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Abstract: Some readers may find our results somewhat surprising: nonparametric methods for
analysis of large, observational datasets have genuine potential to be more accurate than
traditional regression-like models, with or without propensity score adjustment. Whenever (1) the
true heterogeneity in treatment effect-sizes exceeds the purely random noise in patient-level
outcome measures and (2) the hypothesized models are wrong (too simple and smooth),
nonparametric methods can be more accurate because the assumptions made are fewer, weaker
and yet quite realistic, locally. Since our findings are based upon simulation studies, we start by
outlining how sources of bias -- such as variation in treatment selection fractions, patient
heterogeneous response and unmeasured confounders -- can be mimicked when generating
pseudo-observational data. We then show that Local Control (LC) counterfactual difference
estimates, from simple, post-hoc blocking / matching of patients on pre-treatment covariates, can
achieve lower root MSE loss than five traditional approaches based upon global, parametric
models. [153 words; 1,106 characters including spaces.]
Keywords: observational data, patient subgroups, local control, multivariable modeling,
propensity for treatment, bias, confounding, comparative effectiveness research.
1. INTRODUCTION
In what Thompson [1] depicts as the current “Age of Risk Management,” warnings from vaguely
specified new studies about serious side effects of medications have become steady features on
the nightly news. While health care professionals have criticized the analytical tactics and
decision rules commonly employed in such studies [2-9], the popular press has even suggested
that statistical inference procedures, if not the scientific method itself, may be flawed [10-12]. In
reality, the very same statistical methods that are universally accepted for use in clinical trials where highly relevant data are carefully collected and reviewed, treatment assignment is
randomized, and both patient evaluations and data analyses are initially blinded – can easily be
misused or deliberately abused in typical observational study contexts. Especially when health
care datasets are massive but prone to errors, missing covariates and coding biases, there is a real
need for new analytical approaches that are, intrinsically, more realistic and objective [13,14].
The LC approach does this by making fewer and weaker assumptions than traditional parametric
models as well as by reducing reliance on highly-subjective opinions and publication biases
involving p-values (observed significance levels.) After all, p-values for global effects always
tend to become quite small in truly large samples …i.e. they become meaningless!
To better inform individualized medicine, new and different analytical approaches must
specifically address patient differential response to treatment [8,9,15,16]. When the patient
population represented in a database encompasses multiple, diverse classes of patients, the
(overall) main-effect of treatment is clearly no longer a sufficient statistic worthy of primary
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focus. Comparative Effectiveness Research (CER) needs to focus on providing information about
how patients with different pre-treatment x-characteristics are likely to experience different youtcomes under alternative treatment choices.
Post-hoc formation and analysis of specific patient subgroups is widely, if not universally,
discouraged in clinical trial settings, and there is little consensus on the ultimate validity of such
results [17]. In sharp contrast, conditional statistical inference using patient subgroups has been a
primary focus of observational study research ever since the seminal work of Cochran [18,19].
Treatment comparisons made within small, relatively well-matched subgroups of patients are
intrinsically fair (self-adjusted for treatment selection bias and confounding), and observing the
variability of these “local” findings across many subgroups generates a full distribution of
treatment effect-size estimates based only on sample information. In other words, the
fundamental design-of-experiments concept of “blocking” becomes an efficient, nonparametric
observational data analysis tool (nested ANOVA, treatment with subgroups). Starting out by
forming many patient subgroups becomes a valid “divide and conquer” analysis strategy
whenever the ultimate objective is to put all of the resulting disparate, local pieces of information
back together again!
Using the pre-treatment x-characteristics of individual patients, there are many, diverse ways to
form subgroups – visualized here as mutually exclusive and exhaustive subsets of all patients with
data available for analysis. When formed informally or via unsupervised learning techniques [2024] that ignore treatment choice, such subgroups are typically called “strata” or “clusters.”
Otherwise, subgroups can be formed using information on observed treatment choices to
emphasize local imbalances in treatment fractions (channeling) and possibly also to avoid
“uninformative” subgroups (containing only treated or only control patients). The resulting
subgroups are then called (i) “subclasses” or propensity score “bins” when formed by rank
ordering estimated treatment selection probabilities from a discrete choice model [25-27], (ii)
“leaf nodes” when formed via recursive partitioning (classification tree models) [28], or even
simply (iii) “matched sets” [29-32].
Strategies for analysis of an existing observational dataset that insist on matching treated and
