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Standfir st
(143 words; max 150)

Systematic reviews with network meta-analysis (NMA) frequently evaluate complex
interventions combining multiple healthcare interventions (known as components). Components
may act separately of each other or in conjunction with other components, synergistically or
antagonistically. Component effect estimation is crucial to produce relevant and clinically
meaningful evidence. However, standard NMA cannot quantify individual component effects of
complex interventions. This study presents methods for modeling complex interventions and
highlights the advantages and limitations of component NMA (CNMA). CNMA enables the
estimation of individual component effects, whether additive or interactive. Interaction CNMA
can be considered an extension of the additive CNMA model that includes interaction terms. We
give practical guidance on how to carry out these analyses via empirical examples, which
showcase both the strengths and limitations of CNMA. Implementing CNMA models is complex
and requires the skills of a multidisciplinary team including clinicians, methodol ogists, and

statisticians.


https://doi.org/10.1101/2025.06.30.25330567
http://creativecommons.org/licenses/by/4.0/

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

medRxiv preprint doi: https://doi.org/10.1101/2025.06.30.25330567; this version posted July 1, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY 4.0 International license .

Summary points

(Up to 4 sentences)

1. CNMA providesthe opportunity to disentangle the effects of components of complex

interventions and assess their efficacy or safety, accounting for potential interactionsin
component combinations.

Under the additivity assumption, CNMA assumes that the total effect of a complex
intervention isthe sum of itsindividual component effects (e.g., if component A lowers a
symptom score by 2 points and B by 1 point, A+B is expected to lower it by 3 points), while
interaction CNMA is used when there is evidence of violation of additivity and the combined
effect differs due to synergy or antagonism.

Interaction CNMA can be considered a compromise between additive CNMA and standard
NMA, but selecting interaction terms requires clinical, statistical, and methodological

considerations.

. Clinicians and other knowledge users should be engaged in the selection of interaction

CNMA models to ensure biological plausihility.
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I ntroduction

Systematic reviews frequently evaluate complex interventions that combine multiple
healthcare interventions—called components—to achieve important patient and health system
outcomes.™ 2 Clinicians and patients may want to know the safest and most effective individual
component and combination of components amongst many identifiable components and
combinationsto treat or prevent a given condition. For example, non-pharmacological
interventions, such asfall prevention interventions,® usually share common components that
relate to the nature of the intervention (e.g., fall prevention devices, social engagement, cognitive
behavioral therapy), the provider (e.g., clinician, nurse, layperson), the intensity (e.g., daily,
weekly), setting (e.g., hospital, home, community) and the mode of ddlivery (e.g., virtualy, in-
person). Quantitative methods—such as component network meta-analysis (CNMA), an
extension of standard network meta-analysis (NMA)—can compare complex interventions and
their separate component effects in a single model.™ 2 Unless some combinations of interventions
are treated as having the same efficacy, sometimes referred to lumping interventions (see section
When is a component network meta-analysis useful?), a standard NMA estimates the effects of
entire interventions (e.g., the fall prevention intervention combining calcium and vitamin D vs
usual care). However, a CNMA estimates the individual effects of each component (e.g., calcium
alone vs usual care and vitamin D alone vs usual care). This component-level insight supports
more informed clinical decision-making and guideline development because it enables clinicians
and policymakers to identify which components drive the effectiveness of interventions, alone or
synergistically, and which combinations may be redundant or antagonistic.>

Tsokani et al.? recently provided a description of the advantages and limitations of

CNMA compared to standard NMA. In this paper, we present approaches to modelling complex
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96 interventionsusing real-life examples; elaborate on when a CNMA is needed; emphasize the
97  importance, advantages, and limitations of CNMA; give practical guidance on how to carry out

98 theseanalyses; and provide readily available R code for data modeling and visualization.

99 Motivating examples

100 For our primary motivating example, we used data from 106 randomized controlled trials
101 (RCTs) of 8,816 adults undergoing surgery that assessed prehabilitation interventions for the
102  prevention of post-operative complications.” In these RCTs, individuals were allocated to receive
103 aprehabilitation intervention comprised of one or more of the following components: exercise
104  (EXE), nutrition (NUT), cognitive (COG), or psychosocia (PSY); an active comparator

105 intervention; or usual care (UC) (an inactive comparator; reference group). The outcome of

106 interest was binary, defined as the occurrence of any post-operative medical or surgical

107  complication during the initial hospital stay or within 30 days following surgery. Asthiswas a
108 negative outcome, odds ratios less than one indicated a beneficial effect of the intervention.

109  Seven active interventions were compared to UC and formed a network of trials with one loop
110 dueto asinglethree-arm study (Figure 1b). In addition to the four single-component

111  interventions (EXE, NUT, COG, PSY), three complex interventions were assessed in the

112  digible RCTs: EXE + NUT, EXE + PSY, EXE + NUT + PSY. Data are presented in Appendix
113 1. Theevidence graph and selection of components were informed by data available in the

114  literature and input from the research team. Team-wide questionnaires were used to identify key
115  prehabilitation components and prioritize critical outcomes for analysis, while a broader

116  taxonomy was pre-specified at the protocol stage.* °

117 In the main text, weillustrate key CNMA concepts using the prehabilitation intervention

118  example.* Two additional examples, presented in Appendices 1-9, demonstrate real-world
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119 complexities of applying CNMA to complex interventions. one focusing on the prevention of
120 fall-related fractures® and the other on improving quality of life through knowledge translation
121  strategies.® The nature of these two additional examples is quite different, highlighting both the
122 strengths and limitations of CNMA. The example of fall prevention interventions® shows where
123 CNMA isparticularly helpful in asmplified analysis that performs well. In contrast, the

124  example of knowledge translation interventions’ suggests that CNMA is less likely to offer

125 improvements over NMA, given the complex interactions between components. In this case,

126  higher-order interactions seem necessary, bringing the CNMA mode closer to the standard

127 NMA. While CNMA can streamline some analyses, it may struggle to outperform NMA in more

128  complex scenarios.

