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ExTENDED ABSTRACT
In experimental consumer research, it seems quite natural to 

assume that participants’ treatment perceptions moderate treatment 
effects. For example, Cognitive Evaluation Theory (Deci and Ryan 
1985; Dholakia 2006) predicts that a loyalty reward increases re-
purchase intentions relative to a “no reward control condition” if 
consumers interpret the reward as a sign of appreciation. The same 
reward, however, is hypothesized to decrease the repurchase inten-
tions of consumers interpreting it as a manipulative trick of the firm. 
At first glance, these hypotheses can be tested by means of a trivial 
interaction analysis; treatment assignment (reward versus no reward) 
and treatment perceptions (appreciative versus manipulative reward 
interpretation) interact in producing effects on repurchase probabil-
ity. However, two problems occur on closer inspection.

First, treatment perceptions are unobserved or “latent” in the 
control condition because the treatment is obviously absent. Second, 
treatment perceptions are influenced by a multitude of background 
variables. For example, Cognitive Evaluation Theory predicts that 
certain prior experiences with the firm (e.g., empathic behavior on 
the part of the rewarder) shape consumers’ interpretation of the re-
ward as “appreciative” or “manipulative,” thereby influencing the 
reward’s expected effect on repurchase probability. That is, the back-
ground variable’s influence on the treatment effect (moderation) is 
assumed to be mediated by treatment perceptions which are unob-
served in the control condition. This proposition is similar (though 
not technically equivalent) to a “mediated moderation hypothesis” 
(Muller, Judd, and Yzerbyt 2005) with the important difference that 
the mediator (classes of treatment perceptions) is categorical and 
missing for control group subjects.

Although treatment perceptions are important components of 
many psychological theories, a suitable statistical model has not yet 
been developed to meet the two mentioned challenges. Based on Ru-
bin’s Causal Model (Rubin 1974, 2005) and recent advances in psy-
chometrics (Little and Yau 1998), biometrics (Frangakis and Rubin 
2002), and econometrics (Angrist, Imbens, and Rubin 1996), a new 
method is proposed to estimate perception-specific average causal 
effects (PACE) of a treatment, that is, causal effects of the objectively 
same treatment for subjects assigning different meanings to the treat-
ment (e.g., “appreciative” versus “manipulative” interpretations of 
a reward).

Furthermore, the model allows for a direct test of the aforemen-
tioned mediated moderation hypothesis with a categorical, partially 
latent mediator: Background variables (e.g., the rewarder’s empathic 
behaviors) are allowed to influence the treatment effect on the depen-
dent variable directly and indirectly: First, the background variable 
can influence the treatment effect directly which is modeled via a 
simple interaction effect of the background variable and treatment 
assignment. Second, the background variable can influence the treat-
ment effect indirectly by increasing or decreasing the odds of posi-
tive versus negative treatment perceptions which in turn affects the 
overall treatment effect. If the first route of influence is not signifi-
cant and the second route of influence is significant, the hypothesized 
treatment perceptions fully mediate the impact of the background 
variable on the treatment effect. However, if the first route of influ-
ence is significant, other mechanisms or other treatment perceptions 
might be at work in creating the background variable’s influence on 
the treatment effect.

The method is illustrated by means of a prototypical experiment 
with N=91 student subjects who were assigned to a “loyalty reward 
condition” (a price reduction for meals at the university’s cafeteria) 
or a control condition (no loyalty reward). In addition to the subjects’ 
appreciative versus manipulative reward perceptions, a number of 
background variables were measured such as the students’ experi-
ences with the cafeteria’s employees, that is, their empathic, custom-
er-oriented behaviors. The dependent variable was loyalty intentions. 
Deci and Ryan’s (1985) Cognitive Evaluation Theory suggests that 
(a) the reward has a PACE>0 for “appreciative perceivers,” (b) the 
reward has a PACE<0 for “manipulative perceivers,” and (c) “auton-
omy-supportive” interpersonal behaviors (empathy) on the part of 
the reward provider increase the likelihood of appreciative relative 
to manipulative reward perceptions, thereby improving the reward’s 
overall effect. The latter hypothesis implies that there is no direct 
effect of empathy on the treatment effect but an indirect effect via 
specific treatment perceptions. The results are perfectly in line with 
Deci and Ryan’s (1985) predictions: All parameters were significant 
except for the direct effect of empathy on the treatment effect, that is, 
full mediated moderation via Deci and Ryan’s (1985) postulated re-
ward perceptions is supported. Overall, the results reveal that loyalty 
rewards are not by definition beneficial or counterproductive—con-
textual factors shape a reward’s “metamessage” and thus indirectly 
its overall effect. This simple illustration shows that the PACE model 
has the potential to scrutinize so-far untestable assumptions of psy-
chological theories.

Finally, a simulation study was performed to test the robust-
ness of the PACE estimates under varying sample size conditions. 
The population model matched the estimated model discussed in the 
former paragraph. Four sample size conditions (N=50, 100, 150, 200) 
were examined. The analysis suggests that (a) the bias of the PACE 
estimates is negligible for all sample size conditions and (b) the PACE 
estimates reach an acceptable power level (80%) for N=100. Overall, 
the simulation study implies that the PACE model can indeed handle 
the small sample sizes typically generated in laboratory experiments.
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