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Abstract
We are working on an experiment planning system for
synthetic biology. As part of this effort, we wish to
identify the most informative experiments to perform,
based on our current state of knowledge about some de-
sign or designs. To do so, we introduce a hierarchical
Bayesian model of genetic circuits, assess its predic-
tive adequacy, and explain how it is used to score can-
didate experiments. We conclude with a discussion of
future research directions, including model extensions,
improvements to the inference methods, and more am-
bitious uses of the predictive model.

Introduction
In many emerging fields like Synthetic Biology, engi-
neering design is closely allied to scientific investiga-
tion, because in many cases our ability to generate arti-
facts exceeds our ability to predict those artifacts’ char-
acteristics from their design. In synthetic biology, there
is a high capability to engineer organisms’ genomes, but
much less ability to predict the implications of genomic
changes. At the same time, with increasing automation
comes the ability to perform many more experiments –
design constructions followed by measurements of the
resulting artifact. Even so, the design spaces are enor-
mous, so we need techniques to better predict perfor-
mance from design.

The intended use of the model is shown in Figure 1:
we construct the model, and train it using whatever
training data are available. Then we use the model to
generate posterior predictive samples (“Projected re-
sults”) – hypothetical experimental results – from the
trained (posterior) distribution for various experimen-
tal configurations. We then apply one or more scor-
ing methods on the sets of posterior predictive samples
to evaluate the experimental configurations. This in-
formation is used to choose new experiments, whose
outcomes can be fed back into the model (“Model Up-
date”), which is further trained. This process repeats
indefinitely.

Our paper contributes a computable, adaptive
Bayesian method for choosing experiments in synthetic
biology, and in other related fields. We show how to
construct an effectively computable model of the out-
put of genetic circuits, and use it to score parts of the
experimental space. We present a cross-validation as-

sessment of the model, and describe the next steps in
our research.

Yeast Gate Design
The test case for our work is investigation of two-input
logic gates implemented in yeast cells, as developed
by Gander et al. (2017). These circuits take promot-
ers which they treat as input signals, either high or low,
depending on concentration, compute the boolean func-
tion through a sequence of genetic operations, and then
signal their response through fluorescence. This output
fluorescence signal is read by flow cytometry. An ex-
ample circuit diagram is given in Figure 2.

This set of experiments aims to 1. replicate the
original results; 2. identify factors that account for
(in)correct functioning of the gates and 3. character-
ize the operational envelope of the circuits: specifically
the growth conditions under which the circuit will (not)
function correctly. “Correctness” of circuit function is
defined in terms of the proportion of cells that exhibit
high (low) output by fluorescence above (below) a de-
fined threshold. Growth conditions explored in these
experiments include choice of growth medium, incuba-
tion temperature, optical density (the density of the cell
populations), etc.

The experimental data we have used in the work de-
scribed in this paper have been run in an commercial
automated wet lab owned and operated by Strateos (for-
merly Transcriptic).1 Their laboratory accepts experi-
mental requests via the internet, using a programmatic
API, executes them robotically according to parameter-
ized protocols, and then uploads the resulting data sets.

Our intent is to use Bayesian probabilistic predictive
models to support automatic or semi-automatic experi-
ment planning: here what cell strains and growth condi-
tions should be run to gain the most information. While
this specific model aims at predicting the results of flow
cytometry measurements of these yeast gates, our over-
arching aim is to develop a general methodology for ex-
periment planning.

Framing the Problem
The model aims to identify the most interesting strains
(in this case a “strain” is an organism/gate paired with

1https://strateos.com/

https://strateos.com/


Bayesian Model for Experiment Look-ahead

Model

Training 
Data

Model 
Update

Candidate 
experimental 
conditions

Score 
experiment 
candidates

Projected 
results

New
experiments

Figure 1: Intended application of the model.

