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Abstract

Allele number, or zygosity, is a clear determinant of gene expression in diploid cells.
But the relationship between the number of copies of a gene and its expression can be
hard to anticipate, especially when the gene in question is embedded in a regulatory
circuit that contains feedbacks. Here we study this question making use of the natural
genetic variability of human populations, which allows us to compare the expression
profiles of a receptor protein in natural killer cells between donors infected with human
cytomegalovirus (HCMV) with one or two copies of the allele. Crucially, the distribution
of gene expression in many of the donors is bimodal, indicative of the presence of a
positive feedback somewhere in the regulatory environment of the gene. Three separate
gene-circuit models differing in the location of the positive feedback with respect to the
gene can all reproduce the homozygous data. However, when the resulting fitted models
are applied to the hemizygous donors, one model (the one with the positive feedback
located at the level of gene transcription) is superior in describing the experimentally
observed gene-expression profile. In that way, our work shows that zygosity can help us
relate structure and function of gene regulatory networks.

Author Summary

Nearly all mammalian cells, including human cells, have two copies of each chromosome,
and thus possess two potentially different copies of each gene (which might be in some
cases non-functional or even absent). Näıvely one might expect that two identical copies
of the gene would lead to the protein being expressed at twice the rate, but many
factors can alter this simple calculation. One of these factors is the existence of feedback
mechanisms affecting in one way or another the regulatory circuit in which our gene of
interest is embedded. Here we study the relationship between the number of gene copies
and the expression of a receptor protein that plays a crucial role in the recognition of
pathogens by natural killer cells, which are important elements of the innate immune
system. Experimental data of virus-infected donors reveals a bimodal expression profile
of this receptor, typical of a positive feedback, and a clear difference between donors
with one or two copies of the gene. Mathematical modeling allows us to find the likely
location of the feedback loop within the gene’s regulatory circuit, by requiring the correct
model to reproduce the expression profiles of both types of donors.

Introduction 1

Natural killer (NK) cells are part of the innate immune system. They recognize potential 2

threats through a gauging process, in which signals from activating and inhibitory 3

receptors are integrated into a decision. A target cell is killed either if inhibitory 4

receptors are not engaged, or if the NK cell receives a strong activating stimulus. 5

Inhibitory receptors sense MHC class-I surface molecules that present intracellular 6

1



peptides [1]. Since MHC molecules can be lost due to mutations in tumors or viral 7

infection, NK cells are particularly important in the defence against those threats [2, 3]. 8

The innate immune system thus provides a generic response to pathogens, and contrary 9

to the adaptive immune system, it does not create long-term immunity. However, NK 10

cells exhibit adaptive memory features in response to certain viruses [4]. For instance, 11

in response to infection with human cytomegalovirus (HCMV), some donors experience 12

stable expansion of the NK subset containing the activating NKG2C receptor [5–7], 13

resembling the memory of the adaptive immune system. The NKG2C+ NK cell subset 14

is believed to play a role in antiviral defense, and has been shown in vitro to mediate a 15

potent antibody-dependent response against HCMV-infected cells [8]. 16

Notably, HCMV-infected donors usually expand the NKG2C+ NK cell subset in a 17

bimodal fashion [9], displaying two distinct phenotypes with either high (‘bright’) or 18

low (‘dim’) receptor expression. These two phenotypes differ in their modulation of key 19

immune cell functions such as degranulation, proliferation, and sensitivity to interleukin 20

stimulation [9]. Interestingly, the distribution of NKG2C expression is affected by 21

the number of copies (zygosity) of the gene encoding the membrane receptor NKG2C. 22

Specifically, homozygous (two gene copies) and hemizygous (one gene copy) donors 23

differ significantly in the expression level and function of the NKG2C receptor, as well 24

as in the fraction of NK cells that express this receptor [9]. The effect of zygosity on 25

HCMV-induced bimodality thus provides us with a strong constraint that could shed 26

light on how the virus interacts with the immune system. 27

Bimodal distributions may be produced by a bistable response, which is commonly 28

generated by positive feedbacks [10–13]. In this paper we show that three types of positive 29

feedback, located at different positions with respect to the NKG2C gene (upstream 30

of the gene transcription, directly at the level of gene transcription, and at the post- 31

transcriptional level) can generate similar bimodal distributions in homozygous donors. 32

