
 

 

 Short Abstract — Biological systems are intrinsically noisy. 
This imposes a big challenge in building traditional supervised 
machine learning models that can only predict determined 
phenotypic parameters or categories per specific genetic and/or 
environmental conditions as inputs. Furthermore, biological 
noise has been proven to play a crucial role in gene regulation 
mechanisms. The prediction of the average value of a given 
phenotype is not always sufficient to fully characterize a given 
biological system. In this work, we developed a deep learning 
algorithm that can predict the conditional probability 
distribution of a phenotype of interest with a small number of 
observations per input condition. The deep neural network can 
automatically generate the probability distributions based on as 
few as one noisy measurement for each input condition, with no 
prior knowledge or assumption of the probability distributions. 
This is extremely useful for exploring unknown biological 
systems with limited measurements for each input condition, 
which is linked not only to a better quantitative understanding 
of biological systems, but also to the design of new ones, as it is 
in the case of synthetic biology and cellular engineering. 
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I. INTRODUCTION 
henotypic variation is ubiquitous in biology and is often 
traceable to underlying genetic and environmental 
variation. However, identical genotypic and 

environmental conditions are not sufficient to guarantee a 
unique phenotype. This is mainly due to the inherent 
stochastic nature of biological processes. Random 
fluctuations may alter the levels of the biochemical 
components and drive the system to different phenotypes. 
Noise is a key component of a well-functioning biological 
system and plays an essential role in key cellular activities 
[1- 5]. However, the study of the nature and effect of noise 
on biological systems is still poorly studied and hence only 
partially understood. This implies that the use of machine 
learning tools in biology is somehow limited by biological 
fluctuations apparent in the data. Particularly, building 
machine learning tools to elucidate the relationship between 
underlying genetic and environmental conditions to 
phenotypic observations is a challenge. One critical 
deficiency of this type of machine learning predictors is the 
general inability to call a given observation as an outlier 
relative to the data that the model has been trained and tested 
on [6]. More specifically, there is a distribution of outputs 
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(all possible phenotypic values) corresponding to each 
unique set of inputs (genetic and environmental condition).  

A naive deep learning predictor will make a prediction 
based on the mean of all available observations for each 
unique set of inputs. This is problematic in the case of 
stochastic processes in the presence of limited observations, 
where the mean value cannot represent the entire dynamics 
of the system. Based on the central limit theorem in 
statistics, the sampling distribution of the mean for a 
variable will approximate a normal distribution given a 
sufficiently large sample size. The sampling distributions of 
the mean cluster more tightly around the population mean as 
the sample sizes increase. Conversely, the sampling 
distributions of the mean for smaller sample sizes are much 
broader. For small sample sizes, it's not unusual for sample 
means to be further away from the actual population mean. 
Furthermore, even with a very large sample size and a 
reliable machine learning predictor are trained, the sample 
mean cannot provide insightful information for specific 
inputs since not only the average, but the whole probability 
distribution is important in understanding the whole 
characteristic of the population. 

The aim of this work is to introduce a machine learning 
method capable of inferring the conditional probability 
distribution CPD(y|x) of the output variable y, conditional on 
inputs x without knowing the prior knowledge or assumption 
of the distribution itself.  

II. CONCLUSION 
Our approach Overcomes the bottleneck of the need to 

collect many observations per input condition to eliminate 
the effect of the noise of phenotype observations or 
reconstruct the conditional probability distribution of a 
stochastic process, which is often expensive and time-
consuming. It also reduces the barrier in implementing 
predictive machine learning model for "noisy" biological 
data. 
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