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Abstract

The Inositol 1,4,5-trisphosphate receptor channel (IP3R) is an important calcium
channel involved in calcium-induced calcium release, playing a prominent role in in-
tracellular calcium signaling. However, accurately characterizing its gating behavior
remains a challenge, particularly due to the temporal resolution of patch clamp tech-
niques that is not large enough to detect all short-lived events. This limitation can
significantly bias the inference of kinetic models describing the receptor activity. To
address this issue, we focused on the quantitative analysis of IP3R gating behavior us-
ing patch clamp data, with particular attention to missed events. We modeled IP3R
channel gating using Hierarchical Markov chains and used a Bayesian approach that
integrates missed event correction directly into the likelihood function, enabling more
accurate parameter inference and model evaluation. We show that accounting for missed
events deeply clarifies the multi-modal model that emerges from model selection. In
this new model, the Park and Drive modes both consist of the same 3-state Markov
model, with mode-dependent kinetic parameters: the Drive mode stabilizes the closed
state directly connected to the open one, whereas the Park mode stabilizes the other
closed state, that is not connected to the open one. Intermediate Ca2+ concentrations
are found to strongly depress the Drive to Park transition rate, so that the IP3R channel
undergoes frequent transitions to the Park mode only for ¡ 50 nM or micromolar Ca2+

concentrations. Overall, our approach provides a refined perspective on IP3R channel
modeling and highlights the critical importance of accounting for missed events upon
model selection based on single-channel recordings.

Introduction

The inositol 1,4,5-trisphosphate receptor (IP3R) is a ligand-gated Ca2+ channel located in
the membrane of the endoplasmic reticulum. By releasing Ca2+ from intracellular stores,
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the IP3R plays a pivotal role in shaping the spatio-temporal properties of calcium signals
such as oscillations and waves [2].

Following the pioneering work of Neher and Sakmann [22, 14], the patch-clamp technique
has become the reference method for characterizing ion channel kinetics at the single-channel
level. Nuclear patch-clamp experiments have provided detailed information on IP3R gating
behavior under varying concentrations of IP3, Ca2+ , and ATP [30, 21]. These studies
have revealed a modal gating phenomenon, in which the channel switches between low- and
high-activity modes depending on the ligand condition.

Mechanistic descriptions of ion channel dynamics are most commonly based on continuous-
time Markov chains (CTMCs), in which the channel is represented as a network of open
and closed states connected by stochastic transition rates. For the IP3R, early models
such as the De Young–Keizer model [10] successfully captured macroscopic Ca2+ release
but did not explicitly incorporate single-channel data. More recent efforts, notably those
by Siekmann et al. [27], incorporated patch-clamp recordings within a Bayesian inference
framework using Markov chain Monte Carlo (MCMC) sampling to infer Markov models
that account for modal gating. These models provided estimates of kinetic parameters,
widely adopted in computational studies of Ca2+ dynamics such as deterministic models
of oscillations [28, 6] and integro-differential models of Ca2+ puffs [15]. Furthermore, Siek-
mann et al. [24] introduced a hierarchical Markov representation to model IP3Rs. In this
framework, the intra-modal kinetics are described by a set of Markov models Qi capturing
the opening and closing transitions within each mode, while the inter-modal kinetics are
governed by a separate Markov process M̃ modeling mode switching.

Despite the good temporal resolution of patch clamp techniques, a study based on real
channel recordings has estimated that these recordings can miss as many as 88% of short
channel closing events [5]. Brief openings or closings shorter than the acquisition inter-
val remain undetected, leading to so-called missed events. As emphasized by Colquhoun,
Hawkes, and collaborators, neglecting these missed events biases dwell-time distributions
and can distort estimated rate constants, particularly those governing fast transitions [9].
To address this issue, Hawkes and Jalali [16] derived exact likelihood functions that inte-
grate over undetected events, providing the foundation for maximum-likelihood fitting with
missed-event correction, as implemented in computational tools such as DCPROGS [9]. Build-
ing on this foundation, Epstein et al. [11, 1] introduced a Bayesian framework embedding
the corrected likelihood within a MCMC scheme. In contrast, Gin et al. [12] applied the
approximate correction of Blatz and Magleby [4] to adjust open and closed time distribu-
tions post-hoc, without incorporating the correction into the model likelihood and without
addressing modal gating.

The Bayesian approach developed by Siekmann and co-workers [27] to infer kinetic
parameters of IP3R gating relies on a discrete-time classification of each sample as open
or closed, followed by likelihood computation without explicit treatment of the unobserved
channel state between consecutive sampling points. While this formulation avoids the need
to reconstruct transition times within each interval, it does not fully overcome the physical
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limitation imposed by finite sampling. When the acquisition interval is large relative to the
kinetics of fast transitions, short-lived (< temporal resolution) events remain invisible to
the model. As a result, the likelihood neglects these missed transitions, leading to biased
parameter estimates, particularly for fast intra-modal rates, as demonstrated by Epstein et
al. [11].

This methodological limitation motivated the present study, in which we reinvestigated
IP3R gating models within a Bayesian framework that integrates exact missed-event cor-
rection into intra-modal analysis. This approach enables more reliable parameter inference
and refined model topology selection.