129 What isa component network meta-analysis?

130 The complexity of an intervention liesin itsincluded components, which may act

131  independently of or in conjunction with each other. Components reflecting the nature of the
132  intervention may interact with each other or with other intervention characteristics, such as
133  behaviours of those delivering (e.g., clinician, nurse, layperson) or receiving the intervention,
134  groups targeted by or delivering the intervention, and the intensity (e.g., daily, weekly), setting
135 (eg., hospital, home, community), and mode of delivery (e.g., virtually, in-person) of the

136  intervention.' In our prehabilitation example, consider an RCT assessing the efficacy of a

137  complex intervention consisting of two components, EXE and NUT, compared with UC in
138  preventing post-operative complications. Although we can estimate the effect size of this

139 complex intervention by considering it as a single treatment, a question of perhaps greater

140 clinical interest may pertain to the relative merits of the individual components (EXE and NUT).

141 A potential design to answer this question would be afactorial RCT, wherein participants are
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142  randomized to receive one of four potential options: EXE, NUT, both EXE and NUT

143  (conventionally labeled “EXE + NUT”) or neither EXE nor NUT, i.e., UC. Unfortunately, this
144  designisnot commonly encountered due to the increased resources required, reducing

145 feasibility.”

146 If multiple RCTs exist, we typically conduct a standard NMA to evaluate the relative
147  efficacy of theinterventions of interest.®  However, standard NMA cannot quantify the effects
148  of individual components from complex interventions. Consider a scenario in which an NMA of
149 interventionsincluding EXE, NUT, and COG for prevention of post-operative complications
150  suggests EXE has alarge effect, EXE + NUT has asmall effect, and EXE + NUT + COG hasa
151 large effect, where the same components (EXE and NUT) are included in the most and least
152  efficaciousinterventions. Thisincreases the difficulty of relating components to efficacy. To
153 develop tailored recommendations to optimise patient care and better alocate finite health care
154  resources, it isvital to disentangle the effects of each component of the prehabilitation

155  interventionsusing CNMA.? CNMA can estimate a separate effect for each individual

156  component of complex interventions.™ For example, the efficacy of the EXE and NUT

157  components can be estimated separately and in combination, without requiring direct evidence

158  from previous RCTs by borrowing information from trials sharing each of the components.

159  When isa component network meta-analysis useful ?

160 CNMA allows usto derive estimates of the effects of individual components, even when
161 ddivered in combination. Exploring intervention components in a network of trials can help with
162 @) exploring clinical heterogeneity, b) gaining insights into how an intervention works and the

163 driversof its effect, c) identifying effective components, and d) informing the design of future
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164  studies, particularly regarding what components and their combinations may be most promising
165 toassess.

166 A key question is: how should we analyse complex interventions? This depends on the
167 research question. If the purpose of the systematic review is to address whether the underlying
168 classof interventions works as awhole (e.g., ‘do prehabilitation interventions as a whole work
169 compared to usual care?’), then lumping all interventionsinto a single group and performing
170  analyses using a single-effect model is appropriate (i.e., a pairwise meta-analysis; Figure 1a)."
171 ™' However, thismodel provides limited information for clinical practice or implementation
172  decisions, since different interventions (and their underlying components) are ignored using this
173  approach. A single effect model assumes that intervention (and component) effects are

174  equivalent, and a single effect at the intervention class level is estimated. Lumping all

175 interventions (and their components) in asingle group may also increase or mask heterogeneity
176  (eg., combining strong and weak intervention effects can increase heterogeneity and hide

177  vauableinformation).

178 If the purpose of the systematic review is to investigate which types of interventions are
179  most effective and how they compare to each other (e.g., ‘which prehabilitation interventions
180 [combinations of components] work?’), then considering each unique combination of

181 components as a separate node within the evidence network and performing a standard NMA
182  might be more appropriate (Figur e 1b)."**> Applying standard NMA methods considers each
183  unique combination of components as a separate intervention and thus estimates an intervention-
184  level effect for each unique combination of components.’® *’ Thisis the standard analysis of a
185  network of trials provided by most meta-analytical software (e.g., netmeta packagein R™).

186  Separating all unique combinations of components into distinct nodes can reduce heterogeneity
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187  inthe network when compared to the single-effect mode (i.e., pairwise meta-analysis) described
188  above.’®? |n standard NMA, unique combinations of components exhibit sufficiently

189 noteworthy dissimilarities to justify separate categorization. However, standard NMA ignores
190 any potential relationships between combinations of components (e.g., EXE + NUT) and the
191 individua components (e.g., EXE, NUT) that are part of the combination. The individual

192  components are considered unrelated; however, component effects may be additive or different
193  setsof components may interact with each other to decrease or increase the effect. The standard
194 NMA model cannot separate the effects of the different componentsincluded in a network of
195 triasand cannot estimate their contribution to the network effects. Also, certain components
196 may be effective in some combinations but not in others, which increases the difficulty in

197  making inferences about component effects. When multiple components are assessed in unique
198 combinationsinthe digibletrials, ssandard NMA may have a sparse network with limited data
199  points per intervention comparison, an increased number of parametersin the model, and

200 decreased statistical power. In contrast, CNMA can be an improvement over standard NMA in
201  such situations by borrowing strength across studies with common components, reducing the
202  number of parameters estimated, and enabling the estimation of component-specific effects—
203  thereby increasing interpretability.