control patients in some fixed ratio (such as 1:1) tend to be inefficient (i.e. to ignore the observed
outcomes from many relevant patients.) This strategy can even represent “trust me” science …by
providing a cover-up for deliberate bias introduced via faulty or serendipitous matching.
Needless to say perhaps, but methods of forming subgroups that also use information from patient
y-outcome variables should also almost always be avoided.
2. REALISTIC SIMULATION OF OBSERVATIONAL DATA
To realistically compare observational data analysis methodologies, the datasets simulated here
need to possess all basic features typically found in observational data. The starting point for our
simulation was a master analytical file of actual observational data collected on 40K patients who
had sought treatment for Major Depressive Disorder (MDD). Thus, a relatively rich variety of
datasets of size 25K each can be formed by resampling patients, with replacement, from this
master dataset, while generating new, synthetic treatment choices (t = 1 or t = 0) and
corresponding y-outcomes for each selected patient. A full discussion of our observational data
simulations, including datasets and R-code, is provided in companion technical documentation
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[33,34] available from the authors. Only the main features that define our simulation strategy /
tactics are summarized here in Subsections §2.1 - §2.5.
2.1. Confounding among Explanatory Variables
The mean values, variation and correlations between all eight of the baseline patient
characteristics in our simulated data are realistic because they represent actual, resampled Xvectors. For example, roughly 70% of patients seeking treatment for MDD are female. Of the 7
other baseline characteristics of patients that we used, two key X-predictors of total health care
cost for the current year are (1) total health care cost for the full year prior to baseline,
Windsorized to be  $100 and  $50K, and (2) total number of psychological-treatment visits
received during that prior year (measuring intensity of prior, non-pharmaceutical treatment for
MDD).
2.2. Mixture of Two Signal Types plus Noise
The y-response to hypothetical treatment for MDD that we generated is the simulated total health
care cost for the full year following baseline, again Windsorized to be  $100 and  $50K. These
simulated numerical values consist of a signal component plus an additive noise component. The
noise components represent measurement error and consist of independent and identically
distributed pseudo-random normal deviates with mean $0 and standard deviation either $1K or
$5K.
The signal component represents the true conditional expected value of the y-outcome given that
patient’s t-treatment choice, baseline X-characteristics and hidden Z-confounders. As explained
in the next three subsections, this signal (i) is a mixture of a relatively smooth component
predictable from the given X-covariates with an un-smooth and un-predictable Z-component, (ii)
depends upon t-treatment choice via a multiplicative factor that varies with X, and (iii) includes
two different levels for predictability of the local propensity for treatment (simulation scenarios A
or B.) This combination of diverse simulation mechanisms assures that no traditional,
parsimonious modeling approach can provide a strictly correct model. This is quite typical of
observational studies where model lack-of-fit includes the true effects of unmeasured confounders
(Subsection §2.4) as well as purely random noise.
2.3. Patient Heterogeneity in Response to Treatment
The predictable signal component for control (t = 0) patients comes from a multivariable
regression model that is factorial-to-degree-two in all eight patient baseline X-characteristics.
This global, parametric model – which was fitted to actual post-baseline y-outcomes from 40K
patients receiving any of a variety of current treatments for MDD – has 36 degrees-of-freedom (8
main effects, 28 two-way interactions and no squared terms). These predictable signal
components range from $258 to $42,309 and have a highly skewed distribution with mean
$9,861.
The full signal component (predictable plus unpredictable) for treated (t = 1) patients is defined to
be a specified, scalar multiple – ranging from 0.79 (a 21% decrease in true cost) to 1.09 (a 9%
increase) – of the corresponding full control signal for a patient with the same baseline Xcharacteristics and hidden Z-confounders. As outlined in Subsection §2.5, this multiplicative
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factor, trtmfrac, depends only upon each individual patient’s true propensity for treatment
[24,25].
Together, these two sources of outcome heterogeneity assure not only that expected response to
treatment received but also the true treatment effect difference (t = 1 minus t = 0) varies from
patient to patient.
2.4. Hidden / Unmeasured Confounders
Another feature of our simulation is that the eight baseline X-characteristics were also used to
hierarchically cluster the initial 40K patients into three hundred clusters ranging in size from 16 to
548 patients. The 40K actual post-baseline y-outcomes used to fit the regression model described
in Subsection §2.3 were then replaced by their within-cluster average values and a factorial-todegree-two model was again fit. This second time, only the unpredictable fitted residuals were
retained, multiplied by 2 and shifted to have mean $20K. These signal Z-components range from
$2,082 to $46,808 and have a fairly symmetric distribution.
The full signal component for t = 0 patients is then a mixture of the form [ pmix × X-predictable
