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Abstract Data

Objectives: Matching methgdplogy in pharmaf:ometrics has been used Control Tow exposure (O1)  High exposure (O2-4) _ Prognostic p-value
by the FDA [5] for determining drug effect in the presence of con- Variable _ Level % or mean (sd) % or mean (sd) % or mean (sd)
founding variables. Common matching methods include Mahalanobis Obstruction of colon by tumor no Zggg g?gg 513382 0.09
. . . . . yes . . .
dlstancg (MD) aI.ld propensity scores (PS) [3]. MD is covariance matrix Differentiation of tumor ol 11.04 4 1166 0.09
normalized Euclidean distance and expects continuous data, while PS moderate 73.87 58.67 76.68
[1] models conditional treatment probability and allows mixed data. poor 14.19 37.33 11.66
Assessment after matching is crucial and typically includes univariate Extent of local spread ;‘llgggllécosa (11192 ) ‘1}-33 ‘fzogf ¢ < 0.01
measures like standardizgd bia§ apd QQ—plots. Curiously, multivariate serosa 3355 33 3072
comparisons of the covariate distribution are rarely considered. In the contiguous structures  3.87 6.67 2.69
case where all data is continuous, we can expect methods that explicitly More than 4 positive lymph nodes ~ no 71.29 36 86.55 <0.01
account for the multivariate distribution of covariates (MD) will retain Sex %es ig'gl gg éié? 0.13
multivariate balance. However, in data more typical of medical trials M 571 48 45.99 '
can we expect the same? We investigate MD and PS methods to Age (years) 60.1 (11.6) 52 (13) 62.3 (10.9) 0.18
evaluate matching bias and examine new methods for comparing the Perforation of colon no 362-37 ?83-27 361-26 0.83
: - - yes : : :
Eovarlance structure between matched patient samples of mixed data Adherence to nearby organs 0 4 19 38 26,55 0.33
YPESs. yes 15.81 12 13.45
Time from surgery to registration short 74.19 76 73.99 0.18
Methods: Using publicly available oncology data (R::survival::colon), long 25.81 24 26.01
we generate hypothetical exposure and confoundedness with exposure Table 1. Covariate distribution across the exposure grouping: For control, quartile 1, and quartiles 2-4 of exposure, the percent
as a function of qualitative and quantitative covariates. Matches are or mean and standard deviation of each covariate level is shown. The prognostic p-value is taken from the LRT of the Cox PH
found on distances of: A) MD, B) PS matching (0.25 calipers), and C) model with the covariate against the null model. Significant covariates are used to create the "prognostic" summary covariate for

MD on prognostic covariates (within 0.25 PS calipers). We bootstrap
univariate and multivariate summaries of the matched data to quantify
similarity.

all patients, and is used to assess quality of the match on those covariates likely to be most predictive of outcome.

Results: PS methods result in smaller bias between matched samples, Resu Its
MD methods better preserved the multivariate structure of the data.

Conclusions: Matching with mixed data is simplified by using propen-
sity score methods, but it is important to assess both univariate and max (bias) mean (bias)
multivariate balance after matching. Our results indicate that while PS 05 - 0.16 -
leads to low bias in matched samples, it does not preserve pairwise cor-
relations as well as MD. We suggest use of MD within propensity score 0.4 - 0.14 -
calipers or inclusion of pairwise interaction terms in PS models to pre- ¢ 0.12 - ¢
serve the multivariate structure. 0.3 - ¢

® 0.10 - ®
0.2 - 0.08 -

MEthOds | ! ! 0.06 - ! ! |

Data: Table 1 describes the R::survival::colon data set. Hypothetical
exposure and confoundedness with exposure as a function of the quan- o
titative covariates was generated in order to perform matching between ‘ Q(OQ
low exposure (Q1) patients and control, a typical comparison used to \N\\‘(\\(\
assess benefit of low exposure patients to higher doses. @0 W

Covariate selection: To choose variables for matching, we take a dif- mse (variance) prognostic (bias)

ferent approach as compared to that recommended in [5]: 1) to avoid

any concern of gaming the results, we remain blinded to outcome data 0.05 - 0.3 -
for the treated patients when selecting covariates for matching and 2) 0.04 -
we aim to match on the complete set of covariates which are possibly 0.03 - 02 - It ¢
predictive of outcome either directly, or indirectly by means of a con- ' ? ' !
founded effect on exposure [2]. We additionally identify a set of highly 0.02 - ® ? 0.1 -
prognostic covariates in the control both to demonstrate one possible 0.01 - '
matching procedure, and to assist in assessment of matching quality as '
related to covariates with high implications for outcome modification )
[4]. Prognostic covariates using the control data only are identified via \“0 a\'\Qe
a simple univariate screen, selecting those that significantly improve fit AN ©
(via LRT, a < 0.1). (0\)3(\

Matching: Matches are found on distances of: A) MD, B) PS matching O \\| ON
(0.25 calipers), and C) MD on prognostic covariates (within 0.25 PS W \)
calipers) using R:::Matchlt. Calipers are generally defined as relative to Matching algorithm
the standard deviation of the distance metric, hence a 0.25 propensity

caliper is 0.25 x opg. The propensity score distance is modeled simply

as the logit of the probability of treatment as explained by the observed MD
covariates:

21— 20
MD within propensity caliper Propensity with caliper
| , P (-0.24,-0.194]
PS(T|B,X)=1logitP(T =t|B,X)=X"f

obstruction of colon -

(-0.194,-0.148]
>4 positive lymph nodes - ]
Assessing balance: We bootstrap the following univariate and multi- g yme (-0.148,-0.102
variate summaries of the matched data to quantify similarity: local spread: serosa - (-0.102,-0.056]
e Standardized bias, typically required to at least be below 0.2: local spread: muscle ‘.. (-0.056,-0.01]
fof/IateC}‘l ] _XC?\ZMOL ] . local spread: submucosa - 28002;38:2
__ “"p,Matche p,Matche Max __ M . _ 0.
B, = Treated , B)™ =argmax,B, B " = > ZBi tumor diff: moderate - .. |
p,Pre-match L (0.082,0.1 28
tumor diff: well - .. :
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Figures 1 and 2. Figure 1 shows summaries of balance after matching (90% bootstrap CI): maximum standardized bias over the
References matched covariates, mean standardized bias over the matched covariates, and the prognostic score standardized bias. Figure 2 uses
a heat map to summarize the bootstrapped median cell by cell deviations between the correlation matrices (with variance on the
diagonal) of the treatment group and matched control.
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With a simple PS model (including only main effects of the balancing covariates), the PS match outperforms MD regarding bias minimization but
underperforms when evaluated on preservation of multivariate structure of the treated group. Heat maps prove to be useful for model building:
Figure 2 implies that the interaction between local spread and tumor differentiation, and the interaction between positive lymph nodes and local
spread should be matched upon in addition to the main effects. Prognostic scores are comparable between methods in this exercise, but provide
reassurance when matching on large sets of covariates that the most directly predictive of outcome are being adequately handled.

Due to the general familiarity of logistic regression, the strong standardized bias performance, and the clear interpretation of how categorical variables
are adjusted for, we recommend use of propensity matching or MD within PS calipers. Inspection and model building to preserve the multivariate
structure is strongly recommended when using PS. Overlooking this may be safe with MD, but PS matching appears to require this extra scrutiny.
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