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RNA exosomes are large multi-sub-
unit protein complexes involved 

in controlled and processive 3' to 5' 
RNA degradation. Exosomes form 
large molecular chambers and harbor 
multiple nuclease sites as well as RNA 
binding regions. This makes a quanti-
tative kinetic analysis of RNA degrada-
tion with reliable parameter and error 
estimates challenging. For instance, 
recent quantitative biochemical assays 
revealed that degradation speed and 
efficiency depend on various factors, 
such as the type of RNA binding caps 
and the RNA length. We propose the 
combination of a differential equation 
model with Bayesian Markov Chain 
Monte Carlo (MCMC) sampling for 
a more robust and reliable analysis of 
such complex kinetic systems. Using 
the exosome as a paradigm, it is shown 
that conventional “best fit” approaches 
to parameter estimation are outper-
formed by the MCMC method. The 
parameter distribution returned by 
MCMC sampling allows for a reliable 
and meaningful comparison of the data 
from different time series. In the case 
of the exosome, we find that the cap 
structures of the exosome have a direct 
effect on the recruitment and degrada-
tion of RNA, and that these effects are 
RNA length-dependent. The described 
approach can be widely applied to any 
processive reaction with a similar kinet-
ics like the XRN1-dependent RNA 
degradation, RNA/DNA synthesis by 
polymerases and protein synthesis by 
the ribosome.
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Introduction

The turnover, processing and quality 
control of cellular RNAs are executed 
by a variety of endo/exonucleases. For 
instance, RNA decay is performed either 
by 5'-3' exonucleases, such as XRN1  
(H. sapiens)/pacman (D. melanogaster)/
KEM1 (S. cerevisiae) or by 3'-5' exonucle-
ases like the archaeal/eukaryotic exosome 
or the prokaryotic degradosome.1,2 In 
both cases the RNA molecule is degraded 
sequentially, in a one-by-one nucleolytic 
manner, often after a preceding and prim-
ing endonucleolytical cut. Degradation is 
highly regulated and its efficiency depends 
on various factors such as the structure 
of the nuclease and the primary and sec-
ondary structure of the substrate. While 
research over the past years established the 
core structure and biochemical mecha-
nism as well as provided a first inventory 
of a multitude of regulatory factors,3-5 a 
quantitative analysis of these machin-
eries in terms of substrate specificities 
and preferences was difficult to conduct 
because of the inherent complexity of the 
involved kinetics. Yet the comparison of 
degradation kinetics of different enzyme 
mutants or substrates can provide valu-
able information on functionally relevant 
architectural features of the exosome and 
other processive machineries. A variety of 
research groups have obtained a wealth 
of data from time series measurements 
of RNA decay profiles of the exosome on 
gels with single nucleotide resolution.6-10 
In principle, these data should allow 
to extract defined kinetic parameters 
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In the archaeal exosome, which was used 
in the highlighted study, three active sites 
are located in this chamber.15 Based on 
a variety of experimental evidence,7,8,16 
single-stranded (ss)RNA is proposed to 
bind to the RNA binding proteins on top 
of the complex, threaded through a nar-
row neck into the chamber and degraded 
(Fig. 1A). On the basis of these findings, 
a homopolymeric 30mer ssRNA molecule 
can be used to compare the degradation 
characteristics of a wild-type archaeal exo-
some with single-site mutants and com-
plex variants containing different RNA 
binding proteins. The product of one 
step of the exosomal RNA decay is at the 
same time the substrate for the next step, 
or alternatively can dissociate and bind 
to another complex for further degrada-
tion. Experimentally, such a processive 
degradation can be well captured by time 
series measurements on a high resolution 
sequencing gel, where the columns on 
the gel correspond to time points, and 

eukaryotic and archaeal RNA exosome or 
bacterial exosome-like complexes, which 
are involved in rRNA maturation, non-
coding and mRNA decay and RNA qual-
ity control.13 Quite remarkably, the mode 
of RNA degradation by exosomes has 
changed through evolution: in archaea 
and bacteria, the core exosome subunits 
are active and possess phosphate depen-
dent nuclease as well as nucleoside diphos-
phate dependent polymerization activity. 
In contrast, while eukaryotic exosomes 
retained all subunits and the overall struc-
ture of the active archaeal exosome core, 
they lost phosphorolytic nuclease/polym-
erization activities and instead acquired 
additional hydrolytic nucleases and inter-
act with poly-adenylases.14 Still the com-
position and structural architecture of the 
exosome complex is astonishingly con-
served through all kingdoms of life. All 
exosomes have a barrel like structure with 
a central protected chamber and RNA 
binding proteins forming the top surface. 