204 If the purpose of the systematic review is to address which individual components are
205 more effective (e.g., ‘which components of prehabilitation interventions work?’) then CNMA is
206  appropriate (Figure 1c).** " # CNMA models are a generalization of NMA models, where
207  complex interventions can be analysed by assuming additive or interactive components.

208  Additivity in CNMA assumes that the effect of a complex intervention isthe sum of the effects

209  of itscomponents (i.e., acomplex intervention including EXE and NUT [i.e., EXE + NUT] has

10
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210 anintervention effect equal to the sum of theindividual component effects of EXE and NUT).
211  Additionally, CNMA can consider interactions to allow synergistic (positive interactions) or
212  antagonistic (negative interactions) effects between components. The use of interactions allows
213  ustorelax the additivity assumption. A CNMA model with all possible interactions (i.e., all

214 unigue combinations of components with direct evidence), called the full interaction model, is
215  equivalent to the standard NMA.'" These models are discussed further in the next section.

216 CNMA dlows usto explain heterogeneity by exploring differencesin the effects of the

217  intervention characteristics (e.g., nature, provider, intensity, setting, and mode of delivery of
218  intervention). In standard NMA, intervention effects are derived only from the studies that

219 evauated the specific combinations of components. However, in CNMA, the component effects
220 arederived from all studiesthat evaluated interventions that contain the components of the

221  CNMA. Thisborrowing of information effectively increases the power to detect differences
222 between components, and hence their combined effects (i.e., the intervention effects).’

223 CNMA models can also be performed to reconstruct disconnected networks,? as long as
224 complex interventions in each network share common individual components and there is strong
225  clinical evidence of additivity. For example, if prior studies or expert consensus suggest that the
226  effectsof individual components (e.g., EXE and NUT in prehabilitation) are independent and
227  expected to combine without interaction. Strong clinical evidence for additivity must exist

228  because the additivity assumption cannot be assessed statistically in disconnected networks.*’
229  Additivity can be assessed by comparison of the CNMA with the standard NMA, if the network
230  isconnected. However, the standard NMA cannot be performed on a disconnected network.? As
231 anexample, let us consider a network of 10 unique combinations of components (including UC)

232  presented in Figure 1d. This network includes 107 two-arm studies comparing combinations of

11
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233  components with UC, one two-arm study comparing two active combinations of components
234 (EXE vsEXE + PSY), and one two-arm study comparing two unigue combinations of

235 components (COG + PSY vs NUT + PSY). Thetwo-arm study COG + PSY vs NUT + PSY
236  isnot connected to the remaining network of trials, and hence two disconnected networks are
237  formed. CNMA models can reconnect the disconnected networks, as long as there are common
238  components across the two networks. Since the components COG, PSY, and NUT are common
239  within the two networks, their efficacy can be estimated using the CNMA mode (Figure 1d).

240 (Figure 1 here)

241 Figure 1. Network diagrams depicting different research questions on the prevention of post-operative complications.
242 Nodes represent different combinations of components evaluated within each model and edges depicting studies

243 comparing the different combinations of componentsthey connect. Thickness of solid linesis proportional to the number
244 of studiesincluded in the group comparison, and node sizeis proportional to the number of patientsincluded in the
245 underlying group. Dashed linesrepresent joints added by component network meta-analysis model between different
246  combinations of components sharing common components.

247  Should we choose additivity or interaction component network meta-analysis?
248 Depending on how the effects of individual components are related to each other (e.q.,
249  additive or interactive), CNMA may be categorized as a) an additive CNMA or b) an interaction
250 CNMA. Interaction CNMA can be considered an extension of the additive CNMA model that
251  includesinteraction terms. These models have been described both in Bayesian™* and frequentist

252  settings.’

253  Additive component networ k meta-analysis model

254 The additive CNMA model assumes that there is a separate and independent effect for
255  each of the components of a complex intervention. Under the additivity assumption, the total
256 intervention effect isthe sum of the relevant component effects. That is, the effect of the

257  combination of components EXE + NUT (including two components EXE and NUT) against

258 UC isequal to the sum of the individual component effects of EXE versus UC plusthe

12
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259 individual component effects of NUT versus UC.* 13152123 |f the effect estimate isalog odds
260 ratio (LOR), then LORgxg + NuTvs. uc = LOREgxgvs uc + LORyuTvs uc- Thisapproach can
261 readily be extended to combinations of components consisting of more than two components.
262  Whilethismodel can theoretically predict the effects of component combinations not evaluated
263 intheincluded trials, such predictions should be viewed as exploratory and interpreted with

264  caution.'’

265 Under the additivity assumption, the comparative effects of common componentsin

266  pairwise comparisons against the same component (e.g., NUT) cancel out.* " Therefore, the
267  effect of EXE + NUT vs. NUT isidentical to theincremental effect of EXE alone (or smply the
268 effect of EXE vs. UC). If desirable, it is possible to define a single component as inactive which
269 meansthat adding it to any combination of active components does not affect the underlying

270 intervention effect. For example, assuming that UC is an inactive component, the effect of EXE
271  + NUT vs. UC isidentical to theincremental effect of EXE + NUT because the effect of UC is
272  assumed to be zero. If UC is considered an inactive component, intervention effects will be

273  relativeto UC, which isassumed to have no impact when combined with other interventions.
274  However, if no inactive component (e.g., UC, control, placebo) is chosen or availablein the

275 RCTs, incremental intervention effects will be relative to no intervention. The choice of an

276  inactive component isimportant as it impacts the parameterization of component effects, and it is
277  assumed that the comparison of an inactive vs. an active component leads to the active

278  component’s net effect.’” Whether an inactive component is considered in a CNMA is at the

279  discretion of the review authors and should be guided by clinical expertise.

