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Abstract

Hypermutable cancers create opportunities for the development of various
immunotherapies, such as immune checkpoint blockade (ICB) therapy. However,
emergent studies have revealed that many hypermutated tumors have poor prognosis
due to heterogeneous tumor antigen landscapes, yet the underlying mechanisms remain
poorly understood. To address this issue, we developed mathematical models to explore
the impact of combining chemotherapy and ICB therapy on heterogeneous tumors. Our
results uncover how chemotherapy reduces antigenic heterogeneity, creating improved
immunological conditions within tumors, which, in turn, enhances the therapeutic effect
when combined with ICB. Furthermore, our results show that the recovery of the
immune system after chemotherapy is crucial for enhancing the response to chemo-ICB
combination therapy.

Author summary

The challenge posed by intratumoral heterogeneity is gaining recognition in the field of
cancer treatment. Despite the success of immune checkpoint blockade (ICB) therapies
in enhancing overall survival across various cancer types, the complexity of therapeutic
responses persists due to the heterogeneity of tumor antigens. In this study, we
developed mathematical models to explore the evolutionary dynamics of tumors with
both homogeneous and heterogeneous antigen landscapes. Our analysis reveals that
tumors with heterogeneity exhibit resistance to ICB therapy, unlike their homogeneous
counterparts which respond positively. Additionally, our models demonstrate that early
treatment of heterogeneous tumors with chemotherapy leads to significant remission but
also rapid recurrence. Notably, we identified a fascinating trade-off associated with
chemotherapy4while suppressing the immune system, it creates a tumor immunological
environment that becomes more conducive to ICB therapy. Finally, our modeling
highlights the augmented response observed in tumors subjected to a chemo-ICB
combination and shows the crucial role of immune recovery in the context of
combination therapy.
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Introduction 1

Immunogenic tumors can elicit immune responses that suppress tumor growth [1]. 2

Hypermutated cancers produce large amounts of neoantigens and are often considered 3

highly immunogenic and responsive to immunotherapies [2, 3]. Immune checkpoint 4

blockade (ICB) therapy has shown promising results in improving the survival of 5

patients with various types of malignant tumors [4, 5]. Recent evidence suggests that 6

intratumoral heterogeneity has a significant impact on immunotherapy prognosis [638]. 7

Immunogenic tumor antigens do not lead to tumor rejection when the fraction of cells 8

bearing them is low [9, 10]. Cancers, characterized by diverse neoantigens, can be 9

unresponsive to ICB. 10

The loss of immunologic control has been confirmed as one of the emerging 11

hallmarks of cancer [11]. Immune escape in hypermutatble tumors are assisted by 12

checkpoint ligands overexpression to maintain the imbalance between immune 13

surveillance and cancer growth [12]. Check point antibody inhibitors, such as 14

anti-PD-1/PD-L1, are a novel class of inhibitors that function as a tumor suppressing 15

factor via modulation of immune cell-tumor cell interaction [13]. The effect of ICB 16

treatment is dependent on the auto-immunity to eliminate cancers. With a 17

heterogeneous neoantigen landscape, the negative selection imposed on tumor antigens 18

can be dependent on their frequencies [9, 10]. Therefore, intratumoral antigen 19

heterogeneity can lead to compromised immune predation and ICB therapy 20

response [14, 15]. Meanwhile, Chemotherapy faces a similar treatment challenge. The 21

presence of intratumoral heterogeneity and the resulting variability in patients can lead 22

to resistance against chemotherapy. [16, 17]. 23

To tackle the challenge posed by intratumoral heterogeneity, the development of 24

combination protocols involving chemotherapy and immunotherapy holds promise as a 25

strategy for effective cancer treatment [18320]. Preliminary clinical studies have 26

indicated enhanced effectiveness when immunotherapy is administered alongside 27

chemotherapy [21]. While chemotherapy is traditionally viewed as immunosuppressive, 28

emerging data suggest that it may also harbor immunostimulatory properties [22, 23]. 29

This dual nature presents the potential to create a favorable immunogenic environment 30

within the tumor microenvironment, a feat challenging to achieve solely through 31

immune cell targeting. 32

Tumor heterogeneity has also fueled investigations into optimal and adaptive therapy 33

through mathematical modeling [16,24327]. Nevertheless, further exploration is 34

essential not only to identify the most suitable partners for immune checkpoint blockade 35

(ICB) but also to determine the optimal regimen for combination therapy [18,19,28]. 36

Understanding the governing mechanisms of response to combination therapy is crucial 37

for optimizing treatment strategies, which remains incompletely understood. 38

Theoretical models specifically considering neoantigen heterogeneity in chemo-ICB 39

combination therapy are currently very lacking. 40

In this study, we aim to characterize the evolving dynamics of antigenically 41

heterogeneous tumors under intrinsic immune selection and various therapies. Through 42

mathematical models, we seek to unveil the unique evolutionary patterns of tumors 43

responding to different therapeutic interventions, providing crucial insights for the 44

design of future combination therapies. Existing literature suggests that tumor cell 45

populations suitable for ICB treatment may exhibit resistance to chemotherapy [29,30]. 46

