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Abstract 
 
Recently, there has been a coordinated effort from academia and the pharmaceutical industry 

to identify biomarkers that predict response to immune checkpoint blockade in cancer. 

Although several have been identified, so far no biomarker reliably predicts response in a 

sufficiently rigorous manner for routine use.  

Here, we argue that the therapeutic response to immune checkpoint blockade is a critical state 

transition of a complex system. Such systems are highly sensitive to initial conditions and 

critical transitions are notoriously difficult to predict far in advance. However, closer to the 

tipping point warning signals can be detected. Recent advances in mathematics and network 

biology are starting to make it possible to identify such warning signals. We propose that 

these dynamic biomarkers could not only prove useful in distinguishing responding from non-

responding patients, but may also allow the identification of new therapeutic targets for 

combination therapy.  
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“Even if it were the case that the natural laws had no longer any secret for us, we could still 

only know the initial situation approximately. […] It may happen that small differences in the 

initial conditions produce very great ones in the final phenomena. A small error in the former 

will produce an enormous error in the latter. Prediction becomes impossible, and we have the 

fortuitous phenomenon.”  

Henri Poincaré, Science and Method1 

 

 

The particular need for a predictive biomarker for immune checkpoint blockade in cancer 

Immune checkpoint blockade has recently shown tremendous success in cancer, with long-

term complete tumor regression in a proportion of patients in several cancer types, most 

notably melanoma2, 3, non-small cell lung cancer4, kidney cancer5 and Hodgkin’s lymphoma6. 

Although melanoma so far seems to be the only cancer to benefit from antibodies that block 

cytotoxic T lymphocyte-associated antigen 4 (CTLA4)7, other cancer types also seem to be 

amenable to blockade of the programmed cell death protein 1 (PD1) pathway, with response 

rates between 10 and 25% for bladder8, gastric9, ovarian10, head and neck cancer11 and several 

others. These results have dramatically changed the field of oncology, and for some 

metastatic solid cancers the word ‘cure’ has now become part of the oncologists’ 

vocabulary12.  

However, even though these results are very exciting, the majority of patients with metastatic 

cancers do not respond to immune checkpoint blockade. The almost dichotomous response 

profile, combined with potentially severe toxicity13 and very high costs14 mean that a reliable 

predictive biomarker is urgently needed. There are some additional aspects particular to 

immune checkpoint blockade that shape the requirements of such a biomarker (Box 1).  

One of these is the phenomenon of pseudoprogression (where tumor volume increases due to 

infiltrating immune cells and edema,	before a subsequent response occurs)15, which makes it 

difficult to assess whether to continue treatment in the setting of apparent tumor growth. After 

all, in most cases this will be due to early treatment failure, rather than prefacing a response.  

Another particular aspect of immune checkpoint blockade is a by-product of its response 

profile: if patients respond to this treatment, they often experience prolonged response 

durations, while most other systemic treatments in metastatic solid cancers typically only 

offer the possibility of a modest delay in tumor progression16. Given the alternative, this 

places a heavy burden on the negative predictive value of a potential biomarker. For example, 

if the marker identified a reduction in the probability of response from 25% for the unselected 
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patient group to 10% for the biomarker-associated group, that would possibly still be too high 

for patients or their doctors to forsake treatment (Box 1).  

Lastly, even though immune checkpoint blockade has been developed through a target-based 

approach, it is not well understood how it actually works. Based on depletion studies in mice 

it is clear that cytotoxic T cells are of crucial importance17, but whether they are the only cells 

of importance remains unclear at this stage with studies showing other cell types may be 

(either positively or negatively) involved in the effector response, including regulatory T 

cells18, macrophages18, 19, helper T cells20-22, natural killer cells 20, 23, dendritic cells and 

myeloid-derived suppressor cells24, 25. It is also not fully understood how cytotoxic T cells 

actually kill cancer cells in vivo following immunotherapy, or how tumor cells could be 

sensitized to immune destruction26, 27.  

A biomarker correlating with an effective response could potentially elucidate some of these 

aspects of the underlying mechanism of action of immune checkpoint blockade.  