However, a comparison with the corresponding hemizygous distributions allows us to 33

differentiate between these three cases. Specifically, our computational model shows 34

that the distributions of NKG2C+ NK cells are best described by a positive feedback 35

at the level of NKG2C transcription, as opposed to positive feedbacks located pre- 36

or post-transcriptionally. We use bifurcation analysis to show mathematically that 37

zygosity leads to two types of changes in the bistable expression distributions: changes 38

in expression level, and changes in the fraction of cells expressing the phenotype. As we 39

will see, a positive feedback upstream of the gene transcription leads only to expression 40

level changes, while a post-transcriptional positive feedback just leads to changes in the 41

fraction of expressing cells. In contrast, a positive feedback acting directly at the level 42

of gene transcription has both effects in response to zygosity changes: in the expression 43

level and in the fraction of expressing cells. 44

Copy number variations (CNVs) are a common form of genetic variability, and are 45

linked to various autoimmune diseases such as rheumatoid arthritis [14], asthma [15], 46

and susceptibility towards HIV [16]. Few quantitative studies, however, have addressed 47

so far the influence of copy number on gene circuits. In particular, circuits containing 48

positive autoregulation have been studied in the contexts of sex determination in fruit 49

flies [17] and Down’s syndrome in mice and humans [18]. Also, the effect of copy 50

number on gene circuit dynamics at the single-cell level has been examined in bacterial 51

genetic competence [19]. But in spite of these efforts, the link between CNVs and 52

the response of gene regulatory circuits is still elusive, in particular in human cells. 53

The mathematical framework presented here can serve as a tool for using genotypic 54

information in combination with molecular biology assays, to better understand the 55

connection between the topological architecture and the function of cellular regulatory 56

networks. 57
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Methods 58

Fitting and Model Comparison 59

Fit quality is quantified by Pearson’s χ2-value, which together with the number of
degrees of freedom (ndf) provides a measure of the quality of the fit. We also use the
Akaike information criterion (AIC) as a measure of relative model quality. The AIC
value is given as: AIC = 2k − 2 ln(L), where k is the number of estimated parameters
and L is the maximum value of the likelihood function. Assuming that residuals are
distributed according to identical independent normal distributions, the Akaike Criterion
can be rewritten to AIC = 2k − n ln(RSS/n), where RSS is the residual sum of squares∑n

i=0 (yi − f(xi))
2
. For small sample sizes the AIC is biased, but can be corrected by the

addition of an extra term: AICc = AIC + 2k(k+1)
n−k−1 [20]. We calculate a combined Akaike

score for each model using the results for both types of zygosity. The relative strength
of evidence for each model is proportional to exp

(
− 1

2∆i

)
, where ∆i = AICi − AICmin.

This can be summarized by a set of weights:

wi =
exp

(
− 1

2∆i

)∑N
k=1 exp

(
− 1

2∆k

)
where

∑N
i=1 wi = 1. These weights determine the model that best represent the data 60

relatively to the others [21]. 61

Results 62

Effect of zygosity on NKG2C expression distributions: experi- 63

mental observations 64

In previous work [9], NK receptor expression profiles of fresh peripheral blood samples 65

of healthy human donors were measured by flow cytometry (see Ref. [9] for details of the 66

experimental protocols). In the present study we focus on the distribution of NKG2C 67

expression, which clearly shows that many HCMV-positive donors have bimodal profiles 68

(Fig 1A,B). Data from nullzygous donors (homozygous for the NKG2C deletion, Fig 1C) 69

shows that the left peak of the bimodal distribution is purely background fluorescence, 70

since these individuals do not express the receptor. Based on the nullzygous donor profiles 71

we define an expression threshold of R = log10(NKG2C) = 2.75 (leftmost vertical dashed 72

line in Fig 1A-C). Cells are termed ‘expressing’ if they have an expression level above that 73

threshold (Fig 1D). The fraction of cells that express NKG2C is calculated as the area 74

under the normalized NKG2C distribution beyond the expression threshold. Similarly, 75

the average expression level is only calculated for cells above the expression threshold. 76

The data reveals a significant decrease in both the expression level (Fig 1E) and fraction 77

(Fig 1F) of NKG2C+ NK cells, when comparing homozygous with hemizygous donors. 78

