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Why subgroup analyses matter

e Subgroup analyses assess whether treatment effects differ across predefined
patient groups, supporting more targeted clinical interpretation.

e RCTs are often underpowered to detect differences in subgroups [2, 8].

e Subgroup comparisons motivated careful meta-analytic methods for
treatment—covariate interactions [5, 6, 1, 7, 15].
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Why meta-analysis becomes difficult

e Subgroup-MA estimates effects within subgroups; interaction-MA estimates
within-trial effect differences.
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Why meta-analysis becomes difficult

e Subgroup-MA estimates effects within subgroups; interaction-MA estimates
within-trial effect differences.

e Such subgroup comparisons may partly reflect between-trial differences
(ecological bias).!

o Different analyses may therefore yield seemingly contradictory estimates.

e Subgroup-specific meta-analysis is appropriate as long as viewed in isolation.

1“Synthesis-generated evidence” described by Cooper [4]
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What is already known and what this work adds

Already known

e Estimates align when subgroup e A new data model.
prevalences are similar. e Inference on interactions using

e Estimators may ensure algebraic subgroup-specific data.
matching [7, 10] e Transparent reporting of

subgroup-specific effects.
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Relapse rate reduction by age and
disability score subgroups




Prevalence
(n/N)

DEFINE
Younger 224 (55%)
Older 186 (45%)
FREEDOMS
Younger 282 (66%)
Older 143 (34%)
CONFIRM-B
Younger 208 (58%)
Older 151 (42%)
CONFIRM-C
Younger 215 (61%)
Older 135 (39%)
ADVANCE
Younger 320 (62%)
Older 192 (38%)
AFFIRM
Younger 399 (64%)
Older 228 (36%)
TEMSO
Younger 329 (46%)
Older 392 (54%)
‘Younger
Older

03 0.6
Relapse rate ratio (RR)

Subgroup
(95% interval)

0.37 (0.26, 0.53)
0.66 (0.45, 0.96)

0.33 (0.25, 0.43)
0.76 (0.53, 1.08)

0.53 (0.38, 0.74)
0.64 (0.39, 1.04)

0.58 (0.42, 0.81)

= 1.03 (0.66, 1.61)

0.71 (0.53, 0.95)
0.52 (0.32, 0.84)

0.28 (0.21, 0.38)
0.45 (0.32, 0.63)

0.64 (0.46, 0.91)
0.72 (0.53, 0.98)

0.46 (0.40, 0.54)
0.64 (0.54, 0.76)

Interaction
(95% interval)

— O »175(1.04,294)

—— »2.30 (1.48,3.59)

1.21(0.67, 2.19)

— 65— 1.77(1.02,3.08)

— 0.73 (0.42, 1.29)

—_— O »161(1.02,252)

1.12(0.71,1.77)

—— 1.44 (1.1, 1.86)

1.0 15 20
Ratio of relapse rate ratios (RRR)

Age < 40 vs. age > 40 years: subgroup-specific RRs and interaction RRRs.
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Prevalence Subgroup
(n/N) (95% interval)

DEFINE
Lower EDSS 336 (82%) —a— 0.41(0.31, 0.55)
Higher EDSS 73 (18%) ——=——1—%0.72(0.39, 1.32)
FREEDOMS
Lower EDSS 363 (85%) —=— 0.48 (0.38, 0.60)
Higher EDSS 62 (15%) ¢———&———— 0.34 (0.20, 0.58)
CONFIRM-B
Lower EDSS 299 (83%) = 0.57 (0.42, 0.79)
Higher EDSS 60 (17%) ——————=———1— 0.63(0.36, 1.12)
CONFIRM-C
Lower EDSS 290 (83%) —_— 0.69 (0.51, 0.94)
Higher EDSS 60 (17%) ————=—1—0.83(0.49, 1.40)
ADVANCE
Lower EDSS 423 (83%) —a— 0.59 (0.45, 0.78)
Higher EDSS 89 (17%) —————————=—1—»0.88(0.48,1.62)
AFFIRM
Lower EDSS 548 (87%) ——H—— 0.31 (0.24, 0.40)
Higher EDSS 79 (13%) _— 0.49 (0.31, 0.78)
TEMSO
Lower EDSS 557 (77%) —8— 0.60 (0.47,0.77)
Higher EDSS 164 (23%) ——&1—»0.91(0.59, 1.41)
COP1 PILOT
Lower EDSS 13 (52%) ¢—— 0.09 (0.03, 0.28)
Higher EDSS 12 (48%) 0.38 (0.20, 0.73)
Lower EDSS -’- 0.49 (0.44, 0.55)
Higher EDSS L 0.62 (0.52, 0.74)

0.3 0.6 1.0
Relapse rate ratio (RR)

EDSS? < 3.5 vs. EDSS > 3.5:

Interaction
(95% interval)

1.74 (0.89, 3.40)

— 0.71 (0.40, 1.26)

1.10 (0.57, 2.11)

1.20 (0.65, 2.20)

1.49 (0.76, 2.92)

1.58 (0.93, 2.68)

1.52 (0.92, 2.52)

—»4.22(1.13,15.82)

—— 1.35 (1.07, 1.73)

1.0 15 20
Ratio of relapse rate ratios (RRR)

subgroup-specific RRs and interaction RRRs.

