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Aim & methods: We compared propensity score matching (PSM) and coarsened exact matching (CEM)
in balancing baseline characteristics between treatment groups using observational data obtained from
a pan-Canadian prostate cancer radiotherapy database. Changes in effect estimates were evaluated as a
function of improvements in balance, using results from randomized clinical trials to guide interpretation.
Results: CEM and PSM improved balance between groups in both comparisons, while retaining the
majority of original data. Improvements in balance were associated with effect estimates closer to those
obtained in randomized clinical trials. Conclusion: CEM and PSM led to substantial improvements in
balance between comparison groups, while retaining a considerable proportion of original data. This
could lead to improved accuracy in effect estimates obtained using observational data in a variety of
clinical situations.

First draft submitted: 16 March 2021; Accepted for publication: 10 May 2021; Published online:
1 June 2021

Keywords: balance • coarsened exact matching • comparative effectiveness research • observational data
• propensity score matching

Comparative effectiveness research aims to generate evidence on the relative effectiveness and safety of different
treatment approaches. Since the implementation of electronic patient health records, the proliferation of medical
record and administrative claims databases has led to observational research occupying a large proportion of
comparative effectiveness research [1]. However, since treatment in this context is not random but influenced by
factors that also influence outcomes of interest, confounding must be accounted for when estimating treatment
effects. This is usually done through regression modeling, wherein variation in the outcome is modeled as a function
of variation in treatment and confounders [2]. Statistical software then estimates treatment effects, while accounting
for confounders through algorithms such as maximum likelihood estimation [3]. However, the outcome could vary as
a function of the confounders in a manner that does not tightly adhere to or is difficult to identify with functional
forms or simple two-way interactions commonly used in health research [3]. Inability to accurately quantify
outcome variation attributable to confounding through appropriate modeling leads to residual confounding and
biased effect-estimates [4].

Issues of residual confounding are further exacerbated with decreasing balance in the distribution of baseline
covariates between treatment groups, as accurate estimation of regression coefficients becomes more reliant on model
specification [5]. Data preprocessing techniques can increase the overlap and balance in the distribution of baseline
covariates between treatment groups [6,7]. Propensity score matching (PSM) is an example of such a technique that
has become increasingly popular in recent years [8]. The propensity score is defined as the probability of receiving
treatment according to baseline covariates [9]. Matching on the propensity score can balance baseline covariates
between treatment groups [10]. Coarsened exact matching (CEM) is another data preprocessing technique [11],
wherein continuous and ordinal characteristics are categorized and values of categorical variables are collapsed
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(i.e., coarsened). Afterward, observations between groups with the same values of coarsened variables are retained
for comparison.

Previous studies have compared the utility of PSM and CEM [12,13]. However, previous studies examined high-
dimensional datasets and often relied upon quantile-based rules for coarsening continuous variables [13,14]. In
contrast, the number of variables that consistently influence treatment variation for prostate cancer (PCa and many
other clinical decisions) is relatively small; furthermore, there is often a priori information enabling creation of
strata that are more prognostically meaningful and thus more efficient in matching (i.e., greater data retention for
the same or better improvements in balance) than strata formed from quantile-based rules.

The objective of this study was to compare the performance of CEM and PSM in the context of observational
datasets, using two examples from PCa research.

Methodology
Database
Data were abstracted from the Prostate Cancer Risk Stratification database (ProCaRS) [15]. This database contains
information on 7974 patients diagnosed with PCa and treated with different forms of primary radiotherapy between
1994 and 2010 from four Canadian institutions in Toronto, Quebec City, Montreal and Vancouver [16]. Details
regarding ethics approval, database construction and quality assurance have been previously described [15].

Comparison one

The first comparison was informed by a randomized clinical trial (RCT) that compared the rate of biochemical
failure among men diagnosed with intermediate-risk PCa and treated with either internal seed radiotherapy and
hormone therapy (ISRT + HT) or external beam radiotherapy in addition to HT (EBRT + HT) [17]. Patients
were included from the ProCaRS dataset if they met the PCa-specific eligibility criteria specified by Morris et al.,
with two modifications. This involved a range for HT duration (4–16 vs 12 months specifically) and EBRT dose of
≥74 Gy or ISRT dose of ≥144 Gy instead of the specific dose-escalation protocols as investigated by Morris et al.
The final sizes of the ISRT and EBRT + HT groups were 433 and 132, respectively (Supplementary Figure 1A).