Immune-cold tumors typically show limited response to ICB monotherapy [31], but 47

these tumors often display heightened expression of receptors promoting vasculogenesis 48

and angiogenesis, such as vascular endothelial growth factor (VEGF) [32]. To transform 49

these immune-cold tumors into inflamed ones, combination therapy involving diverse 50

treatment modalities, including chemotherapy, emerges as a promising therapeutic 51

strategy. These approaches are actively under investigation [18,32]. Our focus is on 52

January 7, 2024 2/21

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted January 8, 2024. ; https://doi.org/10.1101/2024.01.07.574576doi: bioRxiv preprint 

https://doi.org/10.1101/2024.01.07.574576
http://creativecommons.org/licenses/by/4.0/


uncovering the distinct mechanisms underlying these dynamics and the intratumoral 53

antigenic profile of tumors. We developed an immunogenic heterogeneity model (IHeM) 54

to explore the impact of combination therapy on heterogeneous tumors. For comparison, 55

we also established a typical immunogenic homogeneity model (IHoM) for antigenically 56

homogeneous tumors. We observed that heterogeneous tumors demonstrated resistance 57

to ICB therapy but exhibited early remission when treated with chemotherapy alone. 58

Notably, the combination of chemotherapy and ICB demonstrated a curative effect on 59

heterogeneous cancers modeled by the IHeM. Our results also revealed that 60

chemotherapy effectively mitigates antigen heterogeneity, enhancing the immunological 61

conditions within cancers and thereby improving the efficacy of combination therapy. 62

Furthermore, our findings highlighted that the recovery of the immune system 63

significantly enhances the response to combination therapy. 64

Methods 65

Modeling cancer evolution under immune system selection 66

We consider two distinct models: the immunogenic homogeneity model (IHoM) and the 67

immunogenic heterogeneity model (IHeM). These models are designed to capture the 68

evolutionary dynamics of antigenically homogeneous and heterogeneous tumors, 69

respectively. In order to represent the interactions between cancer cells and the immune 70

system, we employ the predator-prey framework, as described in [33]. In this framework, 71

cancer cells are akin to prey, susceptible to being targeted or attacked by immune cells, 72

which act as predators in the biological system. 73

In the immunogenic homogeneity model (IHoM), it is assumed that immunogenic 74

cells originate from antigenically neutral cells through the accumulation of antigens. 75

Our model involves a cell population organized into three compartments, each 76

representing a distinct cell type. As illustrated in Fig. 1a, compartment NCs represents 77

antigenically neutral cells, compartment ICs represents immunogenic cells, and 78

compartment ECs represents immune-escaped cells. For NCs, we assume a division rate 79

of r1. Upon division, a cell can either undergo transformation into one immunogenic cell 80

through the accumulation of antigenic mutations at a rate µ1 or produce two identical 81

offspring at a rate of 1 − µ1. Immunogenic cells divide at a rate of r2 and face a death 82

rate of d due to immune system activity. Through the overexpression of immune 83

checkpoint ligands, cancer cells can evade immune elimination of immunogenic cells. 84

Additionally, to account for Immune Checkpoint Blockade (ICB) therapy, we introduce 85

immune escape [9, 34], wherein immunogenic cells can transform into immune-escaped 86

cells (ECs) at a rate of pe (Fig. 1a). The IHoM delineates the fundamental mechanisms 87

governing tumor evolution under immune system selection. The cellular processes in the 88

IHoM are summarized as follows: 89

(a) NC
r1(1−µ1)
−−−−−−→ NC + NC, 90

(b) NC
r1µ1

−−−→ IC, 91

(c) IC
r2(1−pe)
−−−−−−→ IC + IC, 92

(d) IC
d
−→ ∅, 93

(e) IC
r2pe

−−−→ EC. 94

In the immunogenic heterogeneity model (IHeM), we integrate negative 95

frequency-dependent selection into the IHoM [10,35], as depicted in Fig. 1b. Cells in 96
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compartment NCs can initially transform into antigenic cells (ACs) through antigen 97

accumulation. Antigenic cells can proliferate at a rate of r1 and remain inconspicuous to 98

the immune system when present in low frequencies [9, 10]. A transition from antigenic 99

cells to immunogenic cells (ICs) occurs with a rate of µ2f1, where f1 denotes the 100

frequency of ACs, i.e., the ratio of the number of ACs to the sum of NCs and ACs. To 101

model the impact of tumor antigen heterogeneity on immune recognition ineffectiveness, 102

we assume that immunogenic cells can revert to antigenic cells at a rate of µ3f2, where 103

f2 represents the ratio of the number of ICs to the sum of ICs, NCs and ACs. Neutral 104

and immunogenic cells in the IHeM proliferate and undergo cell death similarly to the 105