  

Static biomarkers for immune checkpoint blockade  

The most clinically advanced biomarkers for response to immune checkpoint blockade 

include neoantigen expression/mutational load28-30, tumor expression of the checkpoint 

receptor ligands31-33 and intratumoral immune infiltrates34. These and other biomarkers are all 

obtained from pre-treatment patient samples (reviewed in refs.35-37).  

The unspoken underlying assumption here is that a patient is destined to respond or not; if we 

were able to go back in time and treat that same patient again with the same antibody, he or 

she would respond identically. But, would this indeed be the case? Interestingly in this 

respect, tumor-bearing inbred mice show differences in response to checkpoint blockade 17, 38-

40. Although inbred mice potentially have differences in their T cell receptor repertoires, they 

are otherwise very similar: their germ-line genomes are identical, they are sex and age-

matched, inoculated with a monoclonal cancer cell line (expressing a presumably fixed 

amount of neoantigens) that reproducibly gives rise to similar-sized tumors, treated with the 

same antibody at the same dose, and sometimes even housed within the same cage, while still 

showing differences in response. The difference in response rates is also not primarily 

determined by size; larger tumors can still respond while smaller tumors escape39, 41. 

Together, these findings indicate that whatever the difference is between responders and non-

responders in the pretreatment setting, it can be very small. And although the pretreatment 

state is of importance in predicting response as we can conclude from the current correlates 
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discussed above, it may not encompass all determinants; some decisions are made after the 

therapy has been administered.  

 

 

The complexity of an anti-tumor immune response 

The immune system contains many switches, thresholds, feed-forward and feedback loops 

that govern cellular differentiation42, 43, activation or inhibition44, 45, migration and 

microanatomical distribution46, 47, and immune cell population expansion or contraction48, 49. 

Similar switches and loops operate on the tumor side, determining whether a cancer cell will 

die or grow26, 50-52. Lastly, multiple layers of complexity are added by systemic pro- or anti-

inflammatory soluble factors53, 54, tissue-specific regulation of cells and genes55, 56, local 

metabolic effects57, 58, pro- and anti-inflammatory innate immune players59, interactions with 

our external environment60, and potentially many other yet unknown factors that all influence 

the outcome of an immune response and its interaction with target tissue.  

These characteristics make the immune system and its interplay with other cells and tissues 

the archetype of a complex or chaotic system61, which suggests that it is highly sensitive to 

initial conditions: minuscule differences may go undetected, but may have massive 

consequences downstream. Yet, despite it being a complex system with decreasing 

predictability of the behavior of the individual components44, the immune system does in 

most cases respond in a surprisingly predictable and consistent manner, eliminating pathogens 

without harming normal tissue. In fact, randomness and stochastic variation at the lower level 

of the immune system are paradoxically integral to a more predictable outcome at the system 

level44. This has for example been shown for T cell activation, where differences in the 

expression of key regulators have the potential to result in heterogeneous activation within a 

clone of ostensibly identical cells. This problem is at least partially solved by co-regulation of 

these same regulators, which limits the heterogeneity of the response45. Likewise, although 

after exposure to a pathogen individual cells follow random cell fate courses over time (non-

proliferation, cell division and death), non-protection is highly unlikely, and with a minimum 

set of rules lymphocyte expansion and contraction during infection follows a predictable 

course through population averaging62-64.  

Because of these balancing mechanisms the outcome of an immune response is usually 

consistent, reproducible and adequate. This could lead one to think in a deterministic manner 

(we can understand and predict the outcome of an immune response if we know all the 

cellular and molecular constituents of the system), while in fact, it likely is a probabilistic 
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outcome of a complex system65. As a consequence of this interpretation, once in a while we 

are taken aback by completely unpredictable rapidly spiraling immunological cascades, such 

as when a minor bacterial exposure in previously completely healthy people results in a 

fulminant lethal septic shock66, 67, when targeting one single molecule leads to catastrophic 

cytokine storms in healthy trial subjects within a few hours68, or, more positively, when 

patients with very advanced metastatic cancer show a complete regression within a few weeks 

after a single administration of immune checkpoint blockade69. 

 

The immune checkpoint blockade-responsive tumor displays a critical transition 

The almost dichotomous fashion of therapeutic responses to checkpoint blockade, particularly 

the fast and complete regressions as observed with some of the antibodies in some patients, 

versus the complete lack of impact in others2, 16, 69, suggests a critical state transition, as is 

observed in many complex systems in ecology, economics and biology70, 71. These systems 

undergo slow changes in response to external factors or perturbations, but occasionally they 

flip to a contrasting state, the likelihood of which increases when the system approaches a 

tipping point70.  

