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Abstract
Biological assays around “lab-on-a-chip (LoC)” are required in multiple concentration (or dilution) factors, satisfying specific 
sample concentrations. Unfortunately, most of them suffer from non-locality and are non-protectable, requiring a large footprint 
and high purchase cost. A digital geometric technique can generate arbitrary gradient profiles for digital microfluidic biochips 
(DMFBs). A next- generation DMFB has been proposed based on the microelectrode-dot-array (MEDA) architectures are 
shown to produce and disperse droplets by channel dispensing and lamination mixing. Prior work in this area must address the 
problem of reactant and waste minimization and concurrent sample preparation for multiple target concentrations. This paper 
proposes the first splitting-droplet sharing algorithm for reactant and waste minimization of multiple target concentrations 
on MEDAs. The proposed algorithm not only minimizes the consumption of reagents but also reduces the number of waste 
droplets by preparing the target concentrations concurrently. Experimental results on a sequence of exponential gradients are 
presented in support of the proposed method and demonstrate its effectiveness and efficiency. Compared to prior work, the pro-
posed algorithm can achieve up to a 24.8% reduction in sample usage and reach an average of 50% reduction in waste droplets.

Keywords  Microelectrode-dot-array (MEDA) · Biochip · Mixing tree · Dilution · Sample preparation · Reactant minimization

1  Introduction

To meet the challenges of healthcare costs for cardiovascular 
diseases, cancer, diabetes, global HIV crisis, and so on, a new 
field of interdisciplinary research centered around “lab-on-
a-chip (LoC)” is emerging, which implements one or more 
biochemical laboratory protocols on a single chip [4, 27]. The 
worldwide market for in vitro diagnostics in 2007 was esti-
mated at $38 billion, and 1.5 billion diagnostic tests per year 
worldwide have been predicted for malaria alone [27]. Sample 
preparation is an indispensable step in almost all biochemical 
protocols for mixing two or more biochemical reagents in a 
given volumetric ratio [2], called target concentration factor 
(CF), where 95% of cost mostly depends on the consumption 
of valuable reactants [11]. Dilution gradients can regulate the 
degree of diffusion [14] and play an essential role in practice, 
e.g., in digital polymerase chain reaction (digital PCR, dPCR) 
[35], where template, enzyme inactivation, and primer quality 
affect false-negative amplification results [23, 25, 29]. Another 
example of an accurate assay is the enzymatic glucose assay 
(Trinder’s reaction) [13, 26], which requires several reagents 
with different concentration levels.
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Designs of such gradient generators on digital micro-
fluidic biochips (DMFBs) were reported in [5, 22, 30, 32, 
33], which have the advantages of high precision, small 
consumption, and high flexibility in experimental places [4, 
6, 8]. Prototypes of MEDA-based biochips have been fab-
ricated using the TSMC 0.35 � m CMOS technology [24]. 
Moreover, a cloud-based open-source electrowetting-on-die-
lectric (EWOD) cyber-manufacturing ecosystem [7, 8] has 
been applied during the sample preparation, where DMFBs 
only utilize the (1:1) mixing model [34]. As shown in Fig. 1, 
next-generation DMFBs, MEDAs allow microelectrodes to 
be dynamically grouped to form a micro-component that can 
perform novel microfluidic operations on the chip [18, 34]. 
One of the operations is channel dispensing, which controls 
the sizes of the two resultant droplets on MEDA biochips. 
Fig. 2 illustrates the three steps in which the droplet com-
pletes splitting on the chip.

MEDAs also provide another novel merging operation 
named lamination mixing. Two different sizes of droplets, 
e.g., a 1X and a 3X volume droplet, can be combined into 
a 4X volume droplet (Fig. 3(a-b)). A general mixing model 
( s1 : s2:...: sn ) has been proposed in [19], where n is the num-
ber of droplets that are mixed, and si represents the respec-
tive volume size of droplet i.

