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Abstract 

 

DETECTING CALCIUM FLUX IN T CELLS USING A BAYESIAN 

MODEL 

 

Zicheng Hu, M.S.Stat 

The University of Texas at Austin, 2015 

 

Supervisor:  Peter Mueller 

 

Upon antigen recognition, T cells are activated to carry out its effector functions. 

A hallmark of T cell activation is the dramatic increase of the intracellular calcium 

concentration (calcium influx). Indo-1 is a calcium indicator dye widely used to detect T 

cell activation events in in vitro assays. The use of Indo-1 to detect T cell activation 

events in live tissues remains a challenge, due to the high noise to signal ratio data 

generated. Here, we developed a Bayesian probabilistic model to identify T cell 

activation events from noisy Indo-1 data. The model was able to detect T cell activation 

events accurately from simulated data, as well as real biological data in which the time of 

T cell activation events are known.  We then used the model to detect OTII T cells that 

are activated by dendritic cells in thymic medulla in Rip-OVAhi transgenic mouse. We 

found that dendritic cells contribute 60% of all T cell activations in the mouse model.  
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1 Introduction

T cells are a type of lymphocytes that play a central role in the adaptive immune response.
T cells express T cell receptors (TCR) that are able to recognize specific antigens presented
by the MHC molecule on antigen presenting cells (APC)[1]. The recognition of the anti-
gen by TCR will trigger the down stream cell-signaling pathway and lead to the activation
of the T cell, eliciting effector functions of the T cell. A major event in T cell activa-
tion is the opening of Calcium channel and the rapid influx of calcium from extracellular
environment[2]. Therefor, intracellular calcium concentration are often used as a indicator
of T cell activation[3].

Indo-1 is a widely used ratio-metric calcium indicator[4]. The emission of Indo-1 shifts
from 475 nm to 400 nm upon Ca2+ binding when excited at 350nm. Based on such prop-
erty, intracellular calcium concentration can be measured by measuring the ratio of Indo-1
emission around 475 to emission around 400. Indo-1 are often successfully used in in vitro
assays where the cells are cultured in clear medium in which excitation and emission light
is not interfered by surrounding tissues.

Recent advancement of multi photon microscope technology enables researchers to image
cells that are located deep in live tissues[5, 6]. This creates a challenge for the measurement
of calcium concentration using Indo-1. Since both the excitation and emission light have to
travel through thick live tissues, the Indo-1 signals tends to be noisy due to light deflection
by the tissue and the background fluorescent from the surrounding tissue. Due to the high
noise to signal ratio, it is not possible to identify calcium influx events by inspection or
using simple peak finding methods.

Here, we developed a Bayesian probabilistic model to identify calcium influx events from
noisy Indo-1 signal ratio data. Since the number of calcium influx events over the time
course is unknown and the number of parameters increases with the number of events,
we face an inference problem with a random number of parameters. Such problems give
rise to challenging posterior simulation problems. We will implement a method known as
pseudo prior mechanism.[7]. The model is tested using simulated data and experimental
data where the time of calcium flux is known. Finally, we analyzed experimental data
where the calcium flux is unknown using the model. Based on the T cell activation events

1



identified by the model, we are able to estimate the contribution of dendritic cells (a type
of APC) to the overall T cell signaling in the thymus medulla.

The main contributions and innovations in this work are:

(i) Model-based statistical inference to address a challenging biological research
question. The proposed method is the first approach that allows a full proba-
bilistic description of the calcium influx events.

(ii) The implementation of a challenging transdimensional posterior simulation
method.

(iii) Unbiased estimation of the contribution of thymic DC to TCR signaling in a
TCR-transgenic mouse model.

The rest of this report is structured as follows. In Section 2 I introduce the sampling model
and a prior probability model. In Section 3 I discuss the posterior Markov chain Monte
Carlo simulation. In Section 4 I test the model with simulated data. In section 5 I test the
model using real biological data in which the inital time of T cell activation is known. In
Section 6 I used the model to estimate the contribution of DC in T cell signaling in the
thymus.
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2 Model

2.1 Sampling model

The intracellular calcium concentration quickly rises to a high level after the T cell acti-
vation. The high concentration is maintained while the T cell stays in the activation state.
After the T cell leaves the activation state, the intracellular calcium concentration drops
gradually[8]. Based on the characteristic of the T cell activation, we introduced a latent
variable to indicate the state (activated/ relaxed) of a T cell. In the activated state, the mean
of calcium concentration is modeled as a constant. In the relaxed state, the mean of the
calcium concentration is modeled as an exponential decrease (Figure 1). We assume the
residual error term follows a normal distribution centered at zero.