2EDSS: Expanded Disability Status Scale (3.5 = “no walking impairment”)
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The problem of varying study contributions
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Bubble plots show subgroup-specific effects by information fraction. The ecological slope can mix
within-trial subgroup differences with between-trial case-mix variation.
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Contribution-adjusted Meta-analysis by
Subgroup (CAMS)

CAMS is a contribution-centered model that includes the ecological slope :

vii = aj+ B +(xi— )+ e,

&ij | 0ij ~ Normal (0, U;Zj)-
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Contribution-adjusted Meta-analysis by
Subgroup (CAMS)

CAMS is a contribution-centered model that includes the ecological slope :
e X;i: subgroup indicator,

vii = aj+ B +(xi— )+ e,
xgj = 1 and xp; = 0.

gij | oij ~ NormaI(O, U;zj).
e o: baseline effect.
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Contribution-adjusted Meta-analysis by
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CAMS is a contribution-centered model that includes the ecological slope :

vi=aj+ Bmi+v(xi— m )+ e ® Xx;;: subgroup indicator,
&ij | 0ij ~ Normal (0, 0,-2j). xgj = 1 and xaj = 0.
e o baseline effect.
e -v: within-trial interaction.
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in estimates.
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Contribution-adjusted Meta-analysis by
Subgroup (CAMS)

CAMS is a contribution-centered model that includes the ecological slope :

vi=aj+ Bmi+v(xi— m )+ e ® Xx;;: subgroup indicator,
&ij | 0ij ~ Normal (0, 0,-2j). xgj = 1 and xaj = 0.
e o baseline effect.
e -v: within-trial interaction.
o B # 0 (ecological) slope
may lead to misalignment
in estimates.

Motivated by treatment—covariate interactions in individual participant data (IPD) [11].
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Equivalence of Interaction-MA and CAMS

—2

0- H . - .
—2— the (rotated) likelihood factorizes as:
T4 195

&i ¥ 'r,ﬁ +crij+cféj 0
( o > Mormel [(O‘JHSWJ) ' ( 0 T+ (- m) o + mog;) |

With the information fraction 7; =
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Equivalence of Interaction-MA and CAMS

—2

0- H . - .
—2— the (rotated) likelihood factorizes as:
T4 195

&i ¥ 'r,ﬁ + crij + aéj 0
( mj ) Normal [(a + ﬁﬂy) ' ( 0 7+ (1 —m)’0a + ok ) |

e Separates out interaction and treatment effect information.

With the information fraction 7; =
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Equivalence of Interaction-MA and CAMS

—2

o- H . - .
—2— the (rotated) likelihood factorizes as:
T4 195

&i ¥ 'r,f + crij + aéj 0
( mj ) Normal [(a + ﬁﬂy) ' ( 0 7+ (1 —m)’0a + ok ) |

e Separates out interaction and treatment effect information.

With the information fraction 7; =

o mj:=myaj + (1 — ;) ysj: overall treatment effect (combined population).
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Equivalence of Interaction-MA and CAMS

—2

With the information fraction 7; = % the (rotated) likelihood factorizes as:
9Bj

; 2 2 2
& ~ Normal v , Ty Ot 0B 0 2 .
mj a+ B 0 T —&—(1—713) O'AJ-‘r O'BJ

e Separates out interaction and treatment effect information.
o mj:=myaj + (1 — ;) ysj: overall treatment effect (combined population).

e Prevalences (pj) coincide with information fractions (7;) [13] under
the unit-information standard deviation (UISD) [12] assumption
nBj/aﬁ nBj

=~ =
J 2 2
naj/od + ngj/od naj + ngj

= pj!
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Interaction inference
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Contribution adjustment recovers interaction-MA inference in the presence of subgroup

contribution variation.



Dependence of estimates on the information
fraction

Minimizing credible interval width
0.0
[9]
] 2
£ Y-o5
2 2
= 2
© (%]
E -§ -1.01 EDSS
E? ey ® <35
P [ ® >35
= o
= T 151
o g
S [ %
3 11 ! &
e : g 20
I o
|
i
! -25
0 0z 04 06 02 03 04 05 06
Information fraction Information fraction (EDSS 2 3.5)

The shortest interval may be statistically efficient, but can be optimistic and sensitive to observed
trial composition.