Methods

Experiments

We used as raw data the on-nucleus patch-clamp recordings of single IP3R channel activity
reported by Wagner and Yule [30]. The data was acquired at 100 mV, sampled at 20 kHz, fil-
tered at 5 kHz, and obtained under controlled IP3, Ca

2+ , ATP, and BAPTA concentrations.

Idealization and segmentation

Raw current traces were idealized into binary open/closed sequences using a thresholding
rule (points above half the mean open current were classified as open). Typically, the current
traces alternate between periods of frequent opening and quieter periods, corresponding to
distinct gating modes (Fig. 1). The periods of frequent opening are referred to as the
“Drive” mode whereas the quiet ones correspond to the “Park” mode. Identification of
the transitions points between these modes, i.e., inter-mode transitions, was used to isolate
the modes, analyze each mode separately, and select a model for each mode (intra-mode
analysis). The inter-modal transitions rates were finally estimated as a function of Ca2+

concentration, yielding the final IP3R model.

To locate the inter-mode transitions, we applied the Bayesian segmentation method of
Siekmann et al. (2014) [26]. This technique uses a Reversible Jump Markov Chain Monte
Carlo (RJMCMC) algorithm [13] to infer (i) the number, (ii) the locations of changepoints,
and (iii) the mean open probability within each segment. RJMCMC sampling explores
models of varying dimensionality through four types of moves, birth, death, shift, and step
allowing the chain to adaptively add, remove, or adjust changepoints [13].

In this Bayesian framework, the likelihood is computed assuming that, within each
segment, the observed sequence of open and closed events follows a binomial distribution,
which probability of success equals to the segment mean open probability.

We consider a sequence Y = {y(1), . . . , y(N)} of N data points, where y(n) = 1 denotes
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an open event and y(n) = 0 a closed event. Let

O(n) =
n∑

k=1

y(k)

be the number of open events observed up to index n. The likelihood is given by :

L(O | j, p) =
k∏

i=0

psii (1− pi)
ui , (1)

where k is the number of segments detected by the RJMCMC algorithm, j = {j0, j1, . . . , jk−1}
are the changepoints between these segments. si and ui are the number of expected (i.e.,
undetected) open and closed events, respectively, in segment i and pi is the mean open
probability of segment i.

Priors are imposed both on the number of changepoints and on their spacing, which
prevents unrealistically dense or sparse changepoints. The posterior distribution is then
given by:

P (j, p | O) ∝ L(0 | j, p)π(j, p), (2)

Note that Siekmann et al. [26] also used the recording from Wagner and Yule [30]
for illustration of their method. We thus could verify as a sanity-check that the number of
changepoints we detected in each dataset, as well as the resulting mode-switching frequency,
closely matched the values reported in [26]. This also allowed us to work with comparable
modal segments.

Characterization of isolated gating modes

The dynamics within a single gating mode was modeled as a continuous-time Markov chain
(CTMC), in which the channel occupies a finite set of open and closed states and transitions
between them according to rate constants. Biophysically, open states correspond to confor-
mations that permit calcium conduction, whereas closed states represent non-conducting
conformations.

In this CTMC approach, the state space Sn contains no distinct open states and nc

distinct closed states, so that the total number of states is ns = no+nc. Transitions between
states are encoded in the infinitesimal generator matrix Q, with off-diagonal elements qij
representing the rate of transition from state i to j, and diagonal elements defined as

qii = −
∑
j ̸=i

qij .

At any time t, the channel occupies a single state Xt ∈ {1, . . . , ns}, and waiting times
between transitions follow exponential distributions governed by Q.
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Burst-based analysis

Intra-modal analysis was then based on the partition of the state sequence into burst series.
Following the approach of Colquhoun and Hawkes [9], a burst is defined as a sequence of
openings and brief closures (shorter than a threshold tcrit), separated from other bursts
by long closed intervals (> tcrit). Each burst begins with an open interval and alternates
between open and closed dwell times.

In practice, a burst series was constructed as follows:

1. Consecutive points in the same state were grouped to form dwell intervals, producing
an alternating sequence of open and closed durations.

2. The sequence was constrained to start with an open interval and contain an odd
number of intervals following DCPROGS requirements.

3. The resulting series, representing a single large burst, served as input for the DCPROGS
likelihood computation.

In contrast to classical multi-burst analysis [9, 11], our approach focuses on the dynam-
ics within a single gating mode. Following the hierarchical Bayesian framework proposed by
Siekmann et al. [24], we have made the choice to restrict the analysis to a long, stationary
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Figure 1: Workflow for IP3R modal gating analysis. Changepoints between distinct
gating modes are identified from patch-clamp traces using Reversible Jump MCMC [26].
Topologies are further analyzed using MCMC with the DCPROGS framework, including
missed-event correction [11].
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segment of activity representing the intra-modal kinetics of an individual channel. Although
on-nucleus patch-clamp recordings may contain several simultaneously active IP3R channels
[18], our analysis assumes the presence of a single channel. This choice is methodological
rather than physiological: it allows us to combine two inference frameworks, one addressing
missing event reconstruction and the other describing intra-modal kinetics within a hierar-
chical model. Consequently, we do not explicitly model multiple channels or apply burst
segmentation. Instead, the selected stationary segment is treated as a single continuous
burst representing intra-modal dynamics.

