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Abstract 

Over the last few years, significant immune system changes have been observed in tumor 
patients exposed to different treatments. Moreover, evaluation and prediction of the 
responses of treatments given to these patients can become a key component. Therefore, it 
is critical to develop a pipeline for a systematic approach where complete monitoring of the 
immune system and interpretation of data from different assays are involved in predicting 
treatment effects. Most of the children in the study involved were diagnosed with 
neuroblastoma, osteosarcoma, wilms tumor, and brain tumor. In this study, whole blood 
samples from children with solid tumors were used. The analysis was done on cells, 
proteins, and genes to gather comprehensive information on the immune system's 
composition and function. This study extracts cell-specific signatures with modern mass 
cytometry technology, proteins with a proximity extension assay, and mRNA whole blood 
sequencing. These assays were analyzed with different statistical models such as 
multivariate, mixed effect model, and multi-omics factor analysis. These assay signatures 
provided information about the contribution of specific immune cells, plasma proteins, and 
genes associated with a tumor. The use of these signatures in diagnosing and treating solid 
tumors has been discussed in the form of a shared trajectory of recovery among tumor 
patients. 
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 The immune system of children with cancer 

  Popular Science Summary 

  Nadia Hassan Shamas 

Cancer has been a major cause of death after prolonged disease for many decades. It causes 
the body cells to divide intensively, resulting in tumor formation in different parts of the 
body. Different types of cancers cause rapid cell growth, whereas others show a slow cell 
growth rate. This whole process damages the immune system. The immune system is 
considered the first defensive tool to fight against any disease or infection in the human 
body for survival. The removal or suppression of any illness or cancer depends on the 
strength of one’s immune system. The immune system in adults and children is a 
combination of tissues, cells, and organs that protects them from pathogens and helps to 
keep them healthy. The infants get these antibodies from their mothers in different forms, 
either from the placenta before or after birth from breastmilk. Then over time, their immune 
system gets mature and helps in fighting against infections. 

The average cell receives a message from the immune system to replace the old body cell 
with a new one for better functionality, while cancerous cells cannot take these instructions; 
thus, they keep on growing at an uncontrollable rate. As a result, cancer-causing cells help 
form tumors and stop the body from normal functioning. Although the primary mechanism 
of cancer is the same for adults and children, there are differences in the types of cancers 
that children usually develop and the treatment protocols they typically receive. Unlike 
most cancers that occur in adulthood, childhood cancers are not intensely linked with 
ecological risk factors or lifestyles instead, they are primarily associated with heredity 
material or mutations in DNA or genes during the early development in the womb. 

In this study, children's immune system between a few months up to youngsters with 
different tumors has been analyzed. The children in this study have been diagnosed with a 
solid tumor, e.g., neuroblastoma or wilms tumor. Blood samples have been collected when 
changing treatment modalities. With the help of different biological methods, proteins, 
immune cells, and mRNA have been extracted from these cancer patients' blood samples. 
A patient has been given various treatments like medicines, surgery, or radiation therapies 
during their treatment period. After the data collection, diverse methods have been used to 
analyze how the patient immune system is affected after each treatment. 
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The effect of a particular treatment has been analyzed on immune cells, proteins, and genes by 
comparing the sample before and after the treatment. Gene expression from sequencing data has 
been studied before and after a specific treatment was given, along with the topmost gene 
expressed. Results were run parallel in a multi-omics statistical method, and the output generated 
provided an overview to analyze the immune system of the patients showing recovery from the 
disease. This method has also provided a better understanding of the immune system when a 
specific treatment surgery has been given. 

All the statistical methods developed to study the different patterns in the cancer patient's 
immune system provided a source to check the functioning of the children's immune system. The 
results suggested that the type of treatment can affect the immune system in different ways, both 
positively (recovery) and negatively (more infections). Also, factors like age, heredity disease, 
and gender can substantially impact the treatment given. 

 Degree project in bioinformatics, 2022 Examensarbete I bioinformatik 45 hp till 
masterexamen, 2022, Biology Education Centre Uppsala University and Scilife lab 

Karolinska Stockholm. 
Supervisor: Petter Brodin 
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Abbreviations 
 

B-CELL B-lymphocyte is a type of white blood cell 

CELL POPULATION T-cells, B cells, neutrophils, NK cells, CD8T, CD4T, monocytes  

CytoF Mass cytometry 
FDR false discovery rate 

LFC Logarithmic fold change 

MOFA Multi-omics factor analysis 

mRNA Messenger ribonucleic acid 

NK-CELLS Natural killer cells 

P-VALUE Probability value 

PCA Principal component analysis 

RNA Ribonucleic acid 

T-CELLS T-lymphocytes a type of white blood cell 

MEM Mixed effect model 
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  1 Introduction 
 

