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Abstract

Meaningfully improved mental and behavioral health treatment is an unrealized dream. Across 

three factorial experiments, inferential tests in prior studies showed a pattern of negative 

interactions suggesting that better clinical outcomes are obtained when participants receive fewer 

rather than more intervention components. Further, relatively few significant main effects were 

found in these experiments. Modeling suggested that negative interactions amongst components 

may account for these patterns. This paper evaluates factors that may contribute to such declining 

benefit: increased attentional or effort burden; components that produce their effects via the same 

capacity limited mechanisms, making their effects subadditive; and a tipping point phenomenon 

in which those near a hypothesized “tipping point” for change will benefit markedly from weak 

intervention while those far from the tipping point will benefit little from even strong intervention. 

New research should explore factors that cause negative interactions amongst components and 

constrain the development of more effective treatments.

Researchers have explored multiple routes to improve the effectiveness of clinical 

interventions. They have developed different types of interventions and have explored 

increasing the intensity or duration of interventions. With regard to smoking treatment, 

the 2008 PHS Clinical Practice Guideline Treating Tobacco Use and Dependence (Fiore 

et al., 2008), reported several meta-analyses showing evidence of a dose-response relation 

between treatment intensity and outcome. There is also evidence that combining different 

types of therapies can be beneficial. For instance, adding smoking cessation counseling to 

pharmacotherapy increases abstinence rates (Fiore et al., 2008).

Yet, the use of multiple intervention components (e.g., >2), often yields relatively little 

additional benefit in comparison to less intensive treatment. Not only might more intensive 

or multicomponent treatment be less scalable due to its costs and complexity (Fairburn 
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& Wilson, 2013; Glasgow & Estabrooks, 2018; Insel, 2009) but its effects may be 

disappointing as well. Indeed, there is a pattern of more intense or multifaceted smoking 

treatments yielding disappointing returns: e.g., in the case of higher than standard nicotine 

patch doses (Dale et al., 1995; Hughes et al., 1999; Killen, Fortmann, Davis, Strausberg, 

& Varady, 1999), counseling duration beyond an hour or so (Fiore et al., 2008; Lancaster 

& Stead, 2005, 2017), or adding relapse prevention to standard cessation counseling (Hajek 

et al., 2013). Sometimes more intense treatment does add significant benefit (conjoint use 

of the nicotine patch + gum: Fiore et al., 2008) but such instances are rare. This pattern 

of diminishing returns is consistent with the speculation of Brittain & Wittes (1989) who 

30+ years ago suggested that main effects of combined components would be blunted by 

negative component interactions, many of which may fall below the threshold of statistical 

significance.

There are clear reasons that more intense or multicomponent treatment might be 

significantly more beneficial than less intensive treatments (Blankers, 2020; Carroll et al, 

2020; Driessen et al, 2019; Duffy et al., 2020; Lotfizadeh et al., 2020; Smits et al., 2020). In 

keeping with this notion, researchers have evaluated such adjuvants as relapse prevention 

training, social support interventions, mindfulness content, motivational interviewing 

content, cognitive game interventions, physical exercise interventions, distraction via 

computer games, ‘resistance training,’ and medication adherence interventions (e.g., Ciccolo 

et al., 2014; Fiore et al., 2008; Gruder et al., 1993; Loughead et al., 2016; Schlam et al., 

2020).

The belief that multicomponent treatment will be especially effective can certainly be 

supported by cogent argument. For instance, such treatment might address the different 

needs of members of a treated population: e.g., needs for social support, improved coping 

skills, or reduced withdrawal. Each ‘need’ could be addressed by a different treatment 

component. Or, multiple intervention components might yield synergies since one treatment 

might allow a patient to take better advantage of another intervention. For instance, an 

intervention designed to promote medication adherence might boost the effectiveness of 

smoking medications, which in turn might allow a patient to acquire coping skills better 

since he or she is not distracted by strong urges to smoke.

It is also possible that combining intervention components could decrease their individual 

contributions. For example, the combined components might all produce their effects 

via the same or similar mechanisms even though, in theory, they are intended to exert 

different, additive effects. This might occur, for instance, to the extent that different 

counseling interventions all produce their effects via a single nonspecific mechanism such 

as therapeutic alliance (Laska, Gurman, & Wampold, 2014; Martin, Garske, & Davis, 2000; 

Wampold & Imel, 2015). Or, diminishing returns of added components might occur because 

each component adds burden, perhaps creating fatigue, resentment, or cognitive overload 

that negates their benefits.

Our research group has recently conducted a series of factorial experiments in which 

smokers were randomly assigned to one of two levels of multiple factors (Baker et al., 

2017; Cook et al., 2016; Fraser et al., 2014; Piper et al., 2016; Schlam et al., 2016: see Table 
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1). These studies were conducted as part of the Multiphase Optimization Strategy (MOST) 

treatment development strategy (Baker et al., 2017; Collins et al., 2011). These studies 

were screening experiments designed to identify intervention components that would form 

an especially effective integrated, multicomponent treatment that could later be evaluated 

in subsequent research (Collins et al., 2011). In these experiments, randomization to an 

ON level of a given factor causes the participant to receive an ‘active’ or more intense 

intervention component; randomization to an OFF level causes the participant to receive 

no intervention component related to that factor or to receive a weaker one. Factorial 

experiments permit the evaluation of multiple, randomly assigned intervention components 

so that the main and interaction effects of the components on outcomes can be determined. 

This provides a unique opportunity to determine how systematic increases in number of 

components affect treatment outcome.

We have found a consistent pattern of effects across multiple factorial experiments, namely 

multiple negative interactions and few positive or synergistic interactions. That is, we 

find that combining intervention components tends to result in decreases in the effects 

of the components. In an experimental evaluation of population-based smoking cessation 

intervention components (the ‘Population-Based Study’: Fraser et al., 2014; also see Table 

1 and Supplemental Note 1 for more information on this study), smokers were randomized 

to one of two levels of five factors, with each factor having an ON and OFF level: i.e., 1) 

website access vs. none, 2) motivational email messages for 3 months vs. none, 3) quitline 

counseling vs. none, 4) a lengthy smoking cessation brochure (vs. a short control brochure), 

and 5) nicotine mini-lozenges vs. none. Intratreatment outcomes were assessed at 1 and 3 

months. Nicotine mini-lozenges produced a main effect at 1 and 3 months. There was also 

a 2-way interaction occurring across months 1 and 3 months; individuals who received both 

the website and the motivational emails had significantly lower abstinence rates than did 

those receiving only the website.

A second factorial experiment, the ‘Motivation Study’ (Cook et al., 2016; see Table 1 and 

Supplemental Note 2 for more information on this study), comprised smokers who were 

not willing to try to quit smoking. These individuals were randomized to 4 factors that 

each comprised an intervention component that was intended to reduce smoking, increase 

quit attempts, and ultimately, increase abstinence. Each factor had 2 levels: ON and OFF. 

The four factors were: (1) nicotine patch versus none; (2) nicotine gum versus none; (3) 

motivational interviewing (MI) versus none, and (4) behavioral reduction (BR) counseling 

versus none. Treatment ended at either 6 weeks or 12 weeks depending on whether 

a participant chose to receive a second 6-weeks of treatment. Principal outcomes were 

smoking abstinence, smoking reduction (cigarettes smoked/day), and whether the participant 

made a quit attempt.

There were no main effects in the Motivation Study but there were numerous interactions, all 

of them negative. For instance, there were two significant 2-way interactions for abstinence 

at 26 weeks post treatment, which are shown in Figure 1a, b: i.e., interactions between 

Nicotine Gum and BR and between Nicotine Gum and MI. In Figure 1a, the condition 

yielding the best result is one in which neither component was ON and in Figure 1b, the 

condition with the worst outcome was one with both components ON. There were also two 
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significant 4-way interactions involving smoking reduction at 12 and 26 weeks (Cook et 

al., 2016); in both cases the greatest smoking reduction occurred with 1- and 2-component 

treatments whereas 3- and 4-component combinations consistently produced less smoking 

reduction (data not shown). Finally, two significant 2-way negative interactions were found 

for the quit attempt variable (binary) at both at the 6- and 12-week marks (not reported in 

Cook et al., 2016). Nicotine Patch and BR both produced relatively high quit attempt rates 

when used alone but produced the lowest rates when used together (Supplemental Figure 1).

Thus, the two fully-crossed factorial studies reviewed above produced evidence of negative 

interactions amongst intervention components, only a single main effect, and no positive 

interactions. The current paper seeks to: 1) examine additional evidence that combinations 

of smoking treatment intervention components tend to produce negative interactions; 2) use 

more informative analytic methods that yield more accurate estimates of the cumulative 

effects of such interactions; and 3) explore mechanisms that may account for such 

interactions. To accomplish this, this paper will first determine whether a 3rd factorial 

experiment (the ‘Maintenance Study’) produces the same pattern of negative interactions 

using a modeling approach that more directly evaluates the presence of such effects across 

all components and component interactions. This analysis will then be applied in the 

Population-Based and the Motivation Studies as a form of replication. In a final section, 

data from the Maintenance Study will be used to explore three potential mechanisms that 

might lead to negative interactions.

Three Hypotheses Concerning the Noncomplementary Effects of 

Intervention Components

Our analyses show a trend for intervention components to produce reduced effects when 

combined. This has also been reported in other studies (e.g., McClure et al., 2014; Tombor 

et al., 2018). These studies, like ours (Cook et al., 2016; Fraser et al., 2014; Schlam et 

al., 2016) also report a relative dearth of significant main effects, which we attribute to the 

estimation of main effects of each component (when estimated using effect coding) when 

other components are simultaneously being implemented.