280 Interaction component networ k meta-analysis model

13
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281 Additive CNMA assumes that there is no interaction between components. However,

282  clinically, components may interact with each other (i.e., the effect of a component may differ in
283  the presence of another component), and additive CNMA may lead to biased estimates of

284  component effects. If the additive CNMA does not fit the datawell (i.e., the additivity

285 assumption is not met), then relaxing the additivity assumption and assuming interactions

286  between componentsin an interaction CNMA model may be appropriate to explore which sets of
287  component effects are synergistic or antagonistic.

288 The interaction CNMA model is an extension of the additive CNMA model that includes
289  additional terms for component interactions that may account for higher (synergistic) or lower
290 (antagonistic) intervention effects than the sum of the component effects alone.™** % A two-way
291 interaction CNMA model allows pairs of components within interventions to interact, resulting
292  inpotentialy lower or higher component effects compared to the additive effects of the two

293  components. In our illustrative example, atwo-way interaction model answers the question: ‘Are
294  prehabilitation interventions containing specific pairs of components violating the additivity

295 assumption?’ For example, the effect of the combination of components EXE + NUT, where
296 components EXE and NUT have an interaction effect, is.

297 LORgxe 4+ nuTvs. uc = LORgxevs. uc + LORnutvs uc + LORgxe«NuTvs. UC- [N Other words,
298  when exercise isimplemented along with nutrition to prevent post-operative complications, their
299 combined effect is amplified (or suppressed) by a specified amount (i.e., the effect of the

300 interaction term). Overall, there are three possible situations regarding the relationship between
301 EXE and NUT components for prevention of post-operative complications:

302 1) thereis minimal or no interaction between EXE and NUT, leading to LORgxg.NuT

303  being approximately zero (or ORgxg.nuT=1);

14
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304 2) the interaction is positive (synergistic) between EXE and NUT, where LORgxg.NuT 1S
305 negative (or ORgxg.nuT<1), SUggesting the log-odds of post-operative complications are

306 reduced, and hence EXE and NUT together are more protective than expected from their

307  individual effects; or

308 3) theinteraction is negative (antagonistic) between EXE and NUT, where

309 LORgxg.nuT ISpOSitive (or ORgxg.nuT>1), SUgQgesting the log-odds of post-operative

310 complications are increased, and hence the combined effect isless protective than expected.

311 The direction of effect of the interaction would be the opposite for beneficial outcomes
312 (eg., quality of life). Specifically, LORgxg.yuT < O indicates a negative interaction, meaning
313 EXE and NUT together are less beneficial than expected; e.g., their combined use reduces

314  improvementsin quality of life. However, LORgxg.nyuT > 0 indicates a positive interaction, with
315 EXE and NUT combination enhancing benefits more than either component alone.

316 In principle, the interaction CNMA model can incorporate interaction terms for each

317  unique combination of components found in the dataset and, hence, can include interactions

318  between two or more components. As explained above, including all estimable interactions of all
319 ordersfound in the dataset would lead to the standard NMA mode (i.e., the full-interaction

320 model)."” However, there is atrade-off between mode fit and estimation precision; as more

321 interaction terms are added to the model, the number of parameters to be estimated increases,
322  decreasing precision and eventually statistical power. Ideally, interaction terms should be defined
323 apriori based on their clinical plausibility as determined by clinical expertise and the literature;
324  an entirely data driven approach is discouraged (i.e., testing all possible interaction models). In a
325 frequentist setting, adding interaction terms for component combinations that are missing from

326 thedataset isnot possible, since these are not estimable (i.e., the design matrix on the active
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327  components cannot be defined for a non-existent combination of components).™ These

328  interactions cannot be validated since there is no direct evidence for examination.*’ In a Bayesian
329  setting, this could, in principle, be achieved by incorporating informative priors. However,

330 careful consderation would be needed when selecting these priors, as they can be expected to
331 strongly influence the posterior distribution, provided that there is no direct evidence from the
332 data. The power to estimate and detect evidence of interactionswill be limited by the availability
333  of data on the unique combinations of components.

334 In the following, we focus on the inclusion of identifiable interaction terms, applicable to
335  both frequentist and Bayesian settings. Overall, interaction CNMA is an extension of additive

336 CNMA and acompromise between additive CNMA and standard NMA.

337 How do wefit a component networ k meta-analysis?

338 Mode selection

339 Initially, an additive CNMA modd isfitted and assessed to determine whether the

340  additivity assumption is met. The additivity assumption can be assessed by comparing the effects
341  of different combinations of component pairs: for example, does it appear that the effect of EXE
342  vs. NUT equalsthe effect of EXE + COG vs. NUT + COG and the effect of EXE + COG +
343 PSY vs. NUT + COG + PSY?A statistical test to assess the additivity assumption, proposed by
344  Ricker et a,* is based on comparing the Q heterogeneity statistics from the NMA and CNMA
345 models. The difference between the Q statistic for the additive CNMA mode (Qadq, Which has
346 fewer parameters) and the Q for the NMA model (Quma, Which has more parameters) can be
347  used to inform which mode fits the data better®®. This approach is analogous to a test of

348  subgroup differencesin pairwise meta-anaysis; for instance, comparing the effect of EXE vs.