Critical transitions can be divided into three phases: a stable initial state, a pretransition state 

and the new stable state72, 73 (Fig. 1a). While complex systems are usually very robust to 

perturbations in the two stable states, they have low resilience and robustness in the 

pretransition state74. Although during that phase the system is still reversible to its initial state, 

a very minor local perturbation can lead to a self-propagating feed-forward loop that propels 

the entire system towards the other state, particularly in highly connected networks 70, 74, 75. 

Conversely, appropriate perturbations can also pull the system back towards the initial stable 

state.  

As a consequence, critical transitions are often unpredictable, and the further away from the 

tipping point, the more difficult it becomes to predict70, 76. In other scientific fields, some 

mechanisms have been identified that could predict a state transition such as ‘critical slowing 

down’, the rate at which a system recovers from small perturbations77, but it is unclear how 

universal these warning signs are and how they would apply to the anti-tumor immune 

response. However, what is clear is that for critical transitions the warning signals may not all 

lie in the initial state; some biomarkers may be found between the start of treatment and the 

tipping point (Fig. 1a)73. And importantly, while chaotic systems are difficult to predict 

because small changes will grow rapidly, this also makes them potentially easy to control: a 
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small change in the initial state (at the right time and in the right direction) can mean that the 

system will evolve to an entirely different final state78, 79.  

The initial state and subsequent events that occur closer to a state transition are of course 

linked. In the context of immune checkpoint blockade for example, a patient with a broad 

repertoire of tumor antigen-specific T cells and an inflamed tumor microenvironment may be 

closer to the tipping point than a patient who does not have these characteristics: subsequent 

events that may be needed to push the network through the state transition, such as adequate 

cytokine release and attraction and extravasation of immune effector cells may occur more 

readily in these patients. Biomarkers in the pretransition state may be the driving factors that 

tip the complex network towards the response state, thus forming potential effective drug 

targets73.  

 

 

What goes on in an immunotherapy-responding tumor?  

So how does this work when we artificially try to tweak the system using immune checkpoint 

blockade? Clinically, the possibilities are rather limited: cure, partial response, mixed 

response or no response with regards to the cancer, and (auto-immune) side effects or not with 

regards to the host80. The underlying mechanisms resulting in these outcomes, however, could 

be manifold. Although some primary mechanisms of resistance have been identified 

(reviewed in ref.81), it is not known what cellular and molecular programs govern these 

different outcomes, and whether these programs are heterogeneous between or within each 

possible clinical outcome group. 

Some studies investigating transcriptional responses before82, 83 and during84-86 checkpoint 

blockade in patients have been reported, but so far they have only employed conventional 

differential expression signatures. A study in 45 melanoma patients treated with anti-PD1 

and/or anti-CTLA4 investigated the transcriptomes of peripheral blood T cells and 

monocytes, comparing pretreatment samples with samples obtained 3 weeks after start of 

therapy84. CTLA4 blockade particularly induced a proliferative signature in transitional 

memory T cells, while PD1 blockade showed enhanced expression of cytolysis and natural 

killer cell function. Interestingly, there was little overlap between T cell gene signatures in the 

different patient cohorts84. Although peripheral blood is the most convenient and accessible 

site to obtain serial biomarkers, it is unclear at this stage whether it will allow the 

identification of a useful biomarker87.  



	 8 

A similar study that employed differential expression analysis on whole transcriptome data 

used tumor tissue from before and 3 weeks after start of ipilimumab, and found that genes 

associated with T helper 1 type immune responses were increased, while genes involved in 

cell proliferation decreased, presumably due to T cell infiltration85. Similar findings were 

reported for patients treated with an anti-PD-L1 antibody86. A recent study reported results 

from targeted gene expression analysis of 795 immune or cancer-related genes in melanoma 

biopsies from 53 patients who were treated with sequential CTLA4 and PD1 blockade, taken 

at several time points during treatment88. This study found a variety of immune-related genes 

to be differentially upregulated when comparing responders with non-responders. Only a 

modest overlap in transcriptional signatures between CTLA4 and PD1 blockade groups was 

observed, confirming previous data in animal models89. Some cancer-related genes, such as 

vascular endothelial growth factor, were downregulated in responders to PD1 blockade, 

suggesting a potential angiogenic mechanism of therapeutic resistance88.  