Once extracted, the burst was interpreted within a CTMC framework, where open
intervals correspond to the channel residing in the set of open states A, and closed intervals
correspond to the closed states F . The generator matrix is thus partitioned as

Q =

[
QAA QAF

QFA QFF

]
,

where QAA and QFF describe transitions within open and closed states [7], respectively,
while QAF and QFA describe transitions between them. Estimating Q provides a recon-
struction of the intra-modal kinetics of the channel.

DCPROGS likelihood

The probability density function (PDF) for observing an open interval of duration t, starting
in any open state and ending in any closed state [7], is

fA(t) = ΦAGQ
AF (t)uF ,

where ΦA is the initial distribution over open states, GQ
AF (t) = exp(QAAt)QAF , and uF is

a column vector of ones.

Closed intervals are described analogously by swapping the roles of open and closed
states.

Correction for missed events

Because patch-clamp recordings have finite temporal resolution, brief openings or closures
shorter than the sampling interval τ may not be detected, biasing the observed dwell-time
distributions. To address this, we applied the exact missed-event correction originally de-
rived by Hawkes et al. [9] and implemented in a Bayesian context by Epstein et al. [11],
adapting it to our burst- based analysis.

An apparent open interval of duration t may contain one or more undetected brief
closures (of duration < τ). The interval is composed of:
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1. An effective open period of duration t− τ : during which the system resides in A
but may flip to F and back. This is represented by the survivor function RA(t− τ).

2. A transition from open to closed states: described by QAF , representing the
rate of leaving the open states toward the closed states.

3. A short closure period of duration τ : representing the detected closure that
terminates the observed open interval, given by exp(QFF τ).

Combining these, the missed-event corrected PDF is

GQ,e
AF (t) = RA(t− τ)QAF exp(QFF τ).

For multiple unresolved events within an interval, the full correction involves a convo-
lution of open and closed intervals, handled in the Laplace domain as [9]:

R∗
A(s) =

[
I −GQ,∗

AF (s)S
∗
FF (s)G

Q,∗
FA(s)

]−1
(sI −QAA)

−1,

with
S∗
FF (s) = I − exp[−(sI −QFF )τ ].

where GQ,∗
AF (s) denotes the Laplace transform of GQ

AF (t) given by (sI −QAA)
−1QAF .

The time-domain survivor function, used in the likelihood computation, is obtained via
the inverse Laplace transform of R∗

A(s). This function accounts for brief, undetected clo-
sures within open intervals, ensuring that missed events are properly incorporated into the
reconstruction of intra-modal kinetics [9].

Finally, the likelihood of observing a sequence of open and closed dwell times y =
(t1, t2, . . . , tm) with a temporal resolution of τ is defined as:

L(y | Q) = ΦAGQ,e
AF (t1)G

Q,e
FA(t2) . . . G

Q,e
AF (tm)uF ,

where GQ,e
AF (t) and GQ,e

FA(t) are the missed-event corrected transition matrices, ΦA is the
initial distribution over open states, and uF is a column vector of ones.

Bayesian inference and MCMC sampling

To estimate the rate constants of the infinitesimal generator matrix Q ∈ Rn×n of the Markov
model, we employ a Bayesian Markov Chain Monte Carlo (MCMC) approach [17].

Let θ = (θ1, θ2, . . . , θd) denote the vector of transition rates for a given topology S. The
generator matrix Q(θ) is constructed according to S and the current vector of transition
rates θ. The likelihood L(y | Q(θ)) is computed from the missed-event formalism described
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previously.

At each MCMC iteration, a new proposal θ′ is generated independently for each rate
using a log-normal distribution:

θ′k = exp
[
ln(θk) + ηk

]
, ηk ∼ N (0, σ2

k),

where σk is adjusted as follow :

• if the acceptance rate < 10%: decrease σk ← 0.9σk,

• if the acceptance rate > 50%: increase σk ← 1.1σk.

The proposal is accepted with probability

α = min

(
1,
L(y | Q(θ′)) p(θ′)

L(y | Q(θ)) p(θ)

)
,

We used weakly informative log-uniform priors over the range 10−5 < θk < 105:

p(θ) =
d∏

k=1

1

105 − 10−5
1{10−5<θk<105}.

After N iterations, the posterior estimate of each rate is taken as the median of the
post-burn-in samples. A model selection score is computed using the Bayesian Information
Criterion (BIC):

BIC = −2 logL(y | Q(θ̂)) + d log(n),

where d is the number of free parameters and n is the number of observations and the
estimator θ̂ is obtained by taking the median of the accepted parameter vectors θ starting
from the burn-in phase.