IHoM. The cellular processes in the IHeM are summarized as follows: 106

(a) NC
r1(1−µ1)
−−−−−−→ NC + NC, 107

(b) NC
r1µ1

−−−→ AC, 108

(c) AC
r1
−→ AC + AC, 109

(d) AC
µ2f1
−−−→ IC, 110

(e) IC
r2(1−pe)
−−−−−−→ IC + IC, 111

(f) IC
µ3f2
−−−→ AC, 112

(g) IC
d
−→ ∅, 113

(h) IC
r2pe

−−−→ EC. 114

Moreover, competitive interactions between different cells are also considered in our 115

model [36,37]. We assume that cell competition causes one of the two competing cells to 116

die at equal chance. For example, NC + NC
c
−→ NC describes the competition between 117

two NCs, and NC + AC
c
−→ NC describes the competition between NC and AC. Here c is 118

the competition death rate that characterizes the competition strength. 119

Based on the above assumptions, we can derive the ordinary differential equations 120

(ODEs) of the IHoM and IHeM respectively. For the IHoM, 121



























dN

dt
= r1(1 − µ1)N − r1µ1N − c(N2 + IN + EN),

dI

dt
= (r2 − r2pe)I + r1µ1N − r2peI − dI − c(I2 + AI + EI),

dE

dt
= r2E + r2peI − c(E2 + NE + IE).

(1)

Here, N , I, and E denote the quantities of NCs, ICs, and ECs, respectively. Neoantigen 122

generation is linked to cell division and is expressed as r1µ1N . The processes of cell 123

death and immune escape in ICs are represented by dI and r2peI, respectively. Cell 124

competition processes are delineated by terms such as c(N2 + IN + EN) at the end of 125

each equation. 126

For the IHeM, 127











































dN

dt
= r1(1 − µ1)N − r1µ1N − c(N2 + AN + IN + EN),

dA

dt
= r1A + r1µ1N − µ2f1A + µ3f2I − c(A2 + NA + IA + EA),

dI

dt
= (r2 − d)I − µ3f2I + µ2f1A− 2r2peI − (I2 + NI + AI + EI),

dE

dt
= r2E + r2peI − c(E2 + NE + AE + IE).

(2)
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Here, N , A, I, and E denote the quantities of NCs, ACs, ICs, and ECs, respectively. 128

Neoantigen generation is linked to cell division and is expressed as r1µ1N . The 129

transitions between ACs and ICs, under negative frequency-dependent selection, are 130

characterized by µ2f1A and µ3f2I in the second and third equations, respectively. The 131

processes of cell death and immune escape in ICs are represented by dI and r2peI, 132

respectively. Cell competition processes are delineated by terms such as 133

c(N2 + AN + IN + EN) at the end of each equation. 134

To simulate the impact of intratumoral heterogeneity on cancer treatment in greater 135

detail and validate the ODEs model, we conducted stochastic simulations employing a 136

stochastic branching process to depict antigen accumulation during cancer progression 137

(Fig. 1c). In each simulation step, cells that are antigenically neutral and belong to a 138

lineage can proliferate at a rate of r1. The two daughter cells resulting from each 139

division accumulate antigenic mutations at an overall rate of µ. The number of 140

generated mutations, denoted as m, is sampled from a Poisson distribution 141

(Poisson(µ)), and each antigen’s antigenicity is drawn from an Exponential 142

distribution [34]. In the IHoM, when a cell acquires an antigenic mutation, it transforms 143

into an immunogenic cell, while in the IHeM, it becomes an antigenic cell. Antigenic 144

cells can proliferate at a rate of r1, and immunogenic cells can proliferate at a rate of r2. 145

To ensure parameter consistency between the ODEs and stochastic simulations, we 146

select parameters such that P (m ≥ 1) = µ1, where P (m ≥ 1) represents the probability 147

of cells acquiring no less than one neoantigen at cell division (m ∼ Poisson(µ)), thus we 148

have 1 − e−µ = µ1 and then µ = − ln(1 − µ1). Immunogenic cells have a death rate d 149

and an immune escape probability pe. All cellular processes align with the ODE models 150

depicted in Fig. 1 a and b. Identical parameter sets are used in both simulations and 151

the ODE models. Furthermore, we introduce cell competition in our simulations to 152

regulate population sizes. 153

Modeling ICB therapy and chemotherapy 154

We model the impact of therapies and the underlying mechanisms governing therapy 155

response based on our IHoM and IHeMs. In various cancer types, Immune Checkpoint 156