Although these data are very interesting, differential gene expression analysis inherently 

favors the identification of highly differentially expressed genes, and may not allow 

differentiation of genes that are expressed as a consequence of the critical transition from ones 

that are actually driving it74. Moreover, the molecular determinants of cellular phenotypes are 

often themselves not differentially transcribed, rather their increased activity may be 

dependent on post-transcriptional or post-translational mechanisms90, 91. 

 

Dynamic network biomarkers for response 

Network analysis has recently been shown to be an effective approach when trying to tease 

out key drivers of a biological process, giving structural insight into the connectivity between 

the players in the tumor microenvironment that correlate with response92. Network biology 

applies graph theory to biological data: genes, proteins, metabolites or other biologically 

active molecules are visualized as nodes and their interactions as links or ‘edges’93 (Box 2). 

Together, they form complex networks, operating within and between cells, tissues and 

organs94. One of the key advantages of network biology is that it allows the identification of 

highly connected nodes (‘hubs’)92, and bottleneck nodes95, which are a priori ideal candidates 

for biomarker and drug discovery, since the modulation of these hubs allows modulation of a 

large repertoire of other interacting nodes96, 97. By constructing topological maps of 

connections between genes and/or gene products, subnetworks (modules) of separate but 

highly connected pathways with common functions can be distinguished, using high-

dimensional molecular data98, 99. This approach was used to for example identify key hubs 
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and modules that control yeast metabolism100, inflammatory responses of immune cells101-103, 

pathogen sensitivity to antibiotics104 and epithelial-mesenchymal transition in brain tumors105. 

However, recent evidence indicates that when applied to dynamic processes, static network 

analysis may miss aspects that are important for the function or behavior of the network 

induced by changing conditions or perturbations106, 107. The more dense a network becomes, 

the less important individual hubs become, the more resistant the network becomes to 

perturbations, yet at the price of sudden dramatic ‘global’ cascades, which are extremely hard 

to predict108. For example, in marketing through social networks, highly connected hubs are 

not critical when it comes to communicating large influence cascades109. Similarly, although 

it seems logical to assume that taking out the central hubs in a narcotic crime network will 

disrupt the network, counter intuitively the network actually becomes more efficient when the 

bosses are removed 110. And when cellular transcriptional networks were studied under 

different conditions over time, different sets of transcription factors were seen to be key 

drivers at different times, resulting in alternative cellular states: ‘transient hubs’ had the 

capacity to change interactions in subnetworks that were critical only under certain 

conditions111. These data suggest that it is difficult to predict which nodes are the most 

important ones for initiating or communicating critical transitions based on static network 

data only, and that we need dynamic data to identify useful biomarkers in this context.  

An interesting novel approach makes use of the fact that key drivers of critical transitions in 

cellular networks increasingly fluctuate in a strongly correlated manner when approaching the 

tipping point72, 74, 112. These dynamic network biomarkers are envisaged as the leading 

subnetworks that first move over the critical point and thus have a strong relationship with the 

causal molecules, as opposed to differential expressed genes that would usually result from 

the transition, rather than being the cause of it73, 74, 113. So far, these dynamic network 

biomarkers have only been applied to predict transitions from a pre-disease state to a disease 

state, not to predict a therapeutic response. Interestingly, in that setting, the groups of 

molecules that formed these biomarkers could slightly vary between individuals, presumably 

due to individual genetic/epigenetic variations72 or stochastic variation114. Whether this 

approach can be used in the context of immune checkpoint blockade remains to be 

established. 

The power of using sequentially sampled patient tissue during treatment to identify novel 

biomarkers that correlate with response is underscored by a recent study in patients with 

systemic lupus erythematosis115. The response to specific treatments did not so much correlate 

with pretreatment signatures, but with changes of these signatures over time, which enabled 



	 10 

patient stratification into distinct groups. The implication is that based on these therapy-

induced biomarker changes subsequent additional therapeutic strategies could be selected116. 

