OHDSI
Abstract N

Innovations to the R package LocalControl are presented. The
package implements nonparametric approaches to address biases
and confounding when comparing treatments or exposures in

observational studies. This work illustrates how LocalControl can analysis of how significant each covariate is in modeling the . All male Al fernale
address the problem of feature selection, and how it can provide bias- treatment difference. This work describes the full factorial approach, effect.|ve than anc?ther on average. However, they (_jo not answer the 2 =612115 2 =§§?9

n= n=
corrected insight into what variables modify the difference in outcome  but note that for more variables, a fractional factorial approach could question of what is the expected outcome from a given treatment for /

from one treatment to another.
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Background

The Local Control method™ provides a powerful and conceptually
intuitive approach to statistically addressing biases and confounders
in large-scale observational data. It enables estimation of overall
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Patient-level prediction and

eature selection

One of the open areas for research in Local Control is how to choose
the relevant covariates for bias correction. One approach that is
viable for a modest number of covariates is a full factorial regression

be employed for greater efficiency’. A full factorial design of
experiments approach first runs all 2“ combinations of including or
excluding each of the k covariates in the Local Control model. One
can then model with linear regression the outcomes as a function of
the binary variables (main effects and interactions) that designate
which cluster variables were employed in the Local Control runs.

heterogeneity of treatment

Estimates of bias-corrected treatment differences are useful in
making generalizations that one treatment may be safer or more

a particular patient. Patient level prediction recognizes that there
may be heterogeneity of treatment effect, namely that patients can
have very different outcomes depending on patient characteristics.
Traditional approaches will use regression models or machine
learning on patient covariates to predict patient outcomes. While
these approaches can provide patient level predictions, the
interpretation of such models could be distorted by the biasing
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Figure 4. Abciximab recursive partitioning tree. After performing full factorial
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both weight and dosage are included in the model (purple), the corrected
treatment difference converges to the correct answer of zero. When only one
of weight or dosage is used in the model (red or blue), or neither (green), then
the biases remain, and the treatment difference estimate is non-zero. Because
this simulated data contains no perfect matches, the corresponding section has
been omitted from the plot.
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Figure 1: Local Control clustering. We observe without correcting for bias, that
the blue T1 outcome average is 8.05 units higher than T1 (top histogram). As
the level of correction increases, corresponding to shrinking the radius of near-
neighbors (closer weight and dosage), we see that the local estimate
approaches the true treatment difference of zero (middle, bottom histograms).
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Figure 3. Lindner treatment difference as a function of correction radius.
When the maximum radius fraction is 1, the treatment difference is equal to
the uncorrected global average. As the fraction decreases (left to right), the
treatment difference is drawn from smaller and more similar clusters. The
window on the right represents only the perfect matches contained in the data.



