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Abstract—We have developed a computational approach
which predicts the protein kinases that may regulate the tran-
sition between the blood developmental stages of Plasmodium
falciparum (P. falciparum). To improve the accuracy of our pre-
diction, synchronized gene expression levels are reconstructed
from the observed microarray data generated by the ensembles
of non-synchronized cells. Peaks in annotated protein kinase
transcript levels are hypothesized to directly correlate with the
period when the encoded protein kinases function temporally.
Therefore, protein kinases, which putatively regulate a given
developmental stage transition, are identified by their peak
in synchronized gene expression levels. By analyzing publicly
available microarray data set, a few protein kinases are
considered to be strongly associated with developmental stage
transition. Two of these (PF13 0211, PFB0815w) have recently
been implicated in the schizont to ring transition [1], [2].
Another one of these identified (MAL7P1.144) has been found
to influence erythrocyte membrane in both trophozoite and sch-
izont [3]. Overall, these results suggest that further functional
analysis of the other protein kinases we have predicted may
reveal new insights into P. falciparum blood stage development.

Keywords-Plasmodium falciparum, protein kinase, and gene
expression level.

BACKGROUND

Malaria is a mosquito-borne disease of humans, affecting
about forty percent of the global population and leading to
over one million deaths annually [4]. This disease is caused
by any of four species of Plasmodium parasites, of which
P. falciparum is the most virulent one and is responsible for
the majority of human fatalities.

P. falciparum is transmitted by mosquito. When an in-
fected mosquito bites a person, the P. falciparum is injected
into the bloodstream in the form of sporozoites. Once it
invades the human body, P. falciparum sequentially infects
the liver and blood. In particular, sporozoites first travel
to the human liver and multiply in the liver cells. After
several days, tens of thousands of P. falciparum in the form
of merozoites exit from infected liver cells and begin to
invade red blood cells (RBCs). This invasion is also called
the intra-erytrhocytic developmental cycle (IDC). During
IDC, P. falciparum invades and propagates rapidly in RBCs,

causing the common symptoms of malaria such as chills,
fever and sweating.

To understand the parasite process in human blood, mi-
croarray technology is being used to measure the gene
expression level of P. falciparum in IDC. It has been reported
that all of the three stages of infected RBCs (iRBCs) in
IDC-rings, trophozoite and schizont-have an apparent gene
expression pattern, with specific subsets of gene displaying
consistent behavior in the given stage [5], [6]. However,
the key proteins which control the transition between stages
have not been identified. It is not surprising given that those
proteins can be the potential targets in the treatment of
malaria. In a recent study, it is found that the protein kinase
PF13 0211 regulates the parasite egress in the schizont
stage [1]. Consequently we hypothesize that there may exist
other protein kinases which also play key roles in regulating
the stage transition in IDC.

Hundreds of protein kinases have been identified in P.
falciparum [7], [8]. Considering the difficulty to infer the
function of each protein kinase from biological experiments,
we propose a computational approach to predict the protein
kinases which may regulate the stage transitions in IDC.
Hence further experimental study can focus on the few
protein kinases predicted by our approach, rather than on
hundreds of them. The proposed approach is inspired by two
observations. Firstly, the peak in the gene expression level
usually indicates that the function of the encoded protein is
required [9]. Therefore, the protein kinases which appear a
high expression level when stage transition occurs have a
high likelihood to be involved in regulating this transition.
Secondly, owing to the lack of synchrony among iRBCs,
the peak pattern just mentioned is not readily apparent from
the observed microarray data, which is measured from an
ensemble of non-synchronized iRBCs. In the microarray
experiment, for example, iRBCs are usually synchronized
by sorbitol treatments in the beginning. However, due to the
individual diversity, iRBCs gradually lose synchrony over
time as the experiment continues [5], [10]. Now it is still
an open problem how to ensure the synchrony of iRBCs in
microarray experiment.