In the two cases the distribution of NKG2C in the NK population of individual donors 79

is bimodal, but also highly variable between donors. 80

A key assumption in the comparison of the data with the models described below 81

is that the fluorescence measurements are proportional to the surface level of NKG2C, 82

which is a standard and reasonable assumption in flow cytometry [22]. We also assume 83

that the NK population is in a state of long-lived homeostasis, as has been shown 84

experimentally [23]. In particular, NKG2C+ NK cells are known to remain at stable 85

steady-state levels for years in healthy donors [9, 24]. 86
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Fig 1. Zygosity influences expression level and prevalence of NKG2C in NK cells of
HCMV positive donors. Flow cytometry measurements of NKG2C in NK cells [9], for HCMV
positive homozygous (A), hemizygous (B), and nullzygous (C) donors. Individual donors are
color-coded according to the NK population fraction expressing the NKG2C receptor, with orange
(blue) corresponding to the highest (lowest) expressed fraction. Panel D shows how the distributions
are quantified. Specifically, the fraction of expressing cells is defined as the area under the normalized
distribution above the expression threshold. Likewise, the average expression level of cells is calculated
for those cells above the expression threshold. Panels A and B show that reducing gene copy number
lowers both the expression level and the fraction of NK cells expressing NKG2C. Panels E, F show box
plots quantifying the significant differences between homozygous and hemizygous donors in the average
NKG2C level of expressing NK cells, and in the fraction of the NK population expressing NKG2C. In
those two panels, the asterisk indicates a statistically significant difference, using a two-sided
Mann-Whitney U test with significance level of p = 0.05 (see Supporting Table 1).

Modeling NKG2C bimodality 87

The aim of the model is to describe the impact of zygosity (gene copy number) on the 88

expression level of the NKG2C receptor in NK cells, and on the fraction of cells in 89

the population expressing this receptor. A key observation that constrains the model 90

is that the population is bimodal in its expression of NKG2C. We assume that this 91

bimodality is caused by a positive feedback that induces a bistability at the single-cell 92

level. It is important to note that bimodality arises whenever the receptor distribution 93

expresses two primary modes, while bistability corresponds to the coexistence of two 94

stable equilibrium states. Bimodality does not necessarily require bistability in the 95

system, but bistability generally leads to a bimodal response [25]. Thus, for the sake 96

of simplicity we assume here that the bimodality observed in this system is caused by 97

bistability. 98

We consider three models that differ on where the positive feedback is located with 99

respect of NKG2C expression (Fig 2A). In model A the feedback occurs upstream of 100

NKG2C expression, at the level of a transcription factor regulating the expression of 101

the gene, named pre-transcriptional in what follows. In model B it arises at the level of 102

transcription of the gene. Finally, in model C the feedback is considered to occur at the 103

post-transcriptional level. All three models describe the dynamics of three variables: a 104

transcription factor T , the mRNA m, and the mature receptor R. The model is kept 105

minimal, in order to illustrate the effects of bistability and gene copy number, and as 106
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such it does not take into account specific proteins or processes. The variables could 107

therefore correspond to any part of the signalling pathway with a positive feedback onto 108

itself. 109
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Fig 2. Three minimal models of NKG2C expression. A: The three models differ in the
position of the feedback relative to transcription; A, a pre-transcriptional, B, a transcriptional and C, a
post-transcriptional positive feedback. Each model is described by three differential equations governing
the dynamics of T , a transcription factor, m, mRNA concentration, and R, mature receptor. The
parameter nz denotes the gene copy number in each model, and the positive feedback is incorporated as
a Hill term. B: Each model parameter affects the shape of the overall distribution in different ways: α
shifts the entire distribution (only model A and B), β changes the distance between the two peaks, K
controls the fraction of cells in each peak and H the sharpness of transition between peaks, i.e. the
width of the peak and especially the region between the two peaks. C: The distribution of the NKG2C
receptor (R) is generated by drawing the parameters α, β, K and H from gamma distributions.