In summary the mean of calcium signal can be expressed as:

EY (t) = a+b⇥
Ndt�1

Â
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I(T
i
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i+1)⇥ (I(ST
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))

ais the baseline calcium level, b is the level of calcium level at the activation state (Figure
1). c is the constant that describe the speed of exponential decay of calcium concentration
after the activation state finishes. T

i

is the time point where state transition happens. ST is
the state of the cell, it can be either activated(A) or relaxed(R). Ndt is the number of states
throughout the time course.

It is worth noticing that T1 may be negative, because beginning of the first state may happen
before the data recording. Same for T

Ndt

, which can be larger than the last time point of
the data since the end time point of the last state may happen after the finish of the data
recording. For example, T0 is negative in Figure 1 because the first state happens before
the beginning of the data. T6is greater than the last time point of the data because the state
finish after the last data point.
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By assuming normal independent error term, we get the sampling model:

Y (t) = EY (t)+ e (1)

e ⇠ N(0,SY )

SY is the standard deviation of the error term e .

Figure 1. A schematic diagram showing the likelihood model. Grey dots represent data
points (Y). The black curve represent the expectation of the data (EY). The EY is modeled
as a constant in activation state (state = A), and an exponential decrease in the resting
state (state = R). a represent the baseline of the data. b represent the amplitude of calcium
increase once the T cell is activated. c represent the rate of decrease in the resting state. T

i

represent the beginning time of each state. dt

i

represent the duration of each state.
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2.2 Priors

Now, we complete the probability model by specifying a prior distribution for the unknown
parameters. The prior distribution of a,b are normal. The prior of cfollows a gamma
distribution. The prior probability of the first state being activated (ST1 = A) is 1

2 . Since the
neighboring two states can’t be the same, so once ST1 is known, the rest states are known.
The prior of the error term SY follows a inverse gamma distribution.

Here, we define the length of each state to be dt

i

. dt

i

is the time between two transition time
points. For example, dt3 = T3�T2. The only exception is that dt1 = 0�T1 and dt2 = T2�0.
T

i

can be derived from dt

i

easily, as well. T1 =�dt1, T2 = dt2. when i > 2, T

i

= Âi

j=2 dt

i

.
The prior of dt

i

follows a exponential distribution.

a ⇠ N(Ea,Sa)

b ⇠ N(Eb,Sb)

c ⇠ Ga(ac,bc)

P(ST1 = A) =
1
2

(2)

dt

i

⇠ Exp(ld)

SY

�2 ⇠ Ga(aS,bS)

2.3 Posterior distribution

Now we can give the posterior distribution:

P(a,b,c,ST,dt|Y ) µ
N

’
i=1

dN(Y
i

|EY

i

,SY )⇥dN(a|Ea,Sa)⇥dN(b|Eb,Sb)⇥dGa(c|ac,bc)

⇥
K

’
k=1

dExp(dt

k

|ld)⇥dGa(SY |aS,bS)
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2.4 Pseudo prior and transdimensional MCMC

We define the probability model (1) and (2) for a fixed number of events, N*. We fix N* to
be an upper bound for the number of expected binding events. In the implementation we
use N*=10. For any specific choice of dt

i

, the probability model defines a mean Calcium
trajectory above and beyond the time window between beginning and end of the data. That
is, the probability model includes parameters that are not used in the sampling model.
The prior probability model for additional excess parameters is known as pseudo prior
models[7]. The reason for including them is a computational one. When we consider a
change of dt

i

, we might need values for parameters for an additional Ca binding event. For
example, in Figure 1, we do not need parameters for the 7-th binding event to evaluate the
likelihood. However, if we propose a change to a reduced value ofdt

i

, we might need such
values.
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3 Sampling from the posterior distribution

From the full posterior distubution, we can easily derive the full conditional distribution of
a, b, ST1 and SY .

Full conditional distribution of a:

P(a|others) µ
N
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Full conditional distribution of b:
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Full conditional distribution of SY:
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We use metroplis-hasting algrethm to sample cand dt.