Comparison two

The second comparison was informed by a RCT that compared rate of biochemical failure among men diagnosed
with localized PCa and treated with EBRT alone (EBRT) or in combination with HT (EBRT + HT) [18]. The
analysis was restricted to intermediate-risk PCa due to observed effect modification by risk category. Patients were
included from the ProCaRS dataset if they met the PCa-specific eligibility criteria specified by Jones et al., with
two modifications: a total EBRT dose of ≥66 Gy instead of the 66.6 Gy, and HT duration of 3–6 months of HT
compared with the 4-month duration implemented by Jones et al. The final sample size included 126 and 579 men
in the EBRT + HT and EBRT groups, respectively (Supplementary Figure 1B).

Covariate selection
We included baseline covariates with prognostic value in relation to the rate of biochemical failure [19]. This included
baseline PSA, clinical stage, Gleason sum, EBRT dose (if applicable) and treatment year. Gleason sum was divided
into three groups: 6 (3 + 3), 7 (3 + 4) and 7 (4 + 3), while clinical tumor stage (T-stage) was divided into
clinically inapparent and unilateral disease versus bilateral disease not extending outside the prostate [20]. Age was
not included as a covariate, as it did not demonstrate an association with biochemical failure in either comparison
(adjusted for treatment received: hazard ratio (HR), [95% CI]: 0.98 [0.93, 1.03]; p = 0.50 and HR [95% CI]:
1.00 [0.98, 1.02]; p = 0.99 for datasets used in comparison one and two, respectively). Moreover, age was strongly
associated with treatment choice, which would bias effect estimates if it was adjusted for [21].

Propensity score matching
A logistic model was used to estimate the propensity score using the above covariates and treatment received as
a binary-dependent variable [21]. Locally weighted scatterplot smoothers were used to assess for departures from
linearity. Improvements in the model fit were assessed using the likelihood ratio test and pseudo-R2. We checked
for interactions and nonlinearity in baseline covariates [9,22]. Baseline PSA was modeled as a restricted cubic spline
with four knots, treatment year was treated as a discrete variable with 2-year categories and an interaction term
between baseline PSA and Gleason sum was added. DFBETA statistics revealed one outlier, wherein a subject
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received EBRT + HT instead of ISRT + HT despite a very low PSA, clinical T-stage and Gleason sum. This
patient was retained, as they did not have any contraindications to EBRT. Ratios of 1:3 and 1:4 were used for
comparison one and two, respectively, given the ratio of index to reference observations available. Caliper widths
included a range of 0.5–0.005 standard deviations of the logit of the propensity score (Supplementary Table 1A &
B). Nearest-neighbor matching was used without replacement [23].

Coarsened exact matching
Baseline covariates were coarsened according to prognostic value [20]. Gleason sum and clinical T-stage were matched
on directly. PSA was divided starting with ranges >0, 0–4, 4–10 and 10–20 ng/ml, and progressively divided finer
within those ranges [20]. The range for treatment year was divided into halves, then thirds. EBRT dose was split into
low (≥66 and <73 Gy) and high (≥73 to <79.8 Gy) dosage. Coarsening ranges are presented in Supplementary
Table 2A & B.

Balance diagnostics
We chose four balance diagnostics that measure different characteristics of the multivariable distribution of baseline
covariates to measure improvements in balance when further restricting matching strategies. The standardized mean
difference (SMD) in proportion of patients having high-intermediate versus low-intermediate risk PCa as defined
by the ProCaRS system was used as a prognostic score-based balance measure [19,24]. The ProCaRS risk groups
capture imbalance in combinations of specific values for baseline covariates to the extent that each is associated with
variation in the rate of biochemical failure. Since this balance measure is limited in capturing subtle differences in
individual variables, we also examined the absolute SMD for individual variables, the average absolute SMD for
baseline covariates and the variance ratio of individual variables [24–26].