We analyze the microarray experiment and identify three
main factors which drive the iRBCs out of synchronization:
diversity of infection time, diversity of growth rate, and
newly infected RBCs. Dan et al. have presented a gene
expression deconvolution algorithm to remove the effects of
diversity in cell growth rate [11]. However, growth rate is
not the only reason leading to decaying synchrony. Therefore
we model the decaying synchrony and proposed our method
to reconstruct the synchronized gene expression levels from
observed microarray data. Then the desired protein kinases
can be better predicted from the synchronized gene expres-
sion levels.

The materials section describes the microarray data used
in this work. The details of proposed approach are presented
in the methods section. Our results are discussed in the
results section. The conclusions are given in the end of this
paper.

MATERIALS

A publicly available microarray data for the P. falciparum
strains 3D7 is used in this work [5], [10]. The expression lev-
els of 4022 oligonucleotide sequences has been previously
measured at fifty three time points with one hour interval.
As some data are not valid in the original data set, only the
oligonucleotide sequences with valid data over all fifty three
time points are used in this work. After the quality filtering,
2623 oligonucleotide sequences are collected in total.

Eighty-two protein kinases involved in the P. falciparum
life cycle are identified by retrieving the PlasmoDB database.
Since protein kinases may have several unique oligonu-
cleotide sequences, eighty-two of protein kinases were rep-
resented by one hundred and seven of the oligonucleotide
sequences. For the protein kinases which have multiple
expression curves, average trace is calculated from multiple
curves to represent the protein. Finally, the gene expression
levels of eighty-two protein kinases are collected from public
data set and used in this study.

METHODS

There are two main components. Firstly, a method is
proposed to extract synchronized gene expression levels
from the microarray data: the decaying synchrony among
iRBCs are modeled as a series of cell age distributions
changing radically over time. The process of how gene
expression curve are generated from non-synchronized cells
is modeled as a linear system. The synchronized gene
expression curves are reconstructed by solving the discrete
linear system as a discrete linear inverse problem. Secondly,
based on the synchronized gene expression curves, protein
kinases are prioritized by their likelihood of being involved
in the desired stage transition.

Figure 1. Diversity of infection time among iRBCs

Analysis of decaying synchrony

We assume that there are three main factors which drive
the iRBCs out of synchronization in the experiment.

In the original experimental setup, late-stage Schizonts
are synchronized by six sorbitol treatments on three gen-
erations [5], [10]. Prior to the first microarray time point,
fresh RBCs are infected by Schizonts within two hours.
After the two-hour-invasion, the concentration of RBCs is
reduced from 14 percent to 3.3 percent to reduce the invasion
of remaining RBCs. Our first concern is that the invasion of
RBCs did not occur simultaneously in the two-hour-invasion.
Furthermore, still can RBCs be infected as long as Schizonts
remain after the two-hour-invasion, as shown in Fig. 1. In the
experiment, considerable Schizonts are alive for five hours
after the two-hour-invasion.

Let N(t) be the total number of iRBCs at time t, and
n(t) be the derivative function of N(t). In the perfectly
synchronized case that all RBCs are simultaneously infected,
n(t) should have positive value only at one time point. In
practical situation, however, n(t) has a high value during
the two-hour invasion, and it maintains positive for five
hours after concentration is reduced to 3.3 percent. Actually
the value of n(t) can be monitored during the microarray
experiment. As the original data set did not report this
data, we assume that n(t) is in directly proportional to the
concentration of RBCs. Hence it can be approximated as a
piecewise function:

dN(t)

dt
= n(t) =


14, if − 2 ≤ t < 0.

3.3, if 0 ≤ t ≤ 5.