The current paper evaluates three different potential contributors to the occurrence of 

noncomplementary effects of intervention components as evaluated in factorial experiments: 

burden, mechanistic nonadditivity, and a tipping point phenomenon. Analyses related to 

such potential contributors are offered for their heuristic value: i.e., to suggest phenomena 

to explore in future research. These contributors are not necessarily exhaustive nor mutually 

exclusive and due to limitations in the data available, conclusions about their causal roles 

must be tentative. We first explore these using the Maintenance experiment. This experiment 

was chosen for further exploration because it involved a large number of factors (5) and 

had a rich set of assessments that permitted evaluation of the hypothesized contributors. 

Identifying contributors to noncomplementary component effects might suggest new 

strategies for enhancing treatment development and assessment.
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Burden.

Intense treatment could impose burdens that affect both the patient and clinical staff, 

which could then affect treatment adherence, attrition, and delivery fidelity. For instance, 

a recent study showed that 24-weeks of nicotine patch treatment produced higher 24-week 

point-prevalence abstinence rates than did standard (8-week) patch treatment, while 52-week 

patch treatment produced weaker effects along with less adherence with medication visit 

attendance (the latter was just a trend: Schnoll et al., 2015). It may be that 52-weeks of 

medication use was so burdensome that it led to disuse of important treatment elements.

As conceptualized here, burden may occur for reasons other than sheer amount of effort or 

time involved. For instance, it might involve competing attentional demands or incompatible 

cognitive or behavioral requirements. This is illustrated in the Population-Based experiment, 

which showed that assignment to a second ON intervention (a short message service) caused 

participants to reduce their use of another component (a website); the two components 

interacted negatively, causing significantly lower abstinence rates. There is other evidence 

that use of one type of intervention can reduce use of an adjuvant intervention (Nash, 

Vickerman, Kellogg, & Zbikowski, 2015; Swan et al., 2010).

Mechanism overlap and capacity limitation.

Another possible explanation for non-commensurate or diminishing returns of more intense 

treatment involves treatment mechanisms that are overlapping and capacity limited. Thus, 

more intense single component treatment might yield diminishing returns because of 

intrinsic limits on change mechanisms. And, combining multiple components might yield 

disappointing results because the different components activate overlapping mechanisms, 

which, again, are capacity limited.

There are numerous examples of capacity limited biological and cognitive processing 

mechanisms: e.g., attentional and working memory processes (Cowan, 2010), and drug 

distribution and clearance processes (Jusko, 1989). For instance, in pharmacologic research 

one typically sees a clear quadratic relation between dose or number of agents on 

the one hand and clinical benefit on the other hand. Such nonlinear pharmacokinetic 

relations are due to capacity limited mechanisms with regard to drug absorption, 

distribution, biotransformation, receptor occupancy, and so on (Jusko, 1989; Ludden, 1991; 

van Ginneken, van Rossum, & Fleuren, 1974). Of course, an intensity related decline 

in effectiveness could reflect factors other than capacity limitation: e.g., dose-related 

medication side effects (i.e., another type of burden).

There are dose-related effects in smoking treatment that at least superficially fit with a 

capacity limitation hypothesis. For instance, the effectiveness of the nicotine patch increases 

up to a dose of 14-26 mg/day, but larger doses add little benefit (Dale et al., 1995; Hughes 

et al., 1999; Killen, Fortmann, Davis, Strausberg, & Varady, 1999). This may occur because 

the change mechanism, occupation of key nicotinic receptors, has achieved its’ peak; i.e., 

critical nicotinic receptors are saturated and desensitized (Benowitz, 2010). Similarly, there 

is evidence that greatly increasing counseling intensity (duration) over modest levels yields 

relatively little added benefit (Lancaster & Stead, 2005, 2017).
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A model invoking overlapping and capacity limited change mechanisms could also account 

for diminished benefit when different types of interventions are combined. For instance, if 

different counseling approaches yield benefit due to therapeutic alliance (or another type 

of ‘common factor’: Laska, Gurman, & Wampold, 2014; Martin, Garske, & Davis, 2000; 

Wampold & Imel, 2015), and if this is capacity-limited, the different approaches would 

stop yielding benefit when the mechanism asymptote is reached. This could explain why 

it has been difficult to obtain consistent additive effects by combining different types of 

counseling. For instance, once smokers have received cessation counseling, there is scant 

evidence that adding relapse prevention content improves outcomes (Hajek et al., 2013). 

Of course, it is possible that some interventions do affect different change mechanisms and 

thereby can yield additive or synergistic benefit (e.g., combining ad lib nicotine gum or 

lozenges and nicotine patches: Piper et al., 2009; Smith et al., 2009).

Tipping point proximity.

It may be that “changeable” participants (i.e., those who can respond to treatment) are 

somewhat rare within many patient populations. Thus, the size of a treated population might 

create an illusion regarding the magnitude of change that is possible (a misleading ceiling 

effect). It would be easy to imagine that within a large population of patients, there would 

be many who would be helped by a more intense treatment or by combining different 

treatments. This would make it seem likely that adding treatments would progressively 

aid more patients in behavior change: e.g., each of 4 interventions might increase clinical 

success by 10%. However, it may be that only a relatively small proportion has a net status 

with regard to strengths and weaknesses that renders them likely to change. For instance, the 

only patients who are likely to benefit from treatment are those whose balance of strengths 

versus weaknesses exceeds or borders a “tipping point” for change. An important corollary 

of this hypothesis is that for the group of individuals near such a hypothetical tipping point 

for change, a wide range of aids can produce a tipping point transition (e.g., transition from 

smoking to abstinence). As an example, a golfer who is highly motivated to improve and 

has the time and energy to practice, combined with better than average coordination, might 

begin to shoot par regularly if aided by a wide variety of resources: e.g., obtaining better 

clubs, taking lessons, more practice. However, a golfer with a low tolerance for frustration 

and marginal coordination may as a result, be unlikely to break par even with multiple 

added resources. Thus, the golfer with a favorable mix of strengths and weaknesses can take 

advantage of a wide variety of resources. Intervention may do more for such persons, but 

need to do less, to create change. There are examples of tipping point phenomena in areas 

such as the genetic influence on disease risk (see Supplemental Note 3).

Note that our discussion of the tipping point hypothesis has involved a binary outcome. 

It is possible that this hypothesis is most relevant to such outcomes. However, it is also 

possible that it applies to polytomous or continuous outcomes as well as suggested by the 

range of phenomena and outcomes that have shown this rich get richer’ pattern. For instance, 

it has been reported with regard to both categorical and continuous measures of treatment 

outcome (e.g., symptom counts) (e.g., Beneciuk et al., 2017; Chambless et al., 2017; Elkins, 

Gallo, Pincus, & Comer, 2016; Halldorsdottir & Ollendick, 2016; Robinson et al., 2015) 

and with phenomena outside the treatment context (the ‘Matthew hypothesis’: Damian et al., 
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2015): e.g., with paired associate verbal learning (Mak & Twitchell, 2020), acquisition of 

social capital (Castillo, 2019; Cheng et al., 2019), vocabulary formation (James et al., 2017), 

foraging success of brown pelicans (Geary et al., 2019), and work success (Judge & Hurst, 

2008).

Of course, this ‘rich get richer’ pattern is not uniformly found (Berndt et al., 2014; 

Gladstone, Forbes, Diehl, & Beardslee, 2015; Romeo et al., 2018). This might reflect the 

fact that in some cases intuitively appealing notions of “advantage” (key assets and fewer 

risks), do not, in fact, accurately reflect tipping point proximity.

The model suggests that modest treatment may especially benefit those near the tipping 

point. However, more intense treatment may actually result in reduced benefit; i.e., the 

benefit of multiple intervention components when they are combined will be less than 

when they are used alone. This could be because the “costs” of treatment (e.g., burden) 

erode some of the benefit when multiple intervention components are delivered. Also, 

treatment that is unnecessarily intense may actually interfere with naturally occurring 

change processes and create iatrogenic attributions for any success (i.e., attributing success 

to the treatment rather than to the individual’s own efforts and strengths). There is evidence 

that persons who attribute their changed behavior to their own resources and efforts will 

be more likely to maintain it (Deci & Ryan, 1985; Kopel & Arkowitz, 1975). In fact, 

there is evidence that more intensive smoking treatments can foster external attributions that 

are associated with a heightened risk of relapse (Harackiewicz, Sansone, Blair, Epstein, & 

Manderlink, 1987; see also Barefoot & Girodo, 1972; Davison & Valins, 1969).

In considering a “tipping point” hypothesis, we are sensitive to the fact that when thinking 

about the effects of intervention components in the presence of individual differences (e.g., 

related to the likelihood of successful quitting absent any intervention), we expect nonlinear 

change in the probability of a positive outcome even in the absence of interactions. With 

a binary outcome, this is due to the fact that a smoker close to the tipping point will 

show a greater increase in probability of success than will a smoker more distant from 

the tipping point, despite a constant effect of an intervention component. This will occur 

because logistic regression analyses index the effects of components on the logit metric 

(see Supplemental Note 4 for a more detailed explanation). But, as noted above, a ‘richer 

get richer’ effect may affect outcome beyond these nonlinear effects. In other words, being 

close to the tipping point would seem to have an added effect (e.g., smokers are more able 

or willing to take advantage of the intervention components to which they are exposed). 

We believe that the latter assumption makes the tipping point relevant to instances where 

outcomes are nonbinary; i.e., favorable status with regard to promoters and obstacles to 

change will enhance treatment effects even with continuous treatment outcomes (Beneciuk 

et al., 2017; Chambless et al., 2017; Elkins et al., 2016; Newman et al., 2019; Robinson et 

al., 2015). Also, it means that better use of treatment itself may serve as a measure of this 

latent variable.

The current research is important for several reasons. 1) It may yield new information 

about the effects of treatment intensity or complexity. 2) It may yield insights into 

novel mechanisms that affect treatment effectiveness, mechanisms that provide greater 
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understanding of why some treatment elements produce antagonistic or subadditive effects. 