cost component ] + [ (1 – pmix) × unpredictable cost Z-component ], where pmix = 0.1, 0.5 or
0.9.
Three additional hidden simulation Z-effects are described next.
2.5. Treatment Selection Bias
Treatment selection bias (channeling) exists whenever the true propensity for treatment choice t =
1 somehow varies within a dataset. The 300 hidden clusters described above were again used to
define true Z-propensities that vary from 0.25 to 0.75 but are constant for all patients within the
same cluster. Furthermore, the cost multipliers described in subsection §2.3 are actually defined
by a hidden linear Z-relationship: the scalar multiplier is trtmfrac = 1.24  0.6 × true localpropensity.
In our six type “A” simulation scenarios, the true Z-propensities are 300 pseudo-random samples
from the distribution uniform on 0.25 to 0.75. As a direct result, predicting either propensity or
true variation in treatment effects from the given patient X-characteristics is difficult in all six A
scenarios.
In our six type “B” simulation scenarios, the 300 true Z-propensity values (and corresponding
multipliers) are re-assigned to the 300 hidden clusters in such a way that the correlation between
the true Z-propensity and the predictable signal component for t = 0 patients becomes +0.720; this
correlation is only +0.081 in all type A scenarios. Predicting propensity and/or true variation in
treatment effects thus becomes much easier in type B scenarios, at least when pmix is 0.5 or 0.9.
In fact, each type B scenario represents a situation where treatment t = 1 saves money (0.79 
multiplier < 1) for patients with higher expected yearly cost and who are relatively likely to
choose t = 1 (propensity 0.40 to 0.75) but increases cost (1 < multiplier  1.09 due to, say, failure
to recover a higher acquisition charge for t = 1) for patients with lower expected yearly cost (say,
less severe depression) and who are relatively unlikely to choose t = 1 (propensity 0.25 to 0.40).
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Finally, each simulated dataset of size approximately 25K patients is formed by stratified resampling (with replacement) from the original 40K patients. The final Z-effect is that these strata
are the 300 hidden clusters, and the 300 sub-sample sizes are (except for truncation to integers)
proportional to the hidden cluster sizes. Due to this truncation, the number of patients in each of
our simulation replications turned out to be 24,987.
3. THE SIX ALTERNATIVE APPROACHES COMPARED HERE
The patient-level quantities of primary interest here are their true Counterfactual Differences in
Expected Outcome:
(X, Z) = E( y | t = 1, X, Z )  E( y | t = 0, X, Z ).
These quantities are called counterfactuals because only one y-outcome (signal plus noise) is
assumed to be actually observed for each patient …either that for choice t =1 or else that for the
control choice, t = 0. As a result, good estimators of these many, individual  parameters
typically do not exist. The LC approach attempts to estimate these  parameters by looking for
approximate matches on only the given X-covariates. As a result, some of the resulting LC
estimates will usually be missing values and, in fact, none may be truly unbiased.
When a method of estimation yields individual  estimates that (except for any missing values)
are all equal numerically, that method will be said to be homogeneous. Otherwise, the method of
estimation will be called heterogeneous.
The Main Effect of Treatment for each simulated dataset of roughly 25K patients is the expected
value of (X, Z) when the true, joint distribution of (X, Z) corresponds to its sample distribution.
Since true Z-propensity for treatment is within [0.25,0.75] and thus not near either 0 or 1 in our
simulation, all of the individual (X, Z) effects are well defined. The alternative estimates of
Main Effects to be compared here are simply the corresponding sample means of all non-missing
individual  estimates.
The six alternative methods for estimating the true s compared here are described within
subsections §3.1 to §3.4.
3.1. Direct Comparison of Treatment Cohort Means (Unadjusted)
The overall treatment difference [Average of all observed y-outcomes for treated (t = 1) patients]
minus [Average of all observed y-outcomes for control (t = 0) patients] is a natural estimator of
E( y | t = 1)  E( y | t = 0) that is unadjusted for X (as well as for Z). This approach yields a
single numerical value viewed here as providing homogeneous estimates for the individual s.
3.2. Covariate Adjustment via Multivariable Regression
Consider the simple linear model E( y | t, X ) =  1 +  t + X , where 1 is a dummy vector of all
ones, t is a dummy vector of zeros and ones, and X represents the matrix with eight columns of
baseline patient characteristics. Fitting this model yields an estimate of  that provides a
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homogeneous estimator of the individual s.
Quite simple generalizations of the above model may (i) include interactions between t and the
columns of X or else (ii) drop the “ t” term but allow the  vector to be different for treated and
control patients. Models fitted in this second way can produce two y-predictions for each patient:
one as if treatment (t = 1) were chosen, and the other for the control choice (t = 0). Both of these
generalizations would then provide heterogeneous estimates of individual s.
Such
generalizations (and the strategies needed to fit them) are typically considered inappropriate for
use in clinical trial settings. Although severe model selection bias can be injected into analyses