The human immune system consists of interactive linkages of cells, cytokines, humoral factors, and 
lymphoid organs, which provide a defense to the host when cells are infected (Storey et al. 2008). In 
the past, children's immune system was considered non-immunogenic because of their low mutation 
rates and absence of neoantigens, more commonly found in tumors from adults. Therefore, there was 
an assumption that children with solid tumors would not get any benefit from different treatments 
(Kline et al. 2003). However, this presumption is now changing due to strong immune cell outcomes 
from a subgroup of children with pediatric tumors treated with several cancer treatments (Majzner et 
al. 2017). Nearly 30% of pediatric tumors comprise extracranial solid tumors like wilms, 
neuroblastoma, osteosarcoma, and rhabdomyosarcoma among the most common cancers in children. 
Therefore, they are treated mostly with multimodal therapy like radiation, surgery, chemotherapy and 
in some cases high chemotherapy with stem cell reinfusion (Fridman et al. 2012).  
 

Immune and cancer cells evolve continuously in a cycle. So, studying their anti-cancer immune response 
is a challenging task. Multiple divisions of immune cells in an irregular way can delay the anti-cancerous 
immune response (Giraldo et al. 2014). For tumor treatment in the initial or later stages of cancer, it is 
essential to understand the immune system. Understanding the types of cells involved, the interactions 
between immune cells, protein mediators, and gene specifications to regulate treatment response. In the 
present study, a system-level approach is used on tumor patients. For this purpose, blood from 29 
children from initial to later stages has been collected with up to eight blood samples from a single 
patient. A sequence of responses, including the number of cell populations at different tumor stages, 
have been revealed in this study. In addition, an assimilated immune trajectory has been studied across 
the patients showing regression in tumor malignancy. The different levels of cell frequencies in human 
cell populations vary significantly within individuals but offer stability over time (Tsang et al. 2014). 
Various factors can be associated with these variations, e.g type of infections, vaccines, microbiomes, 
environmental factors, and nutrients given to an individual (Brodin et al. 2015). 

 
Multiple approaches are applied to investigate the effects of treatment on the immune system among 
tumor patients. The time of showing effect from treatments varies between methods. Therefore, each 
approach represents a different aspect of the immune system. First, multivariate statistical analysis was 
applied to a large and complex immunological data set based on the statistical significance level 
(significance = 0.05) approach.  This approach can provide multiple variables (different cell 
populations), parameters (concentrations and values), and typical scientific questions related to 
immunological data, like a specific treatment on a particular age gives more positive results or not. A 
few other statistical methods to analyze common data assumptions exist and are based on either data log 
transformation, variance similarity/stabilization like PCA, or univariate statistical analysis. But because 
of the complexity of relationships in immunological data, these methods are not recommended. Also, 
measurements from immunological parameters involved in complex mechanisms show high correlations 
(multi-collinearity). Techniques like univariate statistical analysis cannot identify interrelationships 
between variables or parameters; thus, these methods are not considered suitable (Genser et al. 2007). 
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Secondly, the mixed-effects model (MEM) approach was selected to analyze the plasma protein o-link 
data set. This model provides an adaptable framework to identify the sources of variation and correlation 
in grouped data. The grouping can be hierarchical or factors based as the numbers of observational values 
depend on parameters (fixed or random), covariates (age, sex, treatment type) over the number of visits 
to the hospital. It can also work when observational factors are related to the independence assumptions. 
This model is considered robust in analyzing unbalanced data compared to the general linear model 
framework (Pinheiro et al. 2014). The mixed model provides a design where within parameters missing 
observations are also handled by auto-deletion as opposed to a general linear model, which does not 
support this important feature. MEM applies to both linear and nonlinear relationships among dependent 
and independent variables and offers a series of model types like random coefficients, hierarchical linear 
model, and variance component model. For a better understanding of developmental progression among 
patients, repeated measurements are required which reflect individual differences. These measured 
differences help understand the base of target response which may depend on either experimental 
conditions or time accordingly. This Mixed effect model approach helps in applying a broader range of 
nonlinear growth functions along with multiphase parameters to data (Blozis et al. 2019). 

 

Other tools help analyze proteome assays efficiently, for example, "DAnTE" (Polpitiya et al. 2008) 
with predefined parameters. Still, the mixed effect model adjusts the observational units over time, 
matching the requirement of the protein data set used in the study better. 

Last but not least, in this study, system-level analysis has been performed with the multi-omics factor 
analysis method on three data sets called proteins, immune cells, and mRNA.  This method comprises 
those biological processes that attempt to broadly, systematically, and quantitatively estimate the 
interactions between the relevant biological components over a specific time at the molecular level 
(Zak et al. 2014). Ultimately system level with different features helps in the development of a pattern 
that predicts responses of disease. Comparative analysis of system-level approaches explores the 
inherent organization of cellular models, dynamics of interaction in cellular compositions in the 
immune system at different stages of disease development (Hasty et al. 2001), (Kitano et al. 2002). The 
principal emphasis in this study is on understanding the interactions between cell populations and on 
isolating specific cell populations having solid responses from their physiological context in vivo. It 
can be defined as an integrative and comprehensive mechanism that involves all immune cell 
populations, the genes, and plasma proteins that communicate with each other.  This approach is used 
for understanding responses and predicting behavior not from a single individual factor but based on all 
system components (Zak et al. 2014). 