for degradation of intermediates. Only 
recently, a quantitative modeling based on 
ordinary differential equations has been 
established.11 Using Bayesian statistics 
in combination with an elaborate Monte 
Carlo sampling technique, not only kinetic 
parameter estimates can be derived, but—
equally important—insight is gained into 
parameter uncertainty and their depen-
dency from the experimental data.12 The 
purpose of this article is to highlight the 
importance and merits of an accurate and 
thorough mathematical modeling for the 
interpretation of biological processes. The 
exosomal degradation of RNA molecules 
serves to illustrate the advantages of a 
Bayesian sampling approach as a versatile 
tool for this purpose.

The Exosome is a Processive 
RNA-Degrading Enzyme

Degradation and processing of 3’→5’ 
RNA are in large part performed by the 

Figure 1. Exosome structure, experiment design and analysis. (A) Sketch of the exosome consisting of a cap structure (blue) and a ring structure 
(green), with RNA inserted to it (black strand). The ring contains a constriction (the neck region) in its upper part, and three catalytic sites in its lower 
part. The distance from the RNA 3'end at the catalytic site to the neck region is approx. 15 nt. (B) Data showing an RNA degradation time series. 
Each column of the gel corresponds to one time point, and each row corresponds to an RNA population of a certain length i = 3,…,30. (C) System of 
ordinary differential equations (ODEs) describing the degradation of each RNA population in a separate reaction step. Four types of reactions or the 
kinetic parameters that determine the dynamics of the system: association (ka,i), dissociation (kd,i), cleavage (kc,i) and polymerization (kp,i). (D) Sample re-
sult of the parameter estimation for the ODE model in (C) with the data shown in (B). The left hand side plot assesses the quality of a given parameter 
set. The data are displayed as dots, one color for each RNA length, from 30mers (blue) to 3mers (red). The curves represent the fit, colored correspond-
ingly. The goodness-of-fit measure is reported as 0.97, this is a good fit. The right hand side plot assesses the variance in parameter estimation; one 
parameter for each RNA length is shown. The colored bands indicate the variation in the parameter estimates (see Fig. 2).
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estimation does not consider the param-
eters Θ fixed, but as random variables that 
depend on the given data and that may 
vary according to our prior beliefs. In other 
words, starting with a pre-defined prior 
parameter distribution, the data is used to 
update our beliefs and arrive at a posterior 
parameter distribution which contains all 
information on the parameters that can 
be learned from the data.20 In particular, 
one can answer questions like “Are the 
association and dissociation parameters 
for one RNA length dependent?” or “Is 
the parameter distribution of the catalytic 
efficiency narrow or wide?” in a precise 
way by calculating statistical measures of 
dependence or dispersion, respectively. If 
two posterior distributions from two dif-
ferent experiments are available, we can 
even compare models by asking, e.g., for 
the probability that the catalytic efficiency 
e

i
 in experiment 1 is higher than in experi-

ment 2. In this setting, the analogue of the 
maximum likelihood estimate is the maxi-
mum a posteriori estimate, a parameter set 
which maximizes the posterior.