of observational data in this way, published accounts rarely admit that models (and inferential
statistics such as p-values) other than the one reported were also considered.
3.3. Estimation of Propensity Scores via Logistic Models
Logistic regression models are commonly used to predict propensity scores (PS), which are the
conditional probabilities, p, of treatment choice t = 1 given X. These models assume that the
vector of conditional log odds, log[p/(1p)], is linear of the form  1 + X , where 1 is again a
dummy vector of all ones, and X represents the matrix with eight columns of baseline patient
characteristics. Propensities estimated in this way are typically used in analyses of observational
data in one of the three ways described in subsections §3.3.1-3.
A fourth possibility is to use PS estimates to match treated and control patients in some fixed ratio,
usually 1:1. This strategy is not evaluated here because data from many patients would thereby be
(randomly?) “dropped” from each such analysis. After all, in our simulations, true propensity is
constant within 300 hidden X-space sub-regions but varies somewhat uniformly from 0.25 (1:3) to
0.75 (3:1) across these sub-regions. As a result, roughly 25% of patients could typically be
assigned a missing value as their –estimate when doing 1:1 matching.
3.3.1 Using an Estimated Propensity in Covariate Adjustment
Propensities estimated via a logistic model are non-linear functions of patient baseline Xcharacteristics. Thus, they can typically be included in a regression model for predicting treatment
y-outcomes, along with the given X-variables, without necessarily causing serious ill-conditioning
(multicolinearity). This simple twist on traditional covariate adjustment (§3.2) apparently
constitutes the most frequent use of propensity scores in published analyses of observational data
[35,36] – quite possibly simply because such analyses are quite easy to do using current statistical
software. These recent reviews point out that the findings in most such studies tend to change
rather little due to augmenting X with p …quite possibly because all such fitted models typically
demonstrate considerable lack-of-fit.
Here, we evaluate the rMSE loss resulting from replacing the X matrix by only this p vector. The
regression model then becomes E( y | t, p ) =  1 +  t +  p, where  is a scalar. After all, this is
the usage originally suggested by propensity theory [24,25], and our simulation will verify that
little or nothing is lost by making this substitution.
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3.3.2. Weighting by the Inverse Probability of Treatment Received
The unbiasedness condition developed by Bang and Robins [37] suggests that y-outcomes from
treated and untreated patients need to be “weighted” differently. Specifically, let  denote a
hypothetical binary random variable independent of the y-outcome and such that  = 1 when a
patient chooses treatment (t = 1) and  = 0 when that patient chooses control (t = 0). Under the
restriction that the probability, p, that this patient chooses treatment is strictly > 0 and < 1, it
follows that  × y / p and (1) × y / (1p) are unbiased estimates of the conditional expected
outcomes given the treatment and control choices, respectively.
The above observation intuitively “suggests” use of weighted least squares to estimate outcome
effects, where weights are taken to be inversely proportional to each patient’s estimated propensity
for choice between treatment and control. While this sort of weighting is indeed used in both
“doubly robust” estimation [37-39] and in LC, it remains unclear whether use of weighted least
squares can be “fully justified” by a result that concerns unbiased (rather than minimum variance)
estimation. In fact, the simulation results of Freedman and Berk [40] as well as the results
presented here are highly unfavorable to use of traditional PS estimates in defining least squares
weights.
In all fairness, problems associated with “stabilizing” regression weights are well know, and
improved methods have been proposed [37, 41-43]. In other words, the rMSE loss associated with
only a relatively naïve way to re-weight patients is being evaluated here.
3.3.3. Propensity Score Stratification (Binning)
Rosenbaum and Rubin [26] proposed using propensity score estimates to rank-order patients and
to thereby form as few as five “bins” of adjacent patients, the number of subclasses suggested by
Cochran [19]. When one’s statistical model uses a linear functional, x, the (three or more)
resulting “interior” bins then correspond to all patients on and/or between a pair of parallel, linear
hyperplanes. Patient subclasses formed without using explicit X-space boundaries are typically
simply called “strata.”
Given the capabilities of today’s statistical computing environments, analysts can easily use more
than five patient subclasses and/or relatively sophisticated within-and-across-subclass data
summarization tools, such as bootstrapping. The bootstrap stratification approach whose rMSE
loss is evaluated here [44,45] uses estimated propensity score deciles from logistic regression for
predicting treatment choice from all baseline x-variables.
3.4. Local Control using Patient Clustering to form many Subgroups
The essence of the LC approach is easy to explain and can be fully appreciated by non-technical
audiences. LC starts by dividing all patients (treated or control) up into many subgroups, most
typically using some form of traditional clustering [20, 21] on some subset of all available xvariables.1 Within each resulting subgroup that contains both treated and control patients, a Local
1