Statistical analysis
Statistical analyses were performed using RStudio version 3.6.0 [27]. Descriptive statistics were calculated for
baseline covariates involved in matching. The MatchIt package in R was used to match participants [28]. Cox
proportional-hazards regression analyses for estimating the effect of treatment group on the hazard of biochemical
failure were performed using the survival package [29]. Log-minus-log survival plots and scaled Schoenfeld residuals
were examined for violations of proportional hazards, which, when present, were handled by modeling variables as
a function of time. Model log-likelihoods were examined for improvements in fit after incorporating higher-order
terms and transformations for continuous covariates. No influential observations were identified through DBETA
statistics. HRs and 95% CIs were estimated from unmatched data before and after adjustment for treatment year,
EBRT dose (if applicable), the natural logarithm of PSA and categorized values of clinical T-stage and Gleason sum.
For matched data, we employed Cox models clustered by the matched sets with associated weights, using robust
variance estimators to generate confidence intervals [29,30]. After CEM, continuous covariates were included in the
model to control for possible residual confounding. After PSM strategies, all covariates were included in the Cox
model.

Results
Comparison one
Descriptive statistics for the unmatched treatment groups are reported in Table 1A. Briefly, men treated with
ISRT + HT compared with EBRT + HT were, on average, younger, treated at earlier dates, had less advanced
tumor characteristics and received HT for a similar duration.

Figures 1A and 2A depict the selection processes for PSM and CEM, respectively, with the red data points
representing the matching strategies that led to optimal balance to sample size trade-off. Sixty-three and 66% of the
source population were retained through PSM and CEM, respectively. The associated average absolute SMDs for
individual variables were 0.025 and 0.0073, while the risk-group SMDs were 0.046 and 0, respectively (Figure 3A).
Both matching strategies balanced all individual covariates according to the commonly accepted threshold of <0.1,
while only CEM led to balance in the variance ratios in the acceptable range of 0.92–1.08 [22].

Changes in baseline characteristics for treatment groups due to stricter matching are presented in Supplementary
Figures 2A & 3A. Briefly, as matching became stricter, the ISRT + HT group characteristics tended toward those
of the EBRT + HT until a certain point, wherein characteristics in both groups tended toward those of the
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Table 1. Descriptive statistics for patient and treatment characteristics.
(A) Descriptive statistics for comparison one

Patient and treatment
characteristics

ISRT + HT (n = 433) EBRT + HT (n = 132) SMD Variance ratio

Age

– Median 68 72 0.7644 0.55

– Q1, Q3 63, 72 69, 75

Clinical T-stage

– T1a–2a 373 86.14% 122 92.42% 0.2041

– T2b–c 60 13.86% 10 7.58%

PSA (ng/ml)

– Median 7.60 9.02 0.3468 0.92

– Q1, Q3 5.70, 10.50 5.88, 12.60

Gleason sum

– 6 (3 + 3) 126 29.10% 23 17.42% 0.2790

– 7 (3 + 4) 249 57.51% 64 48.48% 0.1815

– 7 (4 + 3) 58 13.39% 45 34.09% 0.5014

Treatment year

– Median 2002 2003 0.3029 0.67

– Q1, Q3 2001, 2004 2002, 2004

HT duration (months)

– Median 5.98 5.45 0.1285 2.84

– Q1, Q3 5.55, 6.81 4.82, 8.46

ProCaRS risk groups

– Low intermediate 404 93.30% 99 75% 0.5177

– High intermediate 29 6.70% 33 25%

(B) Descriptive statistics for comparison two

EBRT + HT (n = 126) EBRT (n = 579) SMD Variance ratio

Age

– Median 72 72 0.046 1.16

– Q1, Q3 68.25, 75 69, 75

Clinical T-stage

– T1a–2a 109 86.51% 453 78.24% 0.22

– T2b–c 17 13.49% 126 21.76% 0.22

PSA (ng/ml)

– Median 8.75 9.20 0.0061 1.26

– Q1, Q3 5.71, 12.46 6.00, 12.70

Gleason sum

– 6 (3 + 3) 23 18.25% 224 38.69% 0.4649

– 7 (3 + 4) 67 53.18% 260 44.91% 0.1660

– 7 (4 + 3) 36 28.57% 95 16.41% 0.2945

EBRT dose (Gy)