These insights may be relevant to the development of a broad range of psychosocial 

treatments. And, 3) this research may spur new models and approaches to exploring how 

treatments work. Also, identifying complementary intervention components is a primary 

goal of new treatment development methods such as the Multiphase Optimization Strategy 

(Baker et al., 2017; Collins et al., 2018). This research may identify factors that will 

influence the success of that strategy.

The Maintenance Study: Methods and Analysis of Variance Findings

Methods.

In this study and in the other studies reviewed (the Population-Based and the Motivation 

Studies), a considerable effort was expended to achieve high treatment fidelity across the 

various intervention components delivered. The interventions were either delivered via 

computer (e.g., Adherence Calls in the Maintenance Study), or were delivered by highly 

trained computer guided research staff (except for quitline counseling in the Population-

Based Study, which was delivered by actual quitline counselors).

Participants in this Maintenance Intervention experiment (Schlam et al., 2016) were 513 

adult smokers recruited in 11 primary care clinics from two southern Wisconsin healthcare 

systems from 2010 to 2013 for a smoking cessation study (See Table 1 for more study 

details). This was a 25 fully crossed factorial experiment with each factor having an ON 

and OFF level. The five factors contrasted the two factor levels on the basis of abstinence 

from smoking at 26 and 52 weeks post-TQD (target quit date). Half of the participants 

were randomized independently across factors to a level of each factor; i.e., to a more 

intense (“ON”) level or to an absent (“OFF”) level. The five factors were: (1) Extended 

Medication (26-week) versus (8-week) medication, (2) Medication Adherence Counseling 

(MAC) versus none, (3) Automated Adherence Calls versus none, (4) Electronic Medication 

Monitoring & Feedback (“Helping Hand” or HH) versus Monitoring without counseling, 

and (5) Maintenance Counseling versus none. (See Table 1) All participants received a base 
cessation medication treatment (8 weeks of combination nicotine replacement therapy [NRT: 

nicotine patch plus nicotine gum]), and a total of 50 minutes of counseling

Assessments included baseline smoking history questionnaires, automated medication 

adherence data, and daily smoking status (Robinson, Sobell, Sobell, & Leo, 2014) at study 

visits (Weeks 1, 4, 8) and in follow-up calls (Weeks 16, 26, 39, 52). In the analyses 

presented below, we report results for 52-week point-prevalence abstinence outcomes.

Main and interaction effects from the Maintenance Study.—The Maintenance 

experiment (Schlam et al., 2016) used logistic regression with effect coding (as in the 

Population Based and Motivation Studies) to examine abstinence at 52 weeks post-treatment 

initiation. In effect coding, targeted effects are tested with respect to the averaged effects 

of the other components. These analyses showed that extended (26 weeks) medication 

significantly increased abstinence rates versus 8-week medication (i.e., 34% vs. 27%, 

respectively: B = 0.34, p<.01). This was the sole main effect in the experiment.
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There were two statistically significant three-way interactions at week 52 (p’s<.05). An 

Extended Medication×MAC×Adherence Calls interaction (Figure 2) revealed that the 

highest abstinence rates occurred when treatment included neither adherence calls nor 

MAC. A Maintenance Counseling×MAC×HH counseling interaction at 52 weeks (see 

Supplemental Figure 2) showed that two components (e.g., maintenance counseling and 

helping hand counseling) produced very positive estimated effects on abstinence when each 

was used alone, but adding any component(s) to them produced a decidedly weaker effect.

Note that the subgroup abstinence rate data presented in the figures (Figure 2 and 

Supplemental Figure 1) reflect actual abstinence rates, not model based estimates. Thus, 

because effect coding was used, they reflect the influences of treatment factors that 

were not involved in the interaction. For instance, some of the participants receiving no 

ON intervention components in Figure 2 (i.e., neither Extended Medication, MAC, nor 

Adherence Calls) did receive one or more of the other intervention components (i.e., CAM, 

HH counseling). While assignment to these other components was random, their effects 

are hard to gauge. For instance, the subgroup of individuals receiving neither Extended 

Medication, MAC, nor Adherence Calls (i.e., receiving OFF levels of each) may have 

shown relatively high abstinence rates because they benefitted from the other intervention 

components. However, receiving these other components should also have helped those in 

the ON conditions for Extended Medication, MAC, and Adherence Calls, unless, as argued 

here, there is a diminishing return for combining a larger number of components versus a 

smaller number.

There were also three two-factor interactions. For instance, in an Extended Medication X 

MAC interaction, those who received 26 weeks of medication had higher abstinence rates 

when they did not receive MAC than when they did (39.4% versus 29.0%, respectively: 

Supplemental Figure 3). The two other significant two-way interactions in the Maintenance 

Study were both negative or antagonistic (i.e., the effects of two components when 

combined were less than would be expected based on their summed main effects [when 

the other component is OFF]: see Schlam et al., 2016). In both cases, the participants 

getting neither of the active intervention components performed better than conditions where 

one or more components were ON. These lower level interactions are presented not to 

synthesize the most important component interactions in the experiment; rather they are 

intended to illustrate the tendency for many of the components to interact negatively. And, 

as noted, these involve only the significant interactions; others may certainly fail to attain 

statistical significance but still function to diminish the estimated main effects of individual 

components as elucidated by Brittain & Wittes (1989).

Methods

Estimating Cumulative Interaction Effects

In the current study, the subadditive effects of more complex or intense treatments are 

demonstrated through a second analytic approach in which the outcomes for a study are 

determined in relation to the number of factors that are ON. This ‘Mean Abstinence Rate’ 

analysis approach can yield mean abstinence rates for every size treatment combination 

(e.g., 0 to 5 ON components). We follow this with logistic regression analyses (‘Model 
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Based’ analyses) that illustrate the magnitude of the effects of intervention component 

packages that differ in the number of active components. Packages comprising multiple 

intervention components would be less effective to the extent that their components interact 

negatively. Despite recommendations for the use of effect coded factors (−1=OFF, +1=ON) 

in most analyses of factorial screening experiments (Collins, 2018), these analyses used 

dummy coded factors (0=OFF,1=ON) for clarity of illustration (see Supplemental Note 5 for 

a rationale for the use of dummy coding).

For each study’s respective outcome, for Model Based analyses we entered into the 

regression model both (a) dummy-coded predictors for each of the factors, as well as (b) 

additional dummy-coded predictors that account for conditions in which more than one 

intervention component is set to the ON condition. Note that because of the factorial design, 

for (‘a,’ above) we enter as many dummy-coded factor predictors as we have factors. The 

use of dummy coding results in a coefficient for each factor (intervention component ON 

vs. OFF) that reflects the simple effect of that factor when all other factors are OFF. In this 

paper we follow the terminology of Kugler, Dziak and Trail (2018) in referring to these as 

the first-order effects of each factor, to be distinguished from the main effect of a factor 

that reflects a component’s effect averaged across the settings of all other factors as is 

captured by effect coding. The second type of dummy-coded predictors entered in the model 

reflects the average incremental effects of component combinations for each combination 

with the same number of components ON. These predictors capture the degree to which 

multiple components (on average) enhance or detract from the sum of the first-order effects 

of the ON components in the package. Specifically, this second type of predictor includes 

separate predictors indicating whether two or more components are ON (2+), three or more 

components are ON (3+), and so on, up to the largest possible number of factors being 

ON. The coefficients for the second type of predictors provide an indication of the extent to 

which the combined effects of factors tend to diminish, when implemented together, relative 

to what is expected by adding the relevant first-order effects. Note that this model estimates 

an “average” effect across interactions of a common order versus evaluating an individual 

interaction. We thus interpret negative coefficients for the predictors in (‘b’ above) to 

imply the presence of negative interactions, as they indicate that the combined action of 

multiple factors is less than the sum of their individual first-order effects. These analyses 

should reveal whether a larger number of intervention components tend to commensurately 

increase, or decrease, effectiveness.

Results

Mean Abstinence Rates for Different Numbers of ON Components: Maintenance Study

The following analysis determined the percentages of participants in the Maintenance 

Study who achieved abstinence after exposure to different numbers of ON components 

(0-5), regardless of whether or not the component participated in a statistically detectable 

interaction. As noted earlier, this approach is blind to type of component; i.e., the abstinence 

rate associated with exposure to three components reflects the average of abstinence rates 

across all possible 3-component groupings. Also, although the “0” condition suggests that 

some participants received no active components, in fact, even participants getting no ON 

Baker et al. Page 10

Clin Psychol Sci. Author manuscript; available in PMC 2022 January 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



components did receive 8-weeks of combination NRT and four counseling sessions (totaling 

50 minutes) in the Maintenance Study.

The Maintenance Study had a fully-crossed 5-factor factorial design, so the number of ON 

factors ranged from 0 to 5; the highest concentration of subjects being in the middle (2 or 3 

conditions ON). Mean abstinence rates for the different numbers of components were, at 52 

weeks (and SEs & n’s at each level of conditions ‘On”) were 0-On = 22% (SE=10%: n=18), 

1-On = 32% (SE=5%: n=81), 2-On = 26% (SE=3%: n=174), 3-On = 33% (SE=4%: n=175), 

4-On = 35% (SE=5%: n=83), and 5-On = 38% (SE=13%: n=13). Thus, the primary increase 

in abstinence rates appear to occur when moving from 0 conditions turned ON to having 1 

condition turned ON (from 22% to 32%). Abstinence rates show little additional increase 

after having >1 condition being ON. (Note the small n’s at the ‘0’ and ‘5’ levels.)

Model-Based Analyses for All First-Order Effects (Univariable) and Combined Component 
Effects Accounting for the Number of ON Components: Maintenance Study

As noted earlier, in Model-Based analyses we entered dummy-coded predictors (0=OFF, 

1=ON) associated with each treatment factor; in addition, we entered dummy-coded 

predictors indicating whether the total number of components turned on was 2 or greater 

(2+), 3 or greater (3+), 4 or greater (4+), or 5 (5). Thus, the variable that codes for 2 or 

more components reflects subjects who received 2-5 components. This approach allows for 

an evaluation of the average consequences of adding progressively more ON components to 

the treatment package. The dummy coded variables show whether treatments with multiple 

components turned ON yield, on average, additive or synergistic versus negative effects 

relative to what is expected based on the addition of their first-order effects.

