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Abstract

We thank Dr. Karp for his interest [1] in our paper [2]. We agree on some points, but our
theoretical description differs from his in ways leading to important divergences for teaching and
practice. We also see a danger of overextending abstract theory (with its inevitable and extensive
simplifications) into practice [3], especially when the practical questions are causal but the theory
applied lacks an explicit, sound longitudinal causal model to address these questions. As we will
explain, a defect in the “study base” theory Dr. Karp adopts as a foundational belief system is that
it takes as a foundation a parameter affected by baseline risk factors—including exposure when
that has effects on follow-up or disease. It consequently leads to biases and misconceptions of the
sort documented elsewhere [4, 5] and below, which require a coherent theory of longitudinal
causality to address. Our divergence from Dr. Karp thus raises the issue of the role of theory and
methods in research, although matching serves to illustrate our points in a familiar epidemiologic
context.
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Moving on from old theories to eradicate misconceptions

Dr. Karp discusses the “trohoc fallacy,” which involves thinking that case—control studies are
based on comparing cases to noncases, rather than recognizing that as with cohort studies
they compare exposure groups. We are not sure why he raised that issue; we didn’t discuss it
since that fallacy, while common in the 1970s, was thoroughly discredited by the 1980s.
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True, the fallacy still appears occasionally in methods papers [e.g., 6] and is embedded in the
archaic view of case—control studies as inherently retrospective (which confuses the order of
etiologic and selection events with order of data recording). But credible methodologic
writings have long taken pains to emphasize that the causally relevant target comparisons are
across exposures, not outcome groups (regardless of whether there is oversampling of cases
relative to noncases) [7, 8]. In fact, the idea that the case—control design is best viewed as an
efficient sampling strategy for study of uncommon outcomes has been around for
generations and remains part of standard theory [9, Ch. 8]. This conceptualization includes
dynamic sampling of both cases and time at risk (risk-set or density control sampling) to
permit direct estimation of hazard (incidence-rate) ratios under a proportional-hazards
model, an idea that dates back at least to the early 1960s [10]. So we see no disagreement
here between Dr. Karp’s position and ours.

Unlike Dr. Karp, however, we long ago discarded the idea that person-time and hazard rates
(“incidence densities”) are fundamental or provide a sound foundation for design or analysis
of studies of causality [11]. Rather than being modern in the sense of informed by recent
developments, we find the “study base”/“person moments” view (which was in vogue in the
1980s) to be dated and potentially misleading for both teaching and practice. The underlying
issue has long been recognized in warnings to not adjust for post-randomization covariates
[12] (now modified to: adjust using only proper longitudinal causal models [13, 14]). The
problem is that person-time denominators are in fact poOst-treatment covariates affected by
variables that affect follow-up or risk (i.e., disease, censoring, and competing-risk
processes). Those variables will usually include the very exposures under study, even if
those have no effect on the study disease (e.g., if they have an effect on follow-up or on
general mortality).

As a consequence, contrasts of person-time rates or ‘incidence densities’ are subject to
artefacts such as non-collapsibility and time-varying confounding by fixed covariates (such
as biological sex)—even under randomization [14-17]; those artefacts can be severe enough
to produce associations in the opposite direction of effects (“crossing hazards™). Because of
these and related defects in person-time “study-base” theory, modern longitudinal causality
theory is instead founded on concepts of risk and survival times in cohorts, with rates and
open (dynamic) populations serving as important statistical concepts to be used with due
caution [9, Ch. 3; 14, 18].

Matching has varying rationales, forms, costs, and benefits

On the practical side, matching of cohorts at baseline is an effective tool in the control of
confounding by variables fully determined at baseline; and, with the spread of propensity-
score matching, it has become more common than ever for the formation of study cohorts.
Variables whose values or trajectories known at baseline include several of high concern in
typical studies, notably genetic factors (which are fixed) and age (time-varying but
exogenous, being fully determined by date of birth). Dr. Karp seems to overlook that, even if
a variable is time varying and thus a trajectory, matching on its baseline value can help
reduce trajectory imbalances among the matched subcohorts, and thus improve efficiency of
subsequent longitudinal analyses (although, as with simple matching [19], improvement is
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not guaranteed). For example, baseline matching on the category “vegetarian yes/no” will
not control much of the complex and time-varying confounding by diet, but may well reduce
bias and aid analytic control to the extent such partial matching brings the compared cohorts
closer in dietary distributions.