0, otherwise.
(1)

Let fi(s) be the expression level of protein i from the
perfectly synchronized iRBCs at their cell age s, where s
is the product of the hour of infection (h) and growth rate
(r): s = hr. For instance, one cell is infected at time t1,
its expression level on the protein i at time t2 is described
as fi[(t2 − t1)r]. It is also observed in the experiment
that iRBCs grow with different growth rates [5], [10]. For
example, if a large amount of RBCs are simultaneously



Figure 2. Diversity of growth rate among iRBCs

Figure 3. Newly infected RBCs

infected in the beginning, after several hours few iRBCs can
reach the next stage faster than the majority of the iRBCs.
This phenomenon give rise to our second concern that the
diversity of growth rate gradually decays the synchrony,
even if RBCs are well synchronized in the invasion period,
as shown in Fig. 2. In this work, the random variable of
growth rate is assumed to follow the Normal distribution:
r ∼ N(1, σ2). The value of σ is adjusted to fit the
experiment observations. The details will be discussed later.

Due to the diversity of growth rate, a few iRBCs can
reach the late-stage of Schizont early. As a result, additional
fresh RBCs will be infected by those fast-growing iRBCs, as
shown in Fig. 3. This is also observed in the experiment [5],
[10]. Let N2(t) be the number of RBCs which are infected
in latter part of experiment at time t. N1(t) stands for the
RBCs which reach the end of their life cycle at time t. N2(t)
is approximated as a linear function on N1(t):

N2(t) = aN1(t). (2)

The invasion factor a indicates the average number of
fresh RBCs will be infected by one fast-growing iRBCs. Its
value can be easily observed in the microarray experiment.

Simulation of iRBCs population distribution

From our above discussion, the distribution of cell age
is gradually derived in the following. First the number of
infected RBCs at time t is described as:

N(t) =

∫ t

−∞
n(t′)dt′. (3)

Let p(h, s) be the probability that a RBC with h hours
of invasion reach the cell stage s. Therefore, the number of
iRBCs which reach cell stage s at time t is given by:

N(t, s) =

∫ t

−∞
n(x)p(t− x, s)dx. (4)

If we consider the RBCs which are infected by the fast-
growing iRBCs as well, (3) is updated as:

N(t, s) =

∫ t

−∞
n(x) [p(t− x, s) + ap(t− x, s+ T )] dx,

(5)

where T indicates the average life length of iRBCs.
As mentioned previously, s = hr and r ∼ N(1, σ2).

Consequently, the cumulative distribution function of p(h, s)
is described by: ∫ s

−∞
p(h, x)dx = Φ

( s

h

)
. (6)

Then the equation for p(h, s) can be derived as:

p(h, s) =
dΦ( sh )

ds
=

ϕ( sh )

h
. (7)

Substituting (7) into (5), we have the expression of
N(t, s):

N(t, s) =

∫ t

−∞

n(x)

t− x

[
ϕ

(
s

t− x

)
+ aϕ

(
s+ T

t− x

)]
dx,

(8)

where

ϕ(x) =
1√
2πσ2

e−
(x−1)2

2σ2 . (9)

Determine the standard deviation of growth rate

The iRBCs population distributions described in (8) is
subject to standard deviation of cell growth rate σ. To
determine σ, its value is chosen such that iRBCs population
distributions can ideally satisfy the observations in the
experiment.

Over their 48-hour life cycle, iRBCs go through three
life stages: Ring, Troph and Schizont. As shown in Fig. 4,
the bounds of these three life stages for the perfectly
synchronized iRBCs are derived from the percentage of
iRBCs, which has been observed in the experiment [10].
The derived bounds are given as follow:



Figure 4. Percentage of Cells on Ring, Troph and Schizont observed in
experiment
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Figure 5. iRBCs population distributions change over time

RBC at cell stage s =


Ring, if 0 ≤ s < 16.

Troph, if 16 ≤ s < 28.

Schizont, if 28 ≤ s ≤ 48.

(10)

Based on above bounds, the percentage of iRBCs on
Ring, Troph and Schizont can be calculated from iRBCs
population distributions. Therefore, the value of σ is tuned
such that the iRBCs population distributions can produce
the percentage of iRBCs coinciding with experimental ob-
servation. The iRBCs population distributions and calculated
percentage of iRBCs are respectively given in Fig. 5 and
Fig. 6.