This analysis allows us to interpret coefficients in terms of first-order effects of each 

component. As shown in Table 2, these first-order effect estimates are consistently positive 

for each individual component. In addition, the observation of consistently negative 

estimates for component combinations (2+, 3+, 4+ and 5) implies steadily diminishing 

returns (on average) as more components are turned ON. For example, if we consider 

the anticipated outcome when turning on two components (e.g., Medication Duration 

& Maintenance Counseling are both turned ON), the anticipated outcome would be the 

combination of first-order effects for these two components (.751 and .630 within logistic 

regression). However, the negative coefficient of the 2+ indicator (−.825), suggests that 

adding a second component would more than eliminate the benefit of the second component. 

Note, that the ‘cost’ of added components reflects an average or pooled cost effect 

that might not apply fully to the particular component pairing noted. It should also be 

noted that the effects of these number-of-components predictors are cumulative as more 

components are turned ON. In other words, the coefficients on 3+, 4+ and 5 component 

groupings, respectively, reflect the added change in effects as the number of ON components 

successively increases. As can be seen in Table 2 and corresponding analyses for the 

later studies, the lack of orthogonality (which can also be viewed as reflecting correlated 

predictors in our regression models) frequently leads to somewhat large standard errors in 

our estimated coefficients while still providing conceptually relevant data. The presence 

of correlated predictors and the fact that n’s are not distributed equally across number-of-
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component groupings compromise the ability to mount well-powered tests of component 

combination significance and overall prediction.

In the context of the current analysis, the costs associated with turning all five components 
ON would be the sum of the coefficient estimates for 2+, 3+, 4+ and 5. Thus, based on 

the estimated coefficients for these effects, the diminishing or negative returns are observed 

all the way through to the maximum number of ON intervention components. However, it 

should be recognized that particular groupings of components may still function in additive 

ways.

Mean and Model-Based Analyses Across the Population-Based and Motivation Studies

The patterns of averaged abstinence rates and Model-Based coefficients were computed in 

the Population-Based and Motivation Studies (see Table 1 for study details). The percentage 

of subjects abstinent as a function of the number of conditions turned ON in the Population-

Based Study at 1 month follow-up reveals a substantial increase when moving from the 0-

ON to the 1-ON component conditions but little meaningful increase thereafter (component 

number groups with SEs and n’s): 0-On = 9% (SE=5%: n=35), 1-On =25% (SE=3%: 

n=173), 2-On = 20% (SE=2%: n=328), 3-On =28 % (SE=3%: n=310), 4-On =24% (SE=3%: 

n =160), 5-On=32% (SE=9%: n=28).

The Population-Based experiment produced the same pattern of diminishing returns when 

abstinence rates were averaged for like-numbered component combinations (0-5). This 

pattern is clearly manifested in the model-derived estimates seen in Table 3. Logistic model-

based coefficients for the 1-month time point show that each component by itself yielded 

a positive estimated effect and, with dummy coding, the effect was significant for nicotine 

lozenges and the website. However, each of the number-of-components predictors (2+, 3+, 

+4, +5) is again negative and significantly so for the 2- and 4-component combinations. Data 

from the 3- and 7-month follow-up time points were consistent with this pattern.

Data from the Motivation Study also were consistent with the diminishing returns effect. 

This is illustrated with an additional type of outcome variable: quit attempts (see Table 1 

and Supplemental Note 2 for study details). Relevant results from this study are presented 

for the 6- and 12-week time points. The averaged quit attempt rates for the component 

groupings were: for 6-weeks the percentages (SEs & n’s) for the 5 levels of components-On 

were: O-On = 31% (SE=9%: n=26), 1-On = 40% (SE=5%: n=106), 2 = 44% (SE=4%: 

n=171), 3-On = 40% (SE=5%: n=107), 4-On = 32% (SE=10%: n=22); for 12 weeks: O-On 

= 13% (SE=7%: n=23), 1-On = 21% (SE=4%: n=92), 2-On = 22% (SE=4%: n-134), 3-On 

= 23% (SE=4%: n=99), 4-On = 30% (SE=10%: n = 20). The Model-Based estimates for 

quit attempts at the 12-week mark are depicted in Table 4; Supplemental Table 1 presents 

these estimates for the 6-week mark. At both time-points, the coefficients attached to the 

component first-order effects are all positive (6- and 12-weeks). However, each of the 

multi-component predictors (2+, 3+, 4) is again negative.

Baker et al. Page 12

Clin Psychol Sci. Author manuscript; available in PMC 2022 January 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Not All Component Combinations Are Created Equal: Variation in Relations of Component 
Combinations with Abstinence

The model-based estimates yield averaged effects of different number-of-component 

groupings and thus particular combinations may differ from one another in terms of 

their relations with abstinence. We do, in fact, see some statistically detectable variability 

in abstinence relations for a single one of the like-numbered component combinations 

examined. Thus, in comparing all possible packages with three ON components in the 

Maintenance experiment, we see detectable variability in the 52-week abstinence outcome 

across packages (Pearson χ2 exact test =17.790, df=9, p=.035). At this follow-up time point, 

the package with Maintenance Counseling, MAC and Helping Hand Counseling all ON, 

returned an abstinence rate of 0% (0/17), while the package with Counseling, MAC and 

Automated Adherence Calls all ON returned an abstinence rate of 50% (8/16).

In summary, all three studies showed that there was little benefit of adding components to 

a two-component combination. The model-based analyses similarly showed that coefficients 

for first-order effects associated with individual components were consistently positive 

while the added effects of treatment combinations were consistently negative for larger 

component combinations. This pattern of subadditive effects of components is consistent 

with the numerous statistically significant negative interactions found with regard to specific 

component combinations (e.g., Figures 1 & 2).

Exploring the Causes of Noncomplementary Effects with Maintenance Study Data 
Pursuing the Burden Hypothesis

Burden Analysis.—We explore a burden hypothesis by attending to measures of 

adherence and participant dropout, with an expectation that, as burden increases, adherence 

will decline, and participant drop-out will increase. To investigate the burden hypothesis, we 

examined the effects of adding intervention components to two intervention components that 

we thought imposed especially high levels of burden: Automated Adherence Phone Calls 

and Maintenance Counseling (see Table 5). Each required multiple contacts and therefore, 

in theory, constituted a significant burden that might render the participant sensitive to 

additional burden. These components also provided a sensitive, quasi-continuous index by 

which to show burden effects, i.e., percentage of prescribed treatment contacts completed. 

The Maintenance Counseling required eight 15-minute contacts for up to 22 weeks post-

TQD. The Automated Adherence Phone Calls involved accepting either 7 or 11 automated 

phone calls depending upon the participant’s assignment to the Medication Duration factor.

The measure used to index adherence to the two components was percentage of treatment 

contacts completed by participants. The analytic method involved determining adherence 

to the Automated Adherence Phone Calls intervention or the Maintenance Counseling 

intervention when each intervention was used by itself and then examining the effects of 

adding additional intervention components via the use of dummy-coded variables, with 

component packages involving up to 5 components. Finally, we determined the effects 

of adding different numbers of interventions to a package that already comprised both 

Adherence Phone Calls and Maintenance Counseling interventions.
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Burden Results.—Table 5 shows a fairly large and linear decrease in mean percentage of 

treatment contacts completed as 1-4 additional components were added to the Adherence 

Call intervention. With regard to the Maintenance Counseling component, the highest 

treatment contact attendance occurred when Maintenance Counseling was used as a sole 

intervention component; this decreased when a single additional component was added but 

did not change meaningfully with combinations of 2-5 components.

We then examined the effects of adding additional components to a 2-component package 

comprising both Automated Adherence Phone Calls and Maintenance Counseling Calls 

(Table 5). This produced a fairly large magnitude, linear decrease in visit attendance when 

components were added to this 2-component base.

The burden hypothesis is based in part on the assumption that nonattendance at, or 

nonexposure to, intervention contacts should reduce abstinence rates (and therefore account 

for subadditive effects on outcome variables). Therefore, we analyzed the relation between 

completion of Automated Adherence Phone Calls or Maintenance Calls and abstinence 

at 8 and 16 weeks when either of those two intervention components was used in 

combination with one or more additional components. In these analyses, adherence reflected 

the proportion of calls completed. The relation between this adherence variable and 

biochemically confirmed abstinence was tested in logistic regression analyses. Results 

showed that attendance was highly related to abstinence at both time points. For 

Maintenance Calls, proportion of contacts significantly predicted abstinence at 8 weeks 

(B=2.454, SE=.416, Wald χ2(1) = 34.74, p<.001, OR =11.63; N=247) and at 16 weeks 

(B=3.021, SE=.447, Wald χ2(1) = 45.63, p<.001, OR=20.51; N=247). For Adherence 

Calls, proportion of contacts likewise significantly predicted abstinence at 8 weeks (B=.795, 

SE=.340, Wald χ2(1) = 5.47, p=.019, OR=2.22; N=257) and at 16 weeks (B=.811, SE=.352, 

Wald χ2(1) = 5.32, p=.021, OR=2.25; N=257).

In the analyses conducted above, participants missing from follow-up were assumed to 

be smoking. This may have inflated the obtained association: a pattern of nonattendance 

across both the treatment sessions and outcome would have perforce created a strong 

association. Therefore, we examined the association between attendance and abstinence 

amongst only those who attended the 8- and 16-week abstinence assessment sessions (the 

criterion). This conservative analysis revealed that non-completion of calls was again related 

to decreased abstinence, although the magnitude of the relation was reduced. For abstinence 

status at 8 weeks and 16 weeks, respectively, results were: for Maintenance Calls, (n=227; 

B=1.83; SE=.43; OR=6.2; p<.001, and n=198; B=2.41; SE=.48; OR=11.12; p<.001); and 

for Automated Adherence Phone Calls (n=232; B=.26; SE=.39; OR=1.3; p=.51, and n=202; 

B=41; SE=.41; OR=1.50; p=.32).

