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Abstract 

Transcriptomics experiments are often conducted to capture changes in gene expression over time. However, time annotations may be missing, 
imprecise, or not reflect the same ph y siological state of the bacterial culture between different experiments. Assigning accurate time points 
to these experiments using a reference time course is therefore crucial for identifying differentially expressed genes, and understanding gene 
regulatory netw orks f or elucidating the studied organism’s ph y siology and life cy cle. T his import ant t ask, which could enhance the biological 
interpretation of the transcriptomics experiments, has not been previously addressed. In this work, we propose a novel method to solve the 
challenge of realigning transcriptomics experiments based on a reference time course. Our method is based on a B a y esian approach that 
uses Gaussian process regression modeling. We show a use case of applying our method for assigning time annotations in legacy microarray 
samples of the bacterium Clostridium botulinum , which were solely annotated based on the growth phase at the time when the culture aliquots 
were sampled, utilizing recently collected RNA-Seq time series data comprising multiple replicates as a reference. The method significantly 
impro v ed the description of the growth phases of the microarray data compared to the original annotations by clearly delineating the microarray 
samples belonging to different growth phases, as demonstrated by principal component analysis. Consequently, a larger number of differentially 
e xpressed genes w as detected when comparing e xperiments belonging to successiv e gro wth phases. We compare this inno v ativ e approach 
with a baseline method that uses k-nearest neighbor algorithm and show that our method offers a higher resolution in the description of the 
data by exposing smaller time changes between samples. We also test the performance of the method on sparse RNA-Seq time series (i.e. 
sampled e v ery second hour). All the predictions f or the samples w ere within a 30-min margin of their true time. 
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ime-course transcriptomics experiments have been widely
sed to explore essential biological processes that exhibit
ynamic characteristics such as the cell cycle [ 1 ], circadian
hythms [ 2 ], and developmental processes [ 3 ]. However, col-
ecting time series of high-quality RNA measurements is a
nancially and time-expensive process. On the other hand,
here is a large number of historical transcriptomics experi-
ents (i.e. microarray samples) that have already been per-

ormed [ 4 ], but their sampling time cannot be directly aligned
or reasons such as the differing of lag phase length and
hanges in inoculum size, for instance. Thus, their use for
ifferent comparison analyses is nontrivial. Being able to en-
ich these experiments with biologically consistent time an-
otations would increase the number of available transcrip-
omics time series without additional costs. They can then be
sed together to complement each other as well as to ensure a
tronger statistical significance of the results obtained as com-
ared to using only RNA-Seq data [ 5 ]. In a realm where tran-
criptomics experiments abound, the pressing challenge of in-
erring precise time points in the absence of established anno-
ations has remained largely uncharted. This crucial task, es-
ential for unraveling differentially expressed genes and com-
rehending intricate gene regulatory networks, has, until now,
luded comprehensive solutions. 
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Here, we present a statistical method based on a Bayesian
approach to address the time annotation challenge. It can
be used to assign time annotations to target omics experi-
ments that are represented as sets of genome-wide values by
using reference omics experiments in the form of genome-
wide time series. The method can be utilized to annotate his-
torical data archived in repositories, helping to gain a bet-
ter understanding of the organism under study by uncov-
ering biological pathways, for example, through differential
gene expression analysis. Additionally, our approach offers a
measure of uncertainty associated with each time annotation
assignment. 

In order to make time point predictions for the target ex-
periments, we use Gaussian processes (GPs) to model the
behavior of each gene with respect to the time line de-
termined by the reference data. We build the GP mod-
els on the basis of the reference data and combine them
together through the independence assumption. Then, we
model the uncertainty that corresponds to the likelihood
that a given target experiment could have been sampled at
any chosen time point within the time interval when mea-
surements in the reference time series took place, even at
those time points for which no training data exist. Figure
1 gives a general overview of the process that describes our
method. 
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Figure 1. A generic o v ervie w of the time annotating method that ends in time annotation. Annotating target omics experiments (e.g. microarray 
samples) using reference time series (e.g. RNA-Seq samples), process diagram. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Related methods 

Time-annotated transcriptomics data can provide useful infor-
mation to understand the dynamic regulation and function of
cells [ 6 ], and many studies have been performed to reconstruct
their temporal structure [ 7 –10 ]. Magwene et al. [ 7 ] devised
an unsupervised method for ordering bulk microarray sam-
ples by knowing the first or the last sample. Trapnell et al. [ 8 ]
extended the former method to accommodate for single-cell
variation and to allow for multiple cell fates deriving from
a single progenitor cell type. Their unsupervised algorithm is
able to reconstruct the sequence of transcriptional changes ex-
perienced by cells as they differentiate. Thus, it orders a het-
erogeneous and unsynchronized group of cells based on their
advancement through the acquired knowledge of the differen-
tiation process. Reid and Wernisch [ 9 ] presented a principled
probabilistic model with an unsupervised Bayesian inference
scheme for assigning pseudotime to single-cell time series. In
the study, the authors defined pseudotime as a latent dimen-
sion that measures the cells’ progress through transitions from
state to state. Unlike the previously mentioned methods that
estimate orderings of RNA-Seq samples, it explicitly estimates
pseudotimes that are on the same scale as the capture time of
the experiments, given a set of transcriptomics samples (e.g.
single cell RNA-seq). In another study, Campbell and Yau [ 10 ]
introduced a statistical framework for uncovering pseudotem-
poral trajectories for both single cell and bulk expression data.
Their method accepts gene expression data representing dif-
ferent transcriptomics experiments and maps them to a series
of one-dimensional quantities that they call pseudotimes. 

Our method differs from the previous works because it
uses reference transcriptomics time series to learn the tempo-
ral structure of every gene. Given a new experiment, it makes
predictions about the actual laboratory time when the experi-
ment was sampled relative to the reference, by providing sen-
sible uncertainties for the predictions. By leveraging a refer-
ence time series, our method can more accurately capture the
temporal dynamics of the transcriptomics data. The reference
time series provides a structured framework that guides the
learning process, allowing the model to make more precise
predictions about the timing of events in the target data. Ad- 
ditionally, it improves the interpretability of the results by an- 
choring the analysis to a known temporal structure, making 
time annotations easier to understand within existing biolog- 
ical knowledge. Thus, it can be used to improve the time an- 
notations of older omics datasets or correct inaccuracies asso- 
ciated with growth phase assignment in the case of transcrip- 
tomics data, for instance. 