Age example

Interaction-MA
‘Younger
Older

Subgroup-MA
‘Younger
Older

CAMS
‘Younger
Older

e The overall information fraction (overall-IF) is given by

. Z- Wi
5 o

Subgroup
(95% interval)

0.3 0.7
Relapse rate ratio (RR)

Interaction
(95% interval)

—4@—  144(111,186)
—4@—— 1.40(1.04,1.87)
—4@—  144(111,186)

10 15 20

Ratio of relapse rate ratios (RRR)

+
—
0.3 0.7

Relapse rate ratio (RR)

Overall
(95% interval)

0.54 (0.43, 0.67)

0.54 (0.39, 0.74)

Interaction helerugeneity(rv): Interaction-MA 0.29(0.02; 0.68)  Subgroup—MA 0.37(0.09; 0.75) CAMS 0.29(0.02; 0.67) Overall-IF (%): 40.0(39.6; 40.7)

where W

ZjWJ"

1

2 252 2 2
72+ (1 — mj)%0%; + mjog; T



EDSS example

Subgroup Interaction Overall
(95% interval) (95% interval) (95% interval)
Interaction-MA
Lower EDSS + 1.35(1.07, 1.73) + 0.51(0.41, 0.63)
Higher EDSS
Subgroup-MA
Lower EDSS -’- 0.49 (0.44, 0.55) + 1.26 (0.98, 1.61)
Higher EDSS —&— 062 (0.52,0.74)
CAMS
Lower EDSS —— 0.47 (0.36, 0.63) —— 1.35 (1.06, 1.73) —— 0.51 (0.39, 0.67)
Higher EDSS ——» 0.64 (0.45, 0.92)
—_—— —_— —_——
0.3 0.7 1.0 15 2.0 0.3 0.7
Relapse rate ratio (RR) Ratio of relapse rate ratios (RRR) Relapse rate ratio (RR)

Interaction helerugeneity(rv): Interaction—-MA 0.21(0.01; 0.60) Subgroup-MA 0.25(0.02; 0.60) CAMS 0.22(0.01; 0.60) Overall-IF (%): 25.0(24.1; 26.8)

e COP PILOT 1 has little weight overall but high leverage in the interaction
analysis.



Uncertainty propagation

Prevalence Approximate predictive density
(95% interval)
DEFINE — MAP samples
- 0.18/(0.14,0.22) — m-B(5,21)
FREEDOMS
e 0.15 (0.11, 0.18)
CONFIRM-B
= 0.17 (0.13,0.21)
CONFIRM-C
= 0.17 (0.13,0.21)
ADVANCE
= 0.17 (0.14,0.21)
AFFIRM
= 0.13(0.10, 0.15)
TEMSO
= 0.23 (0.20, 0.26)
COP1 PILOT
_— 0.48 (0.28, 0.68)
Pooled prevalence —— 0.19(0.14, 0.25)
Predicted p 0.20 (0.08, 0.39)
0.25 0.50 0.75

Predictive prevalence for a new trial is approximated by a Beta distribution and can be propagated
into subgroup-effect uncertainty.
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Take-home messages

e Varying subgroup contributions can make subgroup-MA and interaction-MA
disagree.

e After contribution adjustment, subgroup-data inference is equivalent to
interaction-MA, including the interaction heterogeneity .

e Subgroup-specific and overall effects can still be reported, but depend on a
reported information fraction.

e Uncertainty propagation is especially useful to rule out a non-representative
subgroup case mix.
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Extensions and implementation

e CAMS can be used with Bayesian, likelihood, or frequentist formulations.

e Implementation is straightforward using standard R packages such as brms [3]
and metafor [14].

e Extensions to multi-arm and network meta-analysis settings are natural future
directions.

e Prior specification remains important when only a small number of trials are
available.

Georg-August-Universitat Gottingen 22/26



GEORG-AUGUST-UNIVERSITAT UN|VERS|TAT"SMEDIZIN . U MG
COTINGEN GOTTINGEN =

Thank you for your attention

E-Mail rvpanaro@gmail.com = linkedin.com/in/rvpanaro = rvpanaro.github.io

Pre-prints on arXiv

Renato Panaro, Christian Rdver and Tim Friede. “Subgroup comparisons within and across
studies in meta-analysis”. inarXiv preprint arXiv:2508.15531: (2025)

Renato Panaro, Christian Rover and Tim Friede. “Consistent Bayesian meta-analysis on subgroup
specific effects and interactions”. inarXiv preprint arXiv:2512.18785: (2025)
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