Pursuing the Mechanism Overlap and Capacity Limitation Hypothesis

Mechanism Overlap Analyses.—The nonadditive mechanism hypothesis is examined 

in part by comparing the diminishing returns on putative treatment mechanisms that 

occur when active intervention components are combined. We examined this hypothesis 

in two ways. First, we examined whether adding especially dissimilar components affected 

the magnitude of the effect of adding components. We assumed that highly dissimilar 
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components would be more likely to activate different change mechanisms, which, in theory, 

should produce less redundancy. Specifically, we analyzed whether adding a medication 

component to counseling components would produce meaningfully less reduction in effect 

size than when counseling components were added to one another. This derives support 

from evidence that counseling tends to affect mechanisms such as spending less time in 

the proximity of cigarettes and stress and urge coping but has little effect on withdrawal 

symptoms (McCarthy et al., 2010). On the other hand, medication seems to especially affect 

craving, which then affects cessation outcomes (e.g., Bolt, Piper, Theobald, & Baker, 2012; 

Piper et al., 2008). This effect was tested via an interaction between a medication factor 

vs. a counseling factor when each was added to a counseling component. The Maintenance 

Study offered the opportunity to examine the effects of a medication component (Medication 

Duration) when it was added to combinations of 1-4 counseling components.

We computed a logistic regression model predicting 52-week abstinence as a function 

of the randomly assigned treatment components. The model used dummy coding of 

predictors to allow the estimated coefficients to reflect the incremental contributions 

provided by components above a reference condition in which all components are in the 

“OFF” condition. We entered three sets of predictors: (1) five predictors reflecting the 

OFF/ON state of each of the individual components, (2) four predictors indicating the 

change in cumulative effect associated with having two or more, three or more, four 

or more, or five components ON (irrespective of which components are ON), and (3) 

three interactions between the Medication Duration predictor and the latter change in 

cumulative effect predictors (ignoring the interaction with the five components ON predictor 

due to redundancy). Importantly, the inclusion of the first set of predictors allows us to 

accommodate the likely occurrence that the five different components will vary in their 

first-order effects (i.e., that the individual effects of turning each component ON in isolation 

from the others will be different). The second set of predictors evaluates the subadditivity of 

turning more components ON, but now under conditions when Medication Duration is not 

involved (due to the presence of the third set of predictors). It is ultimately the third set of 

predictors that characterizes how the effects associated with turning more components ON 

changes when Medication Duration is ON.

Mechanism Overlap Results.—Table 6 shows the results of this analysis. Consistent 

with our prior analyses, we observe positive coefficients associated with each individual 

component variable when it is ON and the other components are OFF. However, the 

estimates associated with our second set of predictors indicate that turning more than one 

component ON, on average, results in a reduction of the effects otherwise implied by the 

first set of predictors. The next set of predictors is most relevant to the Mechanism Overlap 

hypothesis, which if correct, should manifest as positive coefficients when Medication is 

the added component (less reduction in the combined effects). While adding Medication 

Duration produced modestly positive coefficients for the 2 and 3 component combinations, 

it produced a relatively large negative coefficient when added to 4 counseling components. 

Thus, there may be less “cost” of adding a medication component to counseling when the 

overall number of ON components is smaller. However, the presence of the medication 

component seems even more prone to yield a reduction of effect in the presence of a large 
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number of counseling components. Finally, Medication Duration had the largest impact on 

abstinence as a sole ON component; thus, the overall effectiveness of Medication Duration 

may have affected its competitiveness with other intervention components.

The second approach to examining the mechanism overlap hypothesis was to determine 

whether adding intervention components produces evidence of nonadditivity with regard to 

the putative mechanisms of therapeutic effectiveness. If combining different intervention 

components does not add cumulative benefit with regard to mechanisms of change, then 

this could cause subadditive returns on clinical outcomes. In addition, if there is evidence 

of redundancy with regard to mechanisms that are indexed as continuous variables, then 

these variables might serve as proxies for continuous outcome variables, suggesting that the 

occurrence of diminished returns is not restricted to binary outcomes.

Although the ability to formally test the relations between numbers of active components 

and the putative mediators is subject to the same limitations as for outcomes (i.e., relatively 

small numbers of subjects with few (0,1) or many (4,5) active components), the results 

of this analytic approach are generally consistent with the hypothesis that the tested 

intervention components yield redundant effects on putative mechanisms. We evaluated how 

adding components affected putative mediators, ones often affected by smoking treatment 

and that often predict smoking abstinence: i.e., measures of withdrawal (e.g., PANAS 

Distressed, PANAS Irritable, PANAS Upset, the PANAS Negative Affect composite, and 

WSWS Craving; Baker, Piper, McCarthy, Majeskie, & Fiore, 2004; Bolt et al., 2012; 

Etcheverry et al., 2016; Piper et al., 2008; Watson, Clark, & Tellegen, 1988), as well 

as motivational measures of cessation fatigue, and self-efficacy (Gwaltney, Shiffman, 

Balabanis, & Paty, 2005; McCarthy et al., 2010). These variables were assessed in three 

contacts that occurred in the first two weeks after the target quit day.

Table 7 shows the mean ratings on the various mechanism measures in relation to the 

different numbers of active components. In effect, these data provide an initial look at the 

“A” path in a mediational pathway relating treatment to the putative mediators. In general, 

across all mechanisms, except for self-efficacy, the pattern is that these scores are highest 

(at their worst) when no active components are on. These scores tend to improve when one 

component is added but remain stable thereafter (as more components are added), albeit 

there is a trend for craving to be especially low when 4 and 5 components are used. It 

must be remembered though, that only a very small number of participants received all 

5 components, so the mean for this cell might be imprecise. With regard to self-efficacy, 

higher scores reflect treatment benefit. Results show essentially no evidence that adding 

intervention components increased self-efficacy. Thus, in no case did a greater number of 

intervention components improve status on the putative mediators, a finding confirmed with 

model based analysis (data not shown): single components produced increased benefit but 

additional components yielded diminishing or negative effects.

The mechanism overlap hypothesis is based on the notion that treatment mechanisms 

affect outcome (abstinence) but because added components do not yield additive effects 

on mechanisms they do not yield additive effects on outcomes. To determine whether the 

mechanism measures predict outcomes, we related the mechanism measures (averaged over 
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the first two weeks post-quit) with 52-week abstinence via univariate logistic regression. The 

relations were examined for only three of the mechanism measures; ones that were selected 

a priori based upon their addressing somewhat different conceptual domains and ones 

that showed strong patterns of subadditivity in relation to added components: 1) Craving, 

b=−.773, se=.111, Wald = 48.080 (df=1), p<.001, exp(b)=.462; Cessation fatigue, b=−.281, 

se=.079, Wald = 12.590 (df=1), p<.001, exp(b)=.755; and PANAS-negative affect, b=−.229, 

se=.040, Wald = 33.515 (df=1), p<.001, exp(b)=.795. For all three measures, a negative b 

coefficient reflects a negative effect on abstinence.

There is one other caveat regarding the analysis results shown in Table 7; several of the 

intervention components in this study are of long duration (e.g., Maintenance Counseling, 

Adherence Phone Calls, Extended Medication). Thus, the full differential effects of these 

intervention components would not have been detected when the mediators were assessed.

Pursuing the Tipping Point Hypothesis

Tipping Point Analysis.—The tipping point notion holds that for individuals near a 

tipping point, their status on promoters and obstacles allows them to make greater gains 

in response to modest treatment and gain can be conferred by a variety of interventions. 

Individuals who are distant from the tipping point may benefit from increased numbers of 

intervention components but the gains will be modest given their distance from the tipping 

point.

Statistically, this hypothesis is best explored from a perspective of treatment effect 

heterogeneity, whereby the effects of manipulated treatment factors vary across participants 

within a studied population when studied on a logit metric. We suspect that such 

heterogeneity may correspond to stronger positive factor effects for participants with a 

higher baseline likelihood of abstinence who are exposed to a small number of treatment 

component factors. At the other extreme, we suspect the presence of a subpopulation of 

participants for whom both (1) the likelihood of a successful outcome is low when exposed 

to a small number of intervention components (or to a low intensity intervention), and (2) 

adding components (or treatment intensity) will boost benefit only modestly.

To evaluate the tipping point hypothesis, we developed a change index to determine 

proximity to the tipping point. This index was developed in a separate MOST screening 

experiment that has not been included in the analyses presented thus far. This experiment 

was a 6-factor fractional factorial experiment of smoking intervention components designed 

to prepare smokers for cessation and help them quit (N=637; Piper et al., 2016). Multiple 

variables were examined to identify those that efficiently predicted smoking status at 

26-week follow-up in that experiment. Thus, this approach used baseline and early 

post-quit predictors of ultimate clinical success to index capacity to quit successfully 

(tipping point proximity). Candidate variables included demographic variables (e.g., race, 

age, gender), nicotine dependence measures (e.g., the Fagerstrom Test of Cigarette 

Dependence; Fagerstrom, Russ, Yu, Yunis, & Foulds, 2012; Heatherton, Kozlowski, Frecker, 

& Fagerstrom, 1991), the Wisconsin Inventory of Smoking Dependence Motives (Piper et 

al., 2004; Smith et al., 2010), contextual factors (e.g., presence of other smokers in the 

home, a home smoking ban), and early reaction to abstinence (smoking, withdrawal). There 
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is considerable evidence that such factors affect likelihood of success in quitting smoking 

(e.g., Bolt et al., 2009).

Tipping Point Results.—We used the SAS logistic regression procedure PROC 

HPLOGISTIC to identify the best-fitting predictors of 26-week abstinence with selection 

based on Schwarz’s Bayesian criterion (SBC), which is intended to reduce multicollinearity. 