Software and computational details

All the analysis code was implemented in Python 3.10 using the DCPROGS/HJCFIT library.
We forked this repository to implement minor adjustments to deal with SWIG errors on
modern systems and to facilitate the installation of HJCFIT in a Python virtual environ-
ment. The package is available at: https://gitlab.inria.fr/aistrosight/hjcfit. All code writ-
ten in support of this publication is available upon request. The code of the IP3R model
proposed and a simulator is available at https://gitlab.inria.fr/aistrosight/ip3r-model/.

Results

We applied the modeling framework outlined in Fig. 1. Single-channel recordings of IP3R
channels are characterized by alternation of periods with frequent transitions to the open
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state with periods where channel openings are much more infrequent [19, 27]. The former
segments are referred to as “Drive” mode (frequent openings), and the latter as “Park”
mode, in analogy with automatic gearboxes (Fig. 1). First, we used the RJMCMC method
of Siekmann et al. [26] to identify the sequence of modal states in the IP3R2 patch-clamp
recordings of Wagner et al. [30]. For each detected mode, we then performed Bayesian
parameter inference to determine the most likely topology among a collection of four possible
topologies, shown in Fig. 2, and to estimate the corresponding intra-modal transition rates.

The set of possible topologies considered in Fig. 2 originates from a stepwise model
building procedure [27], and was used here as a reference to compare two Bayesian inference
methods: a MCMC approach that does not account for missed events [27] and our proposed
approach, where the DCPROGS likelihood was applied to account for missed events. This
comparison was carried out in two steps: (1) first, we evaluated whether the two methods
inferred similar transition rates, topology by topology, and (2) we evaluated whether the two
methods selected the same topology as the best one according to the Bayesian Information
Criterion (BIC).

Below, we start by comparing the inferred transition rates and model selection using
the inference results averaged across the IP3R2 datasets recorded at different Ca2+ concen-
trations (10, 50, 200, 1000, 5000, and 10000 nM, with [IP3]=10 µ M and [ATP] = 5 mM
ATP). Given the importance of Ca2+ regulation for the IP3R channel, we then provide a
more detailed analysis, performed independently for each Ca2+ concentration.
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Figure 2: Reference kinetic Markov models for IP3Rs proposed by Siekmann et
al. [27]. Red circles correspond to open states, and blue ones to closed states. Arrows
represent transition rates from one state to another.
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Figure 3: Comparison of transition rates inferred from IP3R2 patch-clamp
recordings using the classical MCMC method and our DCPROGS-based inference.
Each box plot shows the transition rates estimated across all IP3R2 datasets at 10 μM IP3,
5 mM ATP, and various Ca2+ concentration (10, 50, 200, 1000, 5000, and 10000 nM) from
Wagner & Yule [30]. Transition rate inference is shown for the Park mode in topology (a)
(Fig 2a, A), and for the Drive mode in topologies (b) (Fig 2b, B), and (c) (Fig 2c, C).
Transition rates are depicted in gray and blue when inferred using the classical MCMC or
our DCPROGS-based inference method, respectively. Error bars indicate posterior standard
deviations.

Intra-Modal kinetics inferences averaged over all Ca2+ concentrations

Comparison of the inferred transition rates between the MCMC & DCPROGS

approaches

Figure 3A shows the transition rates inferred for the simplest topology possible, with only
one open and one closed state (Fig. 2a) on Park mode, i.e. the mode where opening
transitions are less frequent, as topology (a) is selected by the classical MCMC approach
for the Park mode. Both inference methods produced similar estimates for the transition
rate q21, but markedly diverged for q12. Indeed, the classical MCMC method produced
mean rates of ⟨q21⟩ = 3420 s−1 and ⟨q12⟩ = 4.14 s−1, whereas our DCPROGS-based approach
yielded ⟨q21⟩ = 3681 s−1 and a markedly higher mean ⟨q12⟩ = 75 s−1. This difference reflects
the detection of short-lived openings that the likelihood used in the classical MCMC method
did not detect.
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We then compared the inference results for the Drive mode and topology (b) (Fig 3B).
Here again, the transition rates estimated with DCPROGS were significantly faster than those
estimated using the classical MCMCmethod [27], especially for transitions between the open
and closed states. The mean rate ⟨q13⟩, which predicts the opening of the system, is three
times higher with DCPROGS, and the closed to closed q12 rate demonstrates an even greater
disparity where ⟨q12⟩ = 39 s−1 for the classical MCMC method, whereas our DCPROGS-based
approach yielded ⟨q21⟩ = 194 s−1. This shows that our DCPROGS-based method captures
many brief events that are not detected with the classical MCMC approach. To provide a
concrete illustration of what this means, we show in Fig. 4 two simulation results gener-
ated with a time resolution much larger than available in patch-clamp recordings: panel A
shows a simulated current using the parameters inferred with the classical MCMC approach
whereas panel B provides a simulation with the parameters inferred with our DCPROGS-based
method (using the values of Drive Mode and topology (b) above). Clearly, simple visual
inspection shows that the single-channel IP3R currents simulated using the transition rates
inferred using our DCPROGS-based method display much more frequent state transitions than
with the classical MCMC method (176 vs. 36 transitions, respectively, at high temporal
resolution over an 80 ms interval).