In model A, for instance, T has a positive feedback onto itself implemented with a
Hill term. For simplicity we describe production and degradation as linear terms:

dT

dt
= αT + βT

TH

TH +KH
T

− γTT

dm

dt
= nzαmT − γmm (1)

dR

dt
= αRm− γRR

Here αT is a basal production, αm and αR are linear production rates, βT is the strength 110

of the positive feedback, H is the Hill coefficient, KT is the activation threshold and 111

γx are degradation rates. nz is an integer that corresponds to gene copy number, and 112

which will be varied in what follows to account for the differences between homozygous 113

and heterozygous donors. Note that the model describes the receptor level, while the 114

donor distributions are measures of fluorescence from flow cytometry. This means that 115

the first peak in the experimental measurements actually corresponds to background 116

activity in the absence of receptors. In the model we reproduce this activity through 117

the basal production coefficient αT . Each model has nine parameters, but by rescaling 118

we reduce the number of variables to six (see Supporting Information). Models B and 119

C are similar to model A above, with the positive feedback on different variables. The 120

rescaled equations are shown in the right panels of Fig 2A. We have not scaled R in 121

terms of αR, as we want to maintain that parameter as a fitting parameter. 122

We assume that the NK population of donors is in homeostasis at the time of 123

measurement, with no sustained dynamics. Therefore we only consider steady states, 124
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which for the rescaled version of model A are given by the following equations: 125

0 = 1 + βT
TH
s

TH
s +KH

T

− Ts

ms = nzTs (2)

Rs = αRms

For T � KT , the first equation reduces to Ts = 1 + βT , while in the regime where 126

T � KT , Ts ≈ 1 if βT /K
H
T � 1, which is a good approximation in our case because 127

the majority of cells are not expressing the receptor. This approximate solution shows 128

that the separation between peaks is controlled by the β parameter (Fig 2B). The Hill 129

coefficient H, in turn, controls the width of the peaks, since a higher coefficient leads 130

to a sharper transition between solutions. Finally, the threshold KT of the positive 131

feedback regulates the fraction of cells expressing the receptor, and α scales both solutions 132

simultaneously. The same is true for model B, while in model C, α only controls the 133

position of the first peak. Note that the steady states also predict no receptor production 134

in the case of nullzygous donors. 135

Noise is necessary to generate a population of diverse cells. We assume that differen- 136

tiated NKG2C+ NK cells do not switch receptor expression during their life-span, so 137

that the bimodality occurs only at the population level. Therefore we have chosen to 138

introduce noise by drawing parameters from distributions, rather than adding dynamical 139

noise via stochastic simulations, as is commonly done when studying stochastic gene 140

expression. The abstract character of our model also makes stochastic simulations less 141

suitable, since intermediate steps that could introduce noise are not made explicit. Each 142

parameter is drawn from a gamma distribution (Fig 2C), described by a shape coefficient 143

k and a scale coefficient θ, so that the average of the distribution is kθ. The gamma 144

distribution is a good description of the statistics of protein abundance [26]. In the 145

Supporting Information we show how noise in each parameter affects the distribution. 146

The distribution of NKG2C expression in the NK population is simulated by drawing a 147

set of parameters (α, β, K, and H) for each cell. Each of the four parameters defining the 148

steady state (Eq 2) is drawn from a distribution with given average and scale coefficient, 149

which gives eight free parameters in total. The NKG2C distributions were generated by 150

numerically solving the nonlinear equations (2) for the steady states of model A (and the 151

corresponding steady-state equations for the other models). In those cases where there 152

were two stable solutions we chose the lowest one. This choice can be justified because 153

in the 4-d space where the parameters are chosen from, the bistable region is relatively 154

narrow compared with the full parameter distribution, and thus the difference between 155

choosing the low and high solution in the bistable region is relatively small. We also note 156

that, as can be seen in Supporting Fig S4, generating the receptor distributions from 157

the steady-state equations leads to results that are similar to solving numerically the 158

differential equations given in Fig 2A and letting the system equilibrate. This indicates 159

that the relaxational behavior of the system can be neglected. 160

Transcriptional Positive Feedback Best Captures Zygosity Impact 161

in HCMV Positive Donors 162

To compare each of our models with the experimentally measured NKG2C expression 163

levels of the homo- and hemizygous HCMV positive donors (Fig 1), we calculated a 164

profile of the “median donor” for each group, as the median frequency of the cell number 165

at each expression level. We then fitted each model to the homozygous donor group and 166

achieved fits of similar quality (measured in terms of the χ2-value), as shown in Fig 3A 167

(see Methods section and Supporting Information for fitting procedure). Hence, it is not 168

possible to differentiate between the three models based only on homozygous donors. 169