This procedure yielded a best-fitting model comprising gender, successful prior abstinence 

from smoking (> 1 month), and number of abstinent days in the first 2 weeks (a ROC 

analysis yielded an optimal cut-score =12 days). All three variables significantly predicted 

26-week abstinence (p’s<007). When summed, this index of binary risk variables yielded 

scores = 0-3 (n’s: 0=100, 1=257, 2=201, 3=79). This change, risk index successfully 

predicted abstinence in the experimental sample in which it was derived; 26-week 

abstinence rates for scores 0-3 were 46%, 33.5%, 17.9%, and 12.7%, respectively. A binary 

version of this change index was formed by combining 0 & 1 (Low Risk) and 2 & 3 (High 

Risk). This yielded abstinence rates of 37% and 16.4% (χ2 with continuity correction = 

31.9, p<.0001).

This change index was then used to predict 26-week abstinence in the Maintenance 

experiment (Schlam et al., 2016). Table 8 presents the abstinence rates of those randomized 

to various numbers of intervention components. Those getting 4 and 5 components were 

merged because of the small n’s. Results are therefore presented for participants randomized 

to 0-2 components, 3 components, 4-5 components, and 3-5 components (see Table 8). 

Comparing the last category with those randomized to 0-2 components shows that Low Risk 

participants showed virtually no improvement due to increased (3-5) components (OR=1.07; 

95% CI: 0.65-1.76). High Risk participants on the other hand showed relatively little success 

with 0-2 components and only modest, statistically nonsignificant increases in success with 

added components (OR=1.67; 95% CI: 0.98-2.84).

An assumption of the tipping point theory is that even modest intervention is enough to 

help low-risk individuals become abstinent. Therefore, one should see some increase in 

abstinence when such individuals receive 1 or 2 intervention components versus none. 

Unfortunately, there are too few individuals in the “no intervention” condition to afford 

much confidence in the pattern obtained. However, abstinence rates (and “n’s” for the 

number of participants in each component grouping) for the 0, 1, and 2 component 

groupings are, respectively: 29.4% (17), 42.5% (73), and 33.3% (165). Thus, there was 

evidence of some increase in abstinence due to assignment to one component to low-risk 

individuals, but a decrease from that level amongst those assigned to two components.

Just to ensure that the pattern of results obtained was not due to use of a particular change 

index, we derived a new change index using data from the Maintenance experiment itself. 

The use of this index produced the same pattern (data not shown) as obtained with the 

first index as reported above. Low-risk individuals did benefit from a small number of 

intervention components (0-2) with no meaningful increase from a greater number. High-

risk individuals benefitted modestly from a greater number of components (3+).
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One assumption of the tipping point hypothesis is that low-risk individuals will generally 

benefit from any of the active intervention components. This implies that some individuals 

respond similarly to the different intervention components, which is also consistent with 

components being redundant with one another. To test this, we examined correlations 

between adherence to one component and adherence to another (attendance/adherence 

scores were indexed by proportions of visits or component use episodes completed: 

Supplemental Note 6 and Table) for participants who were randomized to all possible 

pairs of intervention components. This analysis showed generally strong associations in 

attendance or adherence scores across pairs of components. Moreover, the associations are 

of roughly the same magnitude, suggesting the likely presence of a general adherence factor, 

a factor that may well also be positively associated with individuals close to the tipping 

point. This suggests a certain interchangeability of intervention components, but it does not 

necessarily indicate a high correlation between components with regard to their effects on 

abstinence.

General Discussion

Discussion of Evidence of Subadditive Effects

The relatively frequent occurrence of negative interactions amongst factors seen in 

inferential tests (e.g., Figures 1 & 2) caused us to examine systematically the effects of 

combining components. In three factorial experiments, we obtained Model Based estimates 

of the effects of adding up to four or five intervention components with a base treatment 

or no treatment. Across three studies, these analyses showed that adding components, 

on average, produced reductions in component effects relative to their effects if used 

individually. Across the three studies there were 18 component coefficients for the first-order 

effects and all were positive; there were also 14 coefficients for the component combinations 

and all were negative (including quit attempts at both 6 and 12 weeks in the Motivation 

Study). Modeling analyses suggest that the cumulative effects of negative interactions, 

including many not individually statistically significant, were cumulative up through the 

highest number of components, such that larger component packages continued to result in 

diminished contributions from added components.

Along with finding multiple negative interactions in our experiments (Cook et al., 2016; 

Fraser et al., 2014; Schlam et al., 2016), we found few significant positive main effects (in 

the original effect coding analyses or the dummy coding analyses with a single component 

ON). Similarly, McClure and her colleagues (McClure, et al., 2014) conducted a factorial 

experiment analyzing 4 factors comprising different design features of on-line smoking 

interventions (e.g., message tone, navigational autonomy, email reminders, and tailored 

testimonials). Despite considerable power (N=1865), this study yielded no main effects for 

any of the factors (McClure, et al., 2014). A factorial study by Tombor et al. (2018) showed 

no significant main effects (N=565) for five intervention modules designed to increase 

digital treatment engagement amongst pregnant smokers.

It should be noted that these findings were obtained in studies that differed with regard to 

type of outcome (quit attempts, smoking reduction, abstinence), population (those wanting 

to quit and those not willing to do so), types of interventions (pharmacotherapy, type of 
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counseling, duration of treatment), and time period of assessment (4-52 weeks). Thus, at 

least with regard to smoking treatment, the phenomenon of subadditive returns seems fairly 

robust.

Finally, our results showed some variation across particular component combinations. This 

suggests that intensive research might be aimed at identifying such especially effective 

combinations. However, such combinations may be quite rare. After all, we see little 

evidence of synergistic interactions in the original effect coding analyses (e.g., Cook et 

al., 2016) and we found significant variability in component effectiveness for only one 

component combination in the present analyses (in the Maintenance Study) and this may be 

fortuitous.

The current analyses suggest that the lack of main effects in the reports of the above 

experiments occurs because the main effect estimates are based heavily on conditions in 

which other studied factors are also turned ON. In the presence of negative interactions 

(many of which may fall below the threshold of statistical significance), the main effect 

estimates may underestimate the effect of turning ON only the studied factor while keeping 

all other components OFF. This is consistent with prior modeling that shows that even 

modest negative interaction effects have the potential to bias and considerably diminish 

power to detect main effects (Brittain & Wittes, 1989).

While factorial experiments are powerful tools for exploring how well intervention 

components work together (Baker et al., 2016; Baker et al., 2017; Collins, 2018; Collins 

et al., 2014), it may be challenging to develop more effective psychosocial treatments 

by combining multiple intervention components that all exert significant main effects or 

positive interactions (see Chakraborty, Collins, Strecher, & Murphy, 2009; Collins et al., 

2014) since they may be both rarely found and often underestimated. Collins (2018) has 

noted that the use of factorial designs in MOST arises in part from their successful use in 

engineering. However, the manipulated variables in engineering (e.g., speed, temperature) 

possess an independence that cannot be matched by counseling approaches that share 

elements in common. Moreover, cognitive processing may integrate the effects of different 

treatments so that they are correlated across treatments. Finally, manipulated variables in 

engineering research may simply be more potent.

It is important to note that it is certainly possible that synergistic or positive interactions 

may occur (e.g., Graham et al., 2020). Such interactions are more likely to be found 

where the intervention components do not yield a pattern of negative interactions (whether 

significant or not). In the Graham study just cited, the components were structural features 

of a digital intervention that involved separate smart message service functionalities. Such 

features may resemble those used in engineering studies where factorial experiments have 

been so valuable: i.e., where factors are more dissimilar and yield more divergent effects 

on mediators. Perhaps an evaluation of such properties should guide the selection of 

intervention components in behavioral research.

It is possible that we analyzed components that were too weak to produce numerous main 

effects or synergies. However, the components evaluated were selected based on prior 
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research support and had strong substantive bases. For instance, the three analyzed studies 

explored extended medication, electronic medication tracking with counseling, extended 

counseling support, medication use with those unwilling to quit, and so on. All of which 

have considerable research support based on RCTs (e.g., Hall et al., 2009; Mooney et al., 

2007; Moore et al., 2009; Schlam et al., 2018; Schnoll et al., 2015; Schnoll et al., 2010). 

These intervention components also seem substantively appropriate. For instance, extended 

medication was intended to allow participants to recover from lapses (Ferguson, Gitchell, 

& Shiffman, 2012), reduce late onset withdrawal exacerbations (Piasecki, Jorenby, Smith, 

Fiore, & Baker, 2003), and mitigate the effects of premature medication discontinuation 

(Medioni, Berlin, & Mallet, 2005). Extended counseling was intended to provide the 

social support and self-efficacy, which have been associated with positive clinical outcomes 

(Graham et al., 2015; Hendricks, Delucchi, & Hall, 2010; Schuck, Otten, Kleinjan, Bricker, 

& Engels, 2014). Similar evidence can be marshalled for the other intervention components 

used in the analyzed studies.

It is important to recognize that the subadditive effects we demonstrate above extend to 

non-factorial experimental designs; they are potentially relevant to any multicomponent 

treatment. Negative interactions amongst components may occur even if the experimental 

design does not permit their analysis. Thus, our results suggest that, in general, 

multicomponent treatments are likely to have their effectiveness constrained by negative 

interactions. Since such treatments are common in the mental and behavioral health fields, 

this phenomenon might have pervasive effects.

Discussion of Possible Mechanisms

Before discussing the particular mechanisms evaluated in this research, it is important 

to note that the finding of noncomplementary effects was not pre-ordained. It is quite 

reasonable to assume that, for instance, to the extent that a person has their smoking 

withdrawal symptoms mitigated by cessation medication, they will be better able to benefit 

from counseling. However, additive or synergistic effects were generally not observed.