Contributions 

We make four main contributions: 

(1) A Ba y esian time annotation algorithm that fits GPs to 

reference transcriptomics time series and transfers the 
learned temporal structure to un-timed target data (the 
“Materials and methods” section). 

(2) An integrated Python pipeline publicly available as de- 
scribed in the “Data availability” section. 

(3) A thorough empirical validation on three scenarios: (i) 
a hold-out RNA-seq test set mimicking sparse sam- 
pling (the “Sparse RNA-Seq hold-out” section), (ii) 
synthetic noisy data (the “Sensitivity to noise” section),
and (iii) a case study re-annotating 80 legacy microar- 
rays from bacterial growth experiments (the “Time re- 
annotation of microarray samples: a case study” sec- 
tion). 

(4) Biological insights gained after temporal 
recalibration—e.g. increased detection of differen- 
tially expressed genes (the “Sensitivity to noise”
section). 

Road-map 

The “Materials and methods” section details the model- 
ing and implementation; the “Data” section introduces all 
datasets and their pre/post-processing; the “Validation” sec- 
tion validates the method on held-out and synthetic data; the 
“Time re-annotation of microarray samples: a case study”sec- 
tion presents the microarray case study; and the “Discussion”

section discusses results and limitations. 
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Figure 2. Distribution of transcriptomics values before and after the 
median normalization. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

aterials and methods 

ur time annotation method consists of three procedures.
irst, raw expression profiles are filtered and normalized (the
Filtering and normalization of transcriptomics data” sec-
ion). Second, each gene is modeled as a GP whose kernel cap-
ures temporal dynamics and provides a mechanism for per-
orming time annotation (the “Gaussian process analysis” sec-
ion). Third, genes whose data are poorly explained by any GP
re discarded (the “Model selection and quality control” sec-
ion). We implement the three steps in an end-to-end Python
ipeline described in the “Data availability” section. 

iltering and normalization of transcriptomics data 

ranscriptomics technologies measure the quantity of mRNA
nd use it to estimate the level of gene expression. However,
here is no unique way of quantifying the level of gene ex-
ression, and plain comparison between gene expression val-
es coming from different experiments could yield incorrect
esults. There is often no explicit method for transforming
ene expression values to make them comparable, especially
hen they come from different RNA measurement technolo-
ies such as RNA-Seq and DNA microarray. Furthermore,
any comparative studies have shown that they can be in-

onsistent for individual genes [ 11 ]. 
In this work, we took a simple approach to filter and nor-
alize the data in order to increase their comparability. We

ocused our analysis on those genes that have a maximum
alue above a certain threshold. The value of the threshold
epends on the specifics of the data that we work with. The
urpose of this kind of filtering is to remove those genes whose
ignal-to-noise ratio is very small, because they are likely to
ontribute more noise than signal in the analysis. Then we
og-transformed the data to reduce the difference between ex-
reme values. Subsequently, we apply median-polish normal-
zation [ 12 ]. Median polish procedure consists on first finding
nd then subtracting the median from each experiment and
hen repeating the same procedure for every gene across dif-
erent experiments. This procedure is repeated until the pro-
ortional reduction in the sum of absolute residuals is less
han a value ( ε > 0 ). This helps to bring the data on the same
cale. Below, we define formally the normalization procedure
escribed previously: 
Let G ∈ R 

N×K be a matrix representing the transcriptomics
ata consisting of N genes and K different measurements for
hose genes, the procedure is summarized in Algorithm 1. 

lgorithm 1 

Data: A matrix G , convergence threshold ε ≥ 0 

Result: Normalized G 

1: G = log (G ) 
2: R = 0 N×K 

3: while ε > abs ( sum ( abs (G )) − sum ( abs (R ))) do 

4: R = G 

5: G = G − 1 N 

· median col (G ) � subtract sample median
6: G = G − median row 

(G ) · 1 K 

T � subtract gene median
7: end while 
8: return G 

This approach not only standardizes the data values to a
niform scale but at the same time preserves their original
tructure as shown in Fig. 2 . Thus, it makes them suitable to
use for the purpose of our method. 

Gaussian process analysis 

GPs are nonparametric methods that are used for building
probabilistic models of functional data [ 13 ]. In many previ-
ous studies, GPs have been widely recognized and adopted
for modeling transcriptomics data [ 6 , 9 , 14 –19 ]. Below, we
are giving the formal definition of a GP: 

Definition 1. A GP is a collection of random variables, any
finite number of which have a joint Gaussian distribution. 

A GP f (t ) is completely characterized by a mean function
that we write as m (t ) and a covariance function k (t , t ′ ) that is
often referred to as the kernel of the GP. We formally write it
as follows: 

f (t ) ∼ GP (m (t ) , k (t , t ′ )) . (1)

The mean function is assumed to be zero for simplification
purposes, thus causing the GP to depend only on the choice of
the kernel function. Choosing the kernel function is an impor-
tant step in the process of modeling with GPs as it determines
our assumptions about the function that we want our model
to be represented by. The most widely used kernel function
for modeling with GPs that we also use in our analysis is the
exponentiated quadratic function [ 13 ], which is defined as fol-
lows: 

K EQ 

(t , t ′ ) = σ 2 
f exp 

( 

−
∥∥t − t ′ 

∥∥2 

2 l 2 

) 

. (2)
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As we can see, the kernel function depends on two param-
eters: the length-scale l and the variance σ 2 

f . We will also con-

sider a third parameter σ 2 
n , which is the Gaussian noise and

represents the observation noise in our data. Given a set of
inputs t and a set of outputs y , when modeling with a GP,
we try to select the optimal triple (l, σ 2 

f , σ
2 
n ) that maximizes

the marginal likelihood P(y | t , l, σ 2 
f , σ

2 
n ) or equivalently maxi-

mizes the log marginal likelihood: 

log P(y | t ) = −1 

2 

(y − m (t )) T (K(t , t ) + σ 2 
n I) −1 (y − m (t )) 

