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Abstract: Immune cell types play critical roles in pathogenesis of loss of 
tolerance, resulting in autoimmune disorders. Immune cell composition has 
now been recognised as a clinical tool for monitoring disease progression, as 
typically inferred from gene expression information of a large prior set of 
differentiation genes, demarcating specific immune cell types. However, given 
a small set of gene families, immune cell type inference has not been 
established. Here we used Linear Programming (LP), by a Simplex method, to 
infer fractions of immune cells, based on a small set of genes used in cell 
surface marker experiments. To evaluate the accuracy of our method, we 
created multiple simulated data sets, and evaluated their performance against 
Digital Cell Quantisation (DCQ) and ImmQuant. Finally, we applied LP 
method to real biological data, from multiple Systemic Lupus Erythematosus 
(SLE) patients, versus healthy controls, to inspect compositional changes of 
immune cell types, in SLE pathogenesis. 
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1 Introduction 

In the immune system, diverse cell types play essential roles during differentiation, 
disease development, and various metabolism-specific environments (Hobson-Gutierrez 
and Carmona-Fontaine, 2018; Kim et al., 2020). In fact, under diverse conditions, 
immune cells phenotypically change (Hobson-Gutierrez and Carmona-Fontaine, 2018), 
and differentiate into to other cell type lineages (Brodin and Davis, 2017; Kim et al., 
2020). In humans, the immune system constitution indicates immune cell subpopulations, 
and their distinctive protein profiles, which affect individual health statuses (Brodin and 
Davis, 2017; Kaczorowski et al., 2017). Such distinct phenotypes, and cell types in the 
immune system, have been delineated by flow cytometry (Chattopadhyay and Roederer, 
2015), mass cytometry (Bandura et al., 2009), and single-cell RNA-sequencing (scRNA-
seq) (Macosko et al., 2015). 

Recently, the composition of immune cells has been recognised as an emerging tool 
(Macosko et al., 2015) for predicting clinical outcomes of major diseases, including 
tumours (Lyons et al., 2017). To determine in vivo immune cell compositions, tissue 
samples are, in general, required. To date, typical next-generation sequencing for 
transcriptomics, usually referred to as bulk RNA-seq, has been performed on tissue 
samples (Kim et al., 2020). However, because tissues are heterogeneous for  
different developmental states involving a diverse variety of cell types, the observed 
transcriptomic profile may reflect an amalgamation of subpopulations (Kim et al., 2020), 
precluding delineation of individual cell types. 

Presently, scRNA-seq has been shown to be a promising and emerging approach for 
immune cell type studies (Han et al., 2014; Macosko et al., 2015). However there are 
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many bulk RNA-seq immune cell studies already deposited in public repositories, and 
due to the cost of scRNA-Seq, bulk RNA-seq remains in widespread use. Thus, with 
regard to deposited bulk RNA-Seq data sets, methodologies for deconvolution are still 
demanded. Since immune cell types can be discriminated due to their differential gene 
expression signatures, including cell surface marker gene products (Lyons et al., 2017), 
deconvolution tools can now be used to infer immune cell fractions (Altboum et al., 
2014; Frishberg et al., 2016; Sturm et al., 2019). Deconvolution is useful for a large set of 
genes, and gene expression profiling data for each immune cell. To that end, less than a 
dozen markers are used in cell surface marker experiments (typically, Fluorescence-
Activated Cell Sorting, FACS) to experimentally quantify immune cells. So, given a 
small set of genes, a working model for the inference of immune cell fractions is 
required. In that regard, the objective of the algorithm introduced below is to predict cell 
type composition by Linear Programming (LP), based on the expression of marker genes. 
Finally, we applied our LP method to assess data from a widespread autoimmune disease, 
Systemic Lupus Erythematosus (SLE) (Park and Nam, 2019), to determine whether or 
not our algorithm can find immune cell composition changes. 