Technically, any way to form subgroups can be used in LC that (i) assures that, within each subgroup,
patients are relatively well-matched on their baseline X-characteristics and (ii) avoids deliberate creation
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Treatment Difference, LTD = (Avg. Outcome on Treatment)  (Avg. Outcome on Control), is
computed, providing a homogeneous estimate of the true s for those particular patients.
However, LTD estimates ultimately become heterogeneous when merged across all subgroups,
yielding a full “LTD distribution” that can be displayed as a histogram or as a Cumulative
Distribution Function (CDF.)
If patient subgroups could be formed using hidden Z-information as well as observed baseline xvariables, it would be intuitively clear from first principles that the resulting LTDs would then be
unbiased estimates of the corresponding local (X,Z) main-effects. As alluded to in §3.3.2, LTDs
correspond to local “doubly robust” estimates when the statistical model is nested ANOVA
(treatment within subgroups formed using only x-variables.) In other words, the local (within
subgroup) estimates of p and (1p) are then the local fractions of patients choosing treatment and
control, respectively.
While some relatively sophisticated strategies and tactics for LC analyses have been proposed [4649], one very simple “special case” of LC will be the primary focus of our rMSE loss comparisons.
Since each replication in our simulation will use pseudo-observational data on roughly 25K
patients, the LC specification we will evaluate uses hierarchical, complete-linkage clustering on all
baseline x-variables (in their standardized form) to form 1K patient subgroups. In other words,
theaverage number of patients per cluster will be approximately 25, which is slightly larger than
the LC recommended minimum average values of 8 to 10 [49].
On the other hand, as part of a secondary objective to illustrate the variance-bias trade-offs that
can result from reducing the number of subgroups formed in an LC analysis, we will also display
the rMSE losses corresponding to forming 200, 300, 400 or 500 clusters from the same
hierarchical tree used to form 1K clusters within each simulation replication.