Blockade (ICB) therapy has shown enhanced survival for a subset of patients. The 157

effect of ICB is represented in our model by reverting immune-escaped cells back to 158

immunogenic cells (Fig. 2a). To model therapies, we employ impulsive differential 159

equations [33, 38] as follows: 160



































dM

dt
= −γ ·M + vm(t),

dB

dt
= −γ ·B + vb(t),

vm(t) = vm · sgn(sin(f · t))+,

vb(t) = vb · sgn(sin(f · t))+,

(3)

where M and B represent the blood concentration of chemotherapy and ICB therapy 161

drugs, respectively. γ is the drug decay rate, vm and vb are the dose of every pulse of 162

drug delivery. In addition, 163

sgn(x)+ =

{

1, x > 0

0, x ≤ 0
. (4)

The parameter f governs the therapy cycle, and we define T as T = 2π
f

, representing 164

the duration of each therapy cycle. During each Immune Checkpoint Blockade (ICB) 165

therapy pulse, a portion (k ·B) of ECs transforms into ICs based on the drug 166
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concentration B. Consequently, the ODEs describing ICB therapy for the IHoM are 167

given as follows: 168



























dN

dt
= r1(1 − 2µ1)N − c(N2 + IN + EN),

dI

dt
= (r2 − 2r2pe − d)I + r1µ1N + k ·BE − c(I2 + AI + EI),

dE

dt
= r2E + r2peI − k ·BE − c(E2 + NE + IE).

(5)

The ODEs for the ICB therapy in the IHeM are provided below: 169











































dN

dt
= r1(1 − 2µ1)N − c(N2 + AN + IN + EN),

dA

dt
= (r1 − µ2f1)A + r1µ1N + µ3f2I − c(A2 + NA + IA + EA),

dI

dt
= (r2 − 2r2pe − d)I − µ3f2I + µ2f1A + k ·BE − (I2 + NI + AI + EI),

dE

dt
= r2E + r2peI − k ·BE − c(E2 + NE + AE + IE).

(6)

We now incorporate chemotherapy into our model (Fig. 2b). Acknowledging that 170

faster proliferating cancer cells are generally more susceptible to chemotherapy [39,40], 171

we assume that Neutral Cells (NCs) and Antigenic Cells (ACs) exhibit greater 172

sensitivity to chemotherapy compared to Immunogenic Cells (ICs) and Escape Cells 173

(ECs). We introduce coefficients KN , KA, KI , and KE to represent each cell type’s 174

sensitivity to chemotherapy. Under chemotherapy, the death rate of neutral cancer cells 175

is given by r1KN (1 − e−M ) [41]. To align with findings suggesting that cancer cells 176

overexpressing checkpoint ligands are less responsive to chemotherapy [29,30], we set 177

KN = KA = KI > KE . Considering the known immunosuppressive effects of 178

chemotherapies [33, 42,43], we also incorporate immunotoxicity of chemotherapy into 179

our models [44]. Let Kd be the coefficient associated with chemotherapy-induced 180

damage to the immune system. We model this damage by adjusting the death rate as 181

d −→ d · (1 −Kd(1 − e−M )). 182

Consequently, the ODEs describing chemotherapy for the IHoM are: 183



























dN

dt
= r1(1 − 2µ1 −KN (1 − e−M ))N − c(N2 + IN + EN),

dI

dt
= r2(1 − 2pe −KI(1 − e−M )) − d · (1 −Kd(1 − e−M ))I + r1µ1N − c(I2 + AI + EI),

dE

dt
= r2(1 −KE(1 − e−M ))E + r2peI − c(E2 + NE + IE),

(7)

For the IHeM, we have 184























































dN

dt
= r1(1 − 2µ1 −KN (1 − e−M ))N − c(N2 + AN + IN + EN),

dA

dt
= (r1 − µ2f1 − r1KA(1 − e−M ))A + r1µ1N + µ3f2I − c(A2 + NA + IA + EA),

dI

dt
= r2(1 − 2pe −KI(1 − e−M ))I − d · (1 −Kd(1 − e−M ))I − µ3f2I + µ2f1A− c(I2

+ NI + AI + EI),

dE

dt
= r2(1 −KE(1 − e−M ))E + r2peI − c(E2 + NE + AE + IE).

(8)
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Combining the ICB and chemotherapy models mentioned above, we can establish a 185

model for chemo-ICB combination therapy as follows 186























































dN

dt
= r1(1 − 2µ1 −KN (1 − e−M ))N − c(N2 + AN + IN + EN),

dA

dt
= (r1 − µ2f1 − r1KA(1 − e−M ))A + r1µ1N + µ3f2I − c(A2 + NA + IA + EA),

dI

dt
= r2(1 − 2pe −KI(1 − e−M ))I − d · (1 −Kd(1 − e−M ))I − µ3f2I + µ2f1A + k ·BE

− c(I2 + NI + AI + EI),

dE

dt
= r2(1 −KE(1 − e−M ))E + r2peI − k ·BE − c(E2 + NE + AE + IE).