 
1.1 Aim of the project 

 
This project aims to identify the various effects of different treatments on children's immune system 
suffering from solid tumors. For this purpose, multiple statistical approaches are used. Each method 
produced a pipeline for a statistical model.  
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2  Materials and methods 
  2.1 Subjects 

The study included children positive with solid tumors at Karolinska hospital oncology ward. 
Twenty-nine patients (13 male and 16 female) between 3 months to 17 years old were included. 

2.2 Experimental data characterization of immune phenotypes with mass cytometry 
Blood samples were taken from patients with solid tumors, and a whole blood stabilizer was added 
(Cytodelics AB, Sweden) at the same time or maximum with a delay of (1-3) hrs. As per the 
manufacturer's recommendation, the blood (pre and post-treatment) was drawn and cryopreserved. 
All samples in a batch were then thawed, and cells were fixed/RBCs (Red blood cells) lysed using 
WASH buffers 1 and 2 (Whole blood processing kit) (Cytodelics AB, Sweden) on recommendation 
from the manufacturer. The whole process was done before the samples were barcoded and cell 
stained.  By using standard cryoprotective solution (10% DMSO and 90% FBS) cryopreserved at 
80°C, postfix or cell lysis 1-2x106 cells were put in each well of total 96 round bottom well plate. 

Cells were thawed at 37 °C using RPMI (Roswell park memorial institute medium) 1640 and 10% 
fetal bovine serum (FBS), 1% penicillin-streptomycin, and benzoate (Sigma-Aldrich, Sweden) was 
additionally supplemented at the time of experimentation. For a short time, barcoding of cells was 
done by using an automated liquid handling robotic system (Agilent Technologies) by using the Cell-
ID 20-plex barcoding kit (Fluidigm Inc) (Mikes et al. 2019). Keeping together the longitudinal 
samples from every cancer patient in the same batch these samples were pooled batch-wise as per 
manufacturer recommendation.  Then cells were washed with blocking buffer FcR Fc receptors (an 
in-house developed recipe) for about 13 minutes at room temperature, after which cells were subjected 
to incubation for more than 30 minutes at 4C. Cells were then blended with 0.1X Norm beads (EQTM 

Four Element Calibration Beads, Fluidigm) and after that filtered through a 35mm nylon mesh and 
diluted to 1,000,000 cells/ml. DNA intercalator (0.125 mM Iridium-191/193 or "axPar" Intercalator-
Ir, Fluidigm) was used for staining in 2% formaldehyde made in PBS (Phosphate buffer saline) for 
about 20 min at room temperature to get CytoF acquisition. After that, CyFACS buffer was used to 
wash the cells once and again by PBS and Milli-Q-water, after two times with a solution of cell 
acquisition (CAS) (Fluidigm). Finally, the addition of cells was done by Helios mass cytometer at a 
rate of 300-500 cells/s using PSI system, by that time, CyTOF software version 6.5.358 was used 
along with noise reduction, with a lower convolution threshold of 400, event length limits of 10-150 
showed a sigma value of 3, and flow rate of 0.030 ml/min.  

2.3 Profiling of Plasma proteins 

Plasma samples or serum were taken from the blood of cancer patients. The collection of samples 
was done at 80 °C by spinning blood samples at 2000g for about ten minutes. Collection of serum 
was done from those blood samples where PBMCs were isolated using gradient centrifugation for 
further analysis. The multiplex proximity extension assay ProSeek (O-link bioscience, Uppsala 
Sweden) was used to analyze samples. Every kit comes with a microtiter plate for the measurement 
of 92 protein biomarkers. Two panels, oncology11 and immune-oncology, were used. Ninety-six 
pairs of DNA-labeled antibody probes were present in each well, and incubation of samples was 
done in the presence of proximity antibody pairs. Then, these pairs were tagged with DNA reporter 
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molecules. The complementary DNA tails formed an amplicon by proximity extension as the 
antibody pair bound to their corresponding antigens. This was quantified with the help of high 
throughput real-time PCR. 

2.4 mRNA profiling 

The blood collection was based on samples taken as pre and post-treatments with the patient hospital’s 
visit date. After collecting and storing blood samples into collection tubes and control EDTA tubes, 
serial RNA extraction was performed on stored samples for five days at room temperature. The 
transcriptase analysis of samples was done with reverse transcription RT-PCR. The concentration of 
specific mRNA in the blood stored in EDTA tubes after a week changed. The elimination of changes 
was done with the storage of whole blood in PAX gene tubes (PAXgeneTM Blood RNA System) 
determined by high-precision RT-PCR. 