It is a potentially important application of MEDA biochips 
to mix with buffer droplets until the target concentration via 
a series of channel dispensing and lamination mixing on 
MEDAs [24]. Although the generic multiple-reactant algo-
rithm was proposed in [16, 20], which exploits such novel 
operations, However, existing MEDA-based dilution algo-
rithms [15, 17] do not consider the arithmetic properties 

embedded in the gradient pattern while optimizing the cost. 
In this paper, we utilize the underlying combinatorial prop-
erties of exponential concentration gradients to produce the 
desired target ratios lying on the gradient profile by extend-
ing dispensing and mixing on MEDAs. The splitting-droplet 
sharing algorithm on MEDAs is proposed, which decomposes 
the inputs to minimize the required sample droplets and waste 
production. The proposed algorithm consists of three stages:

•	 The ratio decomposition stage
•	 The splitting graph construction stage
•	 The waste droplet-sharing stage

The first stage determines the best decomposition of the 
splitting chart’s input, and the second stage constructs the 
splitting graph representing the target CF. And the third 
is aiming at waste droplet recycling for the same target. 
Extensive simulation results are presented to compare the 
proposed methods with several state-of-the-art multi-target 
dilutions algorithms [2, 9, 10, 12]. Results show that, com-
pared to prior methods, the proposed method can achieve 
up to 24.80%.

The remainder of this paper is organized as follows. Sec-
tion 2 gives the formulation of the problem of on-chip sample 
preparation for dilutions of multi-target CF. Section 3 builds 
a splitting model for the issue of Section 2. Section 4 presents 
the proposed algorithm for multi-target CF and an example 
demonstration with single CF and multi-CF cases. Section 5 
shows the simulation results, including several synthetic test 
dilution cases. Finally, conclusions and future works are drawn 
in Section 6.

Fig. 1   A droplet undergoing 
transport on a MEDA biochip: a 
Side view and b Top view

Fig. 2   Channel dispensing. a 
A 4X droplet forms a channel 
toward the new droplet. b A 
1X droplet is derived from the 
channel. c The channel breaks 
in the middle, generating two 
resultant droplets, 1X and 3X 
volume
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2 � Background

2.1 � Sample Preparation on DMFBs

It is accomplished by a sequence of droplet-mix-split steps on 
a biochip, where many real-life applications require a sample 
with multiple concentration factors (CF) [24]. When the output 
droplet concentration is single, it is called single target sample 
preparation. When the output concentration is two or more, it 
is collectively called multi-target sample preparation.

2.1.1 � Mixing Model on DMFBs

Mixing the k unit volume of one droplet with the t unit vol-
ume of another droplet produces a mixture of (k+t) unit 
volume in a mix-and-split, called the (k: t) mixing model.

When a droplet with CF = c1 is mixed with another drop-
let with CF = c2 and c2 < c1 , dilution can be achieved for 
c3 = (c1 + c2)∕2 , where c3 meet c2 < c3 < c1 after a mix-and-
split operation. When the expected accuracy level is h, the 
predicted target CF is represented as a h-bit binary fraction 
(truncating it beyond hth bits).

2.1.2 � Dilution Using Mixing Tree on DMFBs

Mixing tree is proposed in BS [31] based on DMFBs, 
where the operations are executed level by level from the 
rightmost least significant bit (LSB) to the leftmost most 
significant bit (MSB) and are dependent on the bit string - 
“1” represents a raw reactant, while “0” indicates a buffer.

Figure 4 compares the execution processes of BS [31] 
during single target preparation. According to the mixing 
principle of c3 = (c1 + c2)∕2 , the final product 317

1024
 is com-

posed of a mixture of 512
1024

 and 112
1024

 , 96

1024
 is composed of a 

mixture of 64

1024
 and 112

1024
 , and 608

1024
 is composed of a mixture 

of 1024
1024

 and 192
1024

.
RSM [12], and REMIA [11] have adopted mixing trees 

and improved their defects in sample consumption. Fig. 5a 
shows a tree built in REMIA [11] proposed way.

•	 Two droplets with a concentration of 512
1024

 were generated 
by a mix-and-split operation with a sample concentration 
and a buffer concentration.

•	 The resulting droplets with a concentration of 512
1024

 mixed 
with buffer droplets and split.

•	 A droplet with a concentration of 256
1024

 and a sample has 
generated two target concentration droplets, namely 
( 256
1024

+ 1)∕2 = 2
608

1024
.

Therefore, when given target CF is 608
1024

 , it was two opera-
tions, two buffers, and two waste to prepare two droplets 
with target CFs of 608

1024
 , where the target ratio is {608}.

Similarly, two-target generation is shown in Fig. 5b. 
There were seven operations on a DMFB to prepare target 
concentrations of 608

1024
 and 96

1024
 , using two reagents and five 

buffers throughout the process, resulting in three waste. 
Two concentrations of 96

1024
 and 608

1024
 were generated during 

the sixth and seventh operations, respectively.