All this convenience comes at a cost. 
First, the prior distribution needs to be cho-
sen with utmost care. An overly strong prior 
may override or bias any evidence from the 
data. A weak prior may result in an unnec-
essarily disperse posterior distribution. 
Since the effect of the prior choice cannot 
be assessed from the data, it is mandatory 
to perform simulations. In such a simula-
tion scenario, a realistic, “true” parameter 
set is chosen; noise-containing measure-
ments are simulated from it, and the poste-
rior is calculated using the candidate prior. 
The quality of the posterior can then be 
quantified exactly, and a suitable prior can 
be selected. The second severe obstacle to 
Bayesian parameter estimation is that gen-
erally the posterior distribution cannot be 
derived analytically. This long-standing 
problem was brilliantly solved by Markov 
Chain Monte Carlo (MCMC) sam-
pling,21-23 one of the major breakthroughs 
in 20th century statistics. MCMC outputs 
a sequence (Markov chain) of parameter 
sets whose empirical distribution, for long 
sequences, approximates (converges to) 
the posterior distribution. Thus any ques-
tion that one might ask about the posterior 
parameter distribution can, in theory, be 
answered by looking at a corresponding 

(k
d,i

), cleavage (k
c,i

) and polymerization 
(k

p,i 
) rates for every RNA molecule from 

length i = 30 to length 4 (the amount of 
RNA of length 3 has only been measured 
as a final product, see Fig. 1B). It is easy 
to find good parameter solutions for this 
model (data not shown). Since the polym-
erization reaction can be neglected due to 
a large excess of inorganic phosphate over 
RNA or its ADP degradation products 
during the course of the experiment, the 
number of parameters can be reduced to 
81 without affecting the goodness-of-fit. 
Note further that bound and free RNA 
cannot be measured individually, thus the 
remaining parameters are still redundant: 
Proportional scaling of association and 
cleavage rates leads to almost identical 
results (data not shown). A reparametri-
zation in combination with a parameter 
reduction can cure these problems. This 
has been achieved by replacing association, 
dissociation and cleavage by the so-called 
catalytic efficiency e

i
 = k

a,i
k

c,i
/(k

d,i
 + k

c,i
), 

a term similar to the Michaelis constant 
(K

M
) in Michaelis-Menten type kinet-

ics. The remaining 28 parameters (27 
length-specific catalytic efficiencies and 
one global cleavage rate) still suffice for 
a good approximation (Fig. 1D) and are 
identifiable. The next paragraph describes 
how Bayesian statistics may help to assess 
parameter identifiably and to eventually 
identify groups of redundant parameters.

Bayesian Statistics and Monte 
Carlo Sampling Provide More 

than a Point Estimate 
of the Parameters

The standard frequentist approach to 
parameter identification is to find a 
parameter set θ that maximizes a likeli-
hood function L(Θ), the maximum likeli-
hood estimate.20 Under the assumption of 
independent observations with Gaussian 
measurement errors, this function is 
the sum of the squared errors, and the 
resulting approach is well-known as least 
squares estimation. While the likelihood 
function is helpful to verify that the model 
can approximate the data, nothing can be 
said about the uniqueness of the solution 
or the variability of the parameter esti-
mates as a function of the data (Fig. 2A). 
The Bayesian viewpoint to parameter 

the rows correspond to different lengths 
of the processed molecule (Fig. 1B). The 
time dependent changes in the amounts of 
RNA degradation intermediates of differ-
ent lengths can be appropriately modeled 
by a set of ordinary differential equations 
(ODEs).17 The processed molecule (the 
RNA) needs to be bound to the degrad-
ing enzyme (the exosome), thus the basic 
model of RNA decay is formed by four 
reactions: association of RNA to the exo-
some, dissociation of RNA from the exo-
some, degradation of bound RNA and 
polymerization of bound RNA (Fig. 1C). 
The reaction rates in this ODE model are 
the parameters to be determined from 
noise-containing data, a problem which is 
called a regression problem in statistics, or 
an inverse problem in physics. Typically, 
such a problem is ill-posed, i.e., a solu-
tion does not necessarily exist, and if one 
exists, it does not have to be unique, and 
it may vary unstably in response to small 
changes in the measurements.18 A sound 
parameter estimation procedure therefore 
needs to address all these issues by not 
only producing one single parameter fit, 
but by providing information about the 
goodness of this fit and the variability of 
the estimation process (Fig. 1D).