349  NUT across three subgroups:. @) no additional therapy, b) COG added, and ¢) COG + PSY

16


https://doi.org/10.1101/2025.06.30.25330567
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.06.30.25330567; this version posted July 1, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

350 added. A statistically significant difference in Q suggests that the additivity assumption is not
351 met, and further model exploration with interaction terms should be considered. Thistest can
352  only be applied to connected networks'” % (e.g., Figure 1c). When the additivity assumption is
353 met, compared to standard NMA, the additive CNMA model can increase precision of estimated
354 component and intervention effects, while also yielding results that are expected to be

355  unbiased.”

356 When the additivity assumption is not met, suggesting the need for an interaction CNMA
357 model, model selection can be guided by changes in the Q statistic in a frequentist setting or
358 deviance information criterion in a Bayesian setting. In a frequentist setting, similar to the test of
359 the additivity assumption, the difference between the Q statistics (i.e., Q for additive CNMA
360 [Qadq andthe Q for the interaction CNMA [Qir]) can be used to exploreif adding single

361 interaction termsimprovesthe fit over the additive model. This correspondsto alikelihood ratio
362 test and isrelated to the Akaike Information Criterion (AIC),?? which can be used for model

363 sdection. A significant improvement in model fit over the additive CNMA occurs when the Q
364 satigtic of the interaction CNMA is statistically significantly lower than that of the additive

365 CNMA, using an adjusted p-value according to the difference in degrees of freedom of the two

366 modes (eg., p < 0.157 for one degree of freedom)®* %

to account for the lower power of the test
367 todetect violations of additivity. However, thistest is not well powered to identify minor

368  violations of the additivity assumption.” Similar to the Q test for heterogeneity, its statitical
369 power isexpected to be low in sparse networks with few studies across intervention

370  comparisons.?® Heterogeneity should also be evaluated across models, a reduction of which may

371  suggest that the interaction model explains some of the variability observed across studies.
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372 The Q statistics of CNMA models with two or more interaction terms (called multi-

373 interaction models) can also be compared to those of nested interaction CNMA models with

374  fewer interaction terms (i.e., lower order). However, the process of determining the ‘best fitting’
375 mode should be pre-specified and clearly explained and justified. For example, one approach
376  could be to apply models with all a priori determined and clinically relevant two-way interaction
377  terms, then al modelswith all a priori determined and clinically relevant three-way interaction
378 terms, and subsequently combine the best fitting models to create more complex ones. Overall,
379 therearevarious strategies, both in terms of the models considered and the statistical metrics
380 (eg. Q statistics, p-values, heterogeneity, deviance information criteria™”) used to assess model
381 fit, which can lead to different results. In our illustrative and empirical examples, we focused on
382 the Q statistics and corresponding p-values. However, thisis just one approach and others are
383 possible. For example, in cases where notable differences in heterogeneity are observed across
384 modes, this might instead be used as a model selection criterion. Overall, these statistical

385  approaches should be used in combination with clinical expertise regarding how the components
386 arelikely to work together. Different approaches and component taxonomies may yield different
387  results, asthey address distinct questions. As such, findings may not be generalizable across all

388  populations or settings.

389 Application to the prehabilitation inter ventions example

390 We demonstrate a model selection approach using the network of trials on prevention of
391 post-operative complications (Figur e 1c). For this network, there was no strong evidence that the
392  additivity assumption was violated (Quitr = 3.52, df = 3; p-value = 0.318; Table 1); however, for
393  demonstration purposes, we will explore al interaction models. Interactions to be explored in

394  satistical models should be selected using clinical judgement from the possible interaction terms

18


https://doi.org/10.1101/2025.06.30.25330567
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.06.30.25330567; this version posted July 1, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

395 identifiablein the available data. In particular, the final selection of interactions should be guided
396 by clinical judgment, where clinicians assess their clinical plausibility a priori for inclusion in
397  themodels.

398 In this small network, there are two estimable two-way interactions — EXE*NUT and
399 EXE*PSY — and one three-way interaction, EXE*NUT*PSY, and all were considered

400 clinically meaningful. In more complex networks, developing interaction models for all

401 identifiableinteractionsis not advisable. With entirely data driven approaches that make no use
402  of clinical judgement, multiple testing increases the likelihood of finding amodel that appears to
403  perform well by chance alone, given the large number of comparisons with the additive model,
404  the standard NMA model, and with other nested interaction models.

405 To determine if an interaction CNMA model improves upon al previously fitted models,
406 its Q statistic is compared to that of 1) the standard NMA, 2) the additive CNMA, and 3) a

407  previous nested ‘best-fitting' interaction CNMA model, for multi-interaction models. The most
408 parsimonious mode with a Q statistic not significantly different from that of the standard NMA -
409  was preferred in our example. A forward-selection model building approach was used, with all
410 clinicaly relevant interactions individually added to the additive model, creating multiple

411  separate models with one interaction term each (Table 1, Models 1-2). Note that (1) asingle-
412  interaction NUT*PSY model is missing because no studies evaluated NUT + PSY, and (2) a
413  mode with the three-way interaction term alone (EXE*NUT*PSY) was not generated because
414  theidentifiable two lower-order interaction terms EXE*NUT and EXE*PSY should also be

415 added to the model; in this small network, this was equivalent to the full-interaction (standard)
416 NMA (Mode 4). Without including lower-order interactions, if the EXE*NUT*PSY interaction

417  wasfound to have abeneficial or adverse effect, we would not know if the effect was driven by
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418  just two of the three components. Identifiable lower-order interactions allow us to disentangle the
419 effects and understand the contributions of each component. Also, the financial cost of

420 performing all three components, rather than just two, is an important factor to consider.