2.2 � Literatures and Motivations

Over the last decade, a lot of research work has been done 
on algorithm design for the automation of (1:1) mix-
ing model on DMFBs, all of which focus on achieving 

Fig. 3   Lamination mixing [19]. a Two droplets are merged. b The 
merged droplet is split in the direction that is orthogonal to the 
merged direction. c Two split droplets are transported to the start 

positions respectively. d  The same operations are repeated until the 
droplet is mixed completely

Fig. 4   Mixing trees for 608
1024

 , 96

1024
 and  317

1024
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sample/waste minimization [2, 10–12, 21, 28]. REactant-
MInimization Algorithm [11] (REMIA) was proposed 
first to minimize reactant usage on DMFBs. Exponential 
Dilution Algorithm [2] (EDT) was reported for efficient 
generations of dilution gradients while reducing the cost 
of reactants (sample/buffer), based on (1:1) modeling on 
DMFBs. Dilution algorithms have been also proposed 
for MEDA biochips [15, 17]. The weighted sample-
preparation method (WSPM) has been published as the 
first dilution approach for MEDA biochips to generate 
a dilution strategy [17]. Later, a more efficient dilution 
approach and a volume-oriented dilution approach, called 
FacDA and TVODA, respectively, were designed in [15], 
all shown in Table 1.

Motivation: The main objective in sample preparation 
is to minimize (1) the volume of the sample needed; (2) the 
number of generated waste droplets [24]. Existing algo-
rithms have been proven effective while attempting to share 
the operations to reduce reactant cost and waste-production 
amount. However, it is challenging to achieve a gradient dilu-
tion using the minimum number of reagents with a minimum 
waste on a DMFB [1]. When the concentration limit of the 
sample source droplet is 1 (i.e., 100%), almost all DMFB 
algorithms have the problem of unavoidable waste droplet 
generation [2]. Motivated by an example described by EDT 
[2] on DMFBs, we present an algorithm for producing any 
given exponential dilution gradient with minimum wastage. 
In other words, total reagent consumption is minimized.

Fig. 5   REMIA [11] for different 
CFs

Table 1   Dilution algorithms Dilution Aims to Aims to Produces multiple Sizes of
algorithm reduce waste? reduce reactant? target-CFs? target set?

WSPM [17] YES YES NO 1
DFM [15] YES YES NO 1
FacDA [15] YES YES NO 1
REMIA [11] NO YES YES 1
EDT [2] YES YES NO 1
Proposed YES YES YES [1, 210]
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2.3 � Problem Formulation

Dilution can now be formally stated as follows. The promi-
nent notation used in this paper is summarized in Table 2.

1.	 The inputs are as follows. 

(a)	 Required droplets’ size TargetSize, where Target-
Size is the r power of 2. 

(b)	 The precision level of concentration representation h.
(c)	 A set of target CF C. 

 where n is number of required different 
concentrations.

(d)	 A Set of exponential gradient ratios for target ratios T. 

 Element Ti ∈ T  specifies the portions of each CF 
Ci as given by the following equation: 

 where i = 1, 2,⋯ , n , and h is positive integer.
2.	 The outputs are as follows. 

(a)	 A set of wastage CF w. 

 where x is number of different wastage CFs.
(b)	 The number of sample ns and waste nw.

3.	 The objectives are as follows. 

TargetSize = 2r

C = {C1,C2,⋯ ,Cn}

T = {T1, T2,⋯ , Tn}

(1)Ci =
Ti

2h

w = {w1,w2,⋯ ,wx}

(a)	 To determine a ratio algebraic expressions RST for 
T in size.

(b)	 To build ST that can generate target CF.
(c)	 The algorithm proposed improves waste minimi-

zation and sample saving.

3 � Proposed Splitting Tree Model

3.1 � Splitting Tree

A sample generation process for dilution is modeled using 
a tree structure named splitting tree (ST), and then droplets 
with concentration of source CF can be said to be discrete 
and dispersed into TargetSize droplets. The following defini-
tion gives notations for dilution droplet generation.

Definition 1  Splitting Rule (SR):

•	 The concentration of noderoot is source CF.
•	 There is only one droplet noderoot that begins to split, and 

the concentration of that droplet satisfies vright <= source 
CF.

•	 The droplet undergoes splitting to produce two droplets 
of equal concentration and sequential order.

•	 Splitting does not produce waste droplets.

Definition 2  Splitting Tree (ST): According to SR, ST is a 
finite set with nodes ntree ( ntree > 0).