2 Methods 

Immune cell composition inference by LP: Given expression of cell surface marker genes 
in immune cells, we aimed to infer immune cell composition from gene expression 
profiles, for a specific sample.  

To that end, gene expression data (“E”) of immune cell mixture samples was 
represented in a matrix, in which rows and columns indicate maker genes  1,...,m k  

and samples  1,...,s u  (Figure 1(a), input, left). We then incorporated prior knowledge 

for cell surface marker immunophenotypes, in immune cell types Figure 1(b) to predict 
immune cell composition by our algorithm. Similarly, prior knowledge (“R”) was 
represented as a binary matrix, in which rows and columns indicate marker genes 

 1,...,m k  and immune cell types  1,...,i c  (Figure 1(b), right). From matrix E 

(expression), all the pairwise correlations between two genes were represented as a 
Kernel matrix (matrix K) (Figure 1(a), output, right). Moreover, each element in the 
matrix K was obtained by Radial Basis Function (RBF). Matrix K, therefore, represents a 
relationship between marker genes of immune cell types. In other word, element 

 ,i jK e e , in matrix K, indicates RBF between the row vectors of two immune cell types 

i and j in matrix E.  

 
2

2
, exp

2i jK e e


 
   

 

i je e
 (1) 

where 

the row vector of marker gene  in matrixk Eke  

 free parameter generally 1σ  
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The column vector, x, for an immune cell mixture sample, indicates the proportions of 
immune cell types, and each element  1,...,ix i n , in x, indicates the i-th immune cell 

type. The column vector, y, indicates gene expression for a given sample (equivalently, 
column) in matrix E.  

Figure 1 Preparation for immune cell composition inference. (a) Kernel matrix (K) represents all 
pairwise correlations between each gene of matrix E. (b) The reference table was 
created by integrated the markers of immune cells identified in previous studies with 
those provided by BIO-RAD. The reference table R is represented by a binary matrix. 
(c) The coefficients matrix (A) is generated using the reference table (R) and the kernel 
matrix (K) 

 

Our purpose here was to infer immune cell proportions, in each sample, in matrix E. To 
solve this problem, we set up linear programming, by a Simplex method, as follows:  

Maximise Tc x  (2) 

Subject to Ax=y and x ≥ 0, where A = KR. 
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In the problem, the column vector, c, was set to all entries ones, and T is the matrix 
transpose. Please refer schematic diagram of matrix A to Figure 1(c). 

Simulation data generation: To estimate the accuracy of the algorithm for predicting 
cell type composition, we constructed a simulated data set from a well-established gene 
expression data set of purified immune cell types (see Figure 2) (Novershtern et al., 
2011). Among the 38 immune cells classified, according to gene expression profiling,  
30 immune cells were selected, except stem cells and difficult-to-characterise immune 
cells. Additionally, 25 cell surface markers, used for profiling, were selected as marker 
genes. The expression levels of such marker genes were then used as mean values  
(see Figures 2(a) and 2(b)).  

Figure 2 Overview of simulations. (a) Schemes of cell surface markers of immune cells. Cell 
surface markers are unique or shared. (b) 25 marker genes were selected from  
30 immune cell types. (c) Simulation data set generation. The simulated data set was 
constructed from well-established gene expression data of purified immune cell types 

 

In addition, the simulated dataset consisted of two classes, A and B. Say the marker gene 
expression matrix of L immune cell types  1,...,l L , purified or isolated by 

Fluorescence-Activated Cell Sorting (FACS), as a matrix P. In the simulation, each 

sample belonging to class    , k A B   was generated by mixing gene expression 

values, of L immune cell types  1,...,l L , in matrix P. In a sample belonging to class 

A, all the genes were mixed in equal amounts throughout the L immune cell types. But, in 
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a class B sample, the only subset of all the genes was negatively or positively affected by 
an effect size, in comparison with class A, while the other genes were not affected. Each 
class had 50 generated samples. Therefore, the detailed scheme for each sample is 
described below. Let’s assume synthesised gene expression jky  for gene  1,...,j j m  

in a sample belonging to the class k    , k A B , is:  