In this case, the dynamic biomarkers were obtained through serial sampling of peripheral 

blood. In the setting of cancer and immune checkpoint blockade, it is likely that the tumor 

microenvironment has to be taken into account (Fig 1b).  

We recently used network analysis of gene expression data from immune checkpoint-

blockade responding and non-responding tumors in mice, taken 5-6 days after administration 

of an anti-CTLA4 antibody which was just before the clinical tipping point, the moment when 

responding tumors would start to regress while non-responding tumors would keep growing39. 

This approach identified two response-associated coexpression modules, and nitric oxide 

synthase 2 (NOS2) as a central hub in the response to CTLA4 blockade in this model (Fig. 2). 

Importantly, by pharmacologically inhibiting or enhancing the biological activity of NOS2 

the response rates to anti-CTLA4 were significantly decreased or increased, respectively39. 

This study provides the first proof of principle that mapping the molecular networks after start 

of treatment allows identification of novel biomarkers in the context of immune checkpoint 

blockade (Fig. 1b). Importantly, this work suggests that this approach can identify the leading 

response network and that subsequent informed targeting with (repurposed) drugs can push 

the system over the tipping point towards a response.  

 

Conclusion: integrating dynamic and static biomarkers in the clinic  

Identifying dynamic biomarkers associated with therapeutic response is clearly in its infancy 

with very little data to date. However, early proof of principle has been established. 

Importantly, these studies have not only shown that during the effector response novel 

biomarkers can be identified that would not have been picked up in pretreatment tissue, but 

also that these biomarkers can be leveraged for novel therapeutic strategies for combination or 

sequential treatments to improve the efficacy of the initial therapy.  

So far, these studies have employed molecular profiling of bulk tissue samples. Given the 

multicellular complexity of the anti-tumor immune response, there is a limit to what can be 

learned from these types of analyses. The advent of single cell analysis has made it possible to 

tease out the molecular players in their cellular context and dissect cell-cell communication in 

a much clearer manner. This should provide a wealth of information regarding the 

mechanisms that operate during immunotherapy-induced tumor regression. 

Many questions remain. At this moment it is not clear if there is commonality of mechanisms 

between individual responding patients, or whether there are different routes to successful 
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tumor regression following checkpoint blockade (Fig. 3)117. Are there some patients who will 

never respond, with tumor/host characteristics that do not allow a therapeutic response even to 

move towards the tipping point? If so, in that situation a dynamic biomarker would not be 

useful and pretreatment tissue samples would suffice. In an experimental setting, that would 

be a host who lacks any cytotoxic T cells17 for example, but whether there are specific 

characteristics in the real-world setting that would completely preclude any response is not 

known.  

It is also important to note that although it appears that in some checkpoint blockade 

responding patients there is a drastic change in system state (a rapid and complete clinical 

response2), in others the change seems more gradual118. Notwithstanding the different kinetics 

of these responses between patients, we could still potentially identify individuals that are 

susceptible to being pushed towards the healthy state with the right treatment by observing 

the dynamic behavior within the disease state after treatment119. 

We envisage that static and dynamic biomarkers could be incorporated into a treatment plan 

in a complementary manner. If for example, based on a static pretreatment biomarker, a 

patient was deemed to be potentially responsive to treatment, a dynamic biomarker could 

allow a subsequent decision shortly after treatment had been initiated (perhaps to continue 

despite initial progression, based on a positive marker obtained early after treatment initiation, 

suggesting a diagnosis of pseudoprogression).  

Identification of dynamic biomarkers that predict response to immune checkpoint blockade 

will obviously require serial sampling during therapy. Whilst repeated tumor biopsies are 

challenging, they are feasible within the context of clinical trials as has been demonstrated in 

several studies34, 84, 85, 88. It is possible that baseline and serial on-treatment biopsies in initial 

exploratory studies will identify surrogate biomarkers that could subsequently be accessed 

using less invasive techniques, such as molecular imaging120, fine needle aspiration biopsies, 

or best case via peripheral blood biomarkers. 

The identification of new dynamic biomarkers requires collaboration between 

mathematicians, computational biologists, cancer immunologists and clinicians. With so 

many clinical trials of immune checkpoint blockade currently ongoing, there is a very strong 

rationale to obtain serial patient samples to map the networks underlying successful therapy. 

