100.0 (28.6)
Number of different prescribers – mean ± SD 4.2 ± 3.5
median (IQR) 3.0 (4.0)
Number of general practitioner visits – mean ± SD 6.8 ± 6.3
median (IQR) 5.0 (6.0)
Number of specialist visits – mean ± SD 8.2 ± 12.3
median (IQR) 5.0 (9.0)
Number of emergency department visits – mean ± SD 1.5 ± 2.5
median (IQR) 1.0 (2.0)
Number of episodes of hospitalisation – mean ± SD 0.6 ± 1.1
median (IQR) 0.0 (1.0)
Filled at least one prescription for benzodiazepines during the two years following
survey completion – n (%)

2,940 (33.6)

Filled at least one prescription for opioids during the two years following survey
completion – n (%)

2,011 (23.0)

aProportion of missing data across presented variables ranged between 0.0% and 5.4%. Listwise deletion was applied for the
subsequent analyses. bUnless stated otherwise. IQR: Interquartile range. SD: Standard deviation.

Statistical Analysis

We first described participant characteristics using descriptive
statistics. We described baseline MQS-4.0 risk scores, the
number of pain-related medications, and various polypharmacy
classifications for the whole sample and across sex groups
according to best practices [76].

Trajectory Groups

Growth Mixture Modelling (GMM) [18, 77] was applied to
the monthly MQS-4.0 risk scores, and then to the monthly
number of pain-related medications over the two-year period
following survey completion. This analytical approach allowed
for the grouping of individuals with similar outcomes (MQS-
4.0 risk scores or medication count) over the two-year period
following survey completion time. We then used trajectory
group membership as a categorical dependent variable. We
tested models with 1 to 6 trajectories using linear, quadratic
and cubic shapes. We first tested the 18 models for the
monthly MQS-4.0 risk scores, and then for the monthly
number of pain-related medications. The following criteria
were used successively to select the best model: (1) at least
5% of individuals per group [18]; (2) entropy ≥ 0.8 (implying
less uncertainty in the classification) [77–79]; (3) highest
proportion of individuals per group with posterior probability
group ≥ 0.8 [78]; (4) lowest Bayesian information criterion
(BIC) in absolute value [18]. To enhance the robustness of the
trajectory modelling, growth mixture models were estimated
using 100 initial starting values. This approach reduces the risk
of convergence to local maxima and increases the likelihood
of identifying the global maximum likelihood solution, thereby
improving the stability and reproducibility of the trajectory
groups [80]. See Supplementary Appendix 2 for modelling fit
indices.

We described the profiles of trajectory groups using
descriptive statistics, and performed comparative analyses
using bivariable statistical testing (Chi-square tests with Tukey
style multiple comparisons of proportions [81] and Kruskal-
Wallis test with Dwass-Steel-Critchlow-Fligner test [82] for
post-hoc pairwise analyses), with statistical significance
defined as a p-value < 0.05. As the aim was not to identify
causal or modifiable risk factors, but to describe real-world
differences between groups, we opted for bivariate comparisons
as opposed to multivariable analysis. Lastly, a Venn diagram
illustrated the overlap between high risk individuals identified
by the MQS-4.0 trajectory and those identified by the pain
medication count trajectory [83].

The proportion of missing data across outcomes and
compared variables was low (0–3.7%; see footnotes of
Tables 2–4); all analyses were conducted on the available
data without imputation. Growth mixture models for MQS-
4.0 risk scores were estimated using the hlme function from
the R package lcmm (R Core Team, Vienna, Austria), which is
restricted to Gaussian outcomes [84]. Given the distributional
properties of medication count data (non-negative integers
with a skewed distribution), an alternative modelling approach
appropriate for count-type outcomes was used (FLXMRziglm
function from the R package flexmix). All other analyses
were carried out with SAS 9.4 (SAS Institute, Cary, NC,
USA).

