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Motivation

Marginal model (glm(w)) logit(P(Y=1|W=w)) =a—T1w

Conditional model (glm(w,x))  logit(P(Y=1| W =w,X =x)) = ax — xWw — X
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Motivation

Marginal model (glm(w)) logit(P(Y=1|W=w)) =a—Tw

marginal effect

Conditional model (glm(w,x))  logit(P(Y=1|W=w,X=x)) = ax — xWw — /X

University of Zurich | Epidemiology, Biostatistics and Prevention Institute

conditional effect

Susanne Dand| - NORDSTAT 2026

5



Do these models estimate the same effect,
such that 7 = 7?
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Simulation
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Why 7 # 7x?



Why 7 # 7x?
Noncollapsibility!



Different viewpoints on reasons

Viewpoint: Error variance influences effect estimate [Karlson et al. (2012); McKelvey & Zavoina (1975)]

Viewpoint: Non-linear link/transformation function [Daniel et al. (2020)]

Viewpoint: Omitted variable bias [Hauk et al. (1991)]
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Different viewpoints on reasons

Viewpoint: Error variance influences effect estimate [Karlson et al. (2012); McKelvey & Zavoina (1975)]

Viewpoint: Non-linear link/transformation function [Daniel et al. (2020)]

Viewpoint: Omitted variable bias [Hauk et al. (1991)]

= Average treatment effect in a normal linear model is not affected!
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Which one to prefer?



Marginal vs. conditional effect

“Conditional and marginal odds ratios are like apples and oranges.” [Daniel et al. (2020)]
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Marginal vs. conditional effect

“Conditional and marginal odds ratios are like apples and oranges.” [Daniel et al. (2020)]

Marginal effect

+ Effect estimate that is not influenced by
other covariates

+ Comparability
[e.g., Zhang et al. (2008), Daniel et al. (2022)]

+ No fishing expedition
[Tsiatis et al. (2008)]
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Marginal vs. conditional effect

“Conditional and marginal odds ratios are like apples and oranges.” [Daniel et al. (2020)]

Conditional effect

+ Improved inference, increased power
[e.g., Robinson & Jewell (1991), Ford et al. (1995)]

Prognostic strength

Algorithm  none  weak  moderate  strong + Correction for baseline imbalance
glm(w,x) 0.589 0.622 0.711 0.938 le.g., Steyerberg et al. (2000)]
glm(w) 0.588

Table: Estimated power
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Our mission

We want to estimate a marginal effect of a treatment of interest whose inter-
pretation is not influenced by covariates but benefits from improved infer-
ence by taking other covariates into account.

University of Zurich | Epidemiology, Biostatistics and Prevention Institute Susanne Dandl - NORDSTAT 2026

10



Strategies

1. Replace the noncollapsible effect measure by a collapsible one
[e.g., risk difference instead of odds ratio (Daniel et al. (2021)]

2. Directly adjust marginal log-odds ratios for prognostic covariates
[e.g., Y-standardisation (Tsiatis et al. (2008), Ye et al. (2024)), TMLE (van der Laan & Rubin (2006))]
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We propose to do that with
nonparanormal models!



Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]

1. Marginal model for the dependency between Y and W (independent of X!)

2. Gaussian copula for the dependency between Y | Wand X

University of Zurich | Epidemiology, Biostatistics and Prevention Institute Susanne Dandl - NORDSTAT 2026

12



Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]

1. Marginal model for the dependency between Y and W (independent of X!)

P(Y=1|W=w) = logit ' (¢; — Tw)

2. Gaussian copula for the dependency between Y | Wand X

University of Zurich | Epidemiology, Biostatistics and Prevention Institute Susanne Dandl - NORDSTAT 2026

12



Nonparanormal Adjusted Marginal Inference (NAMI)
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Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]
1. Marginal model for the dependency between Y and W (independent of X!)
P(Y=1|W=w) = logit ' (¢, — 7w)

2. Gaussian copula for the dependency between Y | Wand X

P(Y=1|W=w,X=x) =2 (Bihx(x) + B0 " (logit " (V1 — 7w)))

* In the normal world, noncollapsibility is not a problem!
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Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]
1. Marginal model for the dependency between Y and W (independent of X!)
P(Y=1|W=w) = logit ' (¢, — 7w)

2. Gaussian copula for the dependency between Y | Wand X

P(Y=1|W=w,X=x) =2 (Bihx(x) + B0 " (logit " (V1 — 7w)))

* Can handle diverse covariate types!