•	 ST ≠ ∅.
•	 Each splitting behavior obeys the SR.

where unit CF is the concentration of layer h, and unit size 
is the maximum node number of this layer.

Definition 3  node pepresents the droplets with different out-
put CFs v and number of droplets with different CF s.

(2)h = ⌈log2TargetSize⌉

(3)unit size = 2h

(4)unit CF = v2h−1 = v2h−2 = ⋯ = v2h−1 =
1

2h

(5)node =< s, v >

(6)drop =

{
true v = c

false otherwise

(7)TargetSize =
∑

s

Table 2   Notations and Descriptions

Notations Descriptions

h Precision level of dilution.
C A Set of exponential-gradient target CFs.
T A Set of exponential-gradient target ratios.
n Number of different target CF in C.
node Output droplets with different concentrations.
Q A Set of node.
TargetSize Number of output droplets.
ST Represents the process of generating target Q.
GST A Set of minimum ST.
w A set of wastage CF in GST.
K Minimum wastage CF in GST.
RST Ratio of ST new sources with concentration K.
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When drop is true, it is represented that the output con-
centration v meets the standard within the error range, and 
then the splitting proceeds to the next sub-tree; otherwise, 
the ST generation steps will not continue. The number of 
node generated by ST ranges from 2h−1 to 2h − 1 , where drop 
are true, and v are equal 1

2h
.

Definition 4  n represents the set size of T, Q is set of drop-
lets with nodei generated by ST, and V represents the sum of 
droplet volumes used for sample preparation.

3.2 � Proposed Algorithm

Algorithm 1 describes a single target preparation in which 
products target CF v and its quantity s. Eq. 4 is the relationship 
between concentrations of leaf nodes unit CF and tree height 
h, so h is obtained from input target CF (line 2), drop = true 
indicating the completion of mix-and-split operations, where 
no node can be split in Q (line 4). According to Eq. 3, the ith 
layer can generate up to NMAX nodes (line 5) and s is quantity 
of Q (line 6). While s ≤ NMAX , the node in Q combines with a 
buffer for a mix-and-split operation, resulting in ST mix-and-
split downwards (line 8-15). From the result queue Q, the queue 
head element node is dequeued (line 8), node is used as the 
parent node in the ST to generate (lines 12-13), which enters 
Q from the tail (line 14). The above process assumes that drop 
is true, indicating that it is the target CF, and the generation of 
node is ended (lines 9-11). When TargetSize is up to NMAX , it 
indicates that no mix-and-split is performed (lines 16-17).

Algorithm 1   Splitting Tree Generation Algorithm

3.2.1 � Example: Single‑Target Preparation

ST construction is to produce Q where contains target CF 
drops. The root of an ST always has a concentration of 1. 

(8)Q = ⟨node1, ⋯ nodei, ⋯ noden⟩

Since a mix-and-split operation produces two resultant 
droplets, the out-degree of a branch node is at most two. A 
branch node may have only one child, which implies only 
one resultant droplet is required for succeeding operations, 
and the other one is thus discarded as waste. According to 
the above facts, an ST is a binary tree but is not necessarily 
a full one. When drop = true, it indicates that v is the target 
CF. It is no longer used as a branch node for the next split but 
is stored in Q. On the contrary, vfather = 2vchild . As a result, 
the concentration of a node must be a target CF in Q, and the 
v of each leaf node is 1

2h
 by definition.

3.2.2 � Example: Multi‑Target Preparation

The splitting-droplet sharing algorithm can be extended to 
handle the sample preparation problem of multi-target CF, 
which was recently discussed in [11]. DMFBs should pre-
pare a set of target CFs at the same time Each target CF 
is still constructed individually in the interpolated dilution 
phase. Nevertheless, leaf nodes are inserted into a single 
shared min-heap in the exponential dilution phase. In most 
cases, the unified min-heap can effectively reduce sample 
usage [11]. Our algorithm is very likely to reduce the total 
sample usage further. Besides, the total dilution operation 
count, the total buffer usage, and the total waste count can 
all be minimized further. Fig. 6b demonstrates a two-target 
example, where two target CFs are 608

1024
 and 96

1024
 , respectively.