To extrapolate the model to predict the effect of leak on signal
degradation for deeper cascades, cascades of various lengths were
simulated, with increasing values of L, using randomly sampled
parameter sets within the range of dose response experimental
fits. Dynamic range of a cascade length D, rD, was calculated for
each cascade. Here dynamic range is defined as the log fold

change of the maximal and minimal response of a cascade,

rD¼ log max Gð Þ
min Gð Þ

! "
. A log-linear relationship was found between rD

and D. This relationship was used to calculate the signal
degradation, d, representing the percent loss in dynamic range
per each additional layer (Fig. 5b).
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Figure 3 | NOR gate-based logic circuits. (a–f) Six different two-input logic circuits constructed by interconnecting NOR gates. For each of the four input
possibilities ($$ , $þ , þ$ , and þþ ), a distinct strain was constructed with the corresponding inputs expressed off of constitutive promoters
(for logical þ ), or not integrated at all (for logical $ ). Fluorescence values were collected using flow cytometry of cells growing in log phase. The
histograms represent population fraction from three different biological replicates measured during a single experiment and were normalized so that area
sums to unity. Fluorescence population ratios of the circuits are included in the Supplementary Table 3.
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(a)

To extrapolate the model to predict the effect of leak on signal
degradation for deeper cascades, cascades of various lengths were
simulated, with increasing values of L, using randomly sampled
parameter sets within the range of dose response experimental
fits. Dynamic range of a cascade length D, rD, was calculated for
each cascade. Here dynamic range is defined as the log fold

change of the maximal and minimal response of a cascade,

rD¼ log max Gð Þ
min Gð Þ

! "
. A log-linear relationship was found between rD

and D. This relationship was used to calculate the signal
degradation, d, representing the percent loss in dynamic range
per each additional layer (Fig. 5b).
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Figure 3 | NOR gate-based logic circuits. (a–f) Six different two-input logic circuits constructed by interconnecting NOR gates. For each of the four input
possibilities ($$ , $þ , þ$ , and þþ ), a distinct strain was constructed with the corresponding inputs expressed off of constitutive promoters
(for logical þ ), or not integrated at all (for logical $ ). Fluorescence values were collected using flow cytometry of cells growing in log phase. The
histograms represent population fraction from three different biological replicates measured during a single experiment and were normalized so that area
sums to unity. Fluorescence population ratios of the circuits are included in the Supplementary Table 3.
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(b)

Figure 2: Example yeast gate circuit: (a) circuit
diagram; (b) output levels. Gander et
al. (2017).

an input) and growth conditions to experiment with. We
assess these experiment candidates by measuring them
in terms of entropy – where entropy is the inverse of in-
formation, a measure of our ignorance about a random
variable. Entropy (H(P )) is defined as

H(P (X)) =
∑
x

P (X = x) log2 P (X = x) (1)

For a Bernoulli variable, entropy varies between 0 and
1 (see Figure ). Note that this is Shannon’s definition
of entropy, which is defined over discrete distributions,
rather than thermodynamic entropy. We return to this
topic later.

Entropy is a common proxy utility measure used in
decision-theoretic approaches to information-gathering
where information gathering is done for its own sake,
rather than in service of a decision with defined costs

Figure 3: Entropy of Bernoulli random variable.

and benefits.
We wish to know under what circumstances (what

growth conditions) these circuits will perform correctly.
So we operationalize “perform correctly,” and then we
use the method of posterior predictive sampling to pre-
dict when the circuits will and will not work correctly.
We do not simply use “works correctly” as the mea-
sure, however – instead we ask what is the entropy of
the question “does this circuit work correctly?” Entropy
will be low if we are certain that the circuit will function
correctly or if we are certain that it will not function cor-
rectly. Intuitively, this means that situations where we
have little information are the most interesting.

Model Design
We have created a hierarchical Bayesian model that
predicts the mean fluorescence output of experimen-
tal wells of strains of yeast, as measured by flow cy-
tometry, under varying growth conditions. A hierar-
chical Bayesian model involves not just priors over the
model’s basic parameters – in this case a strain’s ideal
output, the effect of incubation temperature on output,
etc. – but also hyperparameters. These hyperparame-
ters provide the priors for the basic parameters, and also
support generalization. For example, we have a hyper-
parameter that is the prior mean of the effect of a par-
ticular growth medium on the output of all strains, and
a parameter that is the mean effect on a single strain.
As we train the model, we update the parameter, and



through the parameter, the corresponding hyperparam-
eter. In turn, that hyperparameter provides updated in-
formation to other strains. The variance hyperparameter
learns how far strains tend to differ from each other in
the effect of this particular growth medium. Specific
priors and qualitative structure were chosen through
discussion with biologists, and interactively debugged
through examining predictions (samples from the prior)
for reasonableness, and through fixing issues in sam-
pling. Betancourt (Betancourt 2017) points out that is-
sues in HMC sampling (see below), are diagnostic of
specific issues in model design and parameters.