6



Fit to median homozygous donors

Change gene 
copy number

Compare with median hemizygous donors

Akaike weights (combined score for model prediction of homo- and hemizygous donors):

wA = 2·10-7 wB = 1.00 wC = 1·10-7

0

0.005

0.01

0.015

0.02

0.025

0.03

χ2 = 41.1
ndf =23
prob =1.2e-02

0

0.005

0.01

0.015

0.02

0.025

0.03

χ2 = 41.4
ndf =23
prob =1.1e-02

0

0.005

0.01

0.015

0.02

0.025

0.03

χ2 = 42.6
ndf =23
prob =7.8e-03

log
10

(NKG2C)
2.5 3 3.5 4 4.5

0

0.005

0.01

0.015
χ2 =278.9
ndf =25
prob =0.0e+00

log
10

(NKG2C)
2.5 3 3.5 4 4.5

0

0.005

0.01

0.015
χ2 = 50.9
ndf =25
prob =1.7e-03

log
10

(NKG2C)
2.5 3 3.5 4 4.5

0

0.005

0.01

0.015
χ2 =625.2
ndf =25
prob =0.0e+00

A B C

A

B

C

m
m

m
m

Fig 3. Model B makes the best prediction of NKG2C expression in hemizygous
donors. A: Each model is fitted to a median homozygous donor (black lines), generated by
taking the median cell frequency at each receptor level. The grey area shows the 50% interquartile
region. The model distributions provide fits of similar quality (color lines) based on a Pearson’s
χ2-value. B: Starting from the fit of the median homozygous donor, the gene copy number, nz , is
changed from two to one, and the similarity between the median hemizygous donor and the
models are scored with a χ2-value. C: The Akaike weights are calculated based on both the homo-
and hemizygous simulation, and are indicative of the quality of each model in fitting the data,
compared with the other models. Model B is clearly favoured over both A and C. All distributions
were generated from 100.000 simulated cells.

Using the parameters found by fitting the median homozygous donor, we next changed 170

the gene copy number nz from two to one. Each model makes different predictions 171

of the median NKG2C distribution of hemizygous donors, which makes it possible to 172

distinguish between models (Fig 3B). In particular, model B provides the best prediction 173

of the hemizygous donor group, indicating that a positive feedback at the transcriptional 174

level is the most likely of the three possibilities. 175

The models we present here are simple and do not capture all details of the distri- 176

butions. Thus, as an alternative measure of relative model quality to the χ2-value, we 177

also used the Akaike information criterion (AIC). The Akaike weights, shown in Fig 3C, 178

are based on the combined model prediction of homo- and hemizygous donors. Model 179

B is again the most likely of the three models in describing the NKG2C changes due 180

to zygosity. Biologically, this implies that upstream or downstream positive feedbacks 181

alone are not sufficient to describe, at the single cell level, the impact of zygosity on 182

NKG2C expression. 183

From a modeling point of view the virus has the effect of increasing the strength of 184

the positive feedback, β, causing higher levels of NKG2C in the NK population. It also 185

lowers the activation threshold K of the positive feedback, which increases the fractional 186

expression of NKG2C. This could occur for instance through promoter alterations or 187

increased receptor activation. But our analysis shows that if the bimodality is caused 188

by a positive feedback, it is most likely to start and end at the transcriptional level, as 189

described by model B. 190
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Bifurcation Diagrams Present Model Differences 191

We can use bifurcation diagrams to translate a distribution of parameters into a distri- 192

bution of NKG2C expression. Changing the model zygosity will alter the bifurcation 193

diagram, and therefore the corresponding receptor expression. In Fig 4 we show the 194

bifurcation diagram of each model for varying activation thresholds K, and depict how 195

a distribution of K is translated into receptor expression. Our analysis shows that all 196

three models undergo two saddle-node bifurcations, delimiting the region in which three 197

stable fixed points exist (two of them stable, represented by solid lines, and one unstable, 198

depicted by a dashed line). For low activation thresholds a single stable solution exists
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Fig 4. Quantitative model differences are explained by how zygosity influences
bifurcations. NKG2C distributions as produced by noise in the K parameter. Each K parameter is
translated through the bifurcation diagram into a receptor level. A: Model A (pre-transcriptional
positive feedback): Zygosity does not shift position of the bifurcations in K. The solution values are
however shifted by a factor two. B: Model B (transcriptional positive feedback): Zygosity changes both
position of bifurcations and solution level. This translates into a change in both level and fraction of NK
cells expressing NKG2C. C: Model C (post-transcriptional positive feedback): The bifurcation is shifted
by a zygosity change while the high value solution falls on top of each other, i.e. the fraction is changed
but not the receptor level. The K parameter is drawn from a gamma distribution with µ(K) = 160 and
shape θ(K) = 60. D: Sketch of the regulatory network in each model. The nonlinear steady state
equation is affected differently by nz in each model, leading to the different bifurcation diagrams.