4. POTENTIAL FOR VARIANCE-BIAS TRADE-OFFS
Of the six alternative analysis approaches compared here, only the LC approach focuses upon
estimation of heterogeneous treatment effects.2 On the other hand, LC estimates are typically
homogeneous within patient subgroups, so the degree of potential heterogeneity in LC estimates is
thus determined by the number of subgroups actually used in a LC analysis.
4.1. Uniform Shrinkage towards the Main-Effect of Treatment
A relatively simple way to illustrate possible MSE trade-offs is to consider so-called “shrinkage”
of “pure” subgroups (containing only treated or only control patients) in those sub-regions of X-space that
lie within the common support of both treatment cohorts. Approaches that either prohibit formation of
subgroups with fewer than, say, 10 or 25 patients or which penalize formation of small subgroups can be
helpful.
2

Again, as discussed in section §3.2, multivariable regression models can produce heterogeneous
estimates but are not traditionally used for this purpose.
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estimators, Obenchain [50]. In direct analogy with the heterogeneous (X,Z) effects discussed
here in Section §3, this particular shrinkage reference discusses the estimation of true potencies
that vary from batch-to-batch within an industrial production process. The basic idea is to use a
constant, multiplicative factor, , which is strictly positive (0 < ) but less than one ( < 1), to
literally shrink assay results from individual production batches towards their long range average.
Which numerical value of  then minimizes MSE risk?
A well-defined and intuitive answer is provided by the following random effects formulation.
Suppose that the true heterogeneity of effects has “between” subgroup variance 2B while the local
“within” subgroup variance of estimation is 2W. The MSE optimal value for  is then 2B / (2B +
2W).
In particular, suppose that the local “within” subgroup variance, 2W, is considerably larger than
the corresponding “between” subgroup heterogeneity variance, 2B. Considerable shrinkage of
estimates of heterogeneous (X,Z) effect estimates towards their “main effect” is MSE optimal in
this case. This happens whenever patient subgroups are numerous and thus are relatively small.
Using many subgroups tends to increase LC estimate heterogeneity but also tends to increase 2W.
Unfortunately, from a MSE reduction perspective, increasing 2W encourages shrinkage that would
then reduce potential for heterogeneity in LC estimates.
To illustrate this point, let 2N denote the variance of the additive white-noise in our simulations,
which is always either ($1K)2 or ($5K)2. With n1 and n0 denoting the local number of treated and
control patients, respectively, within a patient subgroup, it follows that 2W = 2N (n1+ n0) /
(n1×n0). In other words, 2W  2N unless n1 and n0 are both at least 2.
Again, 2W can always be made smaller by decreasing the number (and increasing the size) of
patient subgroups. This tactic tends to increase both n1 and n0 and thus decreases 2W for any fixed
value of 2N. While this tactic decreases heterogeneity of LC estimates, it also discourages any
further shrinkage simply to reduce MSE.
Meanwhile, note that 2B is ($1.7K)2 or less in each of our heterogeneous treatment-effect
simulations. This suggests that heterogeneous LC estimates will have much less desirable rMSE
loss characteristics when 2N is ($5K)2 rather than the other, much smaller value of ($1K)2.
4.2. Shrinkage via Choice of Number of Subgroups
The variance-bias trade-offs of primary interest in LC applications result simply from choice of
the total number of subgroups formed. Such trade-offs are more subtle than the above illustration
using uniform shrinkage towards the single, overall “main-effect” of treatment. Especially when
patient subgroups are formed via hierarchical clustering in x-space, as they are in our simulations,
larger subgroups are literally formed by merging smaller subgroups together. This sort of simple
averaging of y-outcomes for treated and control patients within larger subgroups yields diffuse
shrinkage towards local, heterogeneous targets.
Intuitively, using relatively many (but necessarily smaller) patient subgroups reduces the bias in
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LTD estimates. However, using fewer (but larger) subgroups clearly reduces the variances of
individual LTD estimates. Thus fewer LC subgroups may well be better in a rMSE loss sense
simply because one is thereby shrinking via additional averaging of LTD estimates.
5. rMSE LOSS COMPARISONS BETWEEN HETEROGENEOUS AND
HOMOGENEOUS TREATMENT EFFECT ESTIMATES
The primary focus of our root MSE loss comparisons will be on situations where the traditional,
global, parametric models underlying the approaches of subsections §3.2, §3.3.1 and §3.3.2 are
not completely correct models. True counterfactual differences are then also not actually
constant within the patient subgroups formed in the PS stratification and LC approaches of
subsections §3.3.3 and §3.4. In other words, we will focus on comparisons among alternative
approaches in situations where no one approach is exact, but all are reasonable approximations.
Our simulation scenarios are of three basic types, called A, B and C. Our type A scenarios are
particularly challenging for all approaches to estimation because they illustrate cases where
propensity for treatment choice (t = 1 versus t = 0) is essentially independent of all observed
patient baseline x-characteristics …i.e. treatment choice depends at most on hidden Z-factors. In
our type B scenarios, the propensity for choice t = 1 tends to steadily increase as the expected youtcome (total yearly cost) predictable from observed patient baseline x-characteristics increases.
Our type A and B simulations each include the six special cases listed in Table 1. Specifically,
the additive white noise has two levels of variance: ($1K)2 in the odd cases (1, 3 and 5) and
($5K)2 in the even cases (2, 4 and 6). Meanwhile, the “pmix” factor, which determines how
much of y-outcome signal is predictable from patient baseline x-characteristics, has three levels:
the true signal is only 10% predictable in the cases 1 and 2, 50% predictable in the cases 3 and 4,
but 90% predictable in the cases 5 and 6.
For completeness, our simulations also include a single type C scenario where the true effect of
treatment is homogeneous for all patients, the y-outcome signal is 100% predictable from patient
baseline x-characteristics, and the additive white noise has variance ($1K)2. In other words, the
traditional, global, parametric modeling approaches are exactly “correct” in our single type C
scenario. Scenarios A5 and B5 use pmix = 90% and the same noise level as Scenario C.
Table 2 displays the root MSE loss estimates for 10 alternative approaches to estimation of true
counterfactual differences in expected y-outcome for our 13 simulation scenarios. Each scenario
was replicated to assure that all rMSE loss estimates are accurate to the nearest dollar ($).
Because the five right-most columns of Table 2 describe approaches yielding only homogeneous
estimates of counterfactual differences, their root MSE loss cannot be less that the true standard
deviation of the unknown, true counterfactual differences in the 13 individual scenarios. These
values are listed in the middle column of Table 2 under the heading “Homo Lower Bound”.
Note that this value is zero for the type C scenario in the bottom row of the table, but this lower
bound exceeds $1K in all of the heterogeneous effect scenarios of types A and B. Note further