The structure of our model is given in Figure 4. This
illustration suppresses many details: we show only the
hyperparameters (light blue), and the variables specific
to the AND gate. The box in the lower right indicates
the presence of models for the other 5 gates, which are
identical in structure to that of the AND gate. In this
figure, the light blue nodes are the hyperparameters;
the green nodes are the AND gate parameters; the gray
nodes are model inputs, both predictors (at the top) and
observed outputs (at the bottom).

The hierarchical model structure follows two core de-
sign principles: first, that experimental factors, such as
optical density and output mean, have the same prior
but varying effects across gates; second, that within in-
dividual gates, the factors have different effects across
strains/inputs. For example, β1(od) and β2(od) are the
hyperparameters for cross-gate effects of optical den-
sity. For the AND gate, the corresponding parameters
are: β1(od, AND) and β2(od, AND), which get their prior
means from the corresponding hyperparameters. Note
that each of the β parameters for AND is a vector of four
values, one for each strain (input). All of these are vec-
tors with one entry per input value.

Ideal output Out(g)
Medium influence δ(g)
OD influence β1(od) and β2(od)
Temperature influence β1(temp) and β2(temp)

Table 1: Gate parameters.

The experimental factors in our model correspond to
growth conditions, and each has a nominal value. For
the temperature and optical density, our priors treat the
nominal value as a maximum, at an influence of zero,
with negative effects above and below. Note that this
does not prevent our model from learning that some
other value may be optimal. To capture this, we model
the effects of OD and temperature with quadratic func-
tions. For example, for temperature:

teff(t) = β1(temp)t− β1(temp)t2 + err

The equation for the effect of optical density is similar.
For growth media, we “peg” the effect of the standard
medium at zero, and give uninformative priors, with a
mean of zero to the others. This has the beneficial effect
of removing pointless variation from the search space.

The remaining random variable is the “ideal output”
of the strain, under nominal conditions. The hyper-
parameter for the ideal outputs gives the “ideal” high
and low fluorescence values, based on the mean over
all high and low outputs. The corresponding parameter
for each strain takes its prior from the ideal high or low
output, depending on the gate’s truth table.

Our model is implemented using the PyMC3 li-
brary (Salvatier, Wiecki, and Fonnesbeck 2016), for
probabilistic programming in Python.

Our priors were weakly informative, based on the as-
sumption that the yeast gates essentially worked, along
the lines laid out in the original paper (Gander et al.
2017). Figure 5 shows samples from the prior distribu-
tion for the OR gate, under normal growth conditions,
with actuals superimposed; it can be seen that this gate
does not, in fact, work very well for single input high
cases.

Training the Model
Exact inference using this complex model is infeasi-
ble, not only because of computational complexity, but
because no closed form is known. Therefore, to train
the model, we have used Hamiltonian Monte Carlo
(HMC) (Betancourt 2017) and the No U-Turn Sampler
(NUTS) (Homan and Gelman 2014). HMC with NUTS
provides an effective method of quickly training proba-
bilistic models with complex structure. Other sampling
methods are available, as are variational inference (VI)
approximations. We have confined ourselves to HMC
so far, as it is the current best-in-class MC method. We
have made some attempts to use VI, but have not found
a method yet that handles our model successfully.

We have not collected detailed timing information,
but on a high speed machine, a training run with a data
set with approximately 7600 members, training takes
between 3 and 4 hours, on a blade server with 2 x Intel R©

Xeon R© CPUs, E5-2680 v3 with 2.50GHz clock speed
and 384Gb memory (although our jobs are not espe-
cially memory-hungry). Note that each of the 7600 data
points used here are aggregate metrics of as many as
30,000 individual flow cytometry measurements. While
the current implementation uses multiple cores, the par-
allelism at the sampling level is quite limited, and does
not take advantage of GPUs. We expect that the train-
ing process can be significantly sped up, and will inves-
tigate this later. However, 3-4 hours to choose experi-
ments on a weekly rotation, is acceptable.

