
A MCMC Estimation Steps for the Random Coefficients Models

The previously presented model (for the cumulative imitation specification) is based on the following

equations:
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qkk0 = λk if k
0 = k

qkk0 = γk if k, k
0 are neighbors

qkk0 = 0 otherwise.
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with the parameters having the following distributions:
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In order for the model to be a meaningful diffusion model, all parameters are subject to non-

negativity constaints. In addition, the parameter Mk is subject to the constraint that Mk ≥
maxt(Ckt). The parameters are estimated by drawing from their full conditional distributions. This

process is illustrated below for Mk (the potential number of certifications in country k). Mk has a

full conditional likelihood that combines the distribution of ckt|Mk with the empirical distribution

of Mk itself.
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Y
k

Y
t

N
¡
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where

ĉkt (Mk|rest) =
Ã
pk +

KX
k0=1

qkk0
Ck0,t−1
Mk0

!
(Mk −Ck,t−1) . (A.7)

Because these distributions are a non-conjugate pair for Mk and we need to implement the logical

constraints on the parameters, we use the Metropolis-Hastings algorithm to draw from the posterior

distribution of Mk. We obtain a new value for Mk, M
new
k , by drawing δMk from the appropriate

Normal distribution, with mean zero and a variance obtained in a burn-in period that guarantees

an acceptance rate of Mnew
k between 30% and 40% (Gelman et al., 1995). Mnew

k is defined by:

Mnew
k =Mk + δMk, (A.8)

In each sweep of the sampler the new value Mnew
k is accepted with probability θ:

θ = min

·
L (Mnew

k | rest)
L (Mk | rest) , 1

¸
(A.9)

Because it is impossible that Mk < maxt(Ckt), we set the L (M
new
k | rest) = 0 when Mnew

k <

maxt(Ckt). For the innovation parameter pk and contagion parameters λk and γk, the estimation
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steps are similar to the ones above for Mk. For the initial values of these parameters, we choose

values that are larger than zero and similar to values presented in literature presented in the review

section (again, we tested for different initial values and found insignificant differences in the final

results).

To obtain the draws for the parameters from the lower level of the hierarchy, e.g., βM and σ2M , we

combine the higher level draws forMk with the hierarchical modelMk v N
¡
xMkβM ,σ

2
M

¢
. Denote

the number of covariates in the matrix xMk by PM . Further, define the priors [βM ] ∼ N (µ0M ,Σ0M)
with µ0M = 0 and Σ0M = 10000 ·IPM and

£
σ2M
¤ ∼ IG (1, 1). Both prior distributions are diffuse for

the parameter space of interest, having little impact on the final results. The posterior distributions

are a result of a conjugation of the priors with the data distributions:

βM ∼ NPM
¡
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¡
Σ−10M · µ0M +Σ−1M · µM

¢
,VM

¢
(A.10)
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(A.12)

and

σ2M ∼ IG
¡
1 + 0.5K, 1 + 0.5

¡
(M − xMβM)0 (M − xMβM)

¢¢
(A.13)

For the error variance σ2e, the errors between estimated and actual number of certifications are

calculated in each draw and standardized using the chosen scale, in this case, the last observed

number of certifications:

ẽkt =
ckt − ĉkt√
ck,t−1

(A.14)

For the draws of the variance σ2e, we use the inverse gamma distribution. The diffuse prior is defined

as σ20e ∼ IG (1, 1). The draws are taken from the following posterior distribution:

σ2e ∼ IG
¡
1 + 0.5K(T − 1), 1 + 0.5ẽ0ẽ¢ (A.15)

where ẽ =vec(ẽkt).
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