Results

Sample

This study was conducted among 8,760 adults living with
CP and covered by the public drug insurance plan during
the two years following their participation in the Canadian
Community Health Survey (Figure 1). Table 1 shows the
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Table 2: Medications Used at the Time of Survey completion

Medication variables Whole sample Females Males

Risk associated with pain-related medications according to the Medication
Quantification Scale (MQS-4.0)
Medication Quantification
Scale (MQS-4.0) score –
mean ± SD 8.7 ± 9.3 9.4 ± 9.4 7.4 ± 8.8
median (IQR) 6.0 (13.0) 8.0 (14.0) 5.0 (12.0)

Pain-related medications used (those considered in the calculation of the
MQS-4.0)
Number of different
medications used –
mean ± SD 1.4 ± 1.7 1.5 ± 1.7 1.2 ± 1.53
median (IQR) 1.0 (2.0) 1.0 (2.0) 1.0 (2.0)
≥ 2 medications – n (%) 3,275 (37.4) 2,341 (41.2) 934 (30.4)
≥ 5 medications – n (%) 485 (5.5) 354 (6.2) 131 (4.3)
≥ 10 medications – n (%) <1%a <1%a <1%a

Medications used across all therapeutic indications
Number of different
medications used –
mean ± SD 6.4 ± 5.1 6.9 ± 5.1 5.6 ± 5.0
Median (IQR) 6.0 (7.0) 6.0 (7.0) 5.0 (7.0)
≥ 5 medications – n (%) 5,180 (59.1) 3,577 (62.9) 1,603 (52.1)
≥ 10 medications – n (%) 2,152 (24.6) 1,552 (27.3) 600 (19.5)

IQR: Interquartile range. SD: Standard deviation. Proportion of missing data across presented variables: 0.0%. aWhen cell sizes
are too small, the Institut de la statistique du Québec restricts data release for confidentiality reasons.

profile of the study sample. Table 2 shows baseline MQS-
4.0 risk scores, the number of pain-related medications, and
polypharmacy classifications (2 or more, 5 or more and 10 or
more).

Trajectory Groups Obtained Using MQS-4.0
Risk Scores

When using the monthly MQS-4.0 scores to represent the
risk associated with pain-related medications over the two-year
follow-up period, GMM revealed that a linear four-group model
best fitted the data (Figure 2): (1) ‘low stable risk’ group
(n=2,988; 34.1% of the sample; the mean monthly risk score
varied from 0.3±1.5 to 0.5±1.9 in this group); (2) ‘moderate
stable risk’ group (n=4,469; 51.0% of the sample; the mean
monthly risk score varied from 8.6±6.8 to 9.1±6.9 in this
group); (3) ‘increasing to high risk’ group (n=654; 7.5% of
the sample; the mean monthly risk increased from 9.7±9.9 to
18.7±10.1); (4) ‘high risk decreasing’ group (n=649; 7.4% of
the sample; the mean monthly risk decreased from 18.3±10.8
to 10.8±11.0 over the two-year period).

As shown in Table 3, the trajectory classification based
on the MQS-4.0 risk scores allowed for the differentiation of
sociodemographic characteristics, pain characteristics, health
profiles, and healthcare utilisation. The participants of the
‘increasing to high risk’ group showed the highest proportion
of the following characteristics: no secondary school diploma,
residing in a remote region, number of different prescribers,
general practitioner visits, emergency department visits, and

episodes of hospitalisation. They also showed the highest
prevalence of benzodiazepines and opioids use, and this group
showed the highest prevalence of participants who died after
the trajectory modelling period.