199

at high NKG2C levels. As the activation threshold increases, the low stable solution and 200

an unstable solution is created. Further increase of K causes the unstable and the high 201

stable solution to annihilate. The position of the bifurcation determines the fraction of 202

the K-distribution that is translated into expressing cells, while the value of the solution 203

corresponds to the NKG2C expression level. We adjust the position and width of the 204

parameter distributions relative to the bifurcations so as to recover as closely as possible 205
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the experimentally observed receptor distributions. 206

In model A the bifurcations are positioned at the same K-values independent of 207

zygosity, while the solutions are shifted by approximately a factor two. This results 208

in a change in expression level, but not in the fraction of cells expressing the receptor. 209

In contrast, in model C zygosity causes a shift in the first bifurcation while the other 210

remains the same. This lead to a changed fraction of expressing cells that is too 211

small to reproduce the experimental observations. The effect of zygosity on the high 212

stable solution is negligible, which causes the position of the second peak to remain 213

approximately constant. Finally, in model B zygosity shifts both the location of the 214

two bifurcations and the level of the solutions, leading to noticeable changes in both 215

expression level and the fraction of cells expressing the receptor. Similar bifurcation 216

diagrams can be made for the β and H parameters, see supporting information. 217

Mathematically the source of bistability in all models is the nonlinear term. In the 218

expression of the steady state solution of each model we can see the relation between 219

copy number and the nonlinearity (Fig 4D). The gene copy number, nz, does not directly 220

impact the nonlinear equation of model A, which explains the constant fraction of 221

expressed cells exhibited by this model. The solutions will be multiplied by nz, which 222

causes the shift in the expression level. In model B, in contrast, nz affects both the 223

nonlinearity (and thus the fraction of expressing cells) and the solution level (and thus 224

the expression). Finally, in the nonlinear equation of model C the gene copy number 225

only changes the basal production term. This changes the fraction of expressing cells but 226

has a small impact on the high receptor solution, because βR is large compared with nz. 227

In conclusion, model B is the only model that predicts both changes in expression 228

level and fraction with zygosity, as observed among HCMV positive donors in Fig 1. The 229

bifurcation diagrams further show that the location of the positive feedback relative to 230

transcription gives three qualitatively different types of behaviour. Distributional changes 231

due to zygosity can therefore help locate positive feedbacks in bimodal distributions. 232

Discussion 233

The role of copy number variation in disease susceptibility and pathogenesis is becoming 234

increasingly more recognized [27,28]. However, the relation between gene copy number 235

and phenotype expression is only partially understood. Inspired by an observed pheno- 236

typic difference between homo- and hemizygous HCMV positive donors in natural killer 237

cells [9], we have shown that in the special case of a bimodal phenotype caused by a 238

bistability, the expression differences due to zygosity can provide valuable information. 239

Model validity and fitting 240

Within each donor group (zygosity and seropositivity) there were large variations in 241

expression, ranging from no expansion to strong bimodal expression of the NKG2C+ NK 242

cell subset. To test if the use of a median donor was reasonable under these conditions we 243

did a cluster analysis (see Supporting Information). The analysis showed that seropositive 244

donors can be divided into two subgroups: no expansion and bimodal distribution. The 245

cluster analysis further showed that for donors with bimodal expression, the position of 246

the second peak is a strong biomarker of zygosity. We have not shown any fits of single 247

donors, but each model fits a large range of distributions reasonably well (see Supporting 248