Using the TruSeq stranded mRNA library preparation kit, the sequencing libraries were prepared 
from approximately 500 ng of total RNA, including a poly-A selection for the available data set. The 
sequencing was performed in a Hiseq 2500 (SciLifeLab) machine using v4 sequencing chemistry 
with a read length of 125 bp. The sequencing method for each batch was the same.  The data was 
generated at the platform of SNP&SEQ technology Karolinska SciLifeLab/Stockholm. 

 
The data analysis started with read counting, mapping the sequence reads to the human genome and 
counting the read numbers mapped to each gene. This pipeline of transcriptomic analysis was 
extended on the original pipeline created by Lucie Rodriguez (SciLifeLab). The initial step in the 
pipeline included evaluating the quality of the raw data to regulate the degree of trimming required. 
Quality reports were produced by the SNP&SEQ Technology Platform and later on used to determine 
Trimmomatic settings. (Bolger et al. 2014). The average score of reading quality was a bit high, so 
the sliding window of length 4 with a threshold of 20 was used to get rid of low-quality regions. Next, 
the quality of trimmed reads was examined to ensure that obtained adapters had been appropriately 
removed by using FastaQC (Andrews et al. 2010).  The reads were then mapped on the human genome 
using the splice-aware mapper STAR, and counting was done using HTSeq (Dobin et al. 2013) 
(Anders et al. 2015).  The preparation of the library had allowed for strand-specific mapping. HTSeq's 
feature was then used with the strandedness setting on reverse. 

 
The output produced the files which contained the number of transcripts mapping to genomic features. 
The files were then split up into count files for both the conditions pre and post-treatment. Further 
computations were performed on resources given by SciLifeLab through UPPMAX under the cluster 
(BIANCA) by running a bash script. The script created the gene abundances of transcript for pre-post 
conditions in separate sequence files in Fasta format. Using Kallisto software (v0.46.1,) these gene 
abundances were estimated to get an output of summing the transcripts per million (TPM) values for 
the same gene in both pre-post treatment conditions. Complete information of the patients was recorded 
in the form of a database newton, where all clinical data was available to use in correspondence with 
different analysis methods. The main reason for extracting information directly from the database was 
to get updated data. 
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2.5 Statistical analysis and quantification 

2.5.1 Pre-processing, Mass cytometry 

Using CyTOF software (version 6.0.626), all unrandomized flow cytometry standard (FCS) files were 
transferred to the grid without further preprocessing. The grid, an in-house supervised algorithm, selected 
all relevant FCS files with related phenotypic markers for clustering and manually gated subpopulations 
as reference (Chen et al. 2020). This reference was then used for the training of the classifier algorithm, 
which categorized similar cells with accuracy. The following populations were gated: “B cells (CD1c- 
naive B cells, CD1c- switched B cells, CD1c+ naive B cells, CD1c+ switched B cells, CD27 CD43 B 
cells, unswitched memory B cells, transitional B cells and plasma blasts), eosinophils (CD16- eosinophils 
and CD16+ eosinophils), monocytes (classical monocytes, intermediary monocytes, myeloid CD1c DC, 
non-classical monocytes, and other myeloid cells), natural killer (NK) cells (CD4 CD56+ T cells, 
CD56bright NK, CD56dim CD16 NK, CD56dim CD38low NK, CD56dim CD38high NK, CD8 CD56+ T cells, 
and other NK cells), neutrophils (classic neutrophils), abT-cells/CD4T (CD127 memory CD4T, CD24 
CD16 naive CD4T, CD24 CD16 memory CD4T, CD39 memory Tregs, CD57 memory CD4T, memory 
CD4T, memory Tregs, naive CD4T, and naive Tregs), abT-cells/CD8T (activated memory CD8T, 
CD16+ naive CD8T, CD16+ memory CD8T, CD57+ memory CD8T, CD62L CD127 CD8 TCM, 
CD7high memory CD8T, CD8 TEM, DP T cells, naive CD8T, and other memory CD8T cells), abT-
cells/DN T cells, abT-cells/MAIT (CD16- MAIT and CD16+ MAIT), gdT (CD161high gdT, CD27high 
gdT, and CD57+ gdT), CD11c DC, CD16- basophils, CD16+ basophils, other lineage-negative cells, and 
pDC”(Lucie et al. 2020). The identification of sub-population was made with phenotypic markers from 
the parameter selection. 

 

2.5.2 Batch effects removal 

As data has been generated on different dates, timings, and cohorts, there was a chance of non-
biological factors. Therefore, to remove unwanted variations by the conditions of the measuring 
instrument, a batch correction technique was used. For this purpose, principal component analysis was 
applied with library "limma" in the "R language" script along with the function "remove batch effect" 
(Shaham et al. 2018) to estimate the variation in expression data. 

2.5.3 Multivariate analysis  

The data from CyTOF was subjected to preprocessing initially with the hyperbolic(arcsinh) function 
used to transform data in Cytobank. This function acted as an identical purpose as a transformation 
function with biexponential, logical, and hyper log display. For hyper log, the measuring scale was 
adjusted to unit variance for the integration and normalization of multiple data sets. After this, data 
was partitioned into different subpopulations with the help of an in-house supervised learning 
algorithm. This algorithm partitioned all the subpopulations of immune cells, and therefore 
multivariate analysis was performed on the obtained data.  