421  Therefore, when higher-order interactions are included in the model, our positionisthat itis
422  good practice to also incorporate their corresponding lower-order interactions, whenever

423  possible.

424 Although the additivity assumption held, for demonstration purposes interaction models
425  werefit. When compared to the additive CNMA model, the single-interaction model EXE*NUT
426  had abetter fit (Table 1, Model 1: df = 1, p-value = 0.082 < 0.158). In light of the additivity
427  assumption being met, caution should be made in interpreting this finding as multiple testing
428  may spurioudly identify statistically ‘better’ models. In the context of this example, the effect
429  estimate of the interaction term was found to be opposite to currently held clinical expertise (i.e.,
430 the EXE and NUT components were found in modelling to be antagonistic, while clinically there
431 isstrong belief that the effects of exercise and nutrition are either additive or synergistic).” Thus,
432  given that the additivity assumption held, the significant finding for interaction Model 1 was
433  deemed to be spurious. Modd-fit testing using the Q statistic demonstrated that neither single-
434  interaction modd fit better than the standard NMA model (Table 1, Mode 1: df = 2, p-value =
435 0.784>0.135; Model 2: df = 2, p-value = 0.180 > 0.135).

436 Again, for demongtration purposes, we also fit al possible models with two identifiable
437  interaction terms, of which there was one model (Mode 3), and we compared its mode fit

438 against the standard NMA, the additive CNMA, and Mode 2 (nested single-interaction CNMA

439 mode with the lowest Q statistic). No gainsin mode fit were observed. For completeness, the
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440  full-interaction modd has been reported (Model 4), demonstrating its equivalence to the standard

441 NMA.
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Table 1. Modéd sdlection for a dataset with combinations of components EXE, NUT, PSY, COG, EXE + NUT, EXE + PSY, EXE + NUT + PSY, and UC. Statistically
significant differences have been highlighted in bold text. M odel 4 can be seen to be equivalent to the standard (i.e, full interaction) NMA.

& Compared to a p-value of 0.112 (obtained in R as p-value=1-pchisq(2 - df, df), with df = the difference in the numbers of parameters between models [df=3])

P Compared to a p-value of 0.135 (obtained in R as p-value=1-pchisg(2*2,2))
¢ Compared to a p-value of 0.158 (obtained in R as p-value=1-pchisq(2* 1,1))

4 Compared to Model 1
¢ Compared to Model 3
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449  How do we examine transitivity, consistency, and homogeneity in component

450 network meta-analysis?

451  Additional model assumptions

452 The fundamental NM A assumptions of transitivity and consistency (both corresponding
453  to the assumption of exchangeability™®) are also required assumptions for CNMA models’.

454  Trangitivity in a network assumes that the distribution of any effect modifiers (i.e., any variables
455  that may change the true effect of an intervention) issimilar on average across intervention

456  comparisons. Consistency is considered the statistical equivalent of transitivity, and in a network,
457 it assumes that the different sources of evidence (i.e., direct and indirect evidence) agree.

458  Numerous approaches have been developed for evaluating transitivity and consistency in NMA,*
459 %32 pyt these approaches have not been extended to CNMA.

460 Heterogeneity remains a critical concern in CNMA, asin standard NMA, yet current

461  methodsto estimate and interpret heterogeneity in component effects are ill limited. The use of
462  prediction intervals around component estimates (e.g., assuming a normal distribution with

463  means equal to the component effects and variance equal to the between-study heterogeneity)®*
464  * may provideinsight on the extent of heterogeneity.

465 Overal, moving from a single-effect model to an additive CNMA, then an interaction
466 CNMA, and finally a standard NMA (full-interaction model) increases model complexity and
467  reduces assumptions, but does not negate important considerations, such asinconsistency and
468  heterogeneity in the network. While this progression may reduce precision of intervention

469  effects, it offers a more detailed understanding of how individual components or combinations

470 contributeto overall effects.
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471  Application to the prehabilitation inter ventions example

472 Transitivity was evaluated using a multi-faceted approach, including review of study and
473  patient characteristics based on evidence tables along with graphical approaches, such as

474  ingpection of box plots and bar plots, to examine characteristics of treatment comparisons within
475  the evidence network. Asreported in the original publication, no evidence of intransitivity was
476  identified when mean age, proportion female, control group risk, year of publication, and surgery
477  type were assessed as potential effect modifiers (see also Supplementary File, Appendix 14 of
478  origina publication).*

479 The design-by-treatment interaction model®® as an extension of the standard NMA model
480  and assuming unique combinations of components as different nodes, suggested no statistical
481  evidence for inconsistency (Qbetween-designs = 3.41, df = 2, p-value = 0.18, 7% = 0.14). However,
482  local assessment of inconsistency using the back-calculation method® indicated that the direct
483 evidencein EXE vs US was borderline incons stent with the remaining network at the 5%

484  significance level (p-value = 0.07). Exploration of evidence of incons stency was conducted

485  through network meta-regression for control group risk and surgery type (a summary of these
486 explorationsisincluded in Supplementary File, Appendix 15 of original publication). The

487  certainty rating for that comparison was downgraded due to incons stency. Assessments of both
488 trangtivity and consistency were informed by team discussions, incorporating clinical

489  considerations relevant to prehabilitation. These discussions also guided the interpretation of

490 results once the analyses were compl ete.