−1 

2 

log | K(t , t ) + σ 2 
n I| −

n 

2 

log 2 π. (3)

We can then estimate the likelihood of y ∗ at a point t ∗ in
the following way: 

P(y ∗| t ∗) = 

1 

σ∗
√ 

2 π
exp 

( 

−1 

2 

(
y ∗ − μ∗

σ∗

)2 
) 

, (4)

where μ∗ and σ∗ are the posterior mean and posterior variance
at t ∗ given by 

μ∗ = m (t ∗) + K (t ∗, t )(K (t , t ) + σ 2 
n I) −1 (y − m (t )) , (5)

and 

σ 2 
∗ = K(t ∗, t ∗) − K( t ∗, t )( K( t , t ) + σ 2 

n I) −1 K(t ∗, t ) T . (6)

Modeling multiple replicates 
Gene expression time series can be collected in multiple repli-
cates to take in consideration the biological variation and
measurement errors [ 14 ]. In the case of a dataset consisting
of N genes and R replicates for each of the genes, which are
observed at different time points, the data will be in the form

( t j , g 
(r ) 
i j ) , r ∈ { 1 , . . . , R } , i ∈ { 1 , . . . , N} , and j ∈ { 1 , . . . , T } , 

where T is the number of observations for each gene replicate,
 j is a time point for which an observation about a gene repli-

cate exists, and g (r ) i j is the corresponding gene expression value.
However, the data do not need to be complete (i.e. not all repli-
cates of a gene must be fully observed at all time points), as
the GP can easily handle missing entries. We denote by f i (t )
the latent function that models the gene expression values of
gene g i at every observed time point t j and replicate r . We can
thus define a regression problem over functions f i : t �→ f i (t ) ,
the values of which can be samples from the following model:

f i (t ) ∼ GP (0 , k EQ 

(t, t ′ )) . (7)

We denote by μi = [ f i (t j )] T j=1 the vector of values of f i (t )

at the observed time points and let g (r ) i = [ g (r ) i j ] 
T 
j=1 be the vec-

tor of the observed values of g i in replicate r at the respective
time points. We can define the values of g i as noisy observa-
tions of f i (t ) and sample them from the following conditional
distribution: 

g (r ) i | f i (t ) ∼ N(μi , σ
2 
n i I ) , (8)

where σ 2 
n i represents the noise variance between the replicates

of gene g i . 
We can marginalize out f i (t ) and write the model condi-

tioned on the mean of the GP in Equation ( 7 ). In the marginal-
ized model, the covariance between two observations g (r ) i j and
g (r 
′ ) 

i j ′ will be 

Cov [ g (r ) i j , g 
(r ′ ) 
i j ′ ] = K EQ 

(t j , t j ′ ) + σ 2 
n i δ(t j = t j ′ ) δ(r = r ′ ) , (9) 

where δ is the Kronecker delta. If we denote by t the concate- 
nation of the observed time points in all replicates, we can 

generalize the generative model of the observations of gene g i 
on any replicate r and write it as ⎡ 

⎢ ⎣ 

g (1) 
i 
. . . 

g (R ) 
i 

⎤ 

⎥ ⎦ 

| θ ∼ N ( 0 , K ) , (10) 

where θ is the set of GP hyperparameters in Equation ( 7 ) and 

K is the covariance matrix obtained by applying the covari- 
ance function in Equation ( 9 ) on the grid t . 

Inferring the time of an experiment 
Let { g 1 ,E , g 2 ,E , . . . , g N,E } be gene expression values at a new
experiment E, and M 1 , M 2 , . . . , M N 

be their GP fitted mod- 
els fitted on reference time series. In order to select the most 
probable time point of E, for every gene value g i,E we derive a 
likelihood function over time using its respective GP posterior 

L i (t ) = P(g i,E | t, M i ) , i ∈ { 1 , . . . , N} . (11) 

The likelihood of E over time will then be given by 

N ∏ 

i =1 

L i (t ) , (12) 

and we assign the most probable time to E by solving the fol- 
lowing optimization problem, which maximizes the likelihood 

of E over t: 

max 

t 

N ∏ 

i =1 

L i (t ) . (13) 

To solve the problem in practice, we restrict the optimization 

to a discrete grid { t 1 , t 2 , . . . , t T } . First, we calculate the log-
likelihoods 

log P(g 1 ,E , . . . , g N,E | t j , M 1 , . . . , M N 

) 

= 

N ∑ 

i =1 

log P(g i,E | t j , M i ) , j ∈ { 1 , . . . , T } . (14) 

Then, we assign the most probable time point by solving 

argmax 

T 
j=1 

{ 

N ∑ 

i =1 

log P(g i,E | t j , M i ) 

} 

. (15) 

Implementation of GP models 
We used the Python library GPy [ 20 ] to build a separate GP 

model for every gene by following the model described in 

Equations ( 7 )–( 10 ). Figure 3 gives a visual representation of 
the GP model for one of the genes. 

We used the GP models to generate log-probability distri- 
butions log P(g i,E | t j , M i ) corresponding to the log-likelihood 

that the gene g i , which follows the model M i can have value 
g i,E during time t j as in Equation ( 14 ). We calculated the log- 
likelihoods at equally spaced consecutive time points within 

the time interval of the training data. After applying this pro- 
cedure for all the genes in a microarray sample, the most prob- 
able time point of the sample was deduced by choosing the 
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Figure 3. GP plot obtained by fitting the RNA-Seq time series data 
corresponding to gene serS , the blue line is the posterior mean and the 
light blue region represents the 95% confidence region based on the 
posterior variance and Gaussian noise. Crosses correspond to the 
normaliz ed v alues of the gene f or each replicate on different time points. 