Trajectory Groups Obtained Using Medication
Count

When using the monthly number of pain-related medications
over the two-year follow-up period, GMM revealed that a
five-group model best fitted the data (Figure 3): (1) ‘zero
pain-related medication’ group (n=1,307; 14.9%; the mean
number of pain-related medications used was 0.0±0.0); (2)
‘occasional use of at least one pain-related medication’ group
(n=1,831; 20.9%; the mean number varied from 0.1±0.4 to
0.2±0.5); (3) ‘low stable number of pain-related medications’
group (n=2,750; 31.4%; 0.9±0.7 to 1.0±0.7); (4) ‘moderate
stable number of pain-related medications’ group (n=2,137;
24.4%; 2.2 ± 1.0 to 2.4±1.0); (5) ‘high number of
pain-related medications’ group (n=735; 8.4%; 4.5±1.5 to
4.7±1.4).

As shown in Table 4, trajectory classification based
on the number of pain-related medications appeared less
effective in differentiating sociodemographic characteristics,
pain characteristics, health profiles, and healthcare utilisation.
In fact, there were no differences between the five groups for
most participant characteristics. Only the ‘zero pain-related
medication’ group showed differences compared to all other
trajectory groups.
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Figure 2: Trajectory Groups Obtained Using MQS-4.0 Risk Scores

Black curve: ‘low stable risk’ group; Red curve: ‘moderate stable risk’ group; Green curve: ‘increasing to high risk’ group; Blue
curve: ‘high risk decreasing’ group; Plain line: observed mean of risk associated with medication use. Dotted line: estimated mean
of risk associated with medication use by the GMM. GMM: Growth Mixture Modelling. CCHS: Canadian Community Health
Survey.

High Risk/High-Count Groups Identified by
the Two Approaches

We analysed the overlaps between high risk/high-count
individuals identified by the MQS-4.0 (’increasing to high
risk’ and ’high risk decreasing’ groups) and those identified
by medication count (’moderate stable’ and ’high number
of pain-related medications’ groups) using a Venn diagram
(Figure 4). While some overlap was observed, most trajectory
groups did not match, suggesting that a higher medication
count does not always indicate higher risk. Some individuals
with fewer medications were at high risk. For instance,
872 (432 + 440) participants were exclusively in the high
risk groups without being part of the higher medication
count groups. These participants primarily used aspirin,
pregabalin, oxycodone, clonazepam, and fentanyl. Conversely,
2,441 (1,813 +628) participants were exclusively in the
moderate or high medication count groups without being
in the high risk groups, with common medications including
acetaminophen, amitriptyline, celecoxib, corticosteroid cream,
and trazodone. Also, among individuals classified in high
risk/low-count trajectories, the mean monthly number of
medications ranged from 0.6 ± 0.7 to 0.7 ± 0.8, suggesting
that elevated medication-related risk may occur even with
relatively few medications. In contrast, among individuals
classified in low-risk/high-count trajectories, the mean

monthly number of medications ranged from 4.4 ± 1.4 to
4.7 ± 1.4.

Discussion

This study aimed to examine how a risk-based measure and
a count-based measure may differently classify medication
use trajectories in the real-world. We showed that both
the MQS-4.0 risk score and medication count effectively
created statistically robust (based on entropy and Bayesian
information criterion) and clinically interpretable trajectory
groups. However, MQS-4.0 was more discriminative in
identifying differences in sociodemographic, pain, health, and
healthcare characteristics. Our hypothesis was confirmed:
higher medication count does not always equate to higher
risk, and some individuals using fewer medications may be at
higher risk. These findings suggest that composite risk scores
may offer complementary value for subgroup analyses and
personalised approaches in chronic pain research, depending
on the intended research or clinical objective.

In our study, a higher number of pain-related medications
did not automatically reflect increased risk levels. This
supports the hypothesis underlying the justification for the
use of the MQS-4.0 for CP populations [22]. Furthermore,
this could be explained by the fact that certain medication
classes are riskier than others [22]. For example, in a context
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Table 3: Patient Characteristics According to Trajectory Group Membership Determined using MQS-4.0 Risk Scores

Population Low stable Moderate stable Increasing to High risk p-valuea

characteristics risk risk high risk decreasing
2,988 (34.1) 4,469 (51.0) 654 (7.5) 649 (7.4)