Reaching Fig. 5 with Fig. 6, it is found that compared 
with the most advanced REMIA [11], our algorithm has 
significantly improved the reduction of samples and waste. 
However, the ST method proposed performs very well in 
sample minimization but worst in operation count, produc-
ing more waste than REMIA [11] in single-target prepa-
ration. More specifically, Algorithm 1 consumes 50% and 
67% fewer samples than REMIA [11] in the above cases, 
respectively. Though the proposed algorithm is primarily 
designed for reactant and waste minimization, it still out-
performs 40%.

4 � Splitting Droplet Sharing Algorithm

The proposed splitting droplet sharing algorithm begins with 
the ratio decomposition stage and continues with the splitting 
graph construction stage and the waste droplet sharing stage.

4.1 � Dilution Gradient Profile

Assuming droplets with intermediate CFs of each Q of target 
CF are available, one can only prepare target CFs by dilut-
ing the original sample (100%) with buffer (0%). Dilution 
concentration ranges its accuracy h=10; in other words, the 
concentrations of the sample and buffer can be expressed 



93Journal of Electronic Testing (2024) 40:87–99	

as 2
h

2h
 and 0

2h
 . Afterward, some underlying combinatorial 

properties of the CFs are utilized favorably for producing a 
sequence of CFs by linearly adding exponents-CFs, which 
is represented as { 2h

2h
,
2h−1

2h
,⋯ ,

1

2h
,
0

2h
} , where the elements are 

in geometric progression, can be quickly produced from the 
raw sample of CF = 2

h

2h
 by serially mixing it with the buffer 

solution of CF = 0
2h

 . According to the relationship between 
target concentration C and dilution accuracy h in Formula 1, 
the range of target CFs C values is [ 0

1024
,
1024

1024
].

4.2 � Proposed Algorithm

The algebraic expression for the composition of Q from 
Ti ∈ T  is described below.

Where b ∈ B is the bits of the binary representation, the 
algorithm begins with the processing of input data, and the 
target CF is dissolved into leaf nodes (lines 1-3). This step 
transforms the given Ti into a polynomial representation Qi . 
The set Q is constructed by including expressions Qi as its 
elements (line 4). Empty set STi is created for Ti in the ratio 
decomposition stage (line 5). The ratio decomposition stage 
is formed to count the ratio of K droplets of each STi after 
selecting the minimum concentration of droplet K (line 6). 
The ratio decomposition stage determines an optimal con-
centration ratio (RST), depending on the minimum avail-
able concentration K. The splitting graph construction stage 

(9)Q = qB2
B + ... + qb2

b + ... + q02
0

builds GST according to RST (line 7), where < node > of STi 
are created and added.

Algorithm 2   Droplet-Sharing Dilution Algorithm

Example:
There is an example with the following target CFs C. 

1.	 Types of required different concentrations n = 7.
2.	 The precision level of concentration representation h = 

10.
3.	 A Set of exponential gradient ratios of target CF T. 

4.	 A set of target CF C of n types of required different 
concentrations (n = 7, h = 10). 

During processing (Fig.  8b), Qi(i = 1, ..., n) is analyzed 
according to Eq.  9. As a result, algebraic expressions 
Qi(i = 1, ..., n) for target CF Ti(i = 1, ..., n) are formed, where 

T = {64, 160, 208, 232, 244, 248, 252}.

C = {
64

210
,
160

210
,
208

210
,
232

210
,
244

210
,
248

210
,
252

210
}

Fig. 6   Algorithm 1 for target 
CFs in Fig. 5
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n = 7 . The element node = ⟨s, v⟩ in Q represents the leaf 
nodes with a concentration of v, and there is s in ST. The split-
ting graph GST builds the set of minimum STs that represents 
Q to achieve the given target CF (C) (Fig. 8c). Therefore, 
Q = {< 6,

128

1024
>,< 6,

64

1024
>,< 5,

32

1024
>,< 4,

16

1024
>,< 3,

8

1024
>,< 2,

4

1024
>}.The concentration of the direct product 

droplets generated by mixing the reagent droplets of con-
centration one and the buffer droplets is set to K. As shown 
in Fig. 8d, K =

128

1024
 and STi in GST have the reagents of 

concentration 1 to generate droplets of concentration 128
1024

 in 

the range of 1-8. According to Algorithm 1, six 128
1024

 droplets 
must be developed in ST1 , and node1 is < 6,

128

1024
> into queue 

Q. In addition to this, two 128
1024

 droplets in ST1 generate four 
64

1024
 droplets.

4.3 � Ratio Decomposition Stage

The ratio decomposition stage determines quantity sequence 
RST, which stores the number of node count with a concen-
tration K for all STs.