Figure 4. L og-lik elihood curv e of microarra y sample 30 (whose legacy 
growth phase annotation is mid-exponential phase) for selected time 
points. The maximum is reached at 5.75 h (marked with cross). 
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ne that has the maximum sum of log-likelihoods over all the
ene expression values belonging to that sample as shown in
quation ( 15 ). 
Figure 4 illustrates the log-likelihood curve for one mi-

roarray sample, which has its maximum sum over the log-
ikelihoods of all the gene values at 5.5 h. 

odel selection and quality control 

Ps are powerful but sensitive models whose flexibility can
ead to issues such as overfitting, underfitting, or spurious ex-
rapolation, particularly in high-dimensional biological data
 21 ]. To ensure reliable time annotations and guard against
isleading conclusions, we systematically address potential

ailure modes of the model through a combination of in-
istribution and out-of-distribution quality checks. Below, we
numerate key risks and how our pipeline mitigates them. 

uality evaluation in reference data 
o avoid overfitting of the GP models in the reference time se-
ies, we considered the heuristics of building robust GPs as de-
cribed in [ 21 ] by putting bounding constraints on the length-
cale such that �t min ≤ l ≤ �t max , where �t min = min (t i −
 i −1 ) and �t max = max (t i − t j ) . 

We address underfitting by performing model comparison
gainst a time-invariant model, similarly to [ 22 ]. This is per-
ormed by comparing the GP marginal likelihoods with the
ikelihood obtained from the following time-invariant model:

g (r ) i j ∼ N (μi , σ
2 
i ) , r ∈ { 1 , . . . , R } , j ∈ { 1 , . . . , T } , (16)
where μi , σ 2 
i are the mean and variance over all the observa-

tions for gene i coming from the reference data. We then set
a filter to ignore those gene models whose GP marginal likeli-
hood on the reference data is considerably smaller compared
to the invariant model. The rule for filtering the model based
on the reference data fits can thus be written as follows: 

log P([ g (r ) i ] R 

r =1 | t, M i ) + ε < 

∑ 

t 

∑ 

r 

log P(g (r ) i,t | μi , σi ) , (17)

where ε is a tolerable difference between the log-likelihoods
of the two models. 

The removal of the genes for which the flat model substan-
tially outperforms the GP model in terms of marginal likeli-
hood is primarily for computational simplification, as a flat
model does not contribute anything to the analysis because it
assigns the same likelihood at every time point. 

To assess the quality of the GP fits, we performed a leave-
one-out cross-validation, which is a standard method for
measuring the predictive accuracy after fitting a Bayesian
model [ 23 ]. This was done by refitting each GP multiple times
with the RNA-Seq time series while removing all the obser-
vations corresponding to the same time point each time. For
a single gene, we denote by y − j the set of all gene expression
values, except for those observed at time t j , which we denote
by y j . At each iteration, we calculated the log-likelihood of
the model log P(y j | t j , y − j ) to predict the observed gene ex-
pression values at the time point that was removed. Then,
for each model, we calculate the leave-one-out Bayesian cross-
validation estimate LOO = 

1 
T 

∑ T 
j= i log P(y j | t j , y − j ) (where T 

is the number of time points) as described in [ 23 ]. We applied
the same leave-one-out cross-validation procedure in GP mod-
els without length-scale regularization. 

Figure 5 shows the GP plot and its respective LOO of the
models (with and without length-scale regularization) that
performed worst in the leave-one-out cross-validation. We can
clearly see that putting constraints on the length-scale prevents
overfitting of the GP model. We include more information
about the leave-one-out cross-validation in the Supplementary
data (see Section S.6 , Supplementary Figs S7 and S8 , and Sup-
plementary LOO plots). 

Quality evaluation in target data 
A gene’s expression values in the target data may lie outside
the range observed in the reference time series, resulting in
extrapolation where GP predictions are less reliable. To un-
dermine the effect of this discrepancy, we applied the median
normalization explained in the “Filtering and normalization
of transcriptomicsdata” section. 

Furthermore, we evaluate how well the GP models fitted to
reference data can fit the target data by comparing the maxi-
mum likelihood of each gene’s target value in the correspond-
ing fitted GP model to the baseline time-invariant model in
Equation ( 16 ) as follows: 

g i,E ∼ N (μi , σ
2 
i ) , (18)

where g i,E is the target value of gene i in experiment E.
We calculate the sum over the target values’ maximum log-
likelihoods over each time point in the corresponding fitted
GP model, and the sum over the target values’ log-likelihoods
evaluated in the time-invariant model. Finally, we filter out
from the time annotations method those gene models whose
target values fit better in the time-invariant model. The rule
for filtering the models based on the compatibility of the target

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
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Figure 5. The plots show the GP models that performed worst according to LOO considering both groups (with and without length-scale regularization). 
The plots indicate that having no boundary constraints on the length-scale results in a smaller length-scale during optimization that leads to overfitting 
and a worse performance in the leave-one-out cross-validation. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

data with the fitted GP models can thus be written as follows:∑ 

j 

max 

t 
( log P(g i,E j | t, M i )) < 

∑ 

j 

log P(g i,E j | μi , σi ) , (19)

where the log-likelihood in the LHS is based on the posterior
distribution of the gene-specific GP model, and the RHS is
based on the distribution of the time-independent model de-
fined in Equation ( 18 ). 

The genes for which target gene expression values were pre-
dicted better by a time-invariant model were either those char-
acterized by flat expression dynamics or genes whose target
values were significantly different from the reference values
(see Section S.4 and Supplementary Fig. S4 ). Genes whose
target values fit better in the time-invariant model are ex-
cluded from the annotation method. This step addresses the
out-of-distribution generalization problem and ensures that
only compatible gene signals are used for annotating target
samples. 

Results 

The proposed methodology was validated in three comple-
mentary settings: a withheld subset of RNA-seq measure-
ments that simulates sparsely sampled data, synthetic data 
with added noise to test noise sensitivity, and a practical ap- 
plication in which time point annotation is performed for 80 

microarray samples. We first describe the datasets and trans- 
formations that underpin all empirical work. 