Information). It is also worth noting that the hemizygous distributions are not directly 249

fitted to the models, but are compared with the fitting obtained from the homozygous 250

donors (after accounting for the change in zygosity). This is a more stringent comparison 251

between the models than performing different fits in the two cases. 252
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If we assume that not all cells in homozygous donors have two functioning genes, 253

the model can be modified by introducing a subpopulation which effectively has one 254

gene. This would create a superposition of a homo- and hemizygous distributions, which 255

could create better fits, but also introduces an extra free parameter. Notice this does 256

not change the results from the bifurcation diagrams, but zygosity effects will decrease 257

as the fraction of cells with one functioning gene increases. 258

A more detailed regulatory network of the biochemical processes involved in receptor 259

expression could be interesting in terms of identifying positive feedbacks. However, for 260

the purpose of this study a complex model would distract from the point of our three 261

conceptual models. 262

Biological interpretation of positive feedbacks 263

Our modeling study suggests that, in order to reproduce the bimodality observed 264

experimentally, the feedback has to include a transcriptional component. All the models 265

considered here can be interpreted as single-cell models, but the processes are not 266

necessarily restricted to individual cells. For instance, a bistable T -variable could be an 267

upstream transcription factor, but also a bistable external input. The T -variable can 268

therefore be any or all processes upstream of transcription. 269

Model C is more restricted, as a post-transcriptional positive feedback can only be 270

between transcription and the mature receptor in the cell membrane. Even though R is 271

set equal to the membrane protein in this study, the positive feedback can be located 272

downstream of transcription but upstream of the mature receptor. The effect would be 273

the same if the positive feedback is followed by linear processes. A candidate for this 274

type of behaviour could be the CD94 protein, which dimerizes with NKG2C to create 275

the mature receptor [29]. Any bistability in CD94 would be reflected in the phenotype 276

expression. 277

In model B, in turn, the positive feedback could in principle extend outside the cell 278

as long as its impact reaches the production of mRNA in the end. It has been suggested 279

that NKG2C and the inhibitory receptor NKG2A, which both dimerize with CD94, 280

are mutually exclusive in CD8+ T-cells [30]. Another study has shown that NKG2C 281

and NKG2A were reciprocally expressed in CD56dim NK cells, but co-expressed in 282

CD56bright NK cells [31]. Receptors which mutually inhibit each others’ transcription 283

is an example of a positive feedback at the transcriptional level. 284

Positive feedback can also arise at the population level. Previous studies [9] have 285

shown that there is a correlation between proliferation rate and NKG2C level. This could 286

lead, assuming that daughter cells inherit their mother’s receptor levels, to a positive 287

feedback at a population level, since NKG2C-expressing NK cells will grow faster than 288

other NK subsets. Adding this effect would require, however, a modeling approach 289

qualitatively different from the one considered here. NK proliferation has previously 290

been modeled [32], but not in a homeostatic state and not in relation to the NKG2C 291

receptor. Proliferation-dependent bimodality would thus deserve further investigation. 292

Zygosity and gene copy number effects 293

Zygosity has previously been identified as a source of NK receptor alterations, but 294

through its effect on the receptor ligand rather than on the receptor itself. Specifically, 295

it has been shown that the zygosity of HLA-Cw7 (coding for NK receptor ligand) altered 296

the NK CD158+ subset [33]. These alterations are therefore a response to changes in the 297

target cells rather than a reflection of zygosity directly impacting phenotype expression. 298

Another study showed that NK receptor expression can depend on the gene copy number 299

of other receptor genes. In particular, the two genes KIR3DL1 and KIR3DS1, coding 300

for killer cell immunoglobulin receptors (KIR), are important in the containment of 301

10



HIV-I [34]. Similar to NKG2C, the KIR3DS1 receptor is only expressed by a subset 302

of the NK population. Interestingly, the study by Pelak et al. [34] showed that the 303

fraction of KIR3DS1+ cells and RNA transcription level increased with increasing copies 304

of KIR3DL1. This resembles the observations from model B, if interpreted to represent 305

positive feedback via mutual activation of KIR3DS1 and KIR3DL1. A mere positive 306

feedback from KIR3DL1 onto itself and subsequent activation of KIR3DS1 would be 307

represented by model C. 308

In this study we have only considered one or two gene copies, but some NK receptors 309

belonging to the KIR-family are observed to have three gene copies [35]. The mathemat- 310

ical analysis and the qualitative differences between models A, B and C will still be true 311

for nz > 2. The aim of our models was to understand the differences between donors 312

of different zygosity, but also to provide a rough tool for locating positive feedbacks of 313

bistable phenotypes. Given a bistable phenotype, mathematical modeling can use donor 314

groups of different zygosity to restrict the location of the positive feedback, as we have 315

exemplified with the expression of NKG2C in HCMV positive donors. 316
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