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Trastuzumab in Gastric Cancer: ToGa



Trastuzumab in Gastric Cancer: HELOISE



Trastuzumab: What Happened?

Low exposures caused larger tumors
Larger tumors caused low exposures





Unifying Conceptual Frameworks

Estimands (in the ICH 
E9 addendum sense) 

Target Trial Emulation 

Directed Acyclic 
Graphs (DAGs)

Neyman-Rubin Potential 
Outcomes Framework (*)

Pearl’s “do-Calculus”

• dating to Jerzy Neyman in 1923. Happy 100th Birthday PO Notation!

What are some general framework to encourage the type of thinking shown in, e.g. 
Dai, Vugmeyster, Mangal (2020) , Ruiz-Garcia et al (2023) ? 
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Estimands as a Unifying Framework



Causal Inference as Part of 
“Pharmacometrics 101”

Vague inchoate questions 
and evidential needs + some 

data that might be useful

Objectives, Formalization of 
Questions, Scope of Work

Analysis Plan

Code, Results (TFL)

Discussion, Conclusions, 
Decisions

Causal Inference especially valuable for 
“take off and landing”

Even for “simple” problems
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The Casual Interference of Causal 
Inference



Using DAGitty to Clarify Questions, 
Assumptions, And Analysis Options

One of our questions: what is the effect of exposure feature 
E1 on response when other factors are held constant

One of our analysis 
options, as determined 
by automated analysis 

of “backdoor paths”

Johannes Textor, Benito van der Zander, Mark K. 
Gilthorpe, Maciej Liskiewicz, George T.H. Ellison.
Robust causal inference using directed acyclic graphs: 
the R package 'dagitty'.
International Journal of Epidemiology 45(6):1887-
1894, 2016.

One of our assumptions (indicated by the absence of an arrow): other 
exposure features such as E2 do not have an effect on the response

http://dx.doi.org/10.1093/ije/dyw341
http://dx.doi.org/10.1093/ije/dyw341


The Discipline of DAG Building, Step 1: 
Identify the “Treatment” Variable 

• In principle, could we imagine randomizing 
patients to different levels of Cycle 1 Cmin?

• Is the treatment defined with sufficient specificity 
that we could describe it in a trial protocol?

• How would we make these assignments while 
holding other relevant factors constant?

Target Trial Emulation thought exercise:

Thought exercise involving hypothetical randomization 
may seem unusual, but some of the best thinking in the 
pharmacometrics tradition has employed this 
conceptual framework: 

Nedelman, Rubin, Sheiner (2007)



The Discipline of DAG Building, Step 2: 
Identify the “Outcome” Variable 

Is the outcome defined with sufficient specificity that we could describe it in a trial protocol?

Target Trial Emulation thought exercise:



The Discipline of DAG Building, Step 3: 
Identify Selection Variables / Processes

Let’s gloss over this for now. More to come … 



The Discipline of DAG Building Step > 3 : 
Identify Likely Common Causes; Repeat

Questions that this prompts at both the planning and interpretation stages:
• Are we comfortable assuming that (almost) all of the effect of dose is mediated through Cycle 1 Cmin?
• Are we collecting the data and planning the analyses to adequately adjust for baseline tumor burden? 
• Do we really care about isolating the effect of Cycle 1 Cmin? (As opposed to total effect of dose?)

These questions are the (proximate) goal. Better questions à better planning and interpretation 



Maybe it Suffices to Answer a Different 
(Simpler) Question?

Cycle 1 Cmin as the cause of primary interest Cycle 1 Total Dose as the cause of primary interest

NB: It might be sufficient to answer the dose-response question in this particular case, but 
there are many situations where you would want to isolate the effects Cmin, Cavg, etc!



Value Prop: Consistent Framework to 
Ensure Good Plans & Valid Interpretations

Shared Assumptions
+                             Data
+                      Analyses
= (?)                   Answer

Scientific Question

Would it suffice to answer a 
more limited question?

Can we make simplifying (but 
still defensible) assumptions?

Can we generate or 
obtain more data? 

Can we adjust for certain 
biases in our analysis? 

At every stage of iteration in our analysis planning, causal DAGs help to 
answer the question: “Will this give us the type of answer we need?”



• Retrospective study design (e.g. with real-world data)
• Covariate screening / covariate interpretation in pop PK
• Choice of exposure metric in exposure-response
• … the list goes on!

The next few slides provide a sampling of 
other applications where DAGs can 
quickly help to clarify our thinking:



Selection and Collider Bias
• Hospital patients with locomotor 

disease appear more likely to have 
have respiratory disease. 

• It is physiologically plausible that lack 
of mobility could cause respiratory 
impairment … 

• … but, not so fast … 
• Analyzing only hospitalized 

individuals creates false association 
(cyan regression line).

• Association is created by hospital 
admission patterns, not by causal 
relationship 

• The risk of this type of bias and the 
associated caveat to interpretation 
can be recognized prior to any data 
analysis

• Think through this issue when 
designing queries of RWD!

Sackett DL. Bias in analytic research. J Chron Dis 1979; 32: 51-63

(this is not the real data analyzed by Sackett, 
but the real data followed a similar pattern)

http://www.jameslindlibrary.org/sackett-dl-1979/


Correlated Covariates in a Pop PK Model: 
What to Do?

We might have good a priori evidence that clearance 
is (almost) entirely renal, in which case a reasonable 
DAG for estimating the effect of EGFR might be: 

In this case, DAG tells us there are no backdoor 
path, so just state renal-mediation assumption 
clearly and remove age as a covariate in our model

Age and EGFR (mL/min/1.73m^2) are generally 
(negatively) correlated. Does this mean we shouldn’t 
include both covariates in our model for clearance?

However … 



We might not have sufficient prior evidence to rule out other age-related effects on clearance (e.g. 
via concomitant mediations). In this case we should err on the side of drawing the arrow: 

In this case, backdoor path (in red) tells us we should include both age and EGFR in the model :
• Decision should not be based on the correlation between the covariates (except in extreme cases)
• Decision should not be based on significance or width of confidence intervals (non-significance and 

wider confidence intervals are appropriate if we can’t isolate the direct effects of EGFR and/or age)
• Decision should be based on an understanding of the causal structure, not statistical properties

Sometimes We Absolutely Should 
Include Correlated Covariates



Respecting DAGs and Target Trials When 
We Choose Exposure Metrics 

Target trial question: 
Q: Setting aside all practical constraints, would 
it be logically possible to randomly assign 
patients to a level of “Cavg prior to AE”
A: Not possible even in principle, because the 
randomization would have to be prior to the AE, 
so “Cavg prior to AE” would not be computable 
at randomization



Respecting DAGs and Target Trials When 
We Choose Exposure Metrics 

High exposures caused earlier adverse events
Earlier adverse events caused high exposures

Stay tuned on this; 
Manuscript submitted: Wiens, French, Rogers



Hernán, Hsu, and Healy. 2019. 
Chance 32(1). 

I agree! 
Let’s do it!



Thank You!
jimr@metrumrg.com