Data 

We utilize two types of transcriptomics data from Clostrid- 
ium botulinum . The first type consist of longitudinal RNA-Seq 

samples, which we use as reference data. The second type con- 
sist of legacy microarrays [ 24 ] collected at different stages of 
growth of the bacteria, which are the target data that we want 
to time annotate. The sources for accessing the data are in the 
“Data availability” section. A more detailed description of the 
data can be found in the Supplementary data (see Section S.1 ).

Terminology: To avoid confusion, we distinguish three re- 
lated concepts that appear throughout the paper: (i) legacy 
growth phase (LGP) (sometimes also referred to as original 
annotations)—the categorical phase label (early-exponential,
mid-exponential, late-exponential, transition, stationary) as- 
signed by the original microarray samples at the moment 
of sampling; (ii) reference time point (RTP)—the quanti- 
tative sampling time (in hours) in the RNA-Seq reference 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
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Figure 6. The growth curves monitored during the bacterial growth 
experiments where the reference RNA-Seq samples were assessed. 
Each growth curve represents the amount of bacteria at each time point 
for each experimental replicate. The horizontal bar (at the top of the 
figure) represents the different growth phases. Each color represents a 
different growth phase whose length extends within its corresponding 
time interval. 
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the time annotation method based on these results. In the 
xperiment that best matches each microarray sample after
ecalibration; and (iii) reference growth phase (RGP)—the
hase implied by that RTP, using the growth curves of the
NA-Seq experiments as reference. 

eference data 
he reference experiments that we used to fit our method
onsisted of RNA-Seq samples collected uniformly at differ-
nt time points (2–12 h) from three replicate cultures of C.
otulinum strain ATCC 19397 growth in routine laboratory
onditions. In parallel with RNA sampling, growth was moni-
ored by optical density measurements as shown in Fig. 6 . The
NA samples were collected on the same time points relative

o the corresponding growth experiment replicate. The sam-
les were analyzed using paired-end sequencing with Ilumina
extSeq 550 technology . Finally , the RNA-Seq data analy-

is pipeline ProkSeq [ 25 ] was used to perform the respective
lignments to the genome, and the gene expression values for
very time point were obtained. The gene expression values
re expressed in transcripts per million (TPM) units. The final
NA-Seq data accommodate 3491 different genes and their

orresponding gene expression values for each time point. 

arget data 
ur target data comprise gene expression values on a logarith-
ic scale determined during the growth of the C. botulinum
roup I wild-type strain ATCC 3502, a strain closely related

o ATCC 19397 [ 26 ], under optimal conditions using microar-
ays as described [ 24 , 27 ]. 

Altogether, 80 microarray samples collected in the past were
ncluded in this study. Each sample measured the expression
f 3664 genes and was annotated according to the bacterial
rowth phase at the time it was sampled (i.e. LGP), but not
he precise time at which the sample was taken. 

The LGP was determined by the original experimenters us-
ng a growth curve based on real-time optical density mea-
urements of the culture, which reflect bacterial growth. 

Determining the growth phase of a culture by visually inter-
reting its optical density curve is partly subjective; thus, cer-
ain samples might have been assigned to phases that do not
ruly match the cells’ biological state. One goal of the time an-
notation is to perform a temporal recalibration of the samples
to correct such errors. 

Before fitting our statistical models, the data were prepro-
cessed as described in the following section. 

Data preprocessing 
In the data preprocessing, we considered the specific nature
of transcriptomics data from bacteria. Of note, different con-
siderations may apply when working with eukaryotic data. In
order to simplify the data, we conducted an operon identifi-
cation analysis of the RNA-Seq data using Rockhopper soft-
ware [ 28 ]. Operons are clusters of co-regulated genes with re-
lated functions [ 29 ], are usually found in contiguous locations
of the DNA, and are commonly co-activated. Assuming that
genes within an operon are usually expressed similarly or in
a related manner, they were considered to be redundant and
to cause bias in the analysis of gene expression over time by
putting more weight on the genes that are in large operons.
Identifying the operons allowed us to keep only one gene per
operon, thus reducing the number of genes considered in the
analysis. This simplified the analysis and helped obtain better
results. 

In order to use the data for our objective goal, we then re-
moved obvious incompatibilities between the microarray and
RNA-Seq samples. The following steps summarize the initial
preprocessing of the data: 

� Remove from the RNA-Seq data all the genes that belong
to the same operon except for the one that has the highest
median over the set of expression values at each time
point to simplify the genes’ set. 

� Remove all genes from the RNA-Seq data whose max-
imum expression value over time is < 10 TPM because
they introduce unnecessary noise to the data. This is be-
cause for small gene expression values the signal to noise
ratio is very small [ 30 ], thus they are likely to contribute
more noise than signal in our analysis 

� Consider only the common genes between RNA-Seq and
microarrays. 

� Log-transform the RNA-seq data (i.e. G → log (G + ε) )
to bring them to the same order of magnitude as the
microarray data (add a small quantity ε = 0 . 1 TPM to
avoid undefined values for logarithm). 

� Perform median polish normalization as described in Al-
gorithm 1 to the RNA-Seq and microarray samples re-
spectively. Choose a sensible convergence tolerance ε.
In the analysis, we set ε = 10 

−5 as we observed that in
the consecutive iterations, the differences of the residu-
als were quite negligible and almost 0. This transforma-
tion brings the gene expression values from the different
datasets on the same scale. 

Data postprocessing 
Evaluating the quality of fitting the GP models to the RNA-Seq
data. 
After fitting the GP models with the RNA-Seq data, we eval-
uated the quality of fitting the models. We compared how
well the GPs model the RNA-Seq data, as compared to a
time-invariant model. Our analysis showed that GP mod-
els are superior to the time-invariant models in terms of
representing the RNA-Seq data with the exception of some
borderline cases. Thus, we did not filter-out any gene from
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Figure 7. Comparing the compatibility of the microarray data to the fitted 
GP models versus the compatibility to a time-invariant model, for every 
gene. To measure the compatibility of the microarray values of a gene to 
a GP model, we determine the maximum log-likelihood over each time 
point for each gene value and evaluate their sum. For the time-invariant 
model, we evaluate the sum of the log-likelihoods of each microarray 
value of a gene in the model in Equation ( 18 ). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary data (see Section S.3 and Supplementary
Fig. S3 ), we have included a plot that shows the log-likelihood
of each gene RNA-Seq time series according to the respective
GP model (i.e. log marginal likelihood of the GP), and the sum
of the log-likelihoods that they come from the time-invariant
models in Equation ( 16 ). 