Modeling of gene expression level

The gene expression levels obtained in the microarray
experiment are the ensembles of individual iRBC. How
iRBCs are accumulated together is modeled as a linear
system. Let fi(s) be the expression level of individual iRBC
on the protein i when the iRBCs reach the cell stage s, and
ei(t) indicates the observed expression level on the protein

Figure 6. Percentage of iRBCs on Ring, Troph and Schizont calculated
from iRBCs population distributions

i at time t . As N(t, s) denotes the number of iRBCs which
reach cell stage s at time t, ei(t) is described as:

ei(t) =

∫
N(t, s)fi(s)ds. (11)

As the average life length of iRBCs is forty-eight hours,
the continuous function fi(s) is approximated as a series of
discrete points:

{fi(1), fi(2), ..., fi(47), fi(48)}. (12)

The number of iRBCs at stage s is also represented as
discrete points:

{N(t, 1), N(t, 2), ..., N(t, 47), N(t, 48)}. (13)

Therefore, the integral of N(t, s) and fi(s) is approxi-
mated as:

ei(t) =
48∑
s=1

N(t, s)fi(s)△s. (14)

In the microarray experiment, the expression levels are
measured from first time point to the fifty-third time point
with one hour intervals. Therefore, a linear system can be
derived based on (14):


N(1, 1) . . . N(1, 48)
N(2, 1) . . . N(2, 48)

...
. . .

...
N(53, 1) . . . N(53, 48)


︸ ︷︷ ︸

A


fi(1)
fi(2)

...
fi(48)


︸ ︷︷ ︸

x

=


ei(1)
ei(2)

...
ei(53)


︸ ︷︷ ︸

b
(15)

Notice that the above linear equations describes a discrete
linear inverse problem. The t-th row of observation matrix A
denotes the iRBCs population distribution at the time point
t. The unknown variable vector x is the desired perfectly-
synchronized expression curve on protein i. The constant



vector, b, stands for the observed expression level of protein
i.

Reconstruction of synchronized expression level

For each protein i, the observed expression level is mod-
eled as the linear combination of the expression levels from
individual iRBCs, as described in (15). As there are fifty-
three equations with only forty-eight unknown variables, the
linear system is overdetermined.

The objective function for the described inverse problem
is derived in following. Firstly, a lower bound is assigned
to the variables in x, because x denotes the gene expression
level whose value is valid only in positive range. Secondly,
the idealized gene expression level is assumed to be a
smooth curve over forty-eight time points. Consequently, the
numerical solution is acquired by minimizing the objective
function which consists of square error and the gradients of
curve:

x = argmin
x≥0

[(Ax− b)(Ax− b)⊤︸ ︷︷ ︸
square error

+c

48∑
k=1

(xk − xk+1)
2

︸ ︷︷ ︸
gradients

].

(16)
The problem described above is solved by the function

fmincon in Matlab (MATLAB 7.9, The MathWorks Inc.)

Prediction of protein kinases

As we discussed above, high gene expression level is
regarded as a sign that the function of corresponding protein
is required. Let f̂i(t) be the normalized expression curve
whose integral on one iRBC life length is equal to value
one:

f̂i(t) =
1∫ 48

0
fi(x)dx

fi(t) ≈
1∑48

k=1 fi(k)△ k
fi(t), (17)

where t=1, · · · , 48.
The likelihood that the protein kinases i is involved in

regulating the stage transition can be estimated as:

∫ b

a

f̂i(t)dt ≈
b∑

t=a

f̂i(t)△ t, (18)

where a and b indicate the time period when the stage
transition occurs.

According to the stage bounds described in (10), the stage
transitions between Ring, Troph and Schizont are estimated
to occur in the following three time-periods: from fifteen
to seventeen, from twenty-seven to twenty-nine and from
forty-seven to forty-eight returning to the period between
one and two. Therefore protein kinase can be prioritized by
its likelihood of involving in the desired stage transition.