University of Zurich | Epidemiology, Biostatistics and Prevention Institute Susanne Dandl - NORDSTAT 2026

12



Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]
1. Marginal model for the dependency between Y and W (independent of X!)
P(Y=1|W=w) = logit ' (¢, — 7w)

2. Gaussian copula for the dependency between Y | Wand X

P(Y=1|W=w,X=x) =2 (Bihx(x) + B> " (logit " (V1 — 7w)))

* We can rank covariates by their prognostic value!
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Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]
1. Marginal model for the dependency between Y and W (independent of X!)
P(Y=1|W=w) = logit ' (¢, — 7w)

2. Gaussian copula for the dependency between Y | Wand X

PY=1|W=wX=x)=2 (Bihx(x) + (2 (logit™' (91 — Tw)))

*R? := 1 — 3, % provides a coefficient of determination!
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Nonparanormal Adjusted Marginal Inference (NAMI)
Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020)]

1. Marginal model for the dependency between Y and W (independent of X!)
P(Y=1|W=w) = logit ' (¢, — 7w)
2. Gaussian copula for the dependency between Y | Wand X

P(Y=1|W=wX=x)= (Bihx(x) + B> ' (logit " (V1 — 7w)))

* 91, T, B1, hx and 32 are jointly estimated by maximum likelihood! [Hothorn (2025)]
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Can this be generalized to
other outcome types?



Generalizations

Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020), Hothorn (2025)]
1. Marginal model for the dependency between Y and W (independent of X!)
Binary: Py=1|W=w) = (91 — Tw), T as log-odds ratio
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Generalizations

Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020), Hothorn (2025)]
1. Marginal model for the dependency between Y and W (independent of X!)
Binary: Py=1|W=w) = (91 — Tw), T as log-odds ratio
Normal:  P(Y<y|W=w)= D (J; + oy — Tw), 7 as Cohen’s d

= What if Y does not follow a normal distribution?
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Generalizations

Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020), Hothorn (2025)]
1. Marginal model for the dependency between Y and W (independent of X!)

Binary: Py=1|W=w) = (91 — Tw), T as log-odds ratio
Normal:  P(Y<y|W=w)= D (J; + oy — Tw), 7 as Cohen’s d
= What if Y does not follow a normal distribution?
Continuous: P(Y <y | W= w) = © (hy(y) — 7w), T as mean difference on latent scale
Survival:  P(Y<y|W=w) = (hy(y) — 7w) , T as log-hazard ratio
General: P(Y<y|W=w)=0G(hy(y) —Tw)
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Generalizations

Our method is based on nonparanormal models [Liu et al. (2009); Klein et al. (2020), Hothorn (2025)]
1. Marginal model for the dependency between Y and W (independent of X!)

Binary: PY=1|W=w)= (01, — Tw), T as log-odds ratio
Normal:  P(Y<y|W=w)= D (J; + oy — Tw), T as Cohen’s d
= What if Y does not follow a normal distribution?

Continuous: P(Y <y | W= w) = © (hy(y) — Tw), 7 as mean difference on latent scale
Survival: P(Y<y|W=w) = (hy(y) — 7w) , T as log-hazard ratio
General: P(Y<y|W=w)=0G(hy(y) —Tw)

2. Gaussian copula for the dependency between Y | Wand X
BY<y|W=wX=x) = (Bihx(x) + B2 (G ((y) — Tw))
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Does it fulfill our mission?



Our mission

We want to estimate a marginal effect of a treatment of interest whose inter-
pretation is not influenced by covariates but benefits from improved infer-
ence by taking other covariates into account.
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Marginal Effect Not Influenced by Covariates

/}P’(ng] W=wX=x)fx(x)dx =
= PY<y|W=w)
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Marginal Effect Not Influenced by Covariates

/]P’(ng|W:W,X:x)fx(x)dx = Ex(P(Y<y|W=w,X=X))

= Ex (@ (Bihx(x) + 5221 (G (hy(y) — Tw))))

= G(hly) —7w)
= PY<y|W=w)
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Improved Inference

Given: Normally distributed Y | W = w and X with correlation p = —)/v1122

Unadjusted standard error of Cohen’s d

SE(T) = % (%2 +2>.