We use random walk metroplis-hasting algrethm to sampling c:
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dt1 is sample a little differently from the rest dt since it represent the time before the
recording of the data. A proposal for dt1 is drawn from a exponential distribution. Notice
that the change of dt1 does not change other dt.
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4 Detecting Calcium flux from simulated data

Data are simulated based on the sampling model described in section 2.1. Here, we define
SY

b

as the noise to signal ratio (NSR). We simulated data with different NSR, then fit the
data with the model. In each iteration of the MCMC posterior sampling, the state of each
time point is imputed. The probability that a cell is activated in a certain time point is
defined as the fraction of iterations in which an active state has been assigned to the time
point. Based on the estimated probability of activation and the true states of each simulated
time points, ROC curves was generated. The area under the curve (AUC) of the ROC
curve is used to access the performance of the model. Figure 2 shows an example of the
simulated data with NSR equal to 0.4, the fitted curve, the probability of activation at each
time point and the ROC curve. We did 50 rounds of simulation for each different NSR. The
performance of the model is accessed after each round of simulation (Figure 3). We found
that when NSR is lower than 0.6, the model are able to detect the time points where cells
are undergoing activation almost perfectly. From NSR 0.6 to 1.6, the model’s performance
declines gradually but still achieve a mean AUC larger than 0.8. When the NSR is larger
than 1.6, the mean AUP leveled around 0.7.
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A B

C D

Figure 2. Stimulated data fitted by the model. Data with a noise to signal ratio of 0.4
is simulated(panel A). The model is used to fit the data(panel B). Red dots represent the
estimated mean of the data. The probability that the cell is in the activation state is also
estimated by the model (panel C). The performance of the model is measured by ROC
curve(panel D). Different cutoff values are used to estimate the state of the T cell based on
the probability of activation plotted in panel C for each time point. The estimated states for
each time points were then compared with the true states to determine the true positive rate
and false positive rate.
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Figure 3. The performance of the model is tested using AUC (area under the curve) of the
ROC curve. The model were testing using simulated data with different noise to signal
ratio(NSR) ranging from 0.2 to 3. For each NSR, 50 sets of data were simulated and fitted
by the model. AUC of the ROC for each set of data is calculated and plotted as box-plot.
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5 Detecting Calcium flux from live imaging data

We then test the performance of the model with real data from T cell live imaging using OTI
T cells. All OTI T cells have the same TCR which recognize MHCI presented SIINFEKL
peptide[9]. We loaded the isolated OTII T cell on to a live thymic slice, which contains
antigen presenting cells that express MHCI molecules. The thymic slice are imaged by a
two photon microscope every 15 seconds. At time point 15(225 seconds after the beginning
of the imaging), we add SIINFEKL peptide onto the slice. The ratio between Indo-1 emis-
sion at 400nm and 475nm was quantified for each cell at each time point to measure the
intracellular calcium concentration. As expected, the mean calcium concentration of the
OTI T cell population first increase upon SIINFEKL addition and then gradually decreased
(Figure 4). When looking at the calcium concentration at the single cell level, however,
such trend is much less obvious due to nigh noise to signal ratio in some cells (Figure 5).

Since the addition of SIINFEKL triggers the calcium influx of all T cells immediately,
the initial time point in which the T cell become activated are known in this experiment.
We used our model to detect the initial time point of T cell activation based on the calcium
signal from each T cell, and compared the result with true initial activation time. Probability
of activation state is computed by our model for each time point (Figure 5). We define the
first time point whose probability of activation is larger than a cut-off as the initial activation
time. We estimated the initial activation time using a range of cutoffs (Figure 6). We found
that the estimation is robust with respect to the choice of the cutoff. The estimation is most
accurate when the cutoff is 0.4 or 0.5 with the median of the estimation equal to the true
initial activation time and a small standard deviation (sd= 2.1). The result demonstrated
that our model is able to detect calcium flux events in single cells in live tissues.
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A

B

- SIINFEKL + SIINFEKL

SIINFEKL Added

Figure 4. T cells activation can be induced by SIINFEKL peptide. Indo-1 stained OTI cells
are loaded on 400ţm thick thymic slices. At time point 15, SIINFEKL peptide is added
to the perfusion media. Intracellular Calcium concentration, measured by Indo-1 ratio,
increases dramatically after the peptide addition. Panel A shows the Indo-1 ratio of each
cell at each time point (black circle) and the average Indo-1 ratio at each time point(red dot).
Panel B shows a snapshot of the thymic slice before and after the addition of SIINFEKL.
The Into-Ratio is color coded, with white indicating high Into-Ratio and purple means low
concentration.
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Cell 1