(9)

Results 187

We initially investigate the growth dynamics of IHeM by employing both ODEs and 188

stochastic simulations. The corresponding parameter values are detailed in Table 1. To 189

study cancer growth in the absence of immune escape, we set pe = 0. Cancer 190

progression attains equilibrium due to cell competition, as depicted in Figure 3a and b. 191

To assess how the intrinsic strength of immune predation influences cancer, we 192

subsequently examine cancer growth dynamics under the influence of the death rate d 193

for immunogenic cells. Our findings indicate that an increase in d leads to a decrease in 194

the proportion of immunogenic cells (ICs) and an increase in the proportion of antigenic 195

cells (ACs), as illustrated in Figure 3c. Similar results are observed through stochastic 196

simulations, as shown in Figure 3d and e. The intriguing dynamics observed at 197

equilibrium, highlighting the proportions of antigenic and immunogenic cells, unveil how 198

cancers adapt to auto-immunity within the IHeM. This outcome also offers a plausible 199

explanation for the immune system’s failure to eliminate heterogeneous cancers 200

burdened with a significant antigen load [6, 7, 10]. 201

Table 1. Estimated parameter values

Parameters Units Description Estimated value

r1 day−1 Proliferation rate (NCs and ACs) 1 [34]
r2 day−1 Proliferation rate (ICs and ECs) 0.5
µ1 day−1 Antigenic mutation rate 0.5 [4, 6]
µ2 day−1 Immune recognition coefficient 0.6
µ3 day−1 Immune exhaustion coefficient 0.05
d day−1 Cell death rate [0,1]
c cell−1 Cell competition death rate 1 × 10−8

pe day−1 Immune escape rate 1 × 10−5 [4, 34]
f day−1 Treatment frequency coefficient 2π/21 [16]
γ day−1 Rate of drug decay 0.9 [33, 58]
KN ,KA,KI day−1 Fractional cell kill by chemotherapy 0.9 [33, 59]
Kd,KE day−1 Fractional immune cell kill by chemotherapy 0.6 [33, 59]
vm pulse−1 Dose strength of chemotherapy drug [1,5] [33]
vb pulse−1 Dose strength of ICB therapy drug [0.1,0.9]

To account for cancer treatment, we introduced immune escape into our models 202

(pe > 0). Our findings reveal that tumors undergo population shifts toward 203

immune-escaped cells, ultimately reaching equilibrium (Fig. 4). Notably, immune 204
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escape occurs early in tumors under the IHoM and later in those under the IHeM (Fig. 205

4). The tumors in these two models follow distinct evolutionary paths before achieving 206

complete immune escape at the whole tumor level. In the IHoM, tumors are swiftly 207

dominated by immune-escaped cells derived from immunogenic cells (ICs), establishing 208

immune escape as the primary mechanism promoting tumor survival. Conversely, in the 209

IHeM, tumors exhibit a capacity for immune selection evasion through high 210

heterogeneity. The significant immune escape observed in hypermutable tumors is 211

considered vital for achieving tumor homogeneity and eliciting an effective 212

immunotherapy response [15, 35]. Nevertheless, our results do not indicate a clear 213

distinction between the IHoM and the IHeM based on this criterion. 214

We investigated the impact of immune checkpoint blockade (ICB) and chemotherapy, 215

utilizing standard chemotherapy protocols with a 21-day treatment cycle. Following the 216

conventional practice where drugs are administered during the first half of the cycle, 217

allowing the latter half for patient recovery [16], both chemotherapy and ICB were 218

administered on the same day [45]. Each treatment cycle consisted of 21 days, with one 219

pulse of drugs administered (Fig. 5a and c). 220

Initially, we examined the response of tumors under each model to single therapy. 221

The results indicated that the tumor under the IHoM was responsive to ICB, leading to 222

its extinction, while the tumor under the IHeM remained unresponsive, maintaining a 223

high equilibrium population size (Fig. 5b). This outcome is consistent with previous 224

findings [638]. In contrast to the IHoM, the tumor under the IHeM exhibited an early 225

response followed by rapid relapse when treated with chemotherapy under the same 226

strategy (Fig. 5d). To elucidate this phenomenon in the IHeM, we examined the 227

dynamics of various cell components within the tumor. We observed a rapid increase in 228

immune-escaped cells (ECs) after the initial response (Fig. 5e). The heightened 229

sensitivity of non-cancerous cells (NCs) and antigenic cells (ACs) to chemotherapy led 230

to their rapid decrease and extinction. Simultaneously, chemotherapy-induced damage 231

to the immune system facilitated immune escape, providing ECs with a distinct survival 232

advantage and resulting in rapid relapse. 233

Following the relapse, the tumor, initially evolving under the dynamics of the IHeM, 234

now transitions to being governed by the IHoM. This transition results in a curative 235