Finally, we show in Fig 3C the inference results for the Drive Mode and topology (c).
The two inference methods yield consistent results for the slower transition rates, but dis-
crepancies appear in the faster ones. This is particularly striking for the pair (q24, q42): the
classical MCMC method reported mean rates (⟨q24⟩, ⟨q42⟩) = (10600, 3270) s−1, where our
DCPROGS-based approach inferred mean rates three- to five-fold faster (36716, 15478) s−1.

Model selection differences between the MCMC & DCPROGS approaches

We next applied the Bayesian Information Criterion (BIC) to the reference topologies of
Fig. 2 to determine which topology was selected as the best depending on the inference
scheme. As above, we computed the BIC across multiple IP3R2 datasets covering Ca2+

concentrations ranging from 10 nM to 10 μM (5 mM [ATP], 10 μM [IP3]). To decide
between two models, we used the usual rule of thumb [20], according to which a BIC
difference between 2 and 6 indicates moderate evidence (strong evidence for more than 6).

The results are shown in table 1 for a Ca2+ concentration of 10 nM. Our DCPROGS-
based approach selected model (b), both for Park and Drive modes. The selection results
for the other Ca2+ concentrations are provided in Table S1. Note that for [Ca2+ ] =
200 nM, both the number and duration of the Park segments were too small to allow for
reliable inference. Strikingly, we obtained the same results for almost all available Ca2+

concentrations: topology (b) was selected in almost all cases. The only two exceptions
were observed for the largest Ca2+ concentrations: our DCPROGS-based approach selected
model (c) for Drive at 5 µM [Ca2+ ] and for Drive at 10 µM [Ca2+ ] model (b) was selected,
although similar to model (c). In all other tested concentrations, model (b) was preferred.
We therefore conclude that topology (b) is the best model for both Drive and Park modes
according to our DCPROGS-based approach.
This result is in strong contrast with the results obtained using the classical MCMC method,
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based method. Simulated traces are shown for topology (b) (Fig 2) in Drive Mode at
high temporal resolution (τ = 0.9 µs; A,B) and at experimental resolution (τ = 50 µs; C,D).
IP3R currents inferred with the classical MCMC approach are depicted in grey (panels A,C)
and with our DCPROGS-based method in blue (panels B,D).

as reported in [27], where the best model was topology (a) for Drive and topology (c) for
Park. This result shows that the improved handling of missed events in DCPROGS influences
not only parameter estimation but also the choice of the best model topology.

12



BIC for Model
Mode a b c d Best Model

Park −559.61 −741.04 −735.99 −730.30 Model b
Drive −5005.98 −5228.95 −5220.79 −5216.45 Model b

Table 1: Comparison of Bayesian model selection for intra-modal IP3R2 gat-
ing models when missed events are accounted for with our DCPROGS-based ap-
proach. The Bayesian Information Criteria (BIC) evaluated from experimental single-
channel recordings obtained at 10 μM IP3, 5 mM ATP, and 10 nM Ca2+ [30] using our
DCPROGS-based approach are displayed for both Park and Drive modes. The models were
selected among the topologies (a), (b), (c), and (d) presented in Fig. 2. Lower BIC values
indicate better model fits after penalizing for model complexity.

Ca2+ -dependent intra-Modal analysis

We next provide a detailed analysis of the dependence of our inference results on Ca2+

concentration. To that aim, we fixed below the intra-modal topology to model (b), which
was identified as the most plausible model according to the BIC criterion above and system-
atically applied our DCPROGS-based approach to infer the kinetic parameters of the model.

Inference results for the Park Mode

The full posterior distributions for all the inferred parameters of model (b) at two represen-
tative Ca2+ concentrations, 0.01µM and 10µM, are shown in Fig. 5A and 5B, respectively.
These distributions show unimodal shapes with well-defined peaks at both 0.01µM and
10µM Ca2+, confirming the quality of the MCMC convergence. While the posterior distri-
butions for the transitions from and to the open state (q31 and q13) are similar for the two
Ca2+ concentrations, the transitions between the two closed-states seem to be affected by
the change of Ca2+ concentration: the largest Ca2+ concentration appears to reduce both
q12 and q21 compared to the smallest one.
However, examination of the evolution of the inferred rates over the whole range of Ca2+ con-
centration (Fig. 5C) suggests that the four parameters remain essentially Ca2+ -independent,
despite fluctuations that are probably reflecting the error inherent to our inference method
and that also explain the apparent change of q12 and q21 above. Indeed, the Park mode
corresponds to a state with infrequent opening events, for which the inference is not as
accurate as the active Drive mode and its much larger frequency of opening events. The
Ca2+ -dependence of q13 and q12 might be anti-correlated (Fig. 5C), which may indicate
a difficulty to infer these parameters independently. Note that for 0.02µM [Ca2+ ], both
the number and the duration of the Park segments were too small to allow reliable infer-
ence. Therefore, these conditions are not shown in the figure. We conclude that the Park
mode kinetics parameter inferred with our DCPROGS-based approach are essentially Ca2+

-independent, which is in agreement with the analysis of Siekmann et al. [25], who used a
classical MCMC method without accounting for missed events.
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Figure 5: Posterior distributions and dependence on Ca2+ concentration of the
inferred rates for the Park Mode. Posterior distributions of intra-modal rate constants
using model (b) inferred using our DCPROGS-based approach are displayed at two represen-
tative calcium concentrations: 0.01 µM (A) and 10 µM (B). Full vertical lines locate median
posterior values. (C) (Left) Model selected for the Park mode, model (b), with one open
state (O1) and two closed states (C1 and C2). (Right) Variation of the intra-Park mode
transition rates across the available Ca2+ concentration range, with [IP3] = 10 µM , and
[ATP] = 5 mM.