Sociodemographic profile
Age – n (%)d

< 65 years old 1,721 (57.6) 1,668 (37.3) 320 (48.9) 293 (45.2) <.0001
≥ 65 years old 1,267 (42.4) 2,801 (62.7) 334 (51.1) 356 (54.8)

Sex – n (%)
Female 1,774 (59.4) 3,021 (67.6) 443 (67.7) 446 (68.7) <.0001
Male 1,214 (40.6) 1,448 (32.4) 211 (32.3) 203 (31.3)

Education level – n (%)
No secondary school diploma 926 (31.5) 2,064 (46.7) 327 (50.8) 283 (44.2) <.0001
Secondary school diploma or more 2,012 (68.5) 2,355 (53.3) 317 (49.2) 357 (55.8)

Relationship status – n (%)
Not in a relationship 1,627 (54.5) 2,618 (58.6) 394 (60.2) 417 (64.3) <.0001
In a relationship 1,359 (45.5) 1,848 (41.4) 260 (39.8) 232 (35.7)

Annual household income (Can$) – n (%)
< 20,000 769 (25.7) 1,649 (39.9) 268 (41.0) 278 (42.8) <.0001
≥ 20,000 2,219 (74.3) 2,820 (60.1) 386 (59.0) 371 (57.2)

Living in a remote region
No 2,277 (76.2) 3,203 (71.7) 443 (67.7) 461 (71.0) <.0001
Yes 711 (23.8) 1,266 (28.3) 211 (32.3) 188 (29.0)

Pain symptoms
Pain intensity – n (%)
Mild 826 (27.9) 769 (17.4) 87 (13.4) 77 (12.0) <.0001
Moderate/Severe 2,137 (72.1) 3,646 (82.6) 562 (86.6) 567 (88.0)

Activities prevented by pain or discomfort – n (%)
A few 2,309 (77.7) 2,918 (65.6) 338 (52.2) 317 (49.1) <.0001
Some/Most 663 (22.31) 1,528 (34.4) 309 (47.8) 329 (50.9)

General and mental health
Self-perceived general health – n (%)
Good/Very good/ Excellent 2,266 (76.0) 2,438 (54.6) 279 (42.8) 271 (41.8) <.0001
Fair/Poor 717 (24.0) 2,024 (45.4) 373 (57.2) 377 (58.2)
Self-perceived mental health – n (%)
Good/Very good/ Excellent 2,689 (92.8) 3,788 (88.4) 527 (83.5) 506 (81.5) <.0001
Fair/Poor 209 (7.2) 495 (11.6) 104 (16.5) 115 (18.5)

Healthcare and medication profile
Continuity of careb – mean ± SD 83.4±22.3 85.5±19.8 84.5±19.7 84.1±19.7 0.0214
Number of different prescribersb – mean ± SD 2.8±2.5 4.6±3.4 6.2±4.3 6.0±4.1 <.0001
Number of GP visitsb – mean ± SD 4.5±4.8 7.6±6.1 9.8±8.1 9.1±7.7 <.0001
Number of specialist visitsb – mean ± SD 5.3±8.7 9.1±13.2 12.4±16.9 11.4±11.4 <.0001
Number of ED visitsb – mean ± SD 0.9±1.7 1.5±2.5 2.8±3.8 2.2±3.4 <.0001
Number of episodes of hospitalisationb – mean ± SD 0.3±0.7 0.6±1.1 1.1±1.4 1.0±1.5 <.0001
Polypharmacy (use of ≥2 medications for the same condition)c – n (%)
No 2,876 (96.3) 2,165 (48.4) 288 (44.0) 156 (24.0) <.0001
Yes 112 (3.7) 2,304 (51.6) 366 (56.0) 493 (76.0)
Excessive polypharmacy (use of ≥ 10 all-cause medications)c – n (%)
No 2,869 (96.0) 3,048 (68.2) 406 (62.1) 285 (43.9) <.0001
Yes 119 (4.0) 1,421 (31.8) 248 (37.9) 364 (56.1)
Use of benzodiazepinesb – n (%)
No 2,779 (93.0) 2,537 (56.8) 245 (37.5) 259 (39.9) <.0001
Yes 209 (7.0) 1,932 (43.2) 409 (62.5) 390 (60.1)
Use of opioidsb– n (%)
No 2,684 (89.8) 3,374 (75.5) 325 (49.7) 366 (56.4) <.0001
Yes 304 (10.2) 1,095 (24.5) 329 (50.3) 283 (43.6)