491 How dowereport resultsin component network meta-analysis?

492 Methodsand presentation of findings
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493 When reporting the findings from a CNMA,, it is essential to ensure that the results are
494  aligned with the review question and relevant to clinicians, policymakers, and patient partners.
495  The selection of the primary analysis model (e.g., additive CNMA, interaction CNMA, or

496 standard NMA) should be guided by both methodological considerations (e.g., mode fit,

497  trangtivity, heterogeneity) and knowledge user priorities, including the clinical plausibility of
498  additivity and component interactions.

499 For the presentation of CNMA results, typically areference intervention is defined as the
500 comparator. The reference intervention could be the current, standard intervention or inactive
501 placebo/UC in settings where no standard intervention has been established. Graphical

502  approaches can be used to present and compare the findings of intervention and component

503 effects across NMA and CNMA models.® %

504  Application to the prehabilitation inter ventions example

505 In this example, we applied random-effects additive and interaction CNMA models. We
506 alsofitted standard NMA models for completeness. The common-within network heterogeneity
507  was estimated using the DerSimonian and Laird method.*” Results were expressed as odds ratios
508  with corresponding 95% Cls for each model. We calculated P-scores™® to rank interventions and
509  used arank-heat plot™ for their presentation across the different models. Additional information
510 ontheindividual components as obtained from the NMA model are presented in Appendix 7. All
511 analyses, and across all empirical examples, were conducted in afrequentist setting using R

512  packages netmeta’® and viscomp.*

513 The publication of the prehabilitation interventions example® reported both standard

514 NMA and CNMA findings, but prioritized NMA because patient partners and clinical

515 collaborators felt strongly that clinically meaningful interactions between components made
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516 standard NMA more appropriate for capturing the distinct effects of each intervention

517  combination.

518 Figure 2 presents aforest plot comparing findings from standard NMA, additive CNMA,
519 andinteraction CNMA, using UC asthe reference group. The interaction CNMA shown

520 correspondsto Mode 1 from Table 1, which includes a single interaction term, EXE*NUT, and
521 vyielded alikely spuriously significant reduction in the Q statistic. Based on these results, had this
522  interaction model been selected over the additive model, the EXE*NUT interaction term

523  (ORgxge.nuT=1.52, 95% CI 0.86 to 2.70) would have acted to decrease the combined impact of
524  EXE and NUT in the EXE + NUT intervention (i.e., EXE and NUT acted antagonistically, so
525 that the EXE + NUT combination then appears less effective than in the additive model; CNMA
526  ORgxg+nuT=0.35, 95% CI 0.26 to 0.46; interaction CNMA ORgxg,nyr=0.48, 95% Cl 0.29 to
527 0.80), see Figure 2. Thisfinding would have been counter to current clinical thinking, potentially
528 reinforcing the preference for the additive model. However, given that the assumption of

529  additivity held, the estimated effects of combinations of components could be calculated from
530 theincremental effects (ORgxg=0.53, 95% Cl 0.42 to0 0.66; ORyy1=0.66, 95% Cl 0.54 t0 0.81),
531  after converting odds ratios to LORs. After consulting with the team and incorporating clinical
532  and patient partner input, parsmony was prioritized over marginal decreasesin the Q statigtic.
533  Thisdecision was guided by the understanding that component effects estimated from an

534 interaction model cannot be generalized beyond the specific combinations observed in the

535 dataset.

536 (Figure 2 here)
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537 Figure 2. Interval plot of intervention effects (oddsratios) with corresponding 95% confidence intervalsfor the

538 prevention of post-operative complications. Results are shown for three models: standard network meta-analysis (NMA,
539  black font), additive component network meta-analysis (CNMA, red font), and interaction CNM A with EXE*NUT

540 interaction term (Model 1, blue font).

541 Discussion

542 Complex interventions are increasingly evaluated in healthcare trials with growing

543  methodological interest. The comparative efficacy of intervention components should be

544  determined in consideration of their potential interactions and contextual factors. CNMA allows
545  for the assessment and disentanglement of individual component effects: the additive CNMA
546  model assumes full additivity of component effects. Extending the additive CNMA to include
547  termsthat account for interactions between components leads to the interaction CNMA model.
548  Thefull interaction model, considering all possible interactions between components, isthe
549  standard NMA model.*®

550 Under the additivity assumption, the additive CNMA mode improves power and

551  precision compared to standard NMA. When additivity is violated, the interaction CNMA is
552  suggested to generate less-biased component effects. Interaction CNMA provides a compromise
553  between additive CNMA and standard NMA, especially when component effects may be

554  synergistic or antagonistic. However, interactions can be hard to identify. As aso noted in our
555  empirical examples, usually the amount of datain a network istoo sparse to test for many

556 interactions, and a priori selection of clinically relevant interactions should be considered for
557  modédlling.