If we incorporate dynamic biomarkers into trials it is more likely that we will find a set of 

biomarkers that will fulfill all the criteria. 
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Box 1: Why is a biomarker for checkpoint blockade needed and what are its 
necessary characteristics?  
 
What is so remarkable about immune checkpoint blockade? 
• Checkpoint blockade works in a minority of patients for many types of cancers2-6, 8-11. 
• But when it works, it often works really well, with prolonged responses for many 

years16, 121, while in most cancers other treatments typically are effective for only a 
limited time. 

• Responding tumors can first show increased size on imaging before they start to 
respond (‘pseudoprogression’)15. 

• It can have severe, life-threatening side effects13. 
• It is extremely expensive14. 
• Although the targets are defined, the exact mechanism of action of these compounds is 

incompletely understood. 
• Combinations of immune checkpoint blockade may augment response2, but the 

rationale for combination therapies is incompletely understood. 
 
Following from these distinctive characteristics, specific criteria for a useful biomarker 
include: 
• It needs a very high negative predictive value (i.e. the biomarker should at least point 

out who will certainly not respond). 
• Although a single pre-treatment biomarker would be ideal, a biomarker that could be 

used early in treatment would still be of great value: response prediction during the 
first (or second) cycle would allow identification of patients who may benefit from 
continuing or not; pseudoprogression would be readily identified; financial burden and 
potential toxicity would be limited with only 1-2 administrations of the antibody, and 
it may identify new targets for intervention39, 117. 

• An ideal biomarker would be non-invasive – i.e. repeated biopsies would not be 
required. 

• An ideal biomarker would be valid and reliable in different cancer populations. 
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Box 2: The application of network science to biomedicine 
 
	Network theory represents complex systems as graphs, where the agents are represented 
as nodes (a), and their relations as links (edges), to analyze the structure and by inference 
the behavior of these complex systems. 
 
An early example of this approach is the “Bridges of Königsberg" problem. The city 
Königsberg (now Kaliningrad) consisted of several islands and two riverbanks, connected 
to each other by seven bridges. The mathematical problem posed by the people of the 
town was to create a walk through the city that would cross each bridge only once. 
Leonard Euler solved the problem in 1736: by positing the bridges as edges and the 
various landmasses as nodes, he showed that it was impossible to create a path through 
the city that would cross each bridge only once122.  In the last two decades the field has 
grown exponentially and the application of graph theory to complex networks has 
resulted in a much improved understanding of the structure and behavior of complex 
systems such as power grids, the world wide web, ecosystems, social behavior, infectious 
disease transmission, financial markets and cell biology123.  
 
In biomedical applications of network 
theory, the nodes are biomolecular entities 
(e.g. genes or proteins), and the edges are a 
representation of their relationships (e.g. 
coexpression or physical interaction)92. 
This approach allows the identification of 
(groups of) molecules that are associated 
with a certain phenotype or clinical trait. 
For example, network analysis of high 
dimensional molecular data can identify 
subnetworks of highly interconnected 
genes (‘modules’) that are important for 
specific cellular processes100, or highly connected individual nodes (i.e. nodes with many 
edges, often referred to as hubs, the red node in a; or nodes with a central role in 
connecting other parts of a network although they do not have a lot of edges, referred to 
as bottleneck nodes, the yellow node in a) that drive disease processes, such as brain 
cancer invasion105 or breast cancer oncogenesis124.  
 

	
 
 
 
 
 
 
 
  

a

Extra	node	
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Figures and Legends 

	  
Figure 1: Dynamic biomarkers in immune checkpoint blockade 
a) The successful therapeutic response to immune checkpoint blockade follows the pattern of 
a critical transition of a complex system70, 71. This is characterized by three phases, an initial 
stable state, a pretransition state (where the system can still revert back to the initial state) 
followed by the transition and a new stable state113. Static pre-treatment biomarkers are 
obtained at the beginning in the initial state, while dynamic biomarkers are taken on the way 
towards the response, including the pretransition state (after start of treatment)72, 75. b) One 
way of identifying dynamic biomarkers is by taking biopsies at multiple time points in 
responding versus non-responding subjects and using a network biology approach92 to