Parallelized single-cell perturbation experiments: improving parameter inference for stochastic

reaction networks using iterative likelihood evaluation
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Background Toy models

The biochemical reactions inside single cells are inherently stochastic. They are
modelled with stochastic kinetic models governed by the chemical master equa- 0 ’
tion (CME). Learning parameters of these models requires solving CME which
1s rarely possible, hence we need to deploy methods to approximate its solution.
The traditional methods to infer parameters of stochastic kinetic models from
single-cell longitudinal data have generally been developed under the assumption
that experimental data is sparse. Using them on datasets with many measure-
ment time points for each cell may lead to a large computational cost.
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Modern microscopy and new questions raised
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microfluidic device

the input light signal u(t) = 1 for green light, and u(t) = 0 for red light.

1. What is more informative: to diversity input perturbations or not? Do we Parameters to infer: @ = {a,b, s, m, h,c,n, kY, where m := 0 is the mean of E.
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need many cells per input or many inputs?

2. Which method to use to calculate likelihoods and infer parameters of stochas- V7 — s | 2, i
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3. Computational efliciency of parameter inference methods: do they scale with - /%
the number of inputs and the number of measurement times? 2l i

4. Are there approaches that are particularly well-suited for novel data sets? — el

s W\@Q =
9 D, 42 ' ,0'6,\“

Algorlthm e The quality of pgrameter estimates depends strongly on the group of cells
that is used for inference.

e Diversified light signals in cells lead to tight posterior distributions for all
The observed data for a single cell is given by y = {y; |1 =1,..., M }. parameters and MAP estimates that are close to the true values of the
The measurement model, parameters.
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Computational efficiency:
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where the & ~ N(0,0%) are independent technical measurement errors, the
matrix C' maps the full system state to the measured output species.
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Likelihood in terms of transition probabilities:
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e Linear vs exponential growth in

a) all cells received the same light input computation al cost.

Inference of parameters from experimental data.
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4. The state posterior p(x; | y1) is also a Gaussian distribution that can be calculated from w & / \ :

p(x1) and p(y; | 1) thanks to Bayes’ theorem, as in Kalman filtering. 2

1. Calculate approximate moments, 7. . n: ,,of p(x1) by moment closure.

60.0 150.0 a) 10

—— data mean

2. Approximate the true p(a1) by a Gaussian distribution that has 17;1, 77:2,31 as moments.

3. Marginal likelihood p(y1) = [ p(y1 | 1)p(21)dx; is Gaussian and it can be calculated from 5. k L ﬁ 5. w

77&1,;1, 773;1 and o. Evaluate p(y;) and store it for the likelihood calculation.
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5. Extract the moments, 77;31’917 77331|y17 of p(x1 | 1y1).

6. Solve moment equations over t,, time units (i.e. over [t1,%s]) using 77;:1|y1777§1|y1 as initial 3" M/ - /“M
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that approximate the moments of the

conditions in order to obtain moments 77;:2\?;1’ 77:»232\1;1

distribution p(x2 | y1).

7. Iterate: p(axs | y1) is approximated by a Gaussian equivalently to p(z;) in the step 2. and
so forth.

Reference Davidovic et al. PLoS Computational Biology. 2022.