Mortality
All-cause mortality – n (%)
No 2,900 (97.1) 4,129 (92.4) 588 (89.9) 597 (92.0) <.0001
Yes 88 (2.9) 340 (7.6) 66 (10.1) 52 (8.0)

aChi-square tests or Kruskal-Wallis tests with Tukey style multiple comparisons of proportions or Dwass-Steel-Critchlow-
Fligner tests for post-hoc pairwise analyses. bMeasured in the two years after survey completion. cMeasured in the year
before survey completion. Proportion of missing data across presented variable ranges between 0.0% and 3.7%. P-values
< 0.05 are highlighted in bold. dAge was dichotomised at 65 years, as most polypharmacy studies focus on older adults
[85, 86].
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Figure 3: Trajectories of pain-related medication use in the whole study sample

Black curve: ‘zero pain-related medication’ group; Turquoise curve: ‘occasional use of at least one pain-related medication’ group;
Red curve: ‘low stable number of pain-related medications’ group; Green curve: ‘moderate stable number of pain-related medications’
group; Blue curve: ‘high number of pain-related medications’ group; Plain line: observed mean number of pain-related medications
used; Dotted line: estimated mean number of pain-related medications used by the GMM. GMM: Growth Mixture Modelling.
CCHS: Canadian Community Health Survey.

where opioid prescriptions are highly debated for CP [87, 88],
rational polypharmacy potentially offers an alternative strategy
by integrating non-opioid medications (meaning sometimes a
higher number of lower risk medications). This dissociation

underscores the limitation of relying solely on medication
count as a proxy for the risk associated with medication use;
medication count alone may lead to the under-identification
of individuals vulnerable to adverse effects. A parallel can

Table 4: Patient Characteristics According to their Trajectory Group Membership Determined Using the Number of Pain-Related
Medications

Population Zero pain- Occasional Low stable Moderate stable High number p-valuea

characteristics related use of pain-related number of pain-related number of pain-related of pain-related
medications medications medications medications medications
1,307 (14.9) 1,831 (20.9) 2,750 (31.4) 2,137 (24.4) 735 (8.4)

Sociodemographic profile
Age – n (%)
< 65 years old 575 (44.0) 847 (46.3) 1,240 (45.1) 992 (46.4) 348 (47.4) 0.7009
≥ 65 years old 732 (56.0) 984 (53.7) 1,510 (54.9) 1,145 (53.6) 387 (52.6)

Sex – n (%)
Female 820 (62.7) 1,227 (67.0) 1,780 (64.7) 1,391 (65.1) 466 (63.4) 0.1328
Male 487 (37.3) 604 (33.0) 970 (35.3) 746 (34.9) 269 (36.6)

Education level – n (%)
No secondary school diploma 487 (38.1) 773 (42.8) 1,154 (42.5) 890 (42.1) 296 (40.7) 0.0006
Secondary school diploma or
more

792 (61.9) 1,034 (57.2) 1,561 (57.5) 1,223 (57.9) 431 (59.3)

Relationship status – n (%)
Not in a relationship 749 (57.3) 1,070 (58.5) 1,558 (56.7) 1,248 (58.4) 431 (58.9) 0.6360
In a relationship 558 (42.7) 760 (41.5) 1,191 (43.3) 889 (41.6) 301 (41.1)