      
 1

jk ji ik jk
i L

y b f 
 

    (3) 

In other words, jky  was generated by mixing gene expression values (bji) of gene j from 

i=1 to L immune cell types, in numbers represented by fik’s. The bji‘s were obtained from 
known gene expression information(GEO) (GEO accession: GSE24759) (Novershtern  
et al., 2011), for the purified L immune cell types (matrix P). Thus, ikf  was the fraction 

of the i-th immune cell type, over all the immune cell types, depending on k. The variable 

jk  is an error term, while the variable ikc  indicates which immune cell types were 

affected by the effect size s, and ikf , jk , and ikc  are expressed as below. Depending on 

the index i, when    , i U D , the ikc  of an immune cell type is affected (e.g., addition, 

subtraction) by effect size s (setting to 0.1). When   , ,i U D  the effect size was not 

considered.  

 1

  ik
ik ik

iki L

c
f

c


 

 


 (4) 

 
1

0, , /ik i i c ik ik
i L

N c c   
 

     (5) 

where  0.01c   

 
   
 

1/ , when

1/ , when , , 
 

1 / , when , , 

1 / , when , 

ik

L k A

L k B i U D
c

s L k B i U D

s L k B i D


      
   

 (6) 

For example, setting L to 10, with gene expression of 10 different immune cell types 
from GSE24759 selected, with the number of marker genes, for the 10 cell types, m set to 
25. So, the synthetic dataset, containing 50 class A samples (henceforth, matrix SA), and 
50 class B samples (henceforth, matrix SB) were generated (i.e., a 25 by 100 matrix; 
henceforth, matrix   |A BS S S ) (see Figure 2(c)). In that instance, the number of cell 

types belonging to U and D was two each.  
For simplicity in performance evaluation, the samples in matrix S were assumed to be 

paired, resulting in 50 total pairs. The pairs were between matrixes; for example, the first 
sample in matrix SA was paired with the first one in matrix SB (Figure 2(c), rightmost 
panel).  

Given a pair of classes A and B samples, for each immune cell type, (i) when ikf  of 

an immune cell type in the class B sample belongs to U, the composition difference of the 
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cell type (i.e., composition of class B sample minus that of class A sample) was labelled 
as positive (the first and the three lines in equation (6)); (ii) when ikf  of an immune cell 

type, in the sample class B, belonged to D, the composition difference of the cell type 
(i.e., the composition of class B sample minus that of the class A sample) was labelled as 
negative (the first and the fourth lines in equation (6)); and (iii) when ikc  of an immune 

cell type, in the sample class B, did not belong to {U, D}, the composition difference of 
the cell type (i.e., composition of class B sample minus that of class A sample) was 
labelled as no difference (the first and the second lines in equation (6)). 

In each pair, we calculated L, the number of immune cell types, as composition 
differences, between classes A and B. Thus, for the 50 pairs, a total of 50*L composition 
differences were calculated, and the 50*L difference labels (positive, negative, no 
difference) were regarded as reference labels for performance evaluation. Labels positive 
and negative in the reference labels were considered as true positives ( 0)s  , with no 

difference labels considered as true negatives ( 0)s  . 

For performance evaluation, we generated simulation data sets (S1) consisting of 10 
randomly selected immune cells and simulation data sets (S2), consisting of 10 curationly 
selected immune cells. Then, we created three sets of replicates  1 1 1 2 1 3, , andS S S    

2 1 2 2 2 3, ,S S S   , with different errors for each method.  

Performance evaluation: To predict immune cell fractions by DCQ and ImmQuant, 
the expression matrix (E) of samples, where the proportion of immune cells is unknown 
such that cell surface marker gene expression data (matrix P), of known immune cells, 
are required as input Figure 3(a). To predict the immune cell fraction by LP, an 
expression matrix (E) of samples, where the proportion of immune cells is unknown, and 
cell surface marker gene expression of immune cells is known (reference table, R), are 
required as input Figure 3(b). We then created a reference table for 10 selected immune 
cells, and 25 cell markers. The reference table was created by integrating the markers of 
immune cells identified in previous studies (Novershtern et al., 2011), with those 
provided by BIO-RAD. 