Evaluating the compatibility of the microarray values to the fit-
ted GP models. 
Figure 7 shows the quality of the fits of the microarray data
between the two models; it shows that a small subset of the
genes (i.e. 95 genes from 1780) did not fit better in our model
as compared to the time-invariant model, so we ignored those
genes when computing the GP time annotation analysis (i.e.
following Equation ( 19 )). The issue occurs in those genes
where some of the microarray observations are significantly
outside the range of the RNA-seq observations, even after nor-
malization. We provide an analysis for the source of incompat-
ibility of those genes’ microarray values with the correspond-
ing fitted GP model in the Supplementary data (see Section S.4
and Supplementary Fig. S4 ). 

Validation 

Sparse RNA-Seq hold-out 
We tested the efficacy of our method on the RNA-Seq data
by fitting the model with the RNA-Seq samples taken at the
even time points (i.e. 2, 4, 6, 8, 10, 12 h) and checked how
accurately the model would annotate the RNA-Seq samples
measured at the odd time points (i.e. 3, 5, 7, 9, 11 h) for all
replicates. 

Figure 8 shows the log-likelihood curves that our model
generated for each test data, which were the basis for assigning
the time annotations. Figure 9 shows the accuracy of the pre-
dictions ACC = 

correct predictions 
total predictions for different time interval tol-

erances. All the annotations are within a distance of 30 min
from the actual time of the measurement. 

We obtained similar accuracy results when training our
method on the RNA-Seq time series using two experimen-
tal replicates and making predictions for the experiments of
the left out replicate. The results of the former analysis can
be found in the Supplementary data (see Section S.2 and 

Supplementary Figs S1 and S2 ) 

Sensitivity to noise 
To prove the robustness of our method toward different levels 
of noise in the data, we simulated five transcriptomics exper- 
iments every 15 min in the closed interval (2 and 12 h), by 
sampling values g i,t j ∼ N(μg i ,t j , σg i ,t j ) , where g i,t j is the value 
of gene g i at time t j , and μg i ,t j , σg i ,t j are the posterior mean, and 

posterior variance at time t j of the corresponding GP model.
Then, in order to introduce noise in the data, we repeated the 
procedure by randomly selecting different subsets of genes and 

sampling their values for each time point from a normal dis- 
tribution g i,t j ∼ N(μi , σi ) , where μi and σi are the mean and 

standard deviation of gene g i over all time points. 
Figure 10 shows the accuracy of the annotations on simu- 

lated transcriptomics experiments with different amounts of 
noise for 0-, 0.25-, 0.5-, 0.75-, and 1-h time interval tolerances.
Even in the case when, we perturbed 30% of the genes, 97% 

of the annotations were no > 0.5 h away from the true time 
of the experiment. In the case where we did not introduce any 
noise at all, all the predictions corresponded to the true time 
of the samples. 

Time re-annotation of microarray samples: a case 

study 

We describe here the procedure for performing RGP annota- 
tion for each of the 80 microarray samples. First, we use the 
RNA-Seq data to fit the GP models, and assign a RTP to each 

microarray sample. Then, we use the RTP and the information 

provided by the growth curves of the reference RNA-Seq ex- 
periments to assign a RGP to each microarray sample. Figure 
11 represents the steps followed for the re-annotation of the 
legacy microarray samples. 

In a batch culture of bacteria, optical density measure- 
ments over time describe a sigmoidal growth curve whose seg- 
ments (early-, mid-, and late-exponential, transition, and sta- 
tionary) represent successive physiological states rather than 

mere clock time. Under constant conditions, replicate cul- 
tures advance through these states in a reproducible order,
and each state is marked by a characteristic transcriptional 
programme. This coupling between growth phase and gene- 
expression profile is the basis of the recalibration performed 

below: by aligning legacy microarray profiles to the RNA-seq 

reference time-course, we can assign biologically meaningful 
timestamps even where the original sampling left temporal 
gaps. 

Re-assigning growth phases to the microarray samples 
After each microarray sample was matched to its RTP, we 
used the growth curve that was monitored while collecting 
the RNA-Seq samples, as shown in Fig. 6 , to map that times- 
tamp into an RGP. Based on the shape of this curve, the time 
intervals were equated with growth phases as follows: 

� Early-exponential phase: (2 h, 4 h), 
� Mid-exponential phase: (4 h, 6 h), 
� Late exponential phase: (6 h, 7 h), 
� Transition phase: (7 h, 8 h), 
� Stationary phase: (8 h, 12 h). 

Figure 12 shows the distribution of the RTP for the microar- 
ray samples according to our method. By assigning the RGP to 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
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Figure 8. L og-lik elihood curv es of the RNA-Seq e xperiments sampled during the odd time points (i.e. 3, 5, 7, 9, and 11 h). T he results w ere obtained b y 
using the e v en time point RNA-Seq experiments as training data for our method. The maximum likelihood point is found by querying selected time 
points (e.g. e v ery 15 min within the time interval covered by the training data). 