Model Selection is Crucial for 
Successful Parameter Estimation

To alleviate the problem of ill-posedness, 
a candidate model needs to be flexible 
enough to contain a solution which explains 
the data sufficiently well. Standard optimi-
zation procedures can be used to search for 
a parameter set which, if plugged into the 
model, should reproduce the observed data 
up to some acceptable error. The latter is 
usually measured by the goodness-of-fit 
(R2-value, see Fig. 1D).19 If several models 
are capable of explaining the data, the one 
containing the fewest parameters is prefer-
able. This common sense but nevertheless 
important principle is often referred to as 
Occam’s razor.20 In a reverse conclusion, 
the search for a good model implies the 
search for a minimal model. Moreover, the 
removal of redundant variables is a prereq-
uisite for unambiguous solutions.

The straightforward model in the 
RNA degradation setting consists of 108 
parameters: association (k

a,i
), dissociation 
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the parameters. Instead, we formalized the 
physically meaningful assumption that 
catalytic efficiencies should vary smoothly 
with the RNA length. Our prior therefore 
penalizes the sum of all absolute differ-
ences of two successive catalytic efficien-
cies. It contains only one free parameter 
which was tuned in simulations before-
hand. We verified the rapid convergence 
(mixing) of the resulting Markov Chain 
(data not shown, reviewed in ref. 11). 
When Bayesian MCMC sampling was 
applied to the RNA degradation data to 
compare two exosome variants with Rrp4 
or Csl4 cap structures, it revealed a clear 
difference between their degradation 
kinetics (Fig. 3). Note that the kinetics of 
RNA degradation can only be explained by 
a model that includes association and dis-
sociation rate constants, i.e., the exosome 
is not strictly processive. It is important to 
point out that this is association and dis-
sociation of the 3'-end of the RNA to the 
active site and not of the whole RNA mol-
ecule to the protein. Longer RNAs may 
just stay bound to the caps and the neck of 
the processing chamber while moving to 
and away from the active site. More can be 
said about the role of the cap proteins and 
their RNA binding sites: Rrp4 recruits the 
poly rA substrate more efficiently to the 
exosome than Csl4. The cap structures 

Structural Variations in the  
Exosome Imply Functional  

Differences in RNA Processing

In the archaeal exosome experiment, we 
chose a Gaussian likelihood function. As 
for the prior, we did not want to impose 
any restrictions on the absolute values of 

Markov chain. Still, care must be taken 
to ensure that the Markov chain is long 
enough to have the desired properties, and 
this again needs to be checked in time-con-
suming simulations. The increased com-
putational effort is rewarded with a solid, 
meaningful joint posterior distribution of 
the model parameters (Fig. 2B).

Figure 2. Simulation study comparing the parameter estimation quality for (A) least squares fitting and (B) Bayesian MCMC sampling. The blue points 
represent the “true” kinetic parameters that we fixed throughout the whole simulation. The RNA concentration time courses are obtained as the solu-
tion of the ODE model in Fig. 1C. Synthetic measurements were generated by adding independent Gaussian noise to all the log RNA concentrations 
in the time series. The maximum likelihood and the maximum a posteriori estimates were calculated as described in the main text, and this proce-
dure was repeated 100 times. The results are visualized as a quantile profile plot: The red (yellow) band marks the central 95% (50%) intervals for the 
estimated catalytic efficiencies ei, for i = 30,...,4 nt. (A) shows the central 95% (50%) intervals of the 100 least squares parameter estimates.  (B) shows 
Bayesian confidence intervals, averaged over 100 runs. Bayesian sampling clearly exhibits less variance (narrower bands) and a smaller bias (bands are 
closer to the true parameters) than least squares fitting.

Figure 3. Comparison of the exosomes with Csl4 and Rrp4 cap structure. Catalytic efficiencies ei 
of the Csl4 cap exosome (red) and the Rrp4 cap exosome (blue) are shown on the y-axis as a func-
tion of the RNA length from i = 30 nt to 4 nt (x-axis). We generated 10 Markov chains of length 2 x 
105 and randomly sampled 104 parameter sets from the last 105 entries of theses chains. The quan-
tile profile plot shows the 50% Bayesian confidence intervals (dark color) and the 100% intervals 
(light color) of the sampled catalytic efficiencies. If the Rrp4 and the Csl4 bands do not overlap at 
some length i, this means that under the assumptions of the model, the catalytic efficiencies ei of 
Rrp4 and Csl4 differ with an estimated probability of 99.99%.
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association of RNA to the cap or by mod-
ification of the exosomal ring.