– Median 7560 7000 0.5899 1.46

– Q1, Q3 7400, 7980 6600, 7980

Treatment year

– Median 2001 2000 0.3237 1.49

– Q1, Q3 2000, 2004 1997, 2003

ProCaRS risk groups

– Low intermediate 88 69.84% 424 73.23% 0.0751

– High intermediate 38 30.16% 155 26.77% 0.0751

Clinical T-stage: Clinical tumor-stage; EBRT: External beam radiotherapy; HT: Hormone therapy; ISRT: Internal seed radiotherapy; ProCaRS: Prostate cancer risk stratification; SMD: Stan-
dardized mean difference.
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Figure 1. Balance achieved with each propensity score matching strategy by percent of the original population
retained for comparison (A) one and (B) two. The red dot indicates the chosen matching strategy.
*Variance ratio values for EBRT Dose and ln(PSA) in the selected matching strategy in comparison two overlap (both
have a value of 1.01) so are not discernible.
SMD: Standardized mean difference.
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Figure 2. Balance achieved with each coarsened exact matched strategy by percent of the original population
retained for comparison (A) one and (B) two. The red dot indicates the chosen matching strategy.
*Variance ratio values for EBRT Dose and RT Start Year in the selected matching strategy in comparison two overlap
(both have a value of 1.08) so are not discernible
EBRT: External beam radiotherapy; PSM: Propensity score matched; SMD: Standardized mean difference.
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CEM: Coarsened exact matched; PSM: Propensity score matched; SMD: Standardized mean difference; UNM:
Unmatched.
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ISRT + HT group. In the matching strategy chosen, values for characteristics in both groups fell between values
in both groups before matching (Tables 2A & 2B).

The effect estimates are presented in Table 3A. Compared with the benchmark RCT HR (95% CI) of 2.04
(1.25, 3.33), the unadjusted HR (95% CI) from our data was 6.55 (3.82, 11.26), which attenuated to 4.48 (2.44,
8.22) with adjustment. The unadjusted and multivariable adjusted estimates after PSM were 4.06 (1.98, 8.11) and
3.84 (1.91, 8.71), respectively, while those after CEM were 4.04 (1.88, 8.66) and 3.84 (1.77, 8.34), respectively.
Other candidate matching strategies for both PSM and CEM that resulted in similar balance led to similar results
(Table 3A).

Comparison two
Descriptive statistics for unmatched treatment groups in analysis two are reported in Table 1B. Treatment groups
were similar (SMD <0.1) with respect to age, PSA and proportion of low- versus high-intermediate risk-group
status. The EBRT + HT compared with the EBRT group had a slightly greater proportion of clinically inapparent
and unliteral disease, Gleason sum 7 (3 + 4) and 7 (4 + 3), received higher radiotherapy doses and were treated
later in calendar time.

Figures 1B & 2B show the selection processes for PSM and CEM, respectively, with the red data points
representing matching strategies that led to optimal balance to sample size trade-off. Sixty-eight and 70% of the
source population were retained through PSM and CEM, respectively. The associated mean SMDs were 0.034
and 0.015, while the risk-group SMDs were 0.022 and 0.024, respectively (Figure 3A). Both strategies maintained
SMD for all individual covariates under <0.1, and variance ratios for continuous covariates within the acceptable
range of 0.92–1.08 [22].

Changes in baseline characteristics for treatment groups due to stricter matching are presented in Supplementary
Figures 2B & 3B. As matching became stricter, the EBRT group characteristics tended toward those of the
EBRT + HT group until a certain point, wherein characteristics in both groups tended toward those of the EBRT
group. In the matching strategy chosen, values for characteristics in both groups fell between values in both groups
before matching (Table 2B).

The effect estimates are presented in Table 3B. Compared with the benchmark RCT HR (95% CI) of 1.79 (1.45,
2.21) the unadjusted effect estimate was 1.40 (0.99, 1.98), which increased to 1.52 (1.06, 2.16) after adjustment.
The unadjusted and adjusted effect estimates after PSM were 1.39 (0.97, 1.99) and 1.44 (1.00, 2.05), respectively,
and after CEM were 1.53 (0.95, 2.46) and 1.55 (0.98, 2.45), respectively. Other candidate matching strategies for
both PSM and CEM that demonstrated similar balance led to similar results (Table 3B).