Adjusted standard error of Cohen’s d

(2 (A4 A%)712 438
SE(T,\) = \/N (w)
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Improved Inference

Given: Normally distributed Y | W = w and X with correlation p = —)/v1122

1.0

0.6 0.8
| |

SE(t,A)/SE(1)

0.4

Unadjusted standard error of Cohen’s d
5 .
SE() =1/ ( . +2>
Adjusted standard error of Cohen’s d '

(2 (A4 A%)712 438
SE(T’A)_\/N( 4(1+22) ) -10 -05
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Improved Inference

Given: Normally distributed Y | W = w and X with correlation p = —)/v1122

o
Unadjusted standard error of Cohen’s d -
—~ [e¢]
= S
SE(T) = %(4+2> i
< g
g
0«
Adjusted standard error of Cohen’s d S 7
_ 2 (4272 +38
SE(T’)‘)_\/N( 4(1+22) ) -10 -05 00 05 10
P

No closed forms are offered for the logistic regression model/odds ratio
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Simulation 1 - Binary outcome, log-odds ratio

X
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Simulation 1 - Binary outcome, log-odds ratio

Prognostic strength

DGP Algorithm P none  weak  moderate  strong
binary  glm(w) P=1 0.588
glm(w, x) P=1 0.589 0.622 0.711 0.938
NAMI(glm) P=1 0.589 0.625 0.724 0.944
Table: Estimated power
Prognostic strength
DGP Algorithm P none weak  moderate  strong
binary  glm(w) P=1  0.049
glm(w, x) P=1 0049 0.051 0.050 0.055
NAMI(glm) P=1 0.049 0.053 0.050 0.058
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Simulation 1 - Binary outcome, log-odds ratio

X none weak moderate | strong
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Simulation 2 - Right-censored survival outcome, log-hazard ratio

X none weak | moderate | _strong
Continuok o
W covariate 1.0 qn
x o
Logr-:t?jard “ 0.5 19t
Binary Survival ;
treatment outcome 0.0
10000 repetitions &
Sample size N for 60% power in unadjusted analysis 'QQ\‘
*
(&)
[$)
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Conclusion

Summary of contributions
+ Marginal effect estimate unaffected by covariates
+ Reduced standard errors = improved inference
+ Works for diverse outcome and covariate types
+ Rankings according to prognostic strength
+ Implementation in tram R package available [Hothorn (2020)]
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Dandl, S., Hothorn, T.
(2026). Biometrics.
Volume 82, Issue 2,

doi:10.1093/biomtc/ujag065
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Conclusion

Dandl, S., Hothorn, T.
(2026). Biometrics.
Summary of contributions Volume 82, Issue 2,
doi:10.1093/biomtc/ujag065

+ Marginal effect estimate unaffected by covariates
+ Reduced standard errors = improved inference
+ Works for diverse outcome and covariate types
+ Rankings according to prognostic strength

+ Implementation in tram R package available [Hothorn (2020)]

Limitations
— Empirical size distortions for large P
— Assumes monotonicity of prognostic effect
— Assumes a constant, non-varying treatment effect [wuethrich & Hothorn (2026)]
— Lack of theoretical assessment of robustness properties
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Misspecification

M1: Survival outcome with a misspecified marginal model [Aalen & Raysland (2015)]
M2: Binary outcome with a misspecified Copula model (quadratic prognostic effect)

Method  SurvivalM1  Binary M2 Method  SurvivalM1  Binary M2

Ml 0.526 0.440 Ml 0.055 0.052

LT™M 0.981 0.436 LT™M 0.051 0.051

NAMI 0.904 0.436 NAMI 0.036 0.052
Table: Power Table: Empirical size

University of Zurich | Epidemiology, Biostatistics and Prevention Institute Susanne Dandl - NORDSTAT 2026

22



Misspecification

M1: Survival outcome with a misspecified marginal model [Aalen & Raysland (2015)]
M2: Binary outcome with a misspecified Copula model (quadratic prognostic effect)

Method Survival M1 Binary M2 Method Survival M1 Binary M2
Ml 0.526 0.440 MI 0.055 0.052
LT™M 0.981 0.436 LT™M 0.051 0.051
NAMI 0.904 0.436 NAMI 0.036 0.052
LRCL 0.660 LRCL 0.052
YSTD 0.436 YSTD 0.052
TMLE 0.429 TMLE 0.050
TMLEXGB 0.429 TMLEXGB 0.047

Table: Power Table: Empirical size
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