effect when combined with immune checkpoint blockade (ICB) therapy (Fig. 5f). This 236

outcome aligns with previous findings suggesting that chemotherapy increases PD-L1 237

expression in cancers [46]. We have elucidated how chemotherapy can induce favorable 238

immunological conditions in chemo-ICB combination therapy, emphasizing the 239

significant responsiveness of the IHoM to ICB. 240

To validate the transformation of the IHeM to the IHoM during early remission 241

under chemotherapy, we examined tumor antigenic heterogeneity before and after 242

chemotherapy. Referring to Fig. 4b, we observed that remission under chemotherapy 243

occurs before tumor immune escape. We simulated chemotherapy and recorded the 244

neoantigen landscapes of the tumors. Cell antigenicity, defined as the sum of all 245

neoantigens’ antigenicity for each cell, served as our metric. The simulation results 246

demonstrated a decline in tumor antigenic Shannon diversity after chemotherapy (Fig. 247

6a). Additionally, the variations in tumor cell antigenicity distributions were 248

significantly reduced post-chemotherapy (Fig. 6b and c). These findings suggest that 249

tumors become more homogeneous after chemotherapy. Given that studies indicate 250

antigenically homogeneous tumors are responsive to immune checkpoint blockade (ICB) 251

therapy [6, 7, 47], our results unveil the underlying mechanism governing the response to 252

ICB in combination with chemotherapy. 253

The therapeutic response to drug combinations often improves with higher doses, 254

but the consideration of patient tolerance during treatment is crucial. To explore the 255

therapeutic effect of different dose pairs of drugs, we calculated the relative tumor size 256
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under each dose pair. Notably, a small dose of chemotherapy drug (vm ≤ 1) combined 257

with a certain ICB dose exceeding 0.5 demonstrated a significant therapeutic response 258

(Fig. 7a). The use of a smaller chemotherapy dose causes less damage to the immune 259

system while still modifying the tumor’s immunological conditions, thus showing 260

promising effects in combination with ICB. This result underscores the pivotal role the 261

immune system plays in combination therapy. Utilizing parameter values from Table 1, 262

we conducted sensitivity analysis, revealing that our model results are not highly 263

sensitive to changes in parameter values (Fig. 7b). This outcome validates the 264

robustness of our conclusions and reinforces the reliability of our model’s predictions. 265

Based on the aforementioned results, the detrimental impact of chemotherapy on the 266

immune system significantly influences the effectiveness of combination therapy. To 267

mitigate the damage caused by chemotherapy to the immune system, we explored an 268

alternative treatment protocol. In this revised approach, tumors were treated with 269

chemotherapy during the first half of each treatment cycle, followed by immune 270

checkpoint blockade (ICB) therapy in the second half (Fig. 8a). We assumed that this 271

modified therapy protocol results in less immune system damage, introducing a healing 272

factor h. Consequently, we adjusted the immune cell death rate from 273

d · (1−KI(1− e−M )) to d · (1− h ·KI(1− e−M )), resulting in an improved combination 274

therapy outcome (Fig. 8b). This restructured treatment approach leads to a mitigated 275

relapse in each treatment cycle, ultimately culminating in the successful cure of cancer. 276

Our findings suggest that even when the immune-damaging effects of chemotherapy 277

may diminish the effectiveness of ICB treatment, maintaining the order of 278

medication4chemotherapy preceding ICB treatment4remains a favorable strategy. 279

Discussion 280

In this study, we investigated the dynamics of cancer evolution during chemo-ICB 281

therapy through the application of mathematical models. The adaptability of cancers to 282

the immune system has been explored through various mechanisms [48350]. By using 283

our models, we illustrated an immune escape mechanism observed in antigenically 284

heterogeneous tumors. This escape mechanism operates by regulating the proportions of 285

antigenic cells (ACs) and immunogenic cells (ICs) in a frequency-dependent manner. 286

The presence of such a mechanism aligns with reported instances of treatment failure in 287

ICB, particularly in tumors characterized by a high burden of antigenic mutations that 288

remain unresponsive to ICB [51]. Our assumptions, positing the origin of cancers from 289

neutral cells (NC) with subsequent differentiation into ICs [35,52354], allowed us to 290

explain how chemotherapy creates a conducive environment for tumor growth under 291

immunogenic conditions. Despite the potential immune system damage caused by 292

chemotherapy [33,42,43], an intriguing trade-off arises. This trade-off involves the 293

transformation of the IHeM to the IHoM, ultimately rendering the tumor more 294

amenable to ICB therapy. Our findings also highlight the enhanced therapy response 295

observed in combination therapy scenarios. Furthermore, we conducted an analysis of 296

prognostic factors such as cell proliferation rate and drug doses, shedding light on their 297

influences within the context of the modeled therapeutic approaches. 298

The classical predator-prey model framework applied to cancer not only consider the 299

growth dynamics of tumor cells but also account for the dynamics of effector cells in the 300

tumor microenvironment, including T cells, NK cells, and Tregs cells, among others [33]. 301