The visualization of the results was done using different functions and libraries, e.g. ggplot, ggplot2, 
reshape2, dplyr in R. Statistical significance was evaluated with t.test, correlation tests, correlation 
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matrix based on p-values, and scatter plots. In addition, correlation significance was created with 
package Hmisc and performance analytics.  

2.5.4 Mixed effect model 

To study proteins, the Bayesian method was partially applied along with the PLmixed and blme 
package on the plasma protein data set to produce maximum posterior (MAP) estimates (Chung et al. 
2013). To assess the significance of the model, Wald p-values of covariates were extracted. These 
estimates nested the covariates with the model and provided the ability to account for days from the 
admission of patients as fixed effects. 

2.5.5 Differential expression 
 
The next part of the project was to perform a system-level analysis with MOFA. To execute the 
investigation with the list of the genes, differential expression was performed in R.  The packages 
edgeR (Robinson et al. 2010) and deseq2 (Gentleman et al. 2004) were selected. The functions in the 
edgeR package do internal normalization by geometric mean calculation for each gene among all 
samples and filtration of data by taking the raw read counts before running the differential expression. 
The counts for every gene among each sample are then divided by that mean                   deseq2 automatically 
detects count outliers by Cook's distance and removes those low-quality genes from the analysis. Wald 
test was used in deseq2 for p-value calculations (McCarthy et al. 2012). Finally, Benjamin-Hochberg's 
method (Benjamini et al. 1995) was used to estimate p-values and confidence intervals of the mean 
differences. With this method, the threshold of the p-value (0.01, the default) was used for determining 
the significant genes. Almost 18,182 differentially expressed genes were extracted from a total of 32,789 
genes. Log2foldchange was used to indicate the change in expression between the conditions.  
 
 
2.5.6 Multi-omics factor analysis 
 
To find the primary links to the variation in multi-omics data sets, multi-omics factor analysis MOFA 
(Argelaguet et al. 2018) was applied. This model uses a series of data matrices with input format 
featured as columns and samples as rows. A cohort of 76 samples from tumor patients was used in 
this model training. The three data sets included in this analysis are plasma protein’s expression, 
mRNA set containing a list of differentially expressed genes, and cell abundances data. R language 
(version3.9) packages MOFAobject, MultiAssayExperiment, reticulate, BioConductor, BioGenerics, 
and python libraries Mofapy (version 3.9) was used to train the model. Training of the model was 
completed with running trial 1, iteration=1-100, ELBO=-210181.0, deltaELBO=0.0197, Factors=8 
with a variance threshold of 0.01%. Features with zero variance were removed during the 
initialization of the model. Training and visualization of factors across samples was done with the 
packages BiocManager, ggplot2, tidyverse, MOFAdata, blood cancer multiomics 2017. 
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3 Results 
 
 3.1 Longitudinal profiling of cancer patients 
 
The human immune system is based on immense diversity, and longitudinal monitoring of cancer 
patients can analyze those escalated immunological changes that appear during the disease process. In 
this study, to better understand the immune response during different treatments, longitudinal 
monitoring was performed. The monitoring was performed on the immune system of cancer children 
statistical approaches. In addition, a system-level method like mass cytometry (Brodin et al. 2017) 
provided all immune cell populations to be differentiated and investigated in a given blood sample. It 
permitted coordinate changes across cell populations to be discovered. Samples from 29 patients were 
collected before and after treatment (Figure 1A). Unfortunately, not all the patients in the cohort 
survived with the tumor diagnosed and treated.  

 
Figure 1A represents the different proportions of 11 white blood cell populations from mass cytometry.  
This longitudinal monitoring of 92 samples from blood cells was taken from 29 tumor patients. According 
to the figure patient's id (ISAC019) showed a change in the behavior of immune frequencies at the 
second while the patient id (ISAC023) at the third visit. This change in immunological behavior reflects 
the natural mechanism towards the type of treatment given at that visit. 
 
According to the estimates (Figure 1B) from the graph, pairwise correlations between the immune cell 
populations are mostly not significant (p > 0.05). Instead few of them have shown a strong correlation 
pattern (p < 0.001), either positive (i.e. B and NK, r = 0.66, p < 0.001) or negative (i.e. CD4T and 
Neutrophil, r = -0.82, p < 0.001). The highest level of coefficient association (Figure 1B) has been shown 
in CD4T than in the other cell types by eight over ten significant pairwise correlations. However, it can 
result from bimodal distribution (as shown in histogram on the diagonal figure of CD4T response and 
might be biased estimate Pearson's correlation coefficient) with no statistical significance. 