The burden hypothesis.—The burden hypothesis holds that administering multiple 

intervention components concurrently can produce aversive effects such as fatigue or 

distraction, either of which might cause nonadherence or reduced participation in a 

treatment, which could in turn suppress intervention effectiveness. We evaluated the 

burden hypothesis in the Maintenance experiment by examining whether adherence to, 

or participation in, intervention components was affected by experimental assignment to 

additional components. We specifically addressed whether adherence to two fairly intensive 

components (Maintenance Counseling and Adherence Phone Calls) was eroded when 

increasing numbers of components were added to them.

A decline in attendance was evident for Adherence Phone Calls, for Maintenance 

Counseling, and for the combination of the two when other components were added to 

them. The decline was greater for Adherence Phone Calls, perhaps because this component 

involved no person-to-person interaction, making it easier to not attend.
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While receiving many components was related to relatively poor adherence, it is unclear that 

this difference accounts for the component subaddivity. Adherence was meaningfully related 

to abstinence outcome but this relation may reflect bidirectional effects as some individuals 

might miss treatment because they were relapsing. Clearly, more research is needed to 

determine how burden might constrain multicomponent treatment effectiveness.

In sum, this research showed that: 1) an increasing number of co-occurring intervention 

components was generally associated with reduced attendance or adherence across the set of 

intervention components, and 2) burden-related nonadherence was associated with declines 

in the abstinence rates that occurred with added components (as per Fraser et al., 2014).

The mechanism overlap and capacity limitation hypothesis.—There was evidence 

that the second hypothesized mechanism, mechanism overlap and capacity limitation, 

may have significantly affected the impact of added components. Redundant effects on 

mechanisms were indexed by the extent to which adding components produced diminished 

improvement with regard to status on likely mechanisms.

An initial step was to assemble an a priori set of relevant putative component mechanisms 

based on previous research (i.e., relevant to the types of intervention components involved: 

Bolt et al., 2012; Gwaltney et al., 2005; McCarthy et al., 2010; Piper et al., 2008). The 

results showed that receipt of a single component reliably enhanced status with regard to 

virtually all mechanisms but adding two or more components did little to enhance such 

status. Thus, the findings of subadditive effects amongst components in terms of abstinence 

were echoed with regard to their effects on mechanisms and therefore serve as another 

indication of the robustness of the ‘diminishing returns’ effect. Subadditive returns were 

somewhat greater when the added components are ones thought to operate via similar versus 

dissimilar mechanisms (i.e., when counseling components are added to one another versus 

counseling added to a pharmacotherapy component). These results show that the various 

intervention components may exert similar effects in the “a” path of a mediational model. 

This pattern of effects on putative mechanisms could explain the subadditive effects pattern 

found in abstinence if the mechanism measures themselves are related to abstinence. Our 

analyses show that they significantly predict 52-week abstinence.

It is important to note that the intervention components when presented individually did, 

in fact, affect mechanisms positively, suggesting that the mechanisms were relevant to 

the nature of the interventions. However, the effects of the intervention components on 

the putative mechanisms were not additive when the components were combined. This 

may speak to the limited capacity mechanism thought to be at work; i.e., certain natural 

constraints, perhaps even homeostatic mechanisms (e.g., Fletcher, 1940; Solomon & Corbit, 

1974), place a ceiling on change as components are combined.

Multiple reasons could be offered to account for the noncomplementary effects of 

components on mechanisms; e.g., different intervention components might exert effects 

via a single route such as self-efficacy or therapeutic alliance (e.g., Laska et al., 2014; 

Wampold & Imel, 2015). However, such accounts would not appear to explain the increasing 

subadditivity that occurs with each added component in Model-Based analyses. Thus, 

Baker et al. Page 22

Clin Psychol Sci. Author manuscript; available in PMC 2022 January 07.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



diminishing returns of added components may reflect one factor that lessens component 

effects (e.g., limited capacity change mechanisms) and another that antagonizes the effects 

of other components (e.g., burden).

The tipping point hypothesis.—The tipping point hypothesis holds that only a portion 

of participants in a trial or experiment can benefit from treatment; i.e., their status on risk 

factors and assets makes success (e.g., attaining abstinence) relatively likely or feasible. 

Thus, a sample’s status on a risk index may impose a relatively low ‘ceiling’ on change. 

This hypothesis also holds that participants near the tipping point will benefit from a variety 

of individual intervention components (a similarity in response to intervention components 

is suggested by correlations in adherence or contact rates across components: Supplemental 

Note 6).

To test this, we developed a change index that was designed to assess obstacles to 

successful quitting and that predicted abstinence status in a derivation sample. The risk 

index comprised variables similar to those that have predicted relapse risk in past research: 

i.e., ones reflecting contextual risk, prior quitting success, and early success (e.g., Bolt et 

al., 2009; Kenford et al. 1994). The inclusion of a variable that reflects early response to 

treatment reflects the assumption that tipping point proximity has consequences for better 

treatment utilization. When used in the Maintenance Study we found that participants who 

were at low risk for cessation failure according to the change index appeared to benefit 

from receiving one intervention component versus none, but there was no evidence that 

they achieved higher abstinence rates due to the receipt of 2 or more components. In 

contrast, those at high risk required a greater number of components to achieve even 

modest benefit. These results are in general agreement with the tipping point hypothesis. 

The interchangeability of intervention components for low-risk individuals (i.e., almost any 

sort of single component will tend to be effective) may increase the likelihood of negative 

interactions when multiple components are used (Brittain & Wittes, 1989; Green, Liu, 

& O'Sullivan, 2002), thereby eroding the benefits of added components for this group. 

Relatedly, the capacity limits of mechanisms might also reduce the benefit of added 

components if 1-2 components achieve strong effects in the low-risk group.

There are weaknesses in our analysis of the tipping point hypothesis. For instance, the 

change index was primarily focused on weaknesses or risks, not assets. Also, it is important 

to recognize that the risk index is, no doubt, an imperfect approximation to the latent 

dimension reflecting tipping point distance. Thus, for instance, some individuals designated 

as low risk were, no doubt, far from the tipping point, and therefore, difficult to change. 

It is also important to remember that high risk individuals would need more intervention 

components (than do low-risk individuals) to be moved closer to the logit inflection point 

assuming at least some additive benefit of some components (e.g., if 1-2 components did 

not ‘saturate’ change mechanisms as they did for low-risk individuals). This is because of 

the smaller impact of change in abstinence likelihood despite equivalent change in the logit 

metric amongst those distant from the tipping point.
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The tipping point model seems especially relevant to instances where there is a binary 

outcome (abstinent vs. smoking). However, it can be examined with continuous outcomes as 

well, using methods similar to those modeled in this paper.

Limitations

There were few participants in key experimental conditions (e.g., those getting zero 

components), which limits the power or informativeness of some analyses. Also, the 

analyses of putative mediators were limited to general symptomatic or motivational 

dimensions; it is quite possible that there would have been less evidence of component 

overlap had measures of more specific mechanisms been available. Another major limitation 

is that the possible causes of such subadditivity were explored using data from a single 

experiment. In addition, long-term abstinence self-reports were not biochemically verified. 

Finally, this research involved limited ranges of participants, outcomes, and experimental 

designs. Thus, it is unknown if different types of intervention strategies (e.g., adaptive 

designs, chronic care, tailored approaches) would demonstrate subadditive effects to the 

same degree. For instance, there is evidence that nontailored interventions may be more 

susceptible to subadditive effects than are tailored or personalized interventions (Ray et 

al., 2014). Therefore, the generalizability of the subadditivity across different populations, 

change goals, and intervention types is an important target for future research. Also, the 

reviewed studies manipulated intensity via number of intervention components; future 

research should explore whether the limiting mechanisms examined in this paper constrain 

the effects of more intense versions of single intervention components. The general 

strategies that we have used to explore the causes of subadditivity might reveal why such a 

pattern is found with some intervention approaches and not others.

Implications

This research shows that across multiple factorial experiments, we observed a pattern 

such that when components were combined they yielded less benefit than the sum 

of their individual effects. This pattern was attributed to negative interactions amongst 

components that occurred across multiple experiments, change measures, and intervention 

types. Moreover, the magnitude of this effect and its consequences are highly meaningful; 

on average, such ‘costs’ grew with each component added and the resulting effect was 

often sufficient to eliminate any benefit of an added component(s). Moreover, these negative 

interactions may suppress estimates of component main effects when multiple components 

are used together.

Hypothesis driven analyses suggested that several phenomena contribute to the observed 

a pattern of negative interactions. First, there was evidence that adding intervention 

components may in some cases increase burden, broadly defined, such that individuals 

are less likely to attend or adhere to added interventions. Second, there was evidence 

that intervention components exerted overlapping effects on putative change mechanisms 

such that intervention components tended to affect the same mechanisms, and did so in a 

subadditive manner. Thus, a functional redundancy amongst intervention components may 

have reduced complementary or additive effects amongst them. Finally, we found evidence 

that supported a tipping point hypothesis; that is, individuals with few risks of failure 
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appeared to be near a hypothetical tipping point of success as manifested by relatively 

high success rates resulting from exposure to just one or two intervention components. 

Conversely, ‘high risk’ individuals benefited little from few intervention components and 

showed only modest benefit from several.

This research cannot conclusively confirm or disconfirm any of the hypothesized causes 

of subadditivity and multiple processes may operate simultaneously. Therefore, the chief 

contributions of this research may be: demonstration of this novel constraint on treatment 

improvement; its heuristic value in advancing hypotheses about this constraint; and its 

demonstration of methods to evaluate mechanisms that might produce it.

Finally, this research has implications for treatment development. If intervention 

components do frequently interact negatively, then future efforts to develop more effective 

treatments should carefully evaluate every intervention component that might be included in 

a treatment package via screening experiments (Collins, 2018) to examine their interaction 

potential and their effects on key mechanisms. In particular, the assessment of intensity 

related burden (e.g., attentional demand, decision making requirements, information load, 

disruptions to daily life, time/contacts required) warrants additional research attention. 