Generating Predictions and Scoring
Because our Bayesian model is generative, it can gen-
erate hypothetical samples from the trained model. Us-
ing those hypothetical samples, we can compute a large
variety of predictions and scores for those predictions
(probability correct, RMSE, etc.). For this application,
we score regions of the experimental space based on
how interesting they are, in order to choose the best next
measurements. These regions are based on discretiza-
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Figure 4: Outline of the model, with the AND gate expanded and the other gates suppressed.

Figure 5: Prior samples for OR gate compared with
actuals.

tions of the condition space that change based on ex-
ternal considerations. We first sample from the regions
to choose a set of concrete conditions to input into the
model, sample from the trained model based on these
concrete conditions, score the results, and then aggre-
gate the scores over the region.

We generate posterior predictive samples from the
trained model to make predictions and to evaluate the
model. Since our model is generative, we can give it
hypothetical sets of predictors and extract samples from
the posterior distribution conditioned on those predic-
tors. In practice, this is implemented by taking from
the posterior trace values of the parameters and hyper-
parameters of the model, combining them with the pre-
dictors, and then randomly generating conditional sam-
ples for the output variables. An example of posterior
predictive sampling is shown in Figure 6. It can read-
ily be seen how the posterior samples are a mixture of
the prior and the actual data, and how extreme values,
there to accommodate updates from the data, have been
pruned away from the prior.

Recall that the intended use of our model is to evalu-
ate possible experiments. For this purpose, the module
containing the system accepts scoring queries. Other
parts of the system can ask for the model’s current
scores for a set of experimental conditions, a condi-
tion set. A condition set is a bounded region of con-

Figure 6: Priors, posterior, and actuals for the AND
gate.

dition space, which is in turn a discretized representa-
tion of the full condition space. Recall that while some
of the dimensions of the experimental space are dis-
crete (e.g., growth medium), others are continuous
(e.g., incubation temperature). Although continuous,
and represented as such in our model, there is a limit
to how precisely these conditions can be manipulated,
which imposes a most refined discretization of condi-
tion space. For example, incubation temperature is dis-
cretized into degrees celsius between 30 and 40. OD is
represented on a log scale. A condition set is a set of
region bounds in this condition space. For example:

high Osmolarity growth medium

0 < OD ≤ 1× 10−4

30C ≤ Temp ≤ 34C

To generate samples from the posterior for a particu-
lar condition set, we sample values from a uniform dis-
tribution over the predictor variables in the condition set
that are not given a single value. This gives us a set of
random predictors taken from the condition set. For an
example of such samples, see Figure 7. Note that the
growth medium does not appear here, because we do
not combine different growth media in a single region.
We show incubation temperature, which is treated as an
integer variable (owing to limits in accuracy) and OD,
which is varied on a logarithmic scale.



Figure 7: Samples for a condition space region.

For each element of this set, we sample a set of cell
fluorescences from the trained posterior model. These
provide raw materials for scoring. Currently we com-
pute two scores: proportion correct (number of output
samples on the right side of the threshold), and an en-
tropy score for this proportion. The entropy score is
computed using a histogram of values over the condi-
tion set. This means that the entropy for a condition set
is a function not only of the state of information, but
also of the size of the region.

The heatmaps in Figure 8 show the outputs of our
model trained on a large dataset, contrasted with pre-
dictions from the prior. The coverage of this dataset is
shown in Figure 9. In the top row of Figure 8 we see
heatmaps from samples of the prior. Along the x-axis
are the strains – gates and inputs, grouped by gates, in
alphabetical order, so that the first four columns are for
the AND gate. Along the y-axis are the growth condi-
tions. These are three dimensional – growth medium,
optical density, and incubation temperature – flattened
to a single dimension. So the bottom third are the val-
ues for the standard growth medium, the middle third
for slow growth medium, and the top third are for high
osmolarity medium. Within these are four regions of
optical density, and within those two regions of incu-
bation temperature, normal and high. This dimensional
flattening accounts for the horizontal banding in parts
of these figures.

The bottom row of Figure 8 shows the results of sam-
ples from the posterior (trained) model. A distribution
of the training data is shown in Figure 9, from which
it can be seen that most of the experimental samples to
date were grown in standard medium, and normal in-
cubation temperature. NAND, NOR, XNOR and XOR
were more heavily sampled than AND and OR. Com-
paring Figure 8 (c) and (d), it can be seen that the
relationship of probability correct and entropy is not
straightforward. Part of this is the non-uniform size of
the different regions, especially in optical density. We
can see that particular inputs for OR, NOR, XNOR, and
XOR are most interesting, under all growth conditions.
Interestingly, these appear to be difficult to predict un-
der all growth conditions. We return to this in our dis-
cussion.