Cell 2

Figure 5. Examples of Indo-1 ratio data from individual cells fitted by the model. The
Indo-1 ratio data from two representative cells (black circles ) are fitted by the model (red
circles). The probability of the cells being activated in each time point is plotted as bar
graphs.
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Figure 6. The model is able to predict the initial time of T cell activation induced by
SIINFEKL. Indo-1 ratio data from every cell in Figure 4 is fitted by the model. The first
time point where the probability of activation is larger than the cutoff is recorded as the
initial activation point. The initial activation time-point identified for every cell using a
particular cutoff is plotted as boxplots. The red line indicates the time where the true initial
activation time (SIINFEKL addition time) is.
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6 Estimating the contribution of dendritic cells to TCR

signaling in thymic medulla

Antigen presenting cells (APC) are cells that present peptides by MHCII molecules to T
cells. Once the TCR on the T cells binds to the MHCII-peptide complex on the APC,
the TCR signaling will be triggered and the calcium flux will occur in the T cell. In the
thymic medulla, self-antigens are presented by multiple types of APCs to the developing T
cells[10]. T cells that can recognize the self-peptides are deleted to prevent autoimmunity.
Several antigen presenting cell types have been identified in the thymic medulla, including
B cells, medullary thymic epithelium cells(mTEC) and dendritic cells(DC)[10]. Dendritic
cells have been known to play an essential role in presenting self-antigens to the developing
T cells and are indispensable in preventing autoimmune disease[11]. However, exactly
what percent of T Cell signaling are contributed by dendritic cells are not known. Here,
we use our model to determine the contribution of DC to the T cell signaling in thymic
medulla.

We stained OTII single positive thymocytes, which are developing transgenic T cells that
recognize OVA329-337 peptide[12], with Indo-1. The stained cells are loaded on to thymic
slices from transgenic mouse that express OVA in the thymic medulla. The dendritic cells
in the thymic slices are genetically labeled with YFP, a fluoresent protein, so the position
of DCs can be visualized. Other types of APC, however, can’t be detected by fluoresent
microscope. We imaged the thymic slice with a two-photon microscope every 15 seconds
for 15 mins. Indo-1 ratio of each OTII cell at each time point are quantified from the
time-lapse images. We used our model to detect the time points where TCR signaling
occurred. We also determined the time points in which OTII cells are contacting DCs from
the time-lapse images. We define a T cell is contacting DC when the distance between the
two cell surfaces is smaller than 5 ţm. The contribution of DC to overall T cell signaling is
defined to be the time of T cell activation while contacting DC divided by the total time of
T cell activation. Figure 7 shows an example of the T cell being activated while contacting
a DC. Figure 8 shows an example of the T cell being activated without contacting DC,
potentially contacting other types of APCs.
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Time point 4Time point 4

Time point 10Time point 10

Time point 46Time point 46

A

B

C

D

E

Figure 7. A T cell activated by DC is identified by the model. Indo-1 stained OTII CD4
T cells are loaded on 400ţm thymic slice from CD11C-YFP transgenic mice. The slice is
imaged by a two photon microscope every 15 seconds for 15 minutes. The Indo-1 ratio
(panel A) of a T cell is fitted by the model (red circle in B). The probability of activation
(Panel C) and the distance between the cell and the nearest DC (panel D) in each time point
is plotted. The dash-line indicate the time in which of the peak of calcium concentration.
Snapshots of the cell before, during and after the activation is taken to show the T cell’s
calcium level and the distance between the T cell and DC. The analyzed T cell is pointed out
by the white arraw. The view angle is changed between the three images to best showing
the T cell’s spatial relationship with DCs. The color coded line shows the path of the T cell
movement with purple indicates earlier time points and yellow indicates later time points.
The Indo-1 ratio of the T cell is color coded, with white being high calcium concentration
and purple being low calcium concentration.19



Time point 17Time point 17

Time point 28Time point 28

Time point 48Time point 48

A

B

C

D

E

Figure 8. A T cell activated by a non-DC APC is identified by the model. Indo-1 stained
OTII CD4 T cells are loaded on 400ţm thymic slice from CD11C-YFP transgenic mice.
The slice is imaged by a two photon microscope every 15 seconds for 15 minutes. The
Indo-1 ratio (panel A) of a T cell is fitted by the model (red circle in B). The probability
of activation (Panel C) and the distance between the cell and the nearest DC (panel D) in
each time point is plotted. The dash-line indicate the time in which of the peak of calcium
concentration. Snapshots of the cell before, during and after the activation. The view angle
is changed between the three images to best showing the T cell’s spatial relationship with
DCs. The color coded line shows the path of the T cell movement with purple indicates
earlier time points and yellow indicates later time points.
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To estimate the contribution of DC in T cell signaling, we analyzed the time courses of
43 T cells (2310 time points in total). We identified the time points in which the T cell
is activated based on the Indo-1 ratio using our model. A cutoff of 0.5 is applied to the
probability of activation to identify time points in which T cells are activated. The time
points in which the T cells are contacting DC is identified based on the distance between
the T cell and the closest DC. We found that The T cell is in activation states in 822 time
points( 35.58% of the total time). The T cells is contacting DC in 1488 time points ( 64.42%
of the total time). Among all the time points in which T cell is activated, the T cells are
contacting DC in 499 time points (60.71% of all activated time points). So, the contribution
of the DC to T cell activation is estimated to be 60% (Table 1).