Discussion
We sought to compare the performance of two popular data preprocessing techniques in the context of observational
data, using examples from PCa research. Balance in the distributions of individual variables, as measured by SMD,
was improved with both PSM and CEM. CEM generally led to smaller SMDs for individual covariates and overall
average SMD when compared with PSM with similar levels of data retention. Furthermore, the risk-group SMD
was improved through both PSM and CEM, but to a greater extent after CEM. Likewise, the variance ratio for
continuous covariates was closer to one after both matching strategies but more so after CEM for baseline PSA and
treatment start date; however, PSM led to a variance ratio closer to one for EBRT dose. These findings are consistent
with other studies, wherein large improvements in balance were observed after CEM (compared with PSM) using
balance diagnostics based on the comparison of multivariable distributions between treatment groups [12,13].

We found that both CEM and PSM led to matched samples with average values of characteristics falling in a
range of observed values of characteristics in each treatment group. This is expected since it represents areas of
common support. It is also favorable since results are more ‘generalizable’ to patient groups with characteristics that
are amenable for either treatment under comparison. Furthermore, the precision of effect estimates did not differ
notably between PSM and CEM. In contrast, Fullerton et al. found that CEM led to matched samples that differed
greatly from the original population and either treatment group in their baseline characteristics as well as greater
precision for PSM [12]. This seeming discrepancy is likely explained by the difference in the number of baseline
covariates between datasets used for matching. This explanation is supported by findings from Ripollone et al., who
reported that smaller covariate sets of eight covariates used in CEM retained a substantially greater proportion of
the original population and improved precision compared with larger covariate sets with up to 119 covariates [13].
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Table 2. Descriptive statistics for patient and treatment characteristics after matching
(A) Descriptive statistics for PSM strategy 10 and CEM strategy 8 in comparison one

Patient and treatment
characteristics

PSM strategy 10 CEM strategy 8

ISRT + HT (n = 248) EBRT + HT (n = 109) ISRT + HT (n = 276) EBRT + HT (n = 96)

Age (years)

– Median 69 72 69.5 72

– Q1, Q3 64, 72 69, 75 64, 72.25 69, 75

Clinical T-stage

– T1a–c 231 93.12% 102 93.58% 264 95.83% 92 95.83%

– T2b–c 17 6.88% 7 6.42% 12 4.17% 4 4.17%

PSA (ng/ml)

– Median 7.60 8.06 7.95 8.47

– Q1, Q3 5.65, 10.60 5.63, 10.70 6.08, 11.00 5.72, 11.78

Gleason sum

– 6 (3 + 3) 52 21.10% 23 21.10% 63 22.92% 22 22.92%

– 7 (3 + 4) 119 47.86% 52 47.71% 152 55.21% 53 55.21%

– 7 (4 + 3) 77 31.04% 34 31.19% 60 21.88% 21 21.88%

Treatment year

– Median 2003 2003 2003.5 2003.5

– Q1, Q3 2002, 2004 2002, 2004 2002, 2005 2002, 2005

HT duration (months)

– Median 5.98 5.49 5.95 5.67

– Q1, Q3 5.55, 6.78 4.80, 8.08 5.48, 6.83 4.93, 8.51

ProCaRS risk groups

– Low intermediate 26 10.55% 13 11.93% 236 85.42% 92.89 85.42%

– High intermediate 222 89.45% 96 88.07% 40 14.58% 3.11 14.58%

(B) Descriptive statistics for PSM strategy 4 and CEM strategy 7 in comparison two

PSM strategy 6 CEM strategy 7

EBRT + HT (n = 126) EBRT (n = 347) EBRT + HT (n = 118) EBRT (n = 377)

Age (years)

– Median 72 72 72 72

– Q1, Q3 68.25, 75 68, 75 69, 75 66, 74

Clinical T-stage

– T1a–c 109 86.51% 298 85.91% 105 88.98% 335 88.98%

– T2b–c 17 13.49% 49 14.09% 13 11.02% 42 11.02%

PSA (ng/ml)