We then compared the Digital Cell Quantification (DCQ) (Altboum et al., 2014) 
algorithm, against our method, based on the simulation data sets (S1, S2). For this, we 
measured performances using the Receiver Operating Characteristic (ROC) curve, using 
the “pROC” R package (Robin et al., 2011). 

For immune cell composition prediction by DCQ, matrix P and a cell surface marker 
gene list were used as input, to predict immune cell composition, in matrix S. For this 
work, the DCQ algorithm used the “ComICS” R package (Altboum et al., 2014), with 
default options. From this analysis, we obtained the composition differences (i.e., the 
composition of sample class B minus that of the sample class A) of all the immune cell 
types, for each pair of classes A and B samples. These differences were further classified 
as either different ( 0)s   or no difference ( 0)s  . We then inspected whether or not the 

differences predicted by DCQ agreed with the reference labels. 
For immune cell composition prediction by the ImmQuant (Frishberg et al., 2016) 

tool (similar to DCQ), for which the matrix P and cell surface marker gene list were used 
as input, to predict immune cell compositions, in the matrix S. From such prediction, we 
obtained composition differences (i.e., the composition of the sample class B minus that 
of the sample class A), of all the immune cell types, for each pair of classes. The 
differences were then classified as either different (s≠0) or no difference (s=0). Then, we 
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inspected whether or not the differences, predicted by the ImmQuant tool, agreed with 
the reference labels.  

Figure 3 Comparing DCQ, ImmQuant and linear programming (LP). (a) DCQ and ImmQuant 
require, as input, an expression matrix (E), of unknown immune cell composition, and 
an expression matrix (P) of known immune cells. (b) LP requires, as input, an 
expression matrix (E) of unknown immune cell composition, and a reference table (R) 
of cell surface marker genes, of known immune cells 

 

By our method, we also obtained immune cell compositions for SA and SB. The immune 
cell composition differences, for the 50 pairs between classes A and B, were labelled as 
either different (s≠0) or no difference (s=0). We then compared our labels to the 
reference labels. In this task, we used the “fastclime” R package (Pang et al., 2014), with 
default options.  

Systemic lupus erythematosus (SLE) patient data set: To apply this approach on a real 
biological data set, we imported two independent gene expression data (GEO accession: 
GSE49454 (Chiche et al., 2014), GSE61635) from the GEO (Barrett et al., 2013). We 
divided each data entry into SLE and healthy control groups. We selected 12 immune cell 
types from the Human Immune Cell Marker Tool®, provided by BIO-RAD, and used  
24 markers to create a reference table, using the biomarker binary expression patterns in 
human immune cells data (“Biomarker Expression Patterns in Human Immune Cells” 
poster provided by BIO-RAD (Hercules, California, info.bio-rad.com)).We then 
predicted the fraction of immune cells, in each patient sample, using our LP method, and 
then compared the means of each group. We then confirmed the change in the fraction of 
immune cells in the SLE group, compared to the healthy control group. 
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3 Results 

Simulated data set performance comparison: We first applied DCQ and our algorithms to 
a simulated data set, and drew ROC curves to compare Areas Under the Curve (AUCs) 
scores, to compare the performances of the two methods. In that regard, we measured 
their performances, using three duplicate data sets, and compared the means of the AUC 
values. Of the aforementioned in the methods section, 500 labels were generated by 
simulation. In simulation sets 1 (S1), the mean of the AUC values was highest for the 
order of ImmQuant (0.718), LP (0.616), and DCQ (0.586) (see Figure 4(a)). In 
simulation set 2 (S2), the mean of the AUC values was highest in the order of LP (0.795), 
DCQ (0.687), and ImmQuant (0.573) (Figure 4(b)). Comparing the performances, using 
two groups of simulation data sets, the AUC value range of the LP method was better 
than that of the AUC value range (0.616–0.795) of the ImmQuant (0.573–0.718) and 
DCQ (0.586–0.687) methods. Thus, from the variance of AUC values between subsets of 
each set, the difference was smaller for the LP method, compared to the other two 
methods.  