Inference results for the Drive Mode

Bayesian inference was conducted on Drive mode segments extracted from the same patch-
clamp datasets that were used for the Park mode above [30] and with the same MCMC
parameters, e.g. 100 000 iterations with a burn-in of 50 000. Inference was also performed
using model topology (b) with our DCPROGS-based approach to infer the kinetics parameters.
The posterior distributions obtained at Ca2+ concentrations of 0.01 and 10 µM [Ca2+], are
shown in Fig. 6A and 6B, respectively. Like for the Park mode above, these histograms
display unimodal shapes with well-defined peaks. Here again, posterior distributions for the
transitions from and to the open state (q31 and q13) do not vary much between the Ca2+

concentrations, whereas those between the two closed-states (q12 and q21) seem to decrease
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Figure 6: Posterior distributions and dependence on Ca2+ concentration of the
inferred rates for the Drive Mode. Posterior distributions of intra-modal rate constants
using model (b) inferred using our DCPROGS-based approach are displayed at two represen-
tative calcium concentrations: 0.01 µM (A) and 10 µM (B). Full vertical lines locate median
posterior values. (C) (Left) Model selected for the Drive mode, model (b), with one open
state (O1) and two closed states (C1 and C2). (Right) Variation of the transition rates
across the available Ca2+ concentration range, with [IP3] =10 µM , and [ATP] = 5 mM.

at the largest Ca2+ concentration. The evolution of the inferred transition rates for all Ca2+

concentrations is summarized in Fig. 6C.
However, as in the Park Mode, we conclude that the rates display only minor variation
over the tested Ca2+ range, suggesting that intra-modal kinetics in the Drive Mode are also
Ca2+ -independent.

To better compare the impact of the modes on the Ca2+ dependence of the parameters,
we replotted the results of Fig. 5C and Fig. 6C on a parameter-by-parameter basis in Fig. 7.
This figure evidences that the transition rates between the close and open states, q13 and
q31 are not only largely Ca2+ -independent, but also mode-independent, i.e. these rates are
hardly sensitive to the choice of mode. In contrast, the figure shows that q12 and q21 exhibit
an inverted behavior depending on the mode that explains the overall mode activity: q12 is
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Figure 7: Comparison of intra-modal transition rates in the Drive and Park
modes as a function of Ca2+ concentration. This figure is a replot of Fig. 5C and
Fig. 6C, providing a direct comparison of the impact of the modes on the inferred values of
parameters q13 (A), q31 (B), q12 (C), and q21 (D). Transition rates inferred from topology
(b) (Fig 2b) are depicted in pink and gray, for the Drive and Park modes, respectively.

much larger in Park than in Drive mode, while, on the contrary, q21 is larger in Drive than
in Park mode. This suggests a simple explanation of the difference in activity between the
two modes, i.e. segments of frequent opening vs quieter segments in the Drive and Park
modes, respectively. Indeed, it seems that the difference of activity is not due to differences
in the transitions between open and close states, but is attributable to differences in the
transitions between the two closed states. The dwell time in the closed state that is furthest
from the open state (C2 in model b) is larger in Park that Drive. In other words, Park
corresponds to a stabilization of the closed state that is furthest from the open state (C2).
As a result, the IP3R spends less time in the closed state C1 in Park than in Drive mode.
This reduces the possibility to transition to the open state, thus explaining why the opening
frequency is severely reduced in Park compared to Drive mode.

Therefore, the suggestion of our DCPROGS-based analysis that the intra-mode model
topology is the same in both the Drive and Park modes strongly simplifies the interpretation
of the overall dynamics: Drive is found to stabilize the closed state that is directly connected
to the open state, thus allowing frequent openings, whereas Park stabilizes the closed state
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that is not directly connected to the open one, resulting in less frequent openings.

Adding inter-mode transitions: a new model for IP3R dynamics

Inference of the inter-mode kinetic parameters

To describe the transitions between Park and Drive modes, we follow the original model of
Siekmann et al.[27] and assume that the transitions between the two modes are implemented
by a single pair of transitions between the two closed states that are directly connected to
their respective open states, i.e. inter-mode transitions are assumed to be transitions be-
tween the C1 states of each mode (Fig. 8).