The framework of partial matching [9, p. 182; 20] is more nuanced than that of all-or-none
matching (which most matching discussions presume is the only choice). No practical
account of matching is complete without this framework—especially since partial matching
is often the most efficient strategy in both practical and statistical terms [21]. It is also
ubiquitous in practice: Most matching on continuous variables uses categories or calipers
and is thus partial, leaving some imbalance (and thus potential confounding) within the
categories. This is a common problem for age matching in broad categories, and requires
special analytic adjustments to address [9, pp. 434-435]; e.g., simply tossing age in a model
will not remove the residual confounding [20, 22].

Matching and research reality

Most discussions of matching including ours [2], and indeed most mathematical analyses of
epidemiologic methods, can be criticized as oversimplified relative to the actual options and
realities of epidemiologic research. It is thus important to understand that, like all theoretical
analyses, they serve as warnings about what can go wrong even in simple cases, but going
beyond such warnings requires caution in view of the hazards of extrapolation. Also
essential is some attention to likely magnitudes of problems in light of real-data experience
[23]. We thus regard as potentially misleading Dr. Karp’s comment that

regardless of which type of ‘controls’ is used, and regardless of whether case—
control matching is used, adjustment for “confounding by variables that are difficult
to measure” can only be done in the statistical ‘analysis’—by conditioning on such
‘variables,” possibly operationally represented by their nominal-scale proxies (such
as sibship status or neighborhood).

This comment (especially the “only”) ignores the multiplicity of bias sources, their
interactions, and their net consequences. For example, when the association of exposure with
the matching factors is modest, we have noticed that the unmatched (unadjusted) estimator
from the matched data usually suffers only a minor amount of bias toward the null from
breaking the matches. Then too, if the matching factors are strong confounders by virtue of a
strong effect on risk (as is age, typically) there can be much less bias in that estimator than
would be found in the unadjusted estimator from an unmatched version of the study. In that
setting we again have noticed that case—control matching results in much smaller net bias
than the original confounding by the matching factors, and so accomplishes a partial
adjustment without an analytic step. Thus, while adjustment for matching factors is
completed by their analytic control, and we have always recommended that be done [2, 9, p.
176], in our experience the net impact of skipping that adjustment has usually been small
unless the age categories are too broad.

We also think important qualifications are needed for Dr. Karp’s statement that “In the
context of the need for such an adjustment for confounding control, matching may merely
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help enhance the efficiency of the analysis (and possibly reduce the risk/extent of the
‘sparse-data bias.”).” For example, common adjustments (e.g., conditioning on the matched
sets) may generate or aggravate sparse-data bias [24-26], a bias that is away from the null
that may exceed the bias in the unmatched estimator from either a matched or unmatched
design. And to the extent matching forces us to control factors that could have been ignored
without it, is can increase sparse-data bias. In either case, simple adjustments for sparse-data
bias are available in standard software [26—-29] and should be deployed more often.

Regarding general cost efficiency, neighborhood matching may drastically reduce the time
and cost of locating and visiting population controls; in contrast, demanding close matches
on personal factors may drastically increase time and cost. And if efficiency is the only
concern, modified matching (e.g., partial matching, marginal matching, countermatching)
may be superior to traditional all-or-none matching for both statistical and practical reasons
[20, 30, 31], although we again caution that propensity-score matching may introduce
artefacts [32]. Finally, there is a continuum of partial-adjustment options between full and no
adjustment, with full adjustment not always the best option for estimation accuracy [33].

Conclusion

Health and social sciences are intractable in full complexity; as a consequence, theory and
methodology provide only guidelines and heuristics [3, 23, 34]. Sometimes these guidelines
may always benefit practice, and so no harm is done by taking them as natural laws; but
more often, transformation of methodologic theory from a toolkit into a metaphysical belief
system can blind us to its important exceptions and failings (as will inevitably arise as
research expands). The only safe general advice would then seem to be: For every guideline
offered or followed, understand the assumptions and simplifications in the theory used to
derive that guideline, so that its limits and breakdowns can be recognized. And be prepared
to revise or replace established methodologic theories when they are superseded by theories
that handle old problems just as well and also solve problems with the old theories. This is
precisely what has happened as causal (structural) models and causal diagrams have
replaced traditional population models as core concepts for causal inference [14, 35-37], in
the process demoting rates and population-time to an intermediate (although still vital)
statistical role in linking observed associations to causal effects [9].
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