Annual household income (Can$) – n (%)
< 20,000 377 (28.8) 657 (35.9) 945 (34.4) 735 (34.4) 250 (34.0) <.0001
≥ 20,000 930 (71.2) 1,174 (64.1) 1,805 (65.6) 1,402 (65.6) 485 (66.0)

Continued
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Table 4: Continued

Population Zero pain- Occasional Low stable Moderate stable High number p-valuea

characteristics related use of pain-related number of pain-related number of pain-related of pain-related
medications medications medications medications medications

Living in a remote region
No 960 (73.5) 1,327 (72.5) 2,019 (73.4) 1,546 (72.3) 532 (72.4) 0.0116
Yes 347 (26.5) 504 (27.5) 731 (26.6) 591 (27.7) 203 (27.6)

Pain symptoms
Pain intensity – n (%)
Mild 254 (19.6) 372 (20.6) 542 (19.9) 438 (20.7) 153 (21.1) 0.8819
Moderate/Severe 1,042 (80.4) 1,438 (79.4) 2,180 (80.1) 1,678 (79.3) 574 (78.9)

Activities prevented by pain or discomfort – n (%)
A few 913 (70.2) 1,215 (66.8) 1,845 (67.5) 1,418 (66.8) 491 (66.9) 0.2566
Some/Most 388 (29.8) 604 (33.2) 888 (32.5) 706 (33.2) 243 (33.1)

General and mental health
Self-perceived general health – n (%)
Good/Very good/ Excellent 808 (61.9) 1,071 (58.6) 1,625 (59.2) 1,307 (61.2) 443 (60.4) 0.2539
Fair/Poor 498 (38.1) 756 (41.4) 1,118 (40.8) 828 (38.8) 291 (39.6)

Self-perceived mental health – n (%)
Good/Very good/ Excellent 1,103 (88.7) 1,581 (89.1) 2,343 (88.7) 1,833 (89.1) 650 (90.8) 0.5962
Fair/Poor 141 (11.3) 193 (10.9) 299 (11.3) 224 (10.9) 66 (9.2)

Healthcare and medication profile
Continuity of careb – mean ± SD 84.0±20.5 83.9±21.0 85.2±20.4 84.7±20.7 85.6±20.6 0.0470
Number of different prescribersb

– mean ± SD
4.43±3.7 4.3±3.6 4.2±3.4 4.2±3.4 4.1±3.3 0.5699

Number of GP visitsb – mean ±
SD

6.4±5.8 7.2±6.2 7.0±6.7 6.6±5.9 6.9±6.4 0.0029

Number of specialist visitsb –
mean ± SD

8.5±10.6 8.3±12.0 8.1±11.2 8.3±15.2 8.1±9.6 0.8195

Number of ED visitsb – mean ±
SD

1.3±2.3 1.5±2.6 1.6±2.8 1.4±2.4 1.4±2.5 0.0396

Number of episodes of
hospitalisationb – mean ± SD

0.5±1.0 0.6±1.1 0.6±1.1 0.6±1.1 0.6±1.1 0.2478

Polypharmacy (use of ≥2 medications for the same condition)c – n (%)
No 1,307 (100.0) 1,023 (55.9) 1,557 (56.6) 1,188 (55.6) 410 (55.8) <.0001
Yes 0 (0.0) 808 (44.1) 1,193 (43.4) 949 (44.4) 325 (44.2)

Excessive polypharmacy (use of ≥ 10 all-cause medications)c– n (%)
No 980 (75.0) 1,362 (74.4) 2,075 (75.5) 1,644 (76.9) 547 (74.4) 0.3771
Yes 327 (25.0) 469 (25.6) 675 (24.5) 493 (23.1) 188 (25.6)

Use of benzodiazepinesb – n (%)
No 1,307 (100.0) 1,081 (59.0) 1,670 (60.7) 1,306 (61.1) 456 (62.0) <.0001
Yes 0 (0.0) 750 (41.0) 1,080 (39.3) 831 (38.9) 279 (38.0)