that this lower bound tends to decrease in special cases 1 through 6 as the “pmix” proportion
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increases. This results because the hidden (unpredictable) heterogeneity is apparently slightly
larger than is the heterogeneity predictable from patient baseline x-characteristics.
Finally, the variance-bias trade-offs discussed in Section §4 predict some of the patterns of rMSE
loss variation observed in Table 2. In particular, the LC approach using 1K patient clusters is not
competitive in any of the even-numbered type A and B scenarios where the variance of the
additive noise, ($5K)2, greatly exceeds the true variability of treatment effect heterogeneity,
which ranges from ($1.1K)2 to ($1.7K)2. These sets of one thousand LTDs may well have
relatively low bias as estimates of almost 25K heterogeneous counterfactual differences but they
clearly also have relatively high variance. On the other hand, the LC approach using 1K patient
clusters is a clear overall winner in 5 of the 6 odd-numbered type A and B scenarios where the
variance of the additive noise is only ($1K)2.
As further evidence for potential variance bias trade-offs, Table 2 lists the rMSE loss for our
secondary interest in using fewer than 1K clusters in LC. In this regard, note that using 500
patient clusters always yields lower rMSE than 1000 clusters, and rMSE can always be further
reduced here by using only 400 LC clusters! In fact, using only 200 LC clusters yields the
lowest overall rMSE in 6 of the 12 type A or B scenarios.
5.1 Insights from Type A Scenarios
The most striking result from our 6 type A scenarios is that “no adjustment” yields the lowest
overall rMSE loss in scenario A1 as well as in the 3 even-numbered scenarios where the variance
of the additive white noise is high, ($5K)2. In other words, the fact that numerical values of
PSlocal -- the local propensity for treatment (choice t = 1) -- were randomly assigned to the 300
clusters of 40K baseline X-vectors in the type A scenarios makes propensity quite difficult to
predict. Needless to say, perhaps, but difficulty in predicting propensity from biased patient
samples can also make it difficult to accurately predict y-outcomes as well as counterfactual
treatment differences!
In a sense, it’s not surprising that LC using 1K clusters yields the lowest overall rMSE loss in the
2 remaining odd-numbered scenarios …where the variance of the additive white noise is low,
($1K)2, and pmix is 0.5 or 0.9. After all, the LC approach does not rely in any way on modelbased estimates of propensity. Once subgroups of patients who are well matched in x-space have
been formed, propensity estimates can then, of course, be directly observed as local fractions of
patients choosing treatment. But estimation of propensity is a purely optional exercise in the LC
approach. In other words, difficulty in estimation of propensity can have little direct impact on
the LC approach.
5.2 Insights from Type B Scenarios
In our type B scenarios, “no adjustment” again yields the lowest overall rMSE loss in scenario
B2, while “MV Reg” and “PS as Cov” win in the other 2 even-numbered scenarios. Meanwhile,
LC with 1K clusters minimizes rMSE in all 3 odd-numbered scenarios …where the variance of
the additive white noise is low, ($1K)2. In all 6 type B scenarios, variance-bias trade-offs could
be used to further reduce rMSE loss via using only 200 or 300 clusters in LC.
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5.3 Insights from the Type C Scenario
When models assume that true counterfactual differences are homogeneous and that assumption
is a correct one, estimates from those models can achieve really low rMSE. The key difference
between scenarios B5 and C is that the lower bound on rMSE loss of homogeneous estimates
thereby drops from $1,342 to $0. As suggested by the propensity scoring work of Rosenbaum
and Rubin [24,25], adjustment using a single covariate (the estimated propensity for choice t = 1)
can do just as well in this case as a multivariable regression model that includes all observed
patient baseline x-characteristics. Even the naïve IPW estimator does better here than LC with
1K patient clusters. In fact, the really obvious loser (rMSE = $1,928) in this highly special case
is failure to make any adjustment for treatment selection bias.
6. OTHER ADVANTAGES OF PATIENT SUBGROUPING APOPROACHES
This paper has focused upon demonstrating that the Local Control approach to estimation of
heterogeneous counterfactual differences in treatment effects can be more accurate, in an rMSE
sense, than homogeneous (main-effect only) estimators whenever the true heterogeneity of
counterfactual treatment differences is larger than any purely random noise in the data. Luckily,
the LC approach also offers many other advantages.
Parametric models can be a big help in situations where data are not sufficiently plentiful to be
locally “dense.” In these cases, models can interpolate within or extrapolate beyond the
available data. Unfortunately, in traditional approaches to analysis of large, observational
datasets [3,4,14], a common tendency is to ignore the lack-of-fit in models and focus, instead,
upon the statistical significance of their estimates.
Neither patients nor their caregivers should really care very much about what some poorly-fitting
model says their y-outcome “should” be given their known x-characteristics. Rather, and
especially as observational data become more and more plentiful, patients should want to know
what y-outcomes have recently been experienced by other patients “like me” [51]. Given
adequate data, oversimplifications from global, parametric models are not needed to address the
health care information needs of individual patients. In LC, local estimates (LTDs) become the
building blocks of a realistic, overall analysis.
The greatest strengths of the LC approach are its (nonparametric) simplicity and focus on the
information truly needed by individual patients, caregivers and health policy makers. For
example, suppose that the y-outcome of interest is an adverse event rate, and a LC analysis yields
an observed LTD distribution with a long left-hand tail of negative differences and a long righthand tail of positive differences in adverse event rates. This means that patients in the left-hand
tail experience fewer adverse events on treatment (choice t = 1), while patients in the right-hand
tail experience fewer adverse events on control (choice t = 0.)
Finally, using the above information from an LC analysis, suppose that further research shows
that it is possible to fairly accurately predict in which LTD tail certain individual patients will
fall. Suddenly, the question of which treatment choice has the higher overall adverse event rate
has become medically moot. Instead, all ethical attention should then be focused on using
individualized medicine to assure that the left-tail patient types receive treatment while the right-
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tail types receive control. Furthermore, this particular treatment choice will also be seen as
relatively unimportant for some patients, specifically, those whose LTDs are near zero.
The new emphasis on Comparative Effectiveness in health care research needs to compare
alternative treatments head-to-head using more meaningful and relevant criteria than simply
traditional main-effects. This will require improved statistical methods [14], sound and realistic
statistical thinking [52] and avoidance of deliberate underrepresentation of uncertainty in
findings from observational studies [53,54].
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Table 1. Six Simulation Special Cases
Scenario
Number