– Median 8.75 8.47 8.81 8.50

– Q1, Q3 5.71, 12.46 5.87, 12.05 5.75, 12.15 6.10, 12.30

Gleason sum

– 6 (3 + 3) 23 18.25% 68 19.64% 22 18.64% 70 18.64%

– 7 (3 + 4) 67 53.18% 179 51.46% 66 55.93% 211 55.93%

– 7 (4 + 3) 36 28.57% 100 28.90% 30 25.42% 96 25.42%

Treatment year

– Median 2001 2001 2001 2001

– Q1, Q3 2000, 2004 2000, 2004 2000, 2004 2000, 2004

EBRT dose (Gy)

– Median 7560 7560 7560 7560

– Q1, Q3 7400, 7980 7400, 7980 7400, 7980 7400, 7980

ProCaRS risk groups

– Low intermediate 88 69.84% 252 72.75% 82 69.49% 258 68.40%

– High intermediate 38 30.16% 95 27.25% 36 30.51% 119 31.60%

CEM: Coarsened exact matching; Clinical T-stage: Clinical tumor-stage; EBRT: External beam radiotherapy; HT: Hormone therapy; ISRT: Internal seed radiotherapy; ProCaRS: Prostate cancer
risk-stratification; PSM: Propensity score matching.
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Table 3. Estimated treatment effects before and after matching in relation to the benchmark trial
(A) Effect estimates obtained from unmatched and matched samples from comparison one, and the benchmark trial

Matching strategy Unadjusted Adjusted

Hazard ratio Lower bound Upper bound Hazard ratio Lower bound Upper bound

RCT 2.17 1.33 3.45 2.04 1.25 3.33

UNM 6.55 3.82 11.26 4.48 2.44 8.22

CEM 6 3.79 1.78 8.08 3.67 1.68 8.02

CEM 8 4.04 1.88 8.66 3.84 1.77 8.34

CEM 9 2.81 1.17 6.81 2.74 1.12 6.73

PSM 9 4.25 2.23 8.08 3.76 1.94 7.27

PSM 10 4.06 1.98 8.11 3.84 1.91 7.71

PSM 11 3.86 1.85 8.05 3.87 1.84 8.15

(B) Effect estimates obtained from unmatched and matched samples from comparison two, and the benchmark trial

Matching strategy Unadjusted Adjusted

Hazard ratio Lower bound Upper bound Hazard ratio Lower bound Upper bound

RCT – – – 1.79 1.45 2.21

UNM 1.40 0.99 1.98 1.52 1.06 2.16

CEM 7 1.53 0.95 2.46 1.55 0.98 2.45

CEM 8 1.49 0.98 2.26 1.52 1.00 2.29

CEM 9 1.48 0.93 2.36 1.52 0.92 2.43

PSM 4 1.43 1.01 2.01 1.47 1.04 2.07

PSM 5 1.43 1.00 2.04 1.46 1.02 2.08

PSM 6 1.39 0.97 1.99 1.44 1.00 2.05

CEM: Coarsened exact matching; PSM: Propensity score matching; RCT: Randomized clinical trial; UNM: Unmatched.

In comparison one, the rate of biochemical progression was greater in the EBRT + HT than the ISRT + HT
group. This can, in part, be attributed to differences in the risk of biochemical progression following treatment as
reflected by baseline PSA, clinical T-stage and Gleason sum. After adjusting for these variables, the estimate was
attenuated and more consistent with that of the benchmark RCT. Similar results were obtained from a similar
comparison using observational data and PSM, wherein the rate of biochemical failure was elevated among men
diagnosed with intermediate-risk PCa and treated with EBRT alone relative to those treated with combination
therapy with ISRT (HR [95% CI]: 2.27 [1.43, 3.57]) [31]. After both PSM and CEM, however, the adjusted
effect was closer to that of the benchmark RCT. This might be due to limitations in confounding control afforded
through regression modeling. To clarify, appropriate model specification would require adequate representation
of the functional forms of the relations between the outcome and the treatment and confounders at issue, which
may necessitate inclusion of polynomial terms for continuous characteristics, as well as adequate inclusion of the
requisite – and possibly multiway – interaction terms between the independent variables. However, these relations
do not necessarily operate according to such specifications. Furthermore, accurate modeling of effect estimates
rests on the assumption of positivity, with even small violations of which potentially resulting in biased effect
estimates [32]. Even without further adjustment for confounding, matching led to effect estimates closer to those
obtained from the benchmark RCT than regression modeling. This might show the bias reduction potential offered
through PSM and CEM even without further adjustment. However, further attenuation in the effect estimate after
regression modeling after matching shows the remaining confounding not entirely managed through matching.