Use of opioidsc – n (%)
No 1,307 (100.0) 1,353 (73.9) 1,998 (72.7) 1,551 (72.6) 540 (73.5) <.0001
Yes 0 (0.0) 478 (26.1) 752 (27.3) 586 (27.4) 195 (26.5)

Mortality
All-cause mortality – n (%)
No 1,286 (98.4) 1,708 (93.3) 2,551 (92.8) 1,981 (92.7) 688 (93.6) <.0001
Yes 21 (1.6) 123 (6.7) 199 (7.2) 156 (7.3) 47 (6.4)

aChi-square tests or Kruskal-Wallis tests with Tukey style multiple comparisons of proportions or Dwass-Steel-Critchlow-Fligner
tests for post-hoc pairwise analyses. bMeasured in the two years after survey completion. cMeasured in the year before survey
completion. Proportion of missing data across presented variable ranges between 0% and 3.7%. P-values < 0.05 are highlighted in
bold.

be drawn here with studies outside the field of pain which
have demonstrated the value of composite medication scores
[89, 90]. However, although the MQS-4.0 has demonstrated
validity across multiple versions and its various iterations have
been widely used in CP research, its weighting system is based
on healthcare professionals’ perceptions of medication-related

risk rather than solely on pharmacological potency, which
may result in similar detriment weights for medications with
different clinical risk profiles. In addition, the MQS-4.0 does
not explicitly account for dose quantity beyond medication
subclasses. The limited overlap between medication count and
medication-related risk classifications may suggest that these
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Figure 4: Overlap between the high risk/high-count individuals identified through the MQS-4.0 risk score trajectory analysis versus
the trajectory analysis based on the number of pain-related medications

approaches capture distinct but complementary dimensions
of medication use patterns, although we cannot exclude the
possibility that some of the observed discordance may reflect
methodological artefacts.

In terms of health inequalities, the trajectory groups
obtained through MQS-4.0 risk score analysis are more
discriminative than those obtained using pain-related
medication count trajectory analysis. While differences in
modelling approaches may contribute to some variation in
the identified trajectories, the extent to which the observed
differences are attributable to the underlying constructs,
their distributions, or the modelling approaches themselves
remains uncertain and distributions of the underlying
measures. Nevertheless, MQS-4.0 risk score trajectory groups
showed clearer differences in sociodemographic profiles,

pain characteristics, general and mental health, healthcare
utilisation, and even all-cause mortality. To our knowledge,
no other study has compared, in this way, a medication risk
score to the number of medications used.

Our study reinforces existing evidence supporting the value
of risk-based approaches over count-based approaches in the
study of medication use for CP. Our results support the
use of such a tool to identify high risk subgroups, even
among individuals with fewer medications, to achieve greater
granularity in understanding medication-related risks. This is
especially critical in CP research, where polypharmacy [8]
and high risk medications like benzodiazepines and opioids
are prevalent [91]. Allowing risk trajectory differentiation,
the MQS-4.0 enables relevant exploration of medication use
patterns that can present a hazard and their impact on patient
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outcomes. Furthermore, the observed differences in risk profiles
highlight opportunities for researchers to investigate tailored
interventions that could improve safety among individuals
living with CP.

Strengths and Limitations

This study used data from the TorSaDE Cohort, a
unique probability-based longitudinal database with very few
missing data. Its large, diverse community sample enhances
external validity compared to pain research focused on
tertiary care settings. The survey data also provides key
covariates for integrating health administrative databases,
the most valid way to study healthcare use and medication
prescribing [92, 93]. However, limitations of our study
include the definition of CP used in this study that differs
from the traditional definitions. While some studies have
shown this definition yields comparable results in terms
of prevalence estimates [33, 35, 36, 46], the possibility
of misclassification cannot be excluded. Moreover, the
drug insurance claims data used in this study captures
only community-acquired prescriptions, excluding over-the-
counter and hospital medications. Additionally, Québec’s drug
insurance data primarily covers lower socioeconomic groups;
this affects the generalizability of the study [94]. Regarding
groups profiles, the comparisons across trajectory groups
were bivariate and aimed at evaluating the extent to which
trajectory classifications derived from each approach captured
sociodemographic and clinical differences between individuals.
These analyses were not designed to identify independent
factors associated with trajectory membership, and therefore
no multivariable adjustment was performed. Future studies
could build on these findings by using multivariable approaches
to further examine factors independently associated with
trajectory membership and to better understand modifiable
factors underlying different medication risk profiles.