In our mathematical models, we quantify the impact of the tumor microenvironment 302

using parameters, focusing on the intratumoral evolutionary mechanisms and 303

characterizing the growth dynamics within the tumor-immune microenvironment. 304

Moreover, our results reveal the significance of the tumor-immune microenvironment, 305

particularly under the influence of chemotherapy. In terms of pharmacological toxicity, 306
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recent research has demonstrated that maintaining low concentrations of 307

chemotherapeutic drugs and relatively high concentrations of immunotherapy drugs can 308

effectively mitigate toxic effects [55], aligning with our own findings. 309

Our models considered the combination of chemotherapy and ICB therapy; however, 310

the design of combination therapy typically involves selecting the optimal drug 311

combination, determining the best dose pair, and establishing the order of drug 312

delivery [24,25,56,57]. While our models clarify general mechanisms underpinning 313

therapies, we acknowledge that the intricacies of combination therapy design are 314

multifaceted. We used parameters sourced from existing literature [4, 6, 16, 33, 34, 58, 59]. 315

However, we encountered challenges in fitting our modeling results to actual patient 316

data. Our models were constructed based on the assumption of cellular hierarchy and 317

its applications to tumor immunology. Initially, our model assumed that antigenic cells 318

(ACs) and immunogenic cells (ICs) follow distinct hierarchies of cell differentiation. 319

However, real-world tumor scenarios may be more complex. We discussed the 320

implications if the actual situation diverges from our hypothesis (Supplementary Fig. 321

S1). Notably, as the proliferation rate of ACs diminishes relative to that of ICs, the 322

differences in responses between ICB and chemotherapy decrease (Fig. S1a and b). 323

Furthermore, responses to combination therapy decline as ACs become more 324

differentiated than ICs (Fig. S1c). Despite these considerations, combination therapy 325

still demonstrates an improved response compared to single treatments, underscoring its 326

potential efficacy across various proliferation rate scenarios. 327

By uncovering general mechanisms of cancer evolution under therapeutic 328

interventions, our models yield crucial insights for optimizing combination therapy 329

strategies. The integration of chemotherapy and immunotherapy represents a promising 330

avenue in cancer treatment, demonstrating positive outcomes in clinical trials. The next 331

frontier involves refining chemo-ICB regimens based on synergistic mechanisms to 332

enhance clinical efficacy further. Our models provide a framework for integrating drug 333

combinations with patient data in future applications. Additionally, the optimal drug 334

delivery order in combination alternate therapy is a pivotal consideration in treatment 335

strategy optimization. Our work addresses this question, asserting that the order of 336

medication administration should prioritize chemotherapy before ICB treatment. This 337

finding contributes valuable guidance to the ongoing efforts in tailoring effective 338

combination therapies for cancer patients. 339

Supporting information 340

S1 Fig. Responses to therapies in different scenarios. a, Tumor growth curves 341

under ICB therapy. b, Tumor growth curves under chemotherapy. c, Tumor growth 342

curves under combination therapy. Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe, f , γ, KN , 343

KA, KI , KE , Kd, vm, vb) = (1, 0.5, 0.5, 0.6, 0.05, 0.5, 1 × 10−8, 1 × 10−5, 2π/21, 0.9, 344

0.9, 0.9, 0.9, 0.6, 0.6, 5, 0.9). r1 > r2 : (r1, r2) = (1, 0.5), r1 = r2 : (r1, r2) = (1, 1), 345

r1 < r2 : (r1, r2) = (0.5, 1) 346
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a Immunogenic Homogeneity Model (IHoM): 

1−
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b Immunogenic Heterogeneity Model (IHeM): 
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c
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Stochastic Braching Model: 

Fig 1. Representation of our models. a, Schematic representation of the
immunogenic homogeneity model (IHoM). Different compartments represent different
cell immunogenic status. From left to right, it represents neutral cells (NCs),
immunogenic cells (ICs) and immune escaped cells (ECs). For each NC, it can divide at
rate r1, and then either give birth to two identical offsprings with birth rate 1 − µ1 or
transform into one immunogenic cell at rate µ1. For each IC, it can divide at rate r2,
and then give birth to two identical offsprings at rate 1 − pe or transform into an EC at
rate pe. ICs die at rate d. b, Schematic representation of the immunogenic
heterogeneity model (IHeM). From left to right, it represents neutral cells (NCs),
antigenic cells (ACs), immunogenic cells (ICs) and immune escaped cells (ECs). An AC
transforms into an immnogenic cell at rate µ2f1. ICs transform into ACs at rate µ3f2.
Other cellular processes are similar to the ones of the IHoM represented in a. c,