558 CNMA has several benefits over standard NMA: it estimates fewer parameters, borrows
559  strength from studies sharing components, can provide more powerful and precise results,*” and
560 can connect disconnected networks with common components, when there is strong clinical

561  evidence that additivity can be assumed.” However, challenges remain which may affect the

562  validity, interpretability, and certainty of CNMA results. These include decisions on component
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563  definition and selection, coding strategies to build a network graph, data availability, sparse data
564 (i.e, few studies againgt component combinations), differences in usual care across studies,

565 heterogeneity, and inconsistency in the network. Component selection in CNMA is analogous to
566 node-making in standard NMA and represents a critical methodological decision that requires
567  clear justification and transparency.*** Key considerationsinclude the process for identifying
568 components, consistency of component reporting in the primary literature, and the number of
569 components selected (e.g., too many components may result in sparse data). Available structured
570 frameworks can help guide consistent and replicable component classification.**’

571 Currently, frameworks such as CINeMA“*® (Confidence in Network Meta-Analysis) and
572 GRADE™ (Grading of Recommendations, Assessment, Development, and Evaluations), which
573  assessthe certainty of evidence in standard NMAS, have not yet been formally extended to

574 CNMA, and can be applied only to overall intervention effects derived from standard NMA

575 rather than individual component estimates. The certainty of evidence for component effects
576 remains an open methodological question, as does the assessment of transitivity and consistency
577 inthe network. Future advancementsin CNMA may address current limitations, including

578 advancementsin the assessment of component consistency (e.g., between additive effects and
579  direct comparisons), ranking of components, component contribution to intervention effects, and
580 component effect modelling in multivariate CNMA, along with inherent challenges these bring.
581  For instance, intervention rankings in NMA can vary depending on the ranking metric used, as
582  each metric answers a different type of ranking question.® Also, current ranking approaches do
583  not incorporate assessments of the certainty of evidence, which is particularly important in cases
584  where an intervention with a small sample size or high risk of bias ranks highest, potentially

585  leading to misleading or overly confident interpretations of treatment hierarchies.”" > We
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586 anticipate that similar challenges apply to CNMA, and future developments should aim to

587 integrate certainty assessments into both component and intervention rankings. Future simulation
588  studies should provide guidance on the minimum number of studies required for reliable CNMA
589  estimation across varying numbers of components and under different modeling assumptions
590 (eg., additivity or interaction).

591 Although the use of NMA hasincreased in the |ast two decades,™® ** CNMA has not been
592  widely used. Provided that there is an increased clinical interest in the assessment of the efficacy

593  of individual componentsin complex interventions,?" >*

and given the freely available R package
594  netmeta,'® we expect arisein the use of CNMA models. CNMA should be considered when

595 interventions share clearly defined components and thereisclinical plausibility for assuming

596  additive or interactive effects among components. CNMA may not be feasible in networks with
597 gparse data (e.g., few studies per component or combination), poorly reported components, or
598  when strong interactions between components violate the additivity assumption without

599  saufficient datato model interactions. Both CNMA and standard NMA rely on key assumptions
600 that require clinical considerationsto inform their assessment. Ultimately, the choice between the
601 models dependson clinical relevance, the structure of the evidence base, model complexity, and
602 datasufficiency. Thus, to enhance the adoption and familiarity of CNMA approaches, thereis an
603  urgent need to train researchers involved in evidence synthesisin all aspects of CNMA, from
604  planning and protocol development to implementation,® model selection,?? and presentation of
605  results.* * Trialists should also provide more information about complex interventions, such as

606 usingthe TIDIER (template for intervention description and replication)® framework for

607  reporting interventions, which can help inform CNMA.

608 Conclusions
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609 Component effect estimation isimportant to produce relevant and clinically meaningful
610 evidence synthesis results for knowledge users. Implementing CNMA requires multidisciplinary
611 expertise and careful clinical, statistical and methodological planning. Different CNMA

612 approaches and decisions (e.g., about interactions) may generate important variations in results
613  so, when possible, decisionsin CNMA mode development should be made a priori at the

614  protocol stage. Future research to guide selection of CNMA modelsis critical in developing a

615 consensus-based approach and advancing evidence synthesis methods incorporating CNMA.
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616 Data Sharing

617 The datasets of the empirical examples and statistical code are availablein the

618 supplementary material.
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Figure 1. Network diagrams depicting different research questions on the prevention of
post-operative complications. Nodes represent different combinations of components
evaluated within each model and edges depicting studies comparing the different
combinations of components they connect. Thickness of solid lines is proportional to the
number of studies included in the group comparison, and node size is proportional to
the number of patients included in the underlying group. Dashed lines represent joints
added by component network meta-analysis model between different combinations of
components sharing common components.

Do prehabilitation interventions work as
a whole compared to usual care (UC)?

a. Single effect model

uc
(n=4357)

All prehabilitation Interventions
(n=4459)

@ e e

Which prehabilitation interventions
(combinations of components) work?

b. Standard NMA model

- uc
1 (n=4357)
EXE + PSY
(n=107) 3 39
13 5
EXE + NUT ,—\2[;;-9
(n=136) {65
PSY
EXE+NUT+PSY  ( lee

(n=571)

Which prehabilitation interventions and their components work?

c. CNMA model (connected network)

COG
(n=168)

EXE
(n=1590)

e
/ (n=4357)

EXE + PSY

(n=107) 39
EXE + NUT NUT
(n=136) {n=1699)
pSY
EXE + NUT + PSY (n=188)

(n=571)

A —

d. CNMA model (disconnected network)

coG
EXE Mol COG +PSY
{n=1590) s (n=200]
. uc
/ (n=4357)
EXE + PSY .
(n=107)
EXE + NUT : i S ot
(n=136) " et
PSY

EXE + NUT + PSY
(n=571)

(n=188)


https://doi.org/10.1101/2025.06.30.25330567
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2025.06.30.25330567; this version posted July 1, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

Figure 2. Interval plot of intervention effects (odds ratios) with corresponding 95%
confidence intervals for the prevention of post-operative complications. Results are
shown for three models: standard network meta-analysis (NMA, black font), additive
component network meta-analysis (CNMA, red font), and interaction CNMA with
EXE*NUT interaction term (Model 1, blue font).
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