Conclusion

While both the MQS-4.0 risk scores and the medication
count approaches generated statistically robust and clinically
interpretable trajectory groups, the MQS-4.0 risk score
captured more meaningful distinctions in terms of
sociodemographic and clinical variables. Our study also
highlighted that higher medication use does not necessarily
indicate greater risk, as individuals with fewer medications can
still present significant risk. Our findings highlight the potential
value of combining composite risk scores and medication count
measures when studying medication use among individuals
living with chronic pain, as these approaches appear to
capture different aspects of medication-related burden and
may provide complementary value for subgroup analyses and
personalised approaches in chronic pain research, depending
on the intended research or clinical purpose.
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BIC: Bayesian Information Criterion
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SAS: Statistical Analysis System
SD: Standard Deviation

18



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

19



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

20



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

21



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

22



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

23



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

24



Nguena Nguefack HL et al. International Journal of Population Data Science (2026) 11:1:50

Supplementary Appendix 2 - Growth Mixture Modelling

Model fit indices tables

Table legend:
1 1 = linear (straight line); 2 = linear + quadratic (u-shaped curve/parabola) components; 3
= linear + quadratic + cubic components 2 BIC: Bayesian information criterion NA: not applicable
∗ One or more groups in the model had less than 5% of participants
∗∗ Entropy < 0.8
∗∗∗ Lowest proportion of individuals per group with posterior probability group ≥0.8 Bold text: Model which best fits the data
and respected all criteria (lowest BIC absolute value among trajectory groups that respected the 5% criteria as well as entropy ≥
0.8 and highest proportion of individuals per group with posterior probability group ≥0.8)

Model fit indices for MQS-4.0 risk score trajectories in the whole study sample

Number of trajectories Trajectory shape 1 Entropy BIC 2 (n=8,760)

1 1 NA 1171065.0
1 2 NA 1158975.0
1 3 NA 1158981.0
2 1 0.9416529 1162049.0
2** 2 0.6905794 1151421.0
2** 3 0.6905768 1151436.0
3 1 0.9316713 1156299.0
3** 2 0.7687867 1148024.0
3** 3 0.7687912 1148049.0
4 1 0.8583271 1150711.0
4*** 2 0.8266736 1143696.0
4*** 3 0.8552526 1143785.0
5** 1 0.7892655 1149201.0
5* 2 0.7926603 1141657.0
5* 3 0.8470322 1142057.0
6* 1 0.8019192 1147982.0
6* 2 0.7529791 1141961.0
6* 3 0.7914570 1141514.0

Model fit indices for trajectories of the number of analgesics and co-prescribed medications in the whole study sample

Number of trajectories Trajectory shape 1 Entropy BIC 2 (n=8,760)

1 1 NA 19946502.1
1 2 NA 19946502.1
1 3 NA 19946502.1
2 1 0.9568665 615718.8
2 2 0.9568659 615731.0
2 3 0.9668690 615742.6
3 1 0.9861390 489198.1
3 2 0.9861651 489206.9
3 3 0.9861782 489228.7
4 1 0.9694729 457213.2
4 2 0.9694953 457172.0
4 3 0.9694593 457206.6
5 1 0.9532880 444880.0
5 2 0.9535563 444799.4
5 3 0.9534806 444846.1
6* 1 0.9402202 441117.6
6* 2 0.9403927 441041.7
6* 3 0.9534806 441100.5
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