Figure 7. Expression level of MAL7P1.144

RESULTS AND DISCUSSION

The synchronized gene expression levels are reconstructed
for eighty-two protein kinases. The proteins kinases which
may regulate the stage transitions are identified by the
likelihood calculated from (18). As highlighted in the Ta-
ble I and II, there are four protein kinases displaying high
likelihood of regulating the transition from Schizont to
Ring. There is only one protein kinase with relative high
likelihood involving in the transition from Ring to Troph.
None of the protein kinase has been found to be apparently
involved in the transition from Troph to Schizont. Their
synchronized expression levels are also plotted from Fig. 7
to 11 respectively.

As we mentioned earlier, it have been reported in recent
studies that PFB0815w and PF13 0211 are involved in
regulating the transition from Schizont to Ring [1], [2].
In our study, their likelihood of regulating the transition
from Schizont to Ring are estimated as 0.387 and 0.391
respectively, ranking in the top four of all eighty-two protein
kinases. This observation considerably enhances our con-
fidence towards the accuracy of our predictions. We call
for further experimental study to investigate the function
of other protein kinases we have identified: PFB0665w and
PF11 0267.

CONCLUSIONS

This paper presents a computational approach to predict
the transcriptionally regulated protein kinases involved in
controlling Plasmodium falciparum blood stage develop-
ment. Firstly, we analyze the decaying synchrony among
iRBCs in microarray experiment and proposed a method
to reconstruct the synchronized gene expression level from
observed microarray data. Secondly, the desired protein
kinases are identified by the peaks in reconstructed gene
expression level. By analyzing publicly available data set,
a few protein kinases are predicted to be involved in the



Table I
LIKELIHOOD OF BEING INVOLVED IN THE STAGE TRANSITIONS(PART 1)

Protein Name Ring to Troph Troph to Schizont Schizont to Ring

MAL13P1.19 0.018680682 0.08590056 0.059611574
MAL13P1.278 0.005587642 0.003478611 0.340063333
MAL7P1.132 0.018014701 0.066914572 0.115198282
MAL7P1.144 0.252092932 0.098451194 0.003018913

MAL7P1.91 0.021271693 0.106997902 0.051283765
MAL8P1.150 0.005746708 0.007274644 0.280639924

MAL8P1.74 0.08789503 0.107130235 0.029649886
PF07 0029 0.088755018 0.13477482 0.016608901
PF07 0072 0.010405248 0.019098349 0.247803515
PF08 0019 0.126604595 0.075356869 0.023529917
PF10 0086 0.087136079 0.088667299 0.038088499
PF10 0106 0.065630707 0.068465576 0.050919678
PF10 0160 0.116078198 0.081165905 0.02594633
PF10 0306 0.000429025 0.003797754 0.289274149
PF11 0188 0.14023502 0.110518556 0.010939099
PF11 0220 0.01345622 0.081036986 0.077885974
PF11 0225 0.100496888 0.059760558 0.029558644
PF11 0257 0.018975534 0.104327607 0.124221448
PF11 0267 0.005947693 0.004328863 0.415104653
PF11 0464 0.03503728 0.021398868 0.179402084
PF13 0089 0.046859775 0.066613623 0.03399201
PF13 0166 0.037494878 0.02913007 0.16791461
PF13 0211 0.020685301 0.000185196 0.391159373
PF13 0232 0.075767043 0.082480575 0.038332711
PF13 0258 0.030751876 0.064259461 0.110696537
PF14 0020 0.026626242 0.037898588 0.184321504
PF14 0143 0.047100879 0.027968815 0.154379542
PF14 0200 0.056721616 0.038469848 0.07116966
PF14 0214 0.105355789 0.062722525 0.016520061
PF14 0227 0.130657903 0.066798253 0.027973551
PF14 0294 0.051314144 0.068315106 0.031195704
PF14 0316 0.062843622 0.035079107 0.13328504
PF14 0320 0.030179829 0.060626136 0.066577684
PF14 0346 0.001103208 0.004785852 0.291337904
PF14 0392 0.007110674 0.047435647 0.105495931
PF14 0415 0.014475165 0.026759735 0.084281448
PF14 0417 0.057041598 0.106924226 0.049328678
PF14 0423 0.115491261 0.048032604 0.024059347
PF14 0431 0.112456891 0.056026597 0.02545772
PF14 0476 0.062826115 0.021684214 0.150008661
PF14 0583 0.021359455 0.052050989 0.141054592
PF14 0681 0.007464899 0.033498711 0.174509529