Fig. 7   Splitting model on 
MEDAs. MEDA biochip 
enabled splitting ratios which 
supports (1:3), (1:1:2), and 
(1:1:1:1)

Fig. 8   Example demonstrating 
the splitting-droplet shar-
ing algorithm. (a) Inputs: 
T = {64, 160, 208, 232, 244, 248, 252} . 
(b) Processing. (c) Ratio decom-
position. (d) Splitting graph 
construction
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Algorithm 3   Droplet-Sharing Dilution Algorithm

The algorithm uses node =< s, v > to record the number 
of droplets with the same product concentration in the Ti 
( Ti ≤ 1 ) to improve droplet utilization When Ti can generate 
nodes of the same attention, the split tree of Algorithm 1 
can create nodes in bulk. It can also be seen from Fig. 6 
that when the MEDA biochip is undergoing multi-sample 
preparation, the generation of droplets of target cf generates 
waste droplets (w). The waste droplets w are not recycled but 
go into a specific area of the chip waiting to be reactivated, a 
process we call the waste droplet sharing stage. Queue Q in 
Algorithm 2 stores the generated nodes; as shown in Algo-
rithm 2, the initial element of Q is source CF, where source 
CF equals one or w. w is the waste generated from the initial 
biochemical reaction of the MEDA biochip using reagent 
droplets with a concentration of 1, which does not increase 
the sample dosage. Moreover, the volume of product drop-
lets generated by MEDA biochip dispensing does not exceed 
eight times the minimum volume, so the minimum book of 
both source and w is 1

8
 times the reagent concentration.

In Algorithm 1, w is to prove to be the minimum avail-
able waste with concentration K. For example, Fig. 8c shows 
w = {

128

1024
,

256

1024
} . 256

1024
 is not the target CF. The result of ST1 

is eight 128
1024

 , of which six are the direct targets and the other 
two splits, resulting in 4 64

1024
 . In addition, all target CF in the 

ST2 may be generated by three 128
1024

 . As depicted in Fig. 8d 
minimum wastage concentration K =

128

1024
.

The step of Algorithm 3 is to work out RST, which con-
sists of the ratio of the number of nodes in each ST with the 
same concentration K. For example, in the example of Fig. 8, 
there are eight nodes with 128

1024
 in ST1 and at least three 128

1024
 

respectively in ST2 . ST2 is three instead of four primarily 
because the ST generates nodes from top to bottom, and 
nodes of 256

1024
 generates two 128

1024
 at a time. However, accord-

ing to one 128
1024

 is useless and stored as waste. Therefore, as 
shown in Fig. 8d, the RST of GST is 8:3.

4.4 � Splitting Graph Construction Stage

The construction process of ST1 in the example shown in 
Fig. 8 is shown in Fig. 9. The main idea of this stage is to 
construct an ST for each target CF and then combine them 

to obtain the resultant splitting graph GST. This stage begins 
with constructing STi for the target CF set Q. First, sub-
graphs are built for elements ⟨s, v⟩ in the target set Q (line 
3), as shown in Fig. 9. As shown in Fig. 9a dequeue element 
⟨6, 128

1024
⟩ from Q, which infers from the concentration 128

1024
 

that it is in the third layer of ST, and the maximum number 
of nodes is eight. Figure 9b shows that eight 128

1024
 nodes are 

generated. The other two are used as the intermediate nodes 
of the ST. As shown in Fig. 9c, the head element of squad-
ron Q is ⟨6, 64

1024
⟩ . Since two nodes with a concentration 128

1024
 

generate four 64

1024
 , there is no intermediate node to be split 

in the ST. Instead, the element⟨2, 64

1024
⟩ is modified, as shown 

in Fig. 9c. When the drop is false, and STs are returned. 
Therefore, in the ST, drop must be judged when mapping the 
elements in Q. When drop is false, it indicates that the leaf 
nodes are nodes with target CF. An ST is currently estab-
lished to generate the element concentration in Q.