In the second comparison, the rate of biochemical progression was elevated in the EBRT compared with the
EBRT + HT group. Similar results were obtained from a similar comparison using observational data, wherein the
rate of biochemical failure was elevated among men diagnosed with intermediate-risk PCa and treated with EBRT
alone relative to those who also received HT (HR [95% CI]: 1.67 [1.02, 2.75]) [33]. This difference was likely
underestimated since EBRT + HT group had poorer prognostic characteristics at baseline. Regression adjustment
for potential confounders led to an increased effect estimate. The relative difference in unadjusted and adjusted
effect estimates compared with the first comparison was much smaller. This is likely attributable to the greater
balance between treatment groups in comparison two relative to comparison one. This notion is further supported
in that matching did not substantially change effect estimates.
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An alternative explanation for the observed differences in the effect estimates might be that each approach
estimates a different parameter. Specifically, regression modeling estimates – albeit approximately – the average
treatment effect in the study population. In contrast, PSM and CEM provide for estimates of the average treatment
effect among the index-treatment group (i.e., EBRT + HT). In our case, however, since some observations from
the index-treatment group were dropped after PSM and CEM, we estimated the average treatment effect among
the treated who remained after matching, which has been the feasible sample average treatment effect among the
treated [34]. Random variation of the HR might also explain the findings, at least partly. However, effect estimates
drawn from several candidate PSM and CEM strategies consistently estimated effects closer to the benchmark RCT
in comparison one where imbalance was substantial; whereas effect estimates provided through several candidate
PSM and CEM strategies consistently estimated effects similar to that provided through regression modeling where
imbalance was not as substantial.

Our study had several strengths. First, we used a systematic approach to identifying an optimal matching
strategy through identifying the ‘plateau’ in the association between balance and percentage of data retention
with progressively stricter matching criteria. Second, we used matching ratios that retained a greater number of
reference-treatment observations to enhance precision of the effect estimates after PSM. Third, we took advantage
of a priori knowledge to inform our decisions on CEM coarsenings for baseline variables rather than rely on
quantile-based rules, as in previous studies [12,35]. This has the potential to optimize the efficiency of matching
strategies by reducing imbalance while retaining a greater part of the original data. Finally, the use of effect estimates
from real-world evidence provided from RCTs performed in a similar era among patients with similar characteristics
provided further guidance in the interpretation of the results.

Conclusion
Both matching strategies appear to be effective at enhancing the management of confounding in observational
data with few covariates. The use of regression adjustment which should be used in conjunction with matching
strategies, as shown here, has potential to control for residual confounding after matching. In contrast with recent
reports, CEM appears to be a feasible strategy for preprocessing of observational data with fewer baseline covariates
and a priori knowledge to inform coarsening of such variables that can result in retention of a large proportion of
the original data from which to generate effect estimates with reasonable precision and utility to inform clinical
practice in the absence of RCTs.

Summary points

• We compared the performance of propensity score matching (PSM) and coarsened exact matching (CEM) in
balancing baseline covariates and data retention.

• Two treatment comparisons informed from randomized clinical trials (RCTs) were drawn from an observational
pan-Canadian radiotherapy database.

• CEM and PSM led to increased balance in baseline covariates, while retaining a majority of the original data.
• Improvements in balance after matching were associated with a shift in the effect estimate closer to benchmark

RCTs, compared with traditional regression alone.
• Adjustment of effect estimates after matching through multivariable regression modeling led to a further shift in

the effect estimate closer to the benchmark RCT.
• PSM and CEM are effective in reducing imbalance in observational data.
• Improvements in balance through matching could hold potential to improve accuracy in effect estimation

compared with traditional regression alone.
• Further adjustment of effect estimates through multivariable regression modeling has potential to control for

residual confounding and should be implemented after matching.
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