Evaluating the Model
We conducted a 10-way cross-validation, partitioning
the existing data into 90% training and 10% test data,
and assessed the model predictions in terms of predicted
strain correctness and predicted output value. Figure 10
shows the accuracy with which the model predicted
whether a strain would produce the correct output. For
each of the test cases, we collected 2000 predictions
from the trained model, computed the proportion of pre-
dictions that agreed with the (in)correctness of the point
in the test data set. Figure 10 shows the proportion cor-
rect, averaged over the points in the data set, together
with the standard deviation.

Interestingly, when we examine the data, we see that
each of the cross-validation sets has some predictions
completely wrong, and that of those, all were predic-
tions of the OR gate with input 10. This strain clearly
invites further investigation.

The model does quite well at predicting whether or
not a strain will provide the right kind of output fluores-
cence, high or low. It also does fairly well at predict-
ing absolute output fluorescence, as can be seen from
the Root Mean Squared Error (RMSE) plotted in Fig-
ure 11. The RMSE is calculated for each test data point
against the set of 2000 predictions, and then is averaged
across all the test data points in a trial. So we have not
only a mean RMSE, but also a variance, shown by the
black bars. It can be seen that this variance is quite high,
meaning that some predictions are much better (resp.,
worse) than others.

Unsurprisingly, OR10 is also among the worst-
predicted strains, which are as follows:

Gate Input Gate Input
AND 01 OR 10
NOR 00 OR 11
NOR 10 XNOR 10

There is no clear pattern of strains among the bad
predictions, as opposed to the worst. A large proportion
of the poorly predicted values were run at a high incu-
bation temperature, and the less common growth media
were represented, but even nominal growth conditions
were represented. We conjecture that some of these dis-
tributions are problematic (see the discussion of XOR01
below). Recall, however, that it is the job of our model
to determine what situations are most interesting, not to
provide a biologically accurate prediction. Recall also
that the entropy measure we use is based on strain cor-
rectness, rather than the absolute value of the output.

Conclusions and Future Work
We have described a Bayesian model for prioritizing ex-
periments to assess designs in synthetic biology. De-
spite its complexity, this model can be trained effec-
tively, and provides useful predictions of future mea-
surements. We are currently working in a number of
directions to improve the fidelity and coverage of the



(a) prior correctness predictions (b) prior entropy

(c) posterior correctness predictions (d) posterior entropy
Figure 8: Predictions from model.

model, speed inference, and refine the way we use the
model’s predictions for experiment planning.

Our results raise one issue with the use of entropy as a
measure of “interestingness”: looking at the heatmaps,
we see that certain strains that function unpredictably,
e.g., XOR with 01 inputs, are regarded as interesting
even in conditions for which we have a relatively large
number of samples. Looking at this strain, we can see
that it is interesting: Figure 12 shows that its output is
bimodal. However, there is a potential problem here –
if the distribution were unimodal, and predictably, but
centered around the hi/lo threshold, the entropy metric
would see it as interesting, when it really was not, in the
sense that the current experiments would not provide
a better characterization of the strain’s behavior. We
believe that this issue could be addressed by adding a
new variable to the model the variance of the circuit
output. Currently, our model predicts only the mean
output of the well, and only provides a measure of the
variance between wells, not within a well.

A second issue has to do with how we make experi-
mental choices based on entropy. Entropy provides us
with a myopic measure of potential information gain.
It does not take into account the effect on other, neigh-
boring regions, of learning about one region in the con-
dition space, nor does it take into account the effects
of a combination or sequence of experiments. We are
working to combine our model with sequential decision
making, to compute a better value of information met-
ric.

We are working to make the training and scoring
processes faster. PyMC3’s implementation of poste-
rior predictive sampling is incompletely vectorized. We
are working with the community on a fix. We are also
working on incremental training (Angelino, Johnson,
and Adams 2016).

We will soon apply this technique to a different prob-
lem to evaluate the paradigm’s generality.



Figure 9: Distribution of samples over strains and
condition space.

Figure 10: Proportion of correctness predicted cor-
rectly.
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