In general, GST represents the sequence of splitting 
droplets to produce droplets of all the target CF, starting 
from splitting level 0 with the input reagents and progress-
ing upward with the next splitting level until the target CF 
is reached. Subgraphs whose lowest nodes are at the same 
level are combined to create nodes for the upper level, and 
this combining process will continue until it turns out to be 
a full binary tree. At this time, observe the leaf nodes of this 
tree, and the number exceeds ⟨si, vi⟩ indicated drop is split 

Fig. 9   Construction of ST1 for the example in Fig. 8
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down one layer to generate ⟨si+1, vi+1⟩ . And then, the graphs 
STi are combined to construct the resultant splitting graph 
GST = {ST1, ST2, ..., STn} , such that

Example:
Based on the channel dispensing shown in Fig.  2, 

the splitting model on MEDA biochips has been elabo-
rated, which refers to the process of k 1X droplets formed 
through k − 1 channel dispensing, represented as (1:1:1:1), 
as Fig. 7 shown. Moreover, a a general class of exponential 
gradients can be generated, successfully mixing the inter-
mediate droplet closest to the target droplet concentration 
with the buffer solution. Let us briefly revisit the method 
of scanning the h-bit binary representation of the numer-
ator of a desired CF. The following example illustrates 
the generation of target CF = 848

1024
 starting from sample 

(CF = 1024
1024

 ) and buffer (CF = 0

1024
 ), i.e., for h = 10. The 

10-bit binary representation of the numerator of 848

1024
 is 

(1101010000). Convert the scanned "1" to a correspond-
ing exponential representation while scanning the bits in 
its binary representation from right to left and outputs the 
required exponential-CFs: { 512

1024
,

256

1024
,

64

1024
,

32

1024
 in array 

(10)GST = ST1

⋃
ST2

⋃
...
⋃

STn

variable. As shown in Fig. 10, using a droplet with an 
initial concentration of 100% (CF = 1024

1024
 ), four exponential 

droplets can be generated through four split operations as 
described above. Every splitting step in the splitting drop-
let sharing algorithm must have produced one CF-value 
halved over that of the previous gradient. Finally, mix 
up all the exponential representations obtained from "1" 
from left to right to generating a particular target-CF. The 
number of waste liquid droplets generated was reduced by 
developing the target concentration to two. More impor-
tantly, the number of sample droplets was one, and four 
splitting and one mixing operation were used.

4.5 � Algorithm Complexity

An ST is a complete binary search tree having 2h − 1 nodes, 
where each node represents a CF-value in the target set T. 
The nodes labeled with CF = { 2h

2h
,
2h−1

2h
,⋯ ,

1

2h
,
0

2h
} appear 

as leaf nodes of ST, and the source droplets (CF = 2
h

2h
 ) of 

ST appears as the root of ST. Also, the target CF can be 
expressed as a mixture of intermediate droplets, so the time 
complexity of ST is the time complexity of finding non-
leaf nodes represented as intermediate concentrations, i.e., 
O(N log2 N) . The Time complexity of Algorithms 2 and 3 

Fig. 10   Construction of example with target CF = 848
1024

Table 3   Average sample/waste/
operation count in single-target 
preparation

Target-CF is C = T∕1024

#ns #nw  #operation

T REMIA [3]  Proposed REMIA [3]  Proposed REMIA [3]  Proposed

2 5 1 8 9 14 9
4 5 1 8 8 14 8
8 5 1 8 7 14 7
16 5 1 8 6 14 6
32 5 1 8 5 14 5
64 5 1 8 4 14 4
128 9 1 8 3 18 3
256 11 1 10 2 22 2
512 11 1 10 1 22 1
1023 13 1 12 1 26 7
Average 10.05 1.00 10.32 4.16 21.37 4.79

Table 4   Experiment setup

Target-CF is C = T∕1024

Test T

Test 1 64, 160, 208, 232, 244, 250, 253
Test 2 512, 320, 224, 176, 152, 140, 134, 131
Test 3 256, 640, 832, 928, 976, 1000, 1012, 1018, 1021
Test 4 1024, 768, 640, 576, 544, 528, 520, 516, 514, 513
Test 5 128, 192, 224, 240, 248, 252, 254, 255
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is the same, O(N)). Therefore, the algorithm proposed has 
a O(N) complexity.