Figure 9. Accuracy of the annotations (i.e. ACC = 

correct predictions 
total predictions ) 

assigned to the odd time point RNA-Seq experiments for different time 
tolerance intervals. Every annotation is within 0.5 h distance from the 
true time point of the corresponding experiment. 

t  

p  

w  

d
 

w  

a  

y  

w  

f  

a  

G  

R  

fi  

w  

p  

a  

e  

Figure 10. Accuracy of the time annotations (i.e. ACC = 

correct predictions 
total predictions ) 

on simulated transcriptomics experiments with different amounts of 
noise for different time tolerance intervals. The noise was introduced by 
randomly selecting different amounts of genes (i.e. 0%, 20%, 30%) and 
changing their generative models for every time point, when sampling 
the values for simulating the experiments. Even when 30% of the genes 
were noisy, 97% of the time annotations were within 0.5 h distance from 

the true time point of the corresponding experiment. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

he microarray samples based on the RTP, using information
rovided by the growth curves of the RNA-Seq experiments,
e significantly enhanced the description of the microarray
ata. 
A high quality temporal calibration should assign samples

ith similar expression patterns to the same time point. To
ssess whether this was achieved, a principal component anal-
sis (PCA) of the expression levels in all microarray samples
as performed. The consistency of the grouping of samples

rom the same time point/growth phase is presented visually
nd assessed quantitatively. To assess the effectiveness of the
P method, the microarray samples were also aligned with the
NA-Seq timeline using a k -nearest neighbors (kNN) classi-
er. We chose kNN ( k = 1 as it yields the highest accuracy
hen performing cross validation using the RNA-Seq sam-
les) as a baseline method because it is a very simple method
nd it works similarly to our method—that is, using the ref-
rence time series, it assigns time annotations to our target
data. A detailed description of how kNN was used to assign
time points to the microarray samples can be found in the
Supplementary data (see Section S.5 , Supplementary Figs S5
and S6 ). 

The improved annotation allowed for clear separation of
microarray samples belonging to different growth phases,
as demonstrated by the PCA in Fig. 13 . Consequently, we
successfully identified microarray samples whose LGPs were
miss-assigned, as some of the microarray samples appeared
likely to have been assigned to incorrect growth phases in the
original annotation. 

Both methods (kNN- and GP-based) resulted in an im-
provement compared to the original annotations (i.e. LGP),
as shown in Fig. 13 . However, our method is considered to
be qualitatively better, as it sets a clearer separation between
samples belonging to different growth phases. It also filled

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
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Figure 11. Diagram describing the application of the GP annotation 
method for the re-annotation of legacy microarray samples. Inside each 
rectangle it is indicated the rele v ant section of the paper where the 
respective process is described. 

Figure 12. The number of microarray samples for each queried time 
point. The horizontal bar (at the top of the figure) represents the RGP to 
which the microarray samples were assigned based on their RTP. Each 
color represents a different growth phase, whose length extends within 
its corresponding time interval. The colors of the vertical bars represent 
the LGP of the microarray samples assigned at the respective time point 
(notice the hatching to differentiate between the LGP and RGP). 

 

 

 

 

 

 

 

 

 

 

 

 

 

the sampling gaps: the method interpolated intermediate time
points that were never measured experimentally, giving the fi-
nal annotation a finer-grained temporal resolution. 

In order to quantitatively compare the annotations gener-
ated by kNN and our method, we measured the correlation
between the distances of the samples in the PCA and their
time annotation distances as assigned by each of the meth-
ods. Figure 14 shows the PCA distances between every pair of
microarray samples and their corresponding time annotation
distances as assigned by kNN- and GP-based methods. The 
Pearson correlation coefficient is higher in the case of the GP 

annotations, which indicates that the microarray samples that 
appear to be close to each other in the PCA are assigned time 
annotations that are closer. 

Tempor al recalibr ation impro ves biological interpretation 

In order to show the impact of the GP-based time annotations 
on the downstream analysis, we performed a gene differential 
expression analysis with LIMMA [ 31 ] by comparing the mi- 
croarray samples assigned to consecutive growth phases (i.e.
early-exp. and mid-exp., mid-exp. and late-exp., late-exp. and 

transition, transition and stationary). 
Because gene expression shifts with the growth phase,

samples from the same phase should look alike, whereas 
samples from different phases should diverge. Therefore, a 
differential-expression test that cleanly contrasts early- versus 
mid-exponential samples, for instance, should yield more DE 

genes than a test in which each group contains samples from 

a mixture of phases. 
Figure 15 shows the total number of differentially expressed 

genes (FDR corrected P-value < .05) detected after perform- 
ing gene differential expression analysis between every pair of 
consecutive growth phases as annotated by our GP method 

(RGP), kNN method, and the original LGP annotations. 
Comparative analysis of the three time-annotation ap- 

proaches applied to the C. botulinum microarray samples re- 
vealed significant differences when investigating differentially 
expressed (DE) genes between growth phases. Here, we specif- 
ically compared DE genes between the early logarithmic phase 
and mid-logarithmic phase using two filtering methods: genes 
with an adjusted P-value (FDR-corrected) of < .05 and/or an 

absolute logarithmic fold-change ( log 2 FC) greater than 1.0.
As shown in Figs 16 and 17 , although all approaches iden- 
tified a similar set of DE genes, the kNN- and GP-based ap- 
proaches clearly outperformed the samples with the original 
annotation. Specifically, when both filtering criteria were ap- 
plied, the three time annotation approaches did indeed iden- 
tify DE genes of biological relevance for C. botulinum phys- 
iology, such as genes encoding components of the botulinum 

neurotoxin ( BoNT ) protein complex. However, the kNN- and 

GP-based time annotation approaches further identified 66 

DE genes involved in central bacterial processes, such as the 
sporulation cascade, i.e. genes encoding the sporulation tran- 
scription factor Spo0A , the anti-sigma F factor, and the stage 
V sporulation protein, and genes encoding chaperones, i.e.
the Hsp33 family molecular chaperones and GroEL . The GP- 
based time annotation yielded another 63 DE genes with an 

adjusted (FDR-corrected) P-value of < .05, illustrating that 
the model performed better than the kNN method in this 
particular example and was able to annotate the samples 
more accurately, thereby reducing the noise from the whole 
dataset. We provide the list of all DE genes (early-exp. versus 
mid-exp.) identified for each growth phase annotation exam- 
ple (FDR-corrected P -value < 0 . 05 and | log FC | ≥ 1 ) in the 
Supplementary data (see Supplementary Table DE Genes List).