Investigators might also wish to reduce the number of intervention components included 

in factorial designs in order to reduce the likelihood of negative interactions if they wish 

to determine intervention main effects without bias. This might reduce the efficiency of the 

design, but may enhance interpretability (Brittain & Wittes, 1989; Green, Liu, & O'Sullivan, 

2002). Also, these results support the suggestion that promising intervention components 

can be identified via effect size estimates rather than by statistical significance (Collins 

et al., 2018); this will not reduce negative interactions but will shift focus from p-values 

to relative benefit. Further, existing treatment packages that contain numerous intervention 

components should have their constituent elements tested in factorial experiments insofar as 

some components might especially detract from treatment effectiveness due to especially 

large negative interactions with other components. Moreover, some of the analytic 

approaches used in the present research could be used to understand why more intensive 

delivery of single intervention components (e.g., longer duration counseling) does not 

yield commensurate benefit. If the tipping point hypothesis has merit, the development of 

improved risk indices might provide a useful basis for a treatment algorithm, precision 

medicine, or adaptive treatment, by identifying those who do, and those who do not, 

require more intensive intervention. Last, data consistent with the tipping point hypothesis 

encourage the strategy of cost-effectively increasing the reach of fairly non-intensive 

interventions targeted to low risk individuals likely to benefit from such interventions.
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Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
a,b. Unpackaging Two-way Interactions Amongst Nicotine Gum, Behavioral Reduction 

(BR) counseling, and Motivational Interviewing (MI) on 26-week abstinence in the 

Motivation Study (Cook et al. 2016).
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Figure 2. 
Unpackaging an Interaction Amongst Medication Adherence Counseling (MAC), 

Automated Adherence Calls, and Medication Duration on 52 Week Abstinence In the 

Maintenance Study (Schlam et al 2016).
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Table 2.

Model Generated Coefficients for First-order Effects and for Different Numbers of Intervention Components 

as Related to 52-Week Abstinence in the Maintenance Study (N=513)
a

Intervention
Component
Main Effects

B SE OR
p-value

95% CI for
OR

Constant −1.25 .567 .286 .027 -

Duration (8 vs. 26 wk) .751 .636 2.12 .238 (.609, 7.370)

Maintenance Counseling .630 .637 1.88 .322 (.539, 6.544)

Medication Adherence Counseling (MAC) .168 .639 1.18 .792 (.338,4.139)

Automated Adherence Calls .254 .641 1.29 .692 (.367, 4.525)

Helping Hand Counseling .677 .639 1.97 .289 (.563, 6.879)

2 Components ON −.825 .763 .438 .279 (.098, 1.954)

3 Components ON −.143 .660 .867 .829 (.238, 3.164)

4 Components ON −.382 .317 .683 .573 (.181, 2.577)

5 Components ON −.348 .871 .706 .689 (.128,3.887)

a
Likelihood Ratio (LR) χ2=11.60, df = 9, p=.237; Nagelkerke R2 = .03
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Table 3.

Model Generated Coefficients for the First-order Effects and for Different Numbers of Intervention 

Components as Related to 1 Month Abstinence in the Population-Based Study (N=1034)
a

Intervention
Component
Main Effects

B SE OR
p-value

95% CI
for OR

Constant −2.367 .604 .094 <.001 -

CIS Counseling 1.321 .643 3.745 .040 (1.063,13.200)

Lozenges 1.559 .641 4.754 .015 (1.353,16.699)

Cessation Booklet 1.135 .642 3.110 .077 (.883,10.950)

SmokeFree Website 1.314 .642 3.720 .041 (1.057,13.088)

Motivational Emails 1.082 .643 2.951 .093 (.836,10.412)

2 Components ON −1.562 .711 .209 .028 (.052,.844)

3 Components ON −.840 .656 .432 .201 (.119,1.562)

4 Components ON −1.536 .668 .215 .021 (.058,.797)

5 Components ON −.850 .771 .427 .270 (.094,1.935)

a
Likelihood Ratio (LR) χ2=18.89, df = 9, p=.028; Nagelkerke R2 = .03
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Table 4.

Model Generated Coefficients for the First-order Effects and for Different Numbers of Intervention 

Components as Related to Quit Attempts at Week 12 in the Motivation Study (N=517)
a

Intervention
Component
Main Effects

B SE OR P 95% CI for
OR

Constant −.811 .425 .444 .056 -

Nicotine Patch .352 .497 1.42 .479 (.537,3.765)

Nicotine Gum .384 .498 1.47 .441 (.553,3.898)

Behavioral Intervention .323 .498 1.38 .516 (.521,3.663)

Motivational Interviewing .516 .500 1.68 .302 (.629,4.459)

2 Components ON −.199 .602 .820 .742 (.252,2.668)

3 Components ON −.565 .532 .569 .288 (.200,1.613)

4 Components ON −.763 .685 .466 .265 (.122,1.784)

a
Likelihood Ratio (LR) χ2=3.46, df = 7, p=.839; Nagelkerke R2 = .01
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Table 5.

The Relations Between Different Numbers of Intervention Components and Adherence to Components 

(Treatment Contacts) in the Maintenance Study (N=513)

Intervention
Components to Which
Additional Intervention
Components are Added

Percentage of Treatment Contacts Completed by
Participants as a Function of Number of Active
Interventions (1-5)

1 2 3 4 5

Automated Adherence Calls Intervention

Mean 1.00 0.82 0.72 0.55 0.55

(SD) (0.00) (0.34) (0.38) (0.40) (0.34)

N 15 68 107 69 13

 

Maintenance Counseling Intervention

Mean 0.53 0.42 0.46 0.43 0.40

(SD) (0.34) (0.35) (0.37) (0.34) (0.35)

N 16 70 103 61 13

 

Combination of Adherence Calls and Maintenance Counseling

Mean 0.73 0.62 0.55 0.47

(SD) N/A (0.18) (0.27) (0.34) (0.31)

N 16 52 47 13
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Table 6.

The Effects of Adding Different Numbers of Intervention Components as Related to 52-Week Abstinence in 

the Maintenance Study (N=513) Focusing on Interactions with and Without Medication Duration

Intervention Effect B S.E Wald p-value

Constant −.693 .548 1.602 .206

Medication Duration (26 versus 8 weeks) .944 .744 1.610 .204

Maintenance Counseling (On versus Off) .696 .639 1.189 .276

Medication Adherence Counseling (On versus Off) .411 .636 .418 .518

Automated Adherence Calls (On versus Off) .792 .643 1.516 .218

Electronic Medication Monitoring (With versus Without Printouts/Associated Counseling) .643 .642 1.005 .316

Two or More Intervention Components −1.094 .821 1.775 .183

Three or More Intervention Components −.406 .714 .324 .569

Four or More Intervention Components −.195 .878 .049 .824

Five Intervention Components −.791 .527 .729 .393

Medication Duration with 2 or More Intervention Components .093 .682 .019 .892

Medication Duration with 3 or More Intervention Components .226 .506 .200 .655

Medication Duration with 4 or More Intervention Components −.627 .717 .764 .382

a
Likelihood Ratio (LR) χ2=15.37, df=12, p=.222 ; Nagelkerke R2 =.04

Clin Psychol Sci. Author manuscript; available in PMC 2022 January 07.



A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript

Baker et al. Page 41

Table 7.

Means/Standard Deviations of Putative Mediators as a Function of Number of Intervention Components a 

Participant Received in the Maintenance Study (N=513)

Putative Mediator Mean (Standard Deviation) Across Visits 2-4

Number of
Active

Intervention
Components

PANAS
Distressed

PANAS
Irritable

PANAS
Upset

Negative
PANAS Craving Cessation

Fatigue
Self-

Efficacy

0 2.433
(1.374)

2.622
(1.214)

2.200
(1.187)

7.256
(3.580)

2.139
(1.344)

2.889
(1.412)

6.433
(.811)

1 2.133
(1.059)

2.406
(1.132)

2.051
(1.018)

6.589
(2.972)

2.119
(1.046)

2.500
(1.359)

6.164
(1.126)

2 2.247
(1.092)

2.552
(1.071)

2.092
(1.097)

6.892
(3.001)

2.075
(1.116)

2.261
(1.325)

6.431
(.819)

3 2.292
(1.108)

2.522
(1.150)

2.207
(1.166)

7.020
(3.103)

2.153
(1.059)

2.328
(1.379)

6.277
(.900)

4 2.078
(.938)

2.493
(1.079)

1.998
(.944)

6.576
(2.699)

1.983
(.912)

2.241
(1.129)

6.475
(.736)

5 2.258
(1.042)

2.258
(.976)

2.076
(.758)

6.591
(2.736)

1.697
(.875)

3.091
(1.892)

6.348
(.634)
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Table 8.

Abstinence and Smoking Rates for Participants in the Maintenance Study (N=513) Who Were Categorized on 

the Basis of a Change Index Intended to Measure Likelihood of Change

Abstinence Rates Smoking Rates

Number of
Intervention
Components

Low Risk,
High Change
Likelihood

High Risk,
Low Change
Likelihood

Low Risk,
High Change
Likelihood

High Risk,
Low Change
Likelihood

0-2 49.2%
(58/118)

24%
(33/137)

50.8%
(60/118)

75.9%
(104/137)

3 54.5%
(42/77)

32.6%
(30/92)

45.5%
(35/77)

67.4%
(62/92)

4-5 45.1%
(23/51)

39.5%
(15/38)

54.9%
(28/51)

60.5%
(23/38)

3-5 50.8%
(65/128)

34.6%
(45/130)

49.2%
(63/128)

65.4%
(85/130)

Note: The change index used comprised gender (female = 1), successful prior abstinence from smoking (> 1 month), and the number of abstinence 
days in the first 2 weeks. The change index score was dichotomized to low vs. high based on a receiver operating characteristic curve (ROC) 
analysis, which yielded a cut-off score = 12.
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