5 � Simulation Results

5.1 � Single‑Target Preparation

To measure the performance of the splitting graph stage, we 
have conducted a single-target preparation experiment on the 
statistics of sample/waste/operation count in the concentra-
tion range of C ∈ [

1

1024
 , 1023
1024

] . To demonstrate the effective-
ness of ST in the splitting graph stage, we compare it against 
the sample mentioned earlier, REMIA [3]. Table 3 gives the 
partial experimental results. The averages over 1023 differ-
ent concentration settings are reported. The results indicate 
that ST performs very well in sample minimization and 
operation count but produces more waste for single-target 
preparation. More specifically, ST consumes 90.04% less 
sample, 59.69% less waste droplet, and 77.59% less opera-
tion amount as compared with REMIA [3]. The results dem-
onstrate that minimizing valuable reactants instead of waste 
can achieve a better outcome. In fact, after examining all 
1023 cases, ST always wins or ties in sample usage for every 
patient compared with REMIA [3]. Table 3 also enumerates 
some extreme cases in which ST significantly improves. The 
sample usage can be decreased up to 90.91% for concentra-
tion 512

1024
 , besides the waste droplet and operation count all 

have been cut down to 1, compared with REMIA [3], the 
results are 10 and 22. Most surprisingly, ST even outper-
forms the best in waste amount for some cases. For example, 
when the concentration is 512

1024
 and 1023

1024
 , the amount of waste 

count is reduced to 1, 90% and 91.67% respectively.

5.2 � Multi‑Target Preparation

To evaluate the effect of the waste droplet recycling stage 
proposed in this paper on reducing samples and waste, we 
have detailedly analyzed the implementation process of EDT 

[2]. The multi-target preparation experiment on the statistics 
of sample and waste is in Table 4 [2], and the results are 
shown in Table 5.

Table 5 showing The sample usage of five tests presents 
the same set of data as in Table 4. When n = 7 , the average 
amount of sample drops is about 1.5; when n = 8 , the aver-
age value is 2.25; in an extreme case, n = 10 , the amount 
of sample drops is 6. In these three cases, our algorithm 
improves the sample saving rate of 25%, 12.5%, and 14.29%, 
respectively. Overall, compared with REMIA [3], the pro-
posed algorithm reduces #ns by 24.80%, 12.50%, 16.62%, 
14.29% and 0.29% respectively.

Table 5 also illustrates this conclusion concerning waste-
saving. Moreover, the average reduction of reactant usage 
is 10.84% as Table 5 demonstrated. The removal of waste 
usage is up to 66.7%, which should be considered notable 
since the proposed algorithm does not pay extra attention 
to minimizing the operation count. More significantly, the 
waste amount is reduced to 0 in test2, test4, and test5, as 
shown in Table 5, concluding that the splitting-droplet shar-
ing algorithm is the most effective waste minimization.

6 � Conclusion and Future Work

Sample preparation is a fundamental process in biochemical 
reactions. Several techniques have been proposed to address 
this issue in the past few years, while only some focus on the 
multiple preparation gradient dilution samples. In this paper, 
we proposed a new splitting-droplet sharing algorithm for 
both reactant and waste minimization in multiple preparation 
gradient dilutions. It then successfully applies droplet sharing 
and waste droplet recycling to reduce the waste further using 
concurrence preparation of the same target. The experimen-
tal results demonstrated that all three phases of the splitting-
droplet sharing algorithm have their contributions during 
optimization. The results also showed that the splitting-drop-
let sharing algorithm outperforms the existing state-of-the-
art algorithm REMIA [11] and EDT [2] in terms of waste 

Table 5   Average sample/waste 
count in multi-target preparation

Number of different target CF in C is n
Gradient concentration range its accuracy h=10
Target CFs of the target set corresponding to Test in Table 4 is Range of Target-CFs

Range of #nw (%) #ns (%)

Target-CFs n Proposed REMIA [3] EDT [2] Proposed REMIA [3] EDT [2]

(64, 256) 7 1 66.67% 66.67% 1.508 24.80% 50.80%
(128, 512) 8 0 -0.06% 100% 1.750 12.50% 12.50%
(128,1024) 8 1 28.69% 50% 2.250 29.00% -12.50%
(256, 1024) 10 0 34.31% 100% 7.504 16.62% 24.80%
(512,1024) 10 0 52.19% 100% 5.999 14.29% 14.30%
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amount and sample usage for exponential gradient dilution 
preparation. Lastly, the splitting-droplet sharing algorithm is 
also very efficient when the number of target sets increases. 
Consequently, it is concluded that the splitting-droplet sharing 
algorithm is a better alternative for multi-target sample prepa-
ration on digital microfluidic biochips. This article aims to 
consider the error analysis caused by droplet splitting and the 
chip area used for mixing operations in the proposed sample 
preparation algorithm in future research. At the same time, 
considering that MEDA biochips have the characteristic of 
real-time sensing of droplets, it is also necessary to upgrade 
and modify the sample preparation algorithm as needed to 
meet more common practical needs.
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