Total&number&of&Cells&analyzed& 43&

Total&Number&of&Time&points&analyzed& 2310&

Total&number&of&;me&points&in&which&T&cells&are&contac;ng&DC& 1488&

Total&number&of&Time&points&in&which&T&cells&are&ac;vated& 822&
Total&number&of&;me&points&in&which&T&cells&are&ac;vated&and&
contac;ng&DC& 499&

Percent&of&;me&contac;ng&DC& 64.42&

Percent&of&;me&ac;va;on& 35.58&

Percent&of&ac;va;on&contributed&by&DC& 60.71&

Table 1. Summary of the T cell imaging data
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7 Discussion

In this study, we constructed a probabilistic model to identify calcium flux events caused
by T cell activation. We used a latent variable (ST) to indicate the the state (Active or
Relaxed) of a T cell in each time point. At the active state, the mean calcium concentration
is modeled as a constant. At the relaxed state, the calcium is modeled as a exponential
decrease. We assume the noise is normal. Since the number of activation events in the time
course of a T cell is not known, we used a pseudo-prior method to deal with varying number
of parameters. The performance of our model is tested using simulated data with different
noise to signal ratio. We found that the model are able to detect the T cell activation
with highly noisy data (noise to signal ratio up to 1.6). We also tested our model using
experimental data in which the initial activation time is known. We found that our model
is able to identify the initial activation time point of T cells in thick live tissue based on
Indo-1 ratio derived from two-photon imaging data.

In our current model, non-informative priors are given to the base line (a) and flux ampli-
tude (b) for each cell. This is due to the fact that the Indo-1 ratio depends on the microscope
configuration of the experiment. Indo-1 ratio is calculated by dividing the emission signal
at 400nm to the emission signal at 475nm. The voltage settings for the photon multipliers
detecting the emission light at 400nm and 475nm can dramatically change the Indo-1 ratio.
Therefor no prior information of the base line and the flux amplitude is available before the
analysis of the data. One pitfall of using non-informative prior for baseline is that the model
are unable to tell the difference between an all-activation time course from an all-resting
time course. Imaging that we have imaged a T cell that have been in the resting state for
a long time and remained in the resting state throughout the time course. The Indo-1 ratio
data of the cell will look be a constant plus noise. Based on our current model, the data
could be fitted as activation state throughout the time course, as well as fitted as resting
state with the beginning of the resting state(T1) being a large negative number. To solve
this problem, a hieratical model can be used. We can assume that each cell have its own
baseline. And all the baselines in the same image follows a normal distribution centered at
another parameter a_hat, who has a non-informative prior. This way, a constant signal will
be fitted as activation state in it is significantly higher than the estimated a_hat. Otherwise,
it will be fitted as resting state with a large negative T1. Since the hieratical model will fit
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the data for all cells in a image at once, it requires much higher computational power and
memory, making it un-suitable for analyzing large dataset.

Both dendritic cells and mTECs are able to present self-antigen to the developing T cells
in the thymus medulla[13, 14]. Developing T cells that recognize self antigen will be
activated, followed by cell death[10]. Such process is critical in deleting auto-reactive T
cells and presenting autoimmune disease. In this study, we tried to estimate the contribution
of dendritic cells in deleting auto-reactive T cells. Since the deletion of auto-reactive T
cells is initiated by T cell activation, we reason that the contribution of DC to the overall
T cell activation events is a good estimator of the contribution of DC to the deletion of
auto-reactive T cells. Based on the T cell activation events detected by the model and the
distance between T cells and DCs , we estimated that the DC contribution to the overall T
cell signaling is around 60%. In this study, dendritic cells are the only APC in the medulla
labeled with fluorescence protein. Therefore, only the DCs can be visualized under the
microscope. Transgenic mice that labels B cells and mTECs have be generated[15, 16],
making it possible to estimate the contribution of these types of APCs to the deletion of
auto-reactive T cells using the same method in this study.

Our model is constructed based on the calcium flux pattern in T cell activation. When the T
cell is activated, calcium concentration will increase dramatically. At the resting state, the
calcium decrease gradually. Since the calcium flux in other types of cells, such as neuron
cells , muscle cells or B cells , also follows the same pattern[17, 18], our model can be used
to detect the calcium flux events in these cells types as well.
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