In the previous sections, our DCPROGS-based approach suggested that the intra-modal
parameters q12, q21, q13, and q31 can be mode-dependent but exhibit essentially no depen-
dence on Ca2+ concentration. We therefore average their inferred mean transition rates
across all tested Ca2+ concentrations. The resulting parameter values are shown in table 2,
using qmij to refer to the value of the transition rate between state i and j in mode m ={P,D}
for (P)ark and (D)rive, respectively.
With the intra-modal parameters thus fixed, we then used our DCPROGS-based approach to
infer the values of the inter-mode transition rates, qDP and qPD. As can be seen from Fig. 9,
our analysis shows that the inter-modal transition rates have a contrasted dependence on
Ca2+ concentration. The kinetic rate for the transition from the Park to the Drive mode,
qPD, was found essentially Ca2+ -independent. In contrast, the rate for the transition from
Drive to Park, qDP , exhibited a major collapse for Ca2+ concentrations in the [50,1000] nM
range, with a decay spanning three orders of magnitude between 10 and 200 nM (607 and
0.69 s−1, respectively). This means that intermediate Ca2+ concentrations strongly depress
and can even almost switch off the inter-modal transition to the Park mode. As a result,
the IP3R channel stays almost exclusively in the Drive mode for [Ca2+ ]∈[50,1000] nM.

Parameter (s−1) Park (m=P) Drive (m=D)

qm13 31927 ± 2984 36279 ± 3585
qm31 17692 ± 1016 15186 ± 825
qm21 24 ± 19 1682 ± 602
qm12 1979 ± 2364 194 ± 49

Table 2: Intra-modal parameter values for the Park and Drive modes. Park
(m=P) and Drive (m=D) modes intra-modal kinetic rates were estimatesd from IP3R2
single-channel recordings at 10 μM IP3 and 5 mM ATP. Values are averages across different
Ca2+ concentrations ± standard deviation. qmij refers to the inferred value of the transition
rate from state i to j in mode m = {P,D}.
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concentrations, 10 μM IP3, 5 mM ATP. Both Park and Drive modes were modelled using
the intra-modal topology of Fig. 8 with the intra-modal kinetic parameters shown in table 2.
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[Ca2+] (μM) qPD (s−1) qDP (s−1)

0.01 1829 ± 206 607 ± 123
0.05 480 ± 78 10± 1
0.2 873 ± 222 0.69 ± 0.5
1 2563 ± 634 3 ± 0.63
5 2458 ± 356 191 ± 40
10 716 ± 62 83 ± 8

Table 3: Values and [Ca2+ ]-dependence of IP3R2 inter-modal rates. Inferred IP3R2
inter-modal transition rates qPD (Park→ Drive) and qDP (Drive→ Park) at different Ca2+

concentrations, 10 μM IP3, 5 mM ATP. These parameter values are shown in Fig. 9.

Fitting the Ca2+ -dependence of the inter-modal transitions

To facilitate the implementation of IP3R models, we then fitted the Ca2+ -dependence of
the inter-modal kinetic parameters qPD and qDP for a fixed IP3 concentration (10 µM).
For the sake of simplification, we assumed from Fig. 9 and the level of noise in our inference
process that is already apparent from Fig. 5 and 6, that the kinetic rate for the Park to
Drive transition, qPD, is Ca

2+ -independent. Thus, we fixed its value to its average over the
measurements displayed in table 3: 1490±920 s−1.
To fit the Ca2+ -dependence of the Drive to Park transition rate, qDP, we adopted the
functional form proposed by Cao et al. [6]:

qDP(c) = a+ V [1−m(c)h(c)] (3)

where c denotes the cytosolic Ca2+ concentration and m(c) and h(c) are gating variables
defined as:

m(c) =
c3

c3 + k3
, h(c) =

p2

c2 + p2
, (4)

This expression was fitted to the inferred values of qDP shown in Fig. 9, yielding (for
10 μM IP3 and 5 mM ATP):

a = 1.13 s−1,

V = 1255 s−1,

k = 9.62 nM,

p = 3.70× 104 nM.

The resulting fit is depicted in Figure 10.

Discussion

In this work, we revisited modal gating of IP3R2 channels using a hierarchical approach [24]
that separates intra-modal kinetics from inter-modal transitions while explicitly correcting
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Figure 10: Calcium dependence of the Drive-to-Park transition rate qDP. Inferred
values of the Drive-to-Park transition rate qDP (red circles, mean ± s.d.) as a function of
cytosolic Ca2+ concentration obtained from IP3R2 single-channel recordings at 10 μM IP3

and 5 mM ATP. The solid red line shows the fit of Eq. 3.
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for missed events. This strategy bridges two complementary perspectives: the continuous-
time likelihood methods emphasized by Epstein et al. [11], which highlight the importance
of accounting for undetected opening events, and the compact modal-gating framework
introduced by Siekmann et al [24]. A first outcome of our analysis is that correcting for
missed events at the intra-modal level influences the inference of fast rates. Our results
support Epstein’s conclusion that ignoring missed events can bias the estimation of rapid
transitions, even for relatively simple models.