Figure 4 Performance evaluation by simulation data. (a) Simulation dataset S1 (randomly 
selected immune cells). Three subsets (S1-1, S1-2, S1-3) were used to evaluate 
performance. The mean of the AUC values was highest in the order of ImmQuant 
(0.718), LP (0.616), and DCQ (0.586). (b) Simulation data set S2 (curated selected 
immune cells). Three subsets (S2-1, S2-2, S2-3) were used to evaluate performance. The 
mean of the AUC values was highest in the order of LP (0.795), DCQ (0.687), and 
ImmQuant (0.573) 
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Application of immune cell composition prediction in systemic lupus erythematosus 
(SLE) patients: We then compared changes in immune cell composition, between healthy 
controls and SLE patients. SLE, an autoimmune disease, is affected by both the innate 
and adaptive immune systems (Herrada et al., 2019), and it is straightforward to quantify 
immune cells as an approach for SLE biomarker discovery. So, we selected SLE as an 
application example of our LP method. In the first data set (GSE49454), our LP method 
reported that four of 12 immune cells were upregulated, and four cells downregulated, in 
SLE patients, compared to healthy controls (see Table 1). Previous SLE pathology 
studies, using the same data (Chiche et al., 2014), showed results for seven of 12 immune 
cells, and four of our cells were consistent with our results. In the second data set 
(GSE49454), our LP method reported that four of 12 immune cells were upregulated and 
four cells were downregulated, in SLE patients, compared to healthy controls (Table 1).  

Table 1 Regulation of immune cell numbers. Regulation of 12 immune cell levels, in SLE 
patients, in two independent data sets, as predicted by the LP method 

Immune cell GSE49454 GSE61635 

B cell – – 

Pro/Pre B cell Down-regulation Up-regulation 

Myeloid dendritic cells Up-regulation Up-regulation 

Neutrophil Up-regulation Up-regulation 

Monocyte – – 

Granulocyte Down-regulation Down-regulation 

NK cells Down-regulation Up-regulation 

T cells – – 

Platelets Up-regulation Down-regulation 

NKT cells Down-regulation Down-regulation 

Megakaryocyte – – 

Erythrocyte Up-regulation Down-regulation 

Note: No change 

4 Discussion 

Using our gene expression data, we developed a model to study the fraction of immune 
cells in an uncharacterised sample. Unlike previous methods (Altboum et al., 2014; 
Frishberg et al., 2016), this was straightforward task, and a higher level of prediction was 
determined to be possible through Linear Programming (LP).  

The regulation of immune cells did not exactly match between the predictions of the 
two data sets consisting of patients with Systemic Lupus Erythematosus (SLE). This may 
be due to the characteristics of the data set, and indicates the need to improve the LP 
method. 

Our LP method has certain limitations, due to the nature of linear programming, such 
that the model cannot be extended to many cell types and markers. Here, we used only 24 
of the 200 or more markers provided by BIO-RAD to predict the immune cell fraction 
from SLE data, and did not take into account the subsets of each immune cells. For 
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example, in the case of T cells, different subsets (e.g., CD8+ T cell vs. CD8- T cell) exist, 
due to differentiation, and each subset has different cell markers (Golubovskaya and Wu, 
2016).  

However, it is important that we present a simple model for predicting the fraction of 
immune cells, using only the expression level of a small set of genes as markers. 
Although there is still room for improvement for immune cell quantification, using a 
small number of marker genes, our method may provide direction for future research, and 
possibly strategies for the therapy of disorders of the immune system. 
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