The fact that the number of DE genes is higher in the case of 
GP annotation suggests that it does a better job of grouping 
the experiments into well defined states by fixing the misla- 
beled samples in the legacy data. In the Supplementary data 
(see Section S.7 and Supplementary Fig. S9 ), we provide a 
more elaborate analysis of how miss-labeling microarray sam- 
ples affects the number of DE genes. 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf203#supplementary-data
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Figure 13. PCA plots of the microarray samples annotated according to their LGP annotations (left), time annotation as assigned by kNN (center), and 
time annotation as assigned by our method (right). Growth phases are represented by colors. In the case of kNN and GP time annotations, the growth 
phases of the experiments are determined based on the RGP as defined in the “Re-assigning growth phases to the microarray samples” section. 

Figure 14. Correlation between the PCA distances of all pairs of 
microarray samples and their corresponding time annotations distances 
as assigned by kNN and our GP time annotation method. The Pearson 
correlation coefficient ρ is higher in the case of our method, which 
indicates that the microarray samples that appear to be close to each 
other in the PCA are assigned time annotations that are closer. 
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Figure 15. Total number of differentially expressed genes (FDR corrected 
P -value < . 05 ) detected by performing DE analysis between all pairs of 
consecutiv e gro wth phases (i.e. early -e xp. v ersus mid-e xp., mid-e xp. 
v ersus late-e xp., late-e xp. v ersus transition, transition v ersus stationary) 
as a function of the absolute value of log 2 -fold change ( | log FC | ) for each 
of the three different annotations. The plot on the right shows the total 
number of differentially expressed genes that have | log FC | ≥ 1 
corresponding to a tw o-f old change in expression. 

 

 

 

 

 

 

 

 

 

 

 

 

 

iscussion 

Ps provide an ideal method for modeling time-course data
ithout making explicit assumptions about the type of func-

ion that can best describe them. They can be successfully used
o assign time points to target omics experiments by employ-
ng a reference time series of experiments from the same level
f the omics stack. 
We demonstrate this by applying our method for the pur-

ose of assigning time annotations to microarray samples us-
ng RNA-Seq time series sampled every hour as training data.
he new time annotations not only provided an accurate de-
cription of the data from the perspective of growth phases
but also indicated samples that appeared likely to have been
originally assigned to incorrect growth phases. 

We also demonstrate that the method can be successfully
applied with sparse time series by inferring predictions for the
odd time point RNA-seq samples using the subseries of even
RNA-seq samples as a reference. Our method proved to be ro-
bust toward noisy data. We show that by generating transcrip-
tomics experiments at different time points using the GP mod-
els fit on the RNA-Seq data by altering the values of randomly
selected genes. Even in the case where as many as 30% of
the genes were altered, 97% of the predicted time annotations
were within a 30-min distance from their true time. Our ap-
proach can also be applied for proteomics data, metabolomics
data, or in general for any data that consists of measurements
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Figure 16. Number of DE genes (FDR-corrected P -value < . 05 ) detected 
b y perf orming differential e xpression analy sis betw een early -e xp. and 
mid-e xp. microarra y samples as a function of the absolute v alue of 
log 2 -fold change ( | log FC | ) for each of the three different annotations. The 
plot on the right shows the number of DE genes that have | log FC | ≥ 1 
corresponding to a tw o-f old change in expression. 

Figur e 1 7. Venn diagrams expressing the number of DE genes 
(FDR-corrected P -value < . 05 ) detected by performing differential 
e xpression analy sis betw een early -e xp. and mid-e xp. microarra y samples 
for each growth phase annotations (i.e. original annotations, 
kNN-annotations and GP-annotations) (left). The plot on the right shows 
the number of DE genes with | log FC | ≥ 1 corresponding to a tw o-f old 
change in expression. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

represented as a set of genome-wide values when a reference
time series is provided. 

Similar applications of GPs for making exact time annota-
tion on omics experiments have not been explored to the best
of our knowledge. We think that there is great potential in ap-
plying GPs for solving related problems for determining the
time of experiments because of their high modeling flexibility
and the possibility that they offer to predict in-between time
points, which are left uncovered by the training data. 

This method can be used to annotate historical data avail-
able in repositories (e.g. GEO) for the sake of improving the
biological interpretability of those data. This information can
be used to better understand the studied organism by uncover-
ing biological pathways through differential gene expression
analysis, for instance. However, in order to perform the an-
notation, a reference transcriptomics time series of the organ-
isms is needed. Historical data that have time annotation can
either be used as reference time series or their correctness can
be checked when we have better quality reference measure-
ments. 

Our use case of time annotating C. botulinum ATCC 3502
microarray samples using C. botulinum ATCC 19397 RNA-
Seq data suggests that our method is platform agnostic (i.e.
it does not discriminate the transcriptomics data based on the 
technology that was used to generate them: DNA microarrays 
or RNA-Seq), and it works even in the case when different 
bacterial strains are used. 

Summary of requirements and assumptions 

Certain requirements should be considered when performing 
time annotation with our GP method: 

General assumptions : Many genes follow a shared,
smoothly evolving temporal pattern, and time is the main 

driver of variation in gene expression. 
Reference time series : Enough representative genes should 

pass the model compatibility filter Equation ( 17 ); one experi- 
mental replicate time series can be enough, but more replicates 
are preferable; GPs have been used for modeling short time 
series of gene expression data [ 21 , 32 ]. In the “Sparse RNA- 
Seq hold-out” section, we demonstrate that six time points 
are enough for making predictions that are no > 30 min away 
from their true time in the holdout observations, provided 

they are evenly distributed and span the full timeline over 
which we want to make predictions. However, we need suf- 
ficiently dense sampling to have a higher resolution on what 
is happening in the system. 

T arget data : Ideally , the same organism or closely re- 
lated organisms having the same physiology as the reference 
data; same modality as the reference data (e.g. RNA-Seq) or 
cross-modal (e.g. microarrays) (median-polish normalization 

should work to reduce platform offset without distorting the 
overall shape). Enough genes should pass the compatibility 
filter Equation ( 19 ); the method tolerates genes for which the 
signal is distorted to the extent that, even in cases when 30% 

of the genes have distorted signals, we obtain predictions for 
the experiments that are within 1 h of their true time in the 
synthetic data, as we show in the “Sensitivity to noise”section.
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