In previous studies of IP3R modal gating modeling, to our knowledge, the exact cor-
rection of missed events was not taken into account [27, 29]. In the absence of such cor-
rection, Bayesian model selection attributed different transition models for the Park and
Drive modes: the Park mode was attributed a simple 2-state model (topology (a) in Fig. 2)
whereas a more complex 4-state model was selected for the Drive mode (topology (c) in
Fig. 2) [27, 25]. This suggests, in terms of protein structure, that the transition from Park
to Drive would result from the emergence of two new closed states, which is not straightfor-
ward. We show here that taking into account missed opening events clarifies this point. Our
DCPROGS-based approach indeed suggests that when missed events are accounted for, the
transition between the Park and Drive modes does not involve a change of protein structure
between Park and Drive modes. For both modes, the same topology is chosen by Bayesian
model selection: a three-state model with two closed state and one open state (model (b)
in Fig. 2). As a result, the only change between Park and Drive modes in the final IP3R2
model we propose is a change in the values of only two kinetic rates: the rates that govern
the transitions between the two closed states of the topology. In Drive mode, these rates
stabilize the closed state that is directly connected to the open state, whereas they favor the
second closed state, furthest from the open state, in the Park mode. As a result, the dwell
time of the closed state directly connected to the open state is much larger in Drive than
in Park mode, which strongly amplifies the frequency of transitions to the open state. We
believe that this prediction is more plausible from a mechanistic and molecular perspective
since it does not entail a complex change of protein structure between modes.
In addition, taking into account missed events also simplifies the Ca2+ -dependence of the
inter-modal transitions. In the original Park and Drive model, both the Park to Drive and
the Drive to Park transitions were predicted to depend on Ca2+ concentration [27]. Here
also, our study shows that accounting for missed opening events simplifies this picture: the
kinetic rate for the transition from Drive to Park remains Ca2+ -dependent, but the Park
to Drive kinetic rate does not appear to exhibit a strong dependence on [Ca2+ ]. Interme-
diate Ca2+ concentrations (50 nM to 10 µM) are found to strongly depress the Drive to
Park transition, compared to small(¡ 50 nM) or large (supra-micromolar) concentrations.
As a result, the IP3R undergoes frequent transitions to the Park mode only for large or
small [Ca2+ ], and remains essentially in the Drive mode at a peak around 200 nM. This
mechanism finely reproduces, at the single-molecule level, the characteristic bell-shaped de-
pendence of IP3R activity on Ca2+ concentration observed in population experiments [3].
Moreover, this mechanism aligns favorably with the idea that modal gating reflects slow
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conformational rearrangements whose relative stability depends on Ca2+ concentration.

An important practical challenge of the DCPROGS approach is that it is based on a burst
analysis (see Methods). In particular, a major constraint is that the method requires a
burst to begin with an open state. In our case, however, the intra-modal segments contain
many transitions and, more importantly, missed events are already integrated directly into
the likelihood. This reduces the impact of this constraint. However, our analysis is limited
by other practical issues. First, we hypothesized that the experimental dataset we used
corresponds to the activity of exactly one IP3R channel in the patch. Violation of this
hypothesis would strongly influence the overall likelihood structure. An improvement of
our method, kept for future work, would therefore consist in inferring the number of IP3R
channel molecules in each patch clamp recording [18, 8] before inferring the model topology
itself. Secondly, an important limitation of our study is that the admissible intra-modal
model topologies were limited to the four models shown in Fig. 2. Recent studies have pro-
posed to use deep learning models to infer the correct topology of a Markov model among a
large number of candidate topologies, chosen impartially [23]. Incorporating these methods
into our approach would strongly improve its robustness, albeit at the price of a strong
inflation in the necessary computing resources. Finally, the accuracy of our inference of the
intra-modal kinetic parameters could be improved. The posterior distributions (Fig. 5A-B
and 6A-B) attest to the quality of our inferences. However, the strong variability of the
inference for kinetic parameters that are hypothesized to be Ca2+ -independent suggests
that the accuracy of our inference methods could be improved. Beyond methodological im-
provements, a practical way to increase accuracy would be to benefit from larger datasets, in
particular patch-clamp recordings of longer duration. Lastly, we note that a similar imple-
mentation could be a Hidden Markov model relying on a unique 3-state topology, with the
values of the transition rates between its two closed states determined by a latent Markov
Model that sets the probability to observe Drive or Park. Controlling the parameters of
this latent model with the Ca2+ concentration would then allow reproducing the Ca2+ -
dependence of Fig. 9. Future work is needed to determine how to calibrate such a hidden
Markov model and whether it provides a better description of IP3R channel dynamics than
the model proposed here.

The final output of our work is a new Bayesian model for IP3R channels with multi-
modal gating. This model, presented in Fig. 8, table 2, eqs. (3) and (4), proposes that
both the Park and Drive modes consist of the 3-state topology of Fig. 2b with two closed
states and one open state. According to the model, all the intra-modal transition rates in
both modes are Ca2+ -independent, the only difference between the two modes lying in the
transition rates between the two closed states, that specify the Park or Drive mode. In the
implementation we propose here, inter-modal transitions connect the two closed states that
are directly connected to the open one (Fig. 8), with only the Drive to Park rate that is
Ca2+ -dependent (eqs. (3) and (4)).
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