Figure 8. Expression level of PF11 0267

Table II
LIKELIHOOD OF BEING INVOLVED IN THE STAGE TRANSITIONS(PART 2)

Protein Name Ring to Troph Troph to Schizont Schizont to Ring

PFA0285c 0.012565543 0.068361933 0.150257082
PFA0530c 0.115236605 0.055201416 0.024177508
PFB0150c 0.102084537 0.036733823 0.036362662

PFB0280w 0.074686603 0.107767161 0.013980194
PFB0520w 0.03852096 0.068032688 0.032591565
PFB0665w 0.011317905 0.004812578 0.387060066
PFB0815w 0.003563699 0.004174167 0.387911643
PFC0105w 0.08463021 0.093979843 0.022160894
PFC0385c 0.031391835 0.075872112 0.061245905
PFC0475c 0.012925327 0.064507877 0.125365273
PFC0525c 0.030389901 0.098127154 0.070386818

PFC0945w 0.002985037 0.002012548 0.322664318
PFD0740w 0.101453462 0.046705188 0.018804465
PFD0865c 0.048711693 0.082439958 0.030727983

PFD1165w 0.089610105 0.007076749 0.054187952
PFD1175w 0.155189087 0.045591527 0.015424205
PFE0765w 0.035174018 0.086407847 0.076636866
PFE1030c 0.036876785 0.055557214 0.158469317
PFI0095c 0.076973657 0.072618525 0.041154505
PFI0105c 0.117155306 0.033103802 0.010745139
PFI0110c 0.097947994 0.000876255 0.01823255
PFI0120c 0.044326506 0.006711292 0.034504112

PFI0160w 0.008104146 0.083855184 0.11078
PFI0650c 0.129873804 0.044210302 0.024001769

PFI0925w 0.097826044 0.068241341 0.022193159
PFI1105w 0.097272181 0.048537839 0.020543721
PFI1110w 0.094407964 0.04232104 0.037351962
PFI1155w 0.017018766 0.07406346 0.124413169
PFI1420w 0.126625904 0.060755705 0.040457653
PFI1485c 0.044826216 0.01845324 0.179429114

PFI1685w 0.000690827 0.006613259 0.303573885
PFL0040c 0.095203349 0.021959865 0.049983393
PFL0080c 0.025751562 0.081491933 0.072582533
PFL1070c 0.047196998 0.116652415 0.035605452
PFL1110c 0.00280451 0.009861797 0.287915445
PFL1330c 0.011497255 0.076748574 0.094790786

PFL1370w 0.010765437 0.056445361 0.091249912
PFL1490w 0.097665101 0.067710861 0.031131428
PFL1885c 0.036612112 0.011835394 0.323467314

PFL2280w 0.012426575 0.0204114 0.240563146

Figure 9. Expression level of PF13 0211



Figure 10. Expression level of PFB0815w

Figure 11. Expression level of PFB0665w

stage transition. Our prediction on two of these (PFB0815w
and PF13 0211) have been validated in previous studies [1],
[2]. Overall, these results suggest that further study on other
protein kinases we have predicted may reveal new insights
into P. falciparum blood stage development for instance
PFB0665w and PF11 0267.
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