Schematic presentation of the stochastic branching model. The blue filled circles
represent NCs, yellow filled circles represent ACs, blown filled circles represent ICs and
grey filled circles represent ECs.
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ICB therapy:

b
Chemotherapy: 

death

NCs ACs ICs ECs

death death death

ICs
death

Chemotherapy immunotoxicity:

Fig 2. Representation of ICB and chemotherapy models. a, Schematic
representation of ICB therapy. Here B represents the blood concentration of ICB drugs.
ICs represent immunogenic cells and ECs represent immune escaped cells. b, Schematic
representation of chemotherapy. Here M represents the blood concentration of
chemotherapy drugs. NCs represent neutral cells, ICs represent immunogenic cells, and
ECs represent immune escaped cells. The parameters KN , KA, KI , and KE denote the
sensitivity of each cell type to chemotherapy. For example, the death rate of neutral
cancer cells under chemotherapy is expressed as KN (1 − e−M ). The parameter Kd

represents chemotherapy-induced damage to the immune system (Chemotherapy
immunotoxicity), modeled by adjusting the death rate as d −→ d · (1 −Kd(1 − e−M )).
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a b

c d e

Fig 3. Growth dynamics of the IHeM. a, Tumor growth curves generated with
numerical solutions of ODEs of the IHeM. Growth curves of ACs, ICs and all tumor
cells are shown. b, Tumor growth curves generated with simulation data of ACs, ICs
and all tumor cells in the IHeM. c, Fractions of ACs and ICs generated with numerical
solution of ODEs of the IHeM. d, Box plots of fractions of ACs generated with 10
simulations of the stochastic IHeM. e, Box plots of fractions of ICs generated with 10
simulations of the stochastic IHeM. Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe) = (1, 0.5,
0.5, 0.6, 0.05, 1, 1 × 10−5, 0).

IHoM IHeM

Fig 4. Comparison of the IHoM and IHeM. a, Growth curves generated from the
numerical solutions of ODEs of the IHoM. b, Growth curves generated from the
numerical solutions of ODEs of the IHeM. Growth curves of all types of cells are shown.
Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe) = (1, 0.5, 0.5, 0.6, 0.05, 1, 1 × 10−8, 1 × 10−5).
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Fig 5. Responses to different therapies. a, Tumor growth curves under ICB
therapy. b, Blood concentration change of ICB drug corresponding to treatment cycle.
c, Tumor growth curves under chemotherapy. d, Blood concentration change of
chemotherapy drug corresponding to treatment cycle. e, Growth curves of NCs+ACs,
ICs and ECs under chemotherapy generated with numerical solutions. f, Tumor growth
curves under combination therapy. Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe, f , γ, KN ,
KA, KI , KE , Kd, vm, vb) = (1, 0.5, 0.5, 0.6, 0.05, 0.5, 1 × 10−8, 1 × 10−5, 2π/21, 0.9,
0.9, 0.9, 0.9, 0.6, 0.6, 5, 0.9).
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Fig 6. Effect of chemotherapy on antigens diversity. a, Box plots of Shannon
diversities of neoantigens before and after 10 simulated chemotherapy. b, Distribution
of cell antigenicity before and after one simulated chemotherapy. c, Box plots of cell
antigenicity variation before and after 10 simulated chemotherapy.

a b

Fig 7. Effect of drug dose pair and sensitivity analysis a, Therapeutic effect of
different dose pairs of ICB and chemotherapy drugs. Therapeutic effect measured by
relative tumor size (Post-therapy population size/Pre-therapy population size). b,
Sensitivity analysis on parameters.

a b

Blood concentration of ICB drug

Blood concentration of chemo drug

Fig 8. Revised combination therapy. a, Blood concentration curve of revised
therapy protocol. b, Tumor growth curves under combination therapy under revised
therapy protocol. Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe, f , γ, KN , KA, KI , KE , Kd,
vm, vb, h) = (1, 0.5, 0.5, 0.6, 0.05, 0.5, 1× 10−8, 1× 10−5, 2π/21, 0.9, 0.9, 0.9, 0.9, 0.6,
0.6, 5, 0.9, 0.5).
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Fig S1. Responses to therapies in different scenarios. a, Tumor growth curves
under ICB therapy. b, Tumor growth curves under chemotherapy. c, Tumor growth
curves under combination therapy.Parameters: (r1, r2, µ1, µ2, µ3, d, c, pe, f , γ, KN ,
KA, KI , KE , Kd, vm, vb) = (1, 0.5, 0.5, 0.6, 0.05, 0.5, 1× 10−8, 1× 10−5, 2π/21, 0.9,
0.9, 0.9, 0.9, 0.6, 0.6, 5, 0.9). r1 > r2 : (r1, r2) = (1, 0.5), r1 = r2 : (r1, r2) = (1, 1),
r1 < r2 : (r1, r2) = (0.5, 1)
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