pmix:
Mixture
Proportion

Additive
Sigma
Noise ($)

1
2

0.1
0.1

1000
5000

3
4

0.5
0.5

1000
5000

5
6

0.9
0.9

1000
5000
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Table 2. Bias in the Estimation of the Overall Main-Effect (ME) of Treatment
for Six Analytical Methods in Thirteen Observational Data Simulation Scenarios.
Bias is expressed on Dollars ($).
Simulation
Scenario

True
ME of
Trtm

Bias of
LC

Bias of
MVREG

Bias of
PCOV

Bias of
IPW

Bias of
PBIN

Bias of
UNADJ

A1
A2

-1099
-1099

-151
-147

-388
-387

-388
-387

-2017
-2011

-379
-377

-377
-376

A3
A4

-878
-878

-120
-114

-308
-302

-308
-302

-1404
-1395

-277
-271

-202
-196

A5
A6

-658
-658

-90
-65

-229
-196

-229
-196

-798
-735

-177
-143

-27
4

B1
B2

-676
-676

168
171

239
240

239
240

-3034
-3027

241
242

193
195

B3
B4

-650
-650

113
114

112
113

109
110

-973
-981

219
220

906
906

B5
B6

-624
-624

58
56

-15
-14

-22
-20

1090
995

195
197

1619
1592

C1

-1000

86

68

63

704

332

1928

Color Coding:
BEST (least biased) Approach
Second BEST Approach
Third BEST …but clearly better than other three approaches.
Bias in the PBIN approach is uniformly larger (and in the same direction) as that of LC.
Bias of the IPW approach is always largest or second largest …and more erratic in sign.
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Table 3. Simulated root Mean Squared Error in the Estimation of Heterogeneous Treatment
Effects for Six Analytical Methods in Thirteen Scenarios. rMSE values are expressed in Dollars ($).

LC
200

LC
300

LC
400

LC
500

A1
A2
A3
A4
A5
A6

1666
1888
1264
1545
1047
1363

1680
2009
1239
1657
1027
1486

1712
2140
1233
1778
1019
1617

1750
2268
1235
1902
1023
1746

1887
2808
1257
2435
1042
2291

1680
1680
1343
1343
1097
1097

1725
1725
1378
1378
1121
1116

B1
B2
B3
B4
B5
B6

1286
1580
958
1332
831
1215

1338
1753
954
1479
821
1372

1401
1915
962
1627
828
1519

1451
2070
976
1763
837
1657

1617
2651
1033
2338
889
2223

1626
1626
1447
1447
1342
1342

C

607

639

673

704

819

0

Highlighting Legend:

LC
1000

Homo
Lower
Bound

Scenario

MV
Reg

PS as
Cov

PS Bin
Boot

IPW

UNAdj

1725
1725
1378
1378
1121
1116

1723
1723
1372
1372
1111
1108

2625
2622
1944
1939
1360
1327

1722
1723
1359
1359
1099
1100

1644
1645
1452
1453
1342
1344

1644
1645
1452
1453
1342
1344

1644
1645
1464
1465
1357
1358

3443
3438
1746
1755
1729
1675

1638
1639
1708
1709
2103
2083

68

63

332

704

1928

GREEN background denotes the lowest rMSE of the six primary approaches.
GYAN background denotes lower rMSE values in the secondary comparison
of LC with only 200, 300, 400 or 500 clusters to the six primary approaches.
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