This points towards a future research 
direction, namely the recruitment and 
loading mechanisms of RNA substrates 
to the exosome. Given the functional 
association of 3' homopolymeric and het-
eropolymeric tails in exosome associated 
RNA metabolism, an investigation of 
ectopic sequence-specific RNA binding 
domains of the exosome on differently 
tailed (unstructured) RNA seems promis-
ing. Exosome mutants with destroyed or 
crosslinked ring structure show enhanced 
or reduced degradation of RNA,11 which 
suggests that lateral opening of the exo-
some might be necessary for RNA recruit-
ment. Therefore, it will be interesting to 
test loading factor activities e.g., for yeast 
SKI and TRAMP complexes, two key 
accessory factors for the degradation of 
cytoplasmic and nuclear RNAs.24,25 In 
sum, a quantitative analysis can reveal a 
variety of features that are important for 
the catalytic efficiency of the exosome and 
might be used to gain a deeper under-
standing of substrate preference and deg-
radation regulation.

Although the analysis described here 
has been tailored to the kinetics of the 
RNA degradation by the archaeal exosome, 
it is by no means limited to this system. 
Needless to say, the Bayesian sampling 
method is well suited to address the RNA 
degradation by the eukaryotic exosome, for 
instance to reveal the interplay between 
endo- and exonuclease activities26-28 and 
biochemical differences between different 
Dis3/Dis3L isoforms as well as Rrp6 of 
the human exosome complex.29-31 Related 
systems of interest are the degradation of 
5' ends by XRN1, RNA degradation by 
bacterial degradosomes, or in general any 
system that involves the (semi)processive 
synthesis or degradation of biopolymers.
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surprisingly also differ in their efficiency 
to degrade small RNAs that are too short 
to be simultaneously in contact with 
the active site and the cap proteins (see  
Fig. 1A). From the crystal structures of 
both exosome variants we know that the 
Rrp4 protein more intimately interacts 
with the ring of the processing chamber 
than Csl4.3 It is not unlikely that this can 
influence the flexibility of the core ring 
and hence the degradation dynamics.

Bayesian sampling was further used to 
elucidate the role of single amino acid side 
chains in the neck region and close to the 
active site.11 An arginine in the neck region 
seems to be crucial for threading the RNA 
through the narrow neck into the process-
ing chamber and a tyrosine close to the 
active site clearly stabilizes the 3'-end of 
the RNA. From comparing crosslinked 
exosome complexes with the wild-type 
this suggests that the ring architecture 
needs to breathe or display some confor-
mational dynamics to increase the size of 
the neck. Only after the RNA molecule is 
bound in the neck the protein ring might 
tightly close around its substrate. A recent 
report furthermore established that the 
yeast exosome, despite of having lost its 
phosphorolytic RNase and polymerization 
active sites, still appears to channel RNA 
through the ring, to feed an ectopically 
bound hydrolytic nuclease (Rrp44).7

Summary and Outlook

The interplay of quantitative biochemis-
try and innovative statistics may lead to 
a qualitative leap in the interpretation of 
experimental results. Once an appropri-
ate model is found, Bayesian parameter 
inference in combination with MCMC 
generates a posterior parameter distribu-
tion from the data and from prior knowl-
edge. Both prior choice and MCMC 
require extensive simulations to verify 
their correct operation. A huge benefit of 
the Bayesian approach is that the poste-
rior parameter distribution can be used 
to assign probabilities to any hypothesis 
about the parameters or their relations. 
The application to the RNA degrada-
tion by the archaeal exosome proved that 
different cap structures have direct and 
indirect consequences on the catalytic 
efficiency, which might be explained by 
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