 
3.2 Characterization of a fraction of cell types after surgery (pre and post-
treatment) 
Immune cells play a central role in cancer therapy (Gun et al. 2019), while in cancer treatments, surgery 
plays a major role in treating most solid tumors (Forget et al. 2013). Box plots were created to visualize 
the effect of treatment surgery on the immune cell population. These box plots (Figure 2) showed that 
pre-surgery B cells and CD4T cells have more frequencies. In contrast, post-surgery Neutrophil, NK 
cells showed an increase in immune cells frequency with a p-value of 0.74   and 0.3, respectively, which 
is by convention not significant (Altman et al. 1995). MAIT cells with a p-value of 0.05 are showing 
statistically significant change. Escalation of Neutrophil (Figure 2) fraction (with a p-value of 0.74) is 
considered as not significant and can be associated as a result of host inflammation post-surgery 
(Hanahan et al. 2011). Generally, a lack of statistical significance in most fractions has been observed, 
which can conclude that each cell population signals differently towards the target mechanism of the 
immune system (Gun et al. 2019)
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(A) 

 
Figure 1: Longitudinal profiling of cancer patients with different treatments 

  
 A: Proportion of immune cells in cancer patients  
The X-axis represents the total number of visits of each patient to the hospital. Y-axis represents the value of each 
cell population. Description of each cell population is given under variable with specific color representation. 
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(B) 

 

 
B: Factor correlation scatter plot 
 X and Y-axis in the matrix represented the range between minimum to maximum correlation factor value for 
each immune cell. For example, for B cells, it is between 0.05-0.15, and for basophils, it is 0.000-0.005. Each 
immune cell is shown in a separate line vertically with a histogram. Bars in the histogram showed the direct 
relationship between immune cell populations at different time points. At each time point, the local average is 
represented with a red line which is smooth density. At the same time, the diagonal representation of immune 
cells is the amount of distribution abundance of each cell type. Bars representation at the topmost histogram 
encloses the Pearson’s product-moment correlation coefficient (r) to the corresponding pairwise comparison 
among immune cell-types associated with significance level (***, p < 0.001; **, p < 0.01; *, p < 0.05;). 
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Figure 2: Characterization of the  fraction of cell types in blood samples in pre and post-treatment conditions 
The fraction of immune populations (n=11) from 15 patients are given. On the x-axis, the treatment status is 
shown before or after, while on the Y-axis, the concentration of immune cell frequency is provided with a 
minimum to the maximum value. The p-value for immune cells is calculated with t.test and is written in the box 
plot. Each boxplot represented the fraction of a specific cell population for pre and post-treatment. The noise was 
added with the jitter function to create density normalization among the population and is shown as black dots. The 
straight line in each box. plot indicates the median. The two-sample t.test has been performed with the 
"stat_compare_mean" method to compare the means of the two sample groups (pre and post-treatment). First, the 
sample mean is used as an estimate of the true mean of the population. Second, the immune cell population means 
are then compared using the mean sample responses of the significant entities in the analysis. Finally, the output 
obtained is used to evaluate whether changes are either fundamental differences or random variations. 
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3.3 Profiling of tumor patients male and female with plasma-based proteins 
 
A mixed-effect model (MEM) on variable data was applied to understand progression and variations 
during disease and the effect of treatment. In Figure 3A, the mixed-effect model was estimated with 
different covariates, i.e. sex, age, diagnosis (type of cancer), and type of treatment with each plasma 
protein per sample in the study. The pre-treatment value (taken on the first day of hospital visit before 
any treatment) obtained from plasma protein was considered a fixed effect. It is important to know here 
that this correlation analysis is not simple. The days from admission are considered a fixed effect, so 
several features, e.g. type of cancer and gender, are associated with response. The two covariates, age, 
and initial treatment are assumed to show a correlation in treatment outcomes. In (Figure 3A) mostly 
non-significant p-values with inverse relationships have been observed between the two covariates age 
and initial treatment in males and females except one male patient. This method derived a probabilistic 
likelihood function resulting in dropping out the significant outcomes of response variables. This can 
be by chance as the maximum population showed no statistical significance of treatment effect at any 
particular age among male and female patients. 

 
A         B 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3: Correlation of plasma protein responses 
A: X-axis shows the range of Wald p-values extracted from covariate type of initial treatment between 0.00-0.1 
while the y-axis represents the range of Wald p-values extracted from covariate age between 0.00-0.1 per sample 
calculated with Poisson distribution in both male and female 

 
B: This figure represents the construction of a mixed effect model. Each plasma protein is associated with different 
covariates (treatments are given, age, sex, and the type of cancer diagnosed in).1/Id shows the frequency ratio of 
particular protein per sample id. 
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3.4 Assimilated and cohesive trajectory of recovery across tumor patients 
 
After executing the MOFA model, eight latent factors appeared among the integrated data sets, which 
explained the accumulative variance ranging from +3 to -4 (Figure 4A). The distribution of each 76 
samples in the assays is shown in figure 4B. According to this figure, 141 plasma proteins, 18,182 genes, 
28 cell populations from each patient were included in the model. The negative variance (Figure 4A) 
describes the progression in disease when a treatment is given, while the positive variance shows 
regression. With the help of function “plot_varaince_explained (MOFAobject_maxr),” the assay mRNA 
(Figure 4C) has shown the maximum variance in each latent factor LF1 to LF8. Also, assay plasma 
proteins and cell populations showed variance in LF3 with associated positive variance. Thus, LF3 has 
demonstrated associations with the transition from progression to regression phase of the tumor. Based 
on the findings of LF3 from Figure 4C, all information stored about treatments given to the patients were 
loaded with the function “plot_factor (MOFAobject, factors=” LF3”, features= “Treatment_type”).” The 
obtained plot figure 4D with treatments showed the regression in tumor (mostly with positive variance 
between 0-1) maximum patients were treated with surgery demonstrated with a maximum of 6 number 
blue color dots. To better understand the biological view of the patients who showed recovery from acute 
to the mild stage, each data set assessed underlying features contributing to LF3. Those cell populations 
which showed promising output in regression of tumor stage (Figure 4E) with positive loadings are 
neutrophil while in plasma proteins EGF, CD4OL, CXCL5 (Figure 4F) and in mRNA (Figure 4G) gene 
GPRC5B. These assays together showed an increment in the relative proportions of variance during the 
phase of recovery.  
 
Figure 4H represented the variance distribution information on the patients given the surgery. In 
addition, unrevealing of inner feature containing the treatments at LF3 in (Figure 4D) for further 
investigation gene set enrichment analysis was performed on (Figure 4H) specifically on those patients 
given the treatment surgery. Gene set enrichment analysis was performed with the help of function 
(runEnrichmnetAnalysis (MOFAobject (LF3), view=mRNA, factors= “all”, stats. Test= transformation, 
permutation =c. abs value (none)). Thus, gene set enrichment analysis on the particular treatment 
allowed us to find an enriched gene pattern (Figure 4 I) in each LFs. In pre-surgery, the enriched genes 
can be seen in each factor with a maximum of 35 in LF4, while after surgery, 30 most enriched genes 
can be seen in LF2.  
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A         B   
  

Figure 4: Multi-omics signature of Immune system in solid tumors 
 
A: Tumor status among initial latent factors. The range of variance shown on the x and y-axis has been calculated 
across different dimensions and demonstrates the underlying principal axes of variation across samples in 8 trained 
factors with 3% maximum variance explained. 
 
B: MOFA is used to incorporate 28 immune cell frequencies, 141 plasma protein levels,18,182 fully differentially 
expressed genes from 76 samples of 29 patients. 
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C        D 
 

                                                                                                                    Absolute loading on factor 3. 
 
C: Total variance explained per assay (mRNA, cell population, plasma proteins) in model concerning each view and 
latent factor 1-8. 
 
D: LF3 based representation of treatments. Blue dots show the maximum number of patients who received surgery 
lies in this factor. Y-axis represented the range of variance (between 1 to -3).  
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E      F  

  
     

 
 

G       
  

 
E: Lollipop plot showing cell populations loadings with LF3. Plus/minus sign indicates the increased/decreased 
level of a particular cell population at a particular latent factor. 
F: Lollipop plot showing plasma proteins loadings with LF3. Plus/minus sign indicates the increased/decreased 
level of a particular protein at a particular latent factor. 
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G: Lollipop plot representing genes loadings with LF. Plus/minus sign indicates the increased/decreased level of 
a particular gene at a particular latent factor. 
 
 
H 

 
   
 
I  
 Pre-surgery                      post-surgery 

 

H; gene set enrichment analysis on pre and post-surgery samples. This analysis on mRNA data set with pre-build 
Reactome gene sets per factor at 1% FDR and plot was made with plot enrichment function with alpha =0.01. 
I; Total number of enriched genes in each latent factor in pre and post-surgery condition. 
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3.5 Study Limitation 
There are a few limitations with longitudinal profiling of system-level monitoring of the immune system 
in tumor patients. For example, prolonged recovery time from tumor and queue time for the next 
appointment in hospital make it hard to collect the sample from fully recovered tumor patients. 
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4 Discussion 
 
The project investigated the effects of treatments given to 29 cancer patients with the help of different 
statistical models. The multivariate statistical model provided an overview of the underlying immune 
response among patients suffering from solid tumors. According to this model, no significant effect was 
seen among the cell population frequencies when exposed to different treatments. It might be because 
the immune system of humans is highly variable, and this variability is mainly associated with 
environmental exposure, specifically in early life (Brodin & Davis. 2017) (Lakshmikanth et al. 2020). 
Other factors like genetic variation in the immune system, both in general and in tumor patients, are still 
under investigation (Brodin et al. 2019). 
 
During multivariate analysis, the immune cells were analyzed when exposed to different treatments 
(Figure 1A), where low expression of natural killer NK cells activity has been observed. This showed 
that treatment procedure strongly correlates with NK cells activity related to cancer development 
(Liljefors et al. 2003). T-cells, NK cells, and many cytokines are involved in the defense mechanisms of 
nonspecific immunity. Correlation outcomes from clinical research showed that tumors with less 
prominent NK cells activity are associated with poor survival outcomes (Gonzalez et al. 1998). An 
increment in the Neutrophil (Figure 2) fraction with a p-value of 0.74 is seen, which is not significant. 
This high expression activity after surgery treatment can be associated as a result of host inflammation. 
(Hanahan et al. 2011).  
 
The cancer patient involved in the study did not receive the immuno-therapies like monoclonal antibodies, 
checkpoint inhibitors, and vaccines. Therefore, a more detailed investigation into immunological changes 
during the recovery process from severe cancer stage to mild was required. For this purpose, MOFA 
analysis has been done with a multi-omics approach with proteins, cell populations, and differentially 
expressed genes which became helpful to understand the underlying immune processes working. This 
model permitted me to locate the inferred latent factors (LFs). These latent factors showed the underlying 
principle axes representing heterogeneity across samples. Latent factors helped explain the variance 
across each dataset and were further used to differentiate the relationship with the recovery process from 
the tumor. The plasma protein “EGF” has been observed as the most expressed protein (Figure 4F). This 
protein is a commonly mitogenic factor that stimulates the proliferation of different types of cells. 
"L3MBTL2" (Figure 4E) is the topmost expressed gene that encodes lethal (3) malignant brain tumor-
like protein. Its function is to associate with the chromatin re-modeling complex, preventing gene 
expression that triggers the cell into mitosis. (Huang et al. 2018) But a detailed further study is required 
to investigate the underlying mechanism regarding a particular response in children with solid tumors. 
The cell population “Neutrophils” has shown the topmost positive loadings in Figure 4E, which may be 
a sign of gaining immunity initially after the treatment surgery is given. Still, again it needs to be studied 
in detail with extensive data set treated with specific treatment.  
 
MOFA represented an integrated approach with plasma protein markers, the cell population that 
primarily symbolizes the recovery pattern in tumor progression to regression. Therefore, these features 
can be valuable investigations to inspect and supervise the progression level during disease.  In addition, 
early detection can help switch treatment types for better results. In the study, more concern was given 
on the specific treatment (Figure 4D), for example, a surgery that has positively influenced the plasma 
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proteins and cell populations (Figure 4E, 4F). However, this finding is considered speculative, 
particularly at the time of project execution. Therefore, more data and experimentation are required to 
determine cell activation and downstream regulation towards the recovery phase.  

 
According to the study (Figure 1), different cell frequencies in human cell populations vary among 
individuals (Tsang et al. 2014). Furthermore, various factors can be associated with these variations, e.g. 
type of infections, vaccines, microbiomes, environmental factors, and nutrients given to an individual 
(Brodin et al. 2015).  

 
The mixed-effect model (Figure 3) presented an adaptable framework to identify the sources of variation 
and correlation in grouped data. The grouping can be hierarchical or factor-based. The observational 
values were taken on the same observational units like age, sex, diagnosis, and treatment type over 
different visits. For example, Figure (3A) shows that the initial time or visit is worth noting when the 
patient is admitted, and samples are collected. In contrast, the reported associations between covariates 
"treatment type" and" "age" of the patients are not much significant as they were expected to be in both 
male and female patients. Multiple quantifiable bio-markers for a specific disease are considered 
indicators for determining the response variable of interest during the monitoring and progression of the 
disease. However, it is normal sometimes for patients to show unbalanced data, resulting in multiple 
outcomes with no significance (Luwanda et al. 2017).   

 
 

 

 5 Conclusion 
This study has concluded that system-level analysis can play a pivotal role in identifying the significant 
drivers of variations in clinical data among patients suffering from solid tumors.  

 
• The statistical methods for characterization and longitudinal profiling of immune cells in the 

system-level study demonstrated the monitoring of coordinated frequency changes across the cell 
populations after mass cytometry. 

 
• Multi omics factor analysis (MOFA) demonstrated the principal sources of variations in the form 

of highly expressed genes, proteins and cell populations in the latent factor 3 after treatment 
surgery was given.  

 
• Based on the mixed effect model framework from plasma proteins I concluded the presence of no 

significant outcome from response variables from the maximum population.  
 
 

5.1 Future work 
Further in-depth analysis of specific genes, proteins, or immune cells in multi-omics data analysis can 
become a source of identification of a mutation in tumor progression or regression. Thus, this type of 
investigation can give a new direction while deciding on cancer treatments given to children.  
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5.2 Ethical Aspects 
Specific ethical considerations are required when human data is involved in a study. Before starting 
this research, full consent from patients, themselves, or from their caretakers to get involved or not 
have been taken. This study involved personal and biological information, so all the concerned 
authorities have made special considerations to handle this information carefully while working for 
research purposes. Data has been used according to Swedish law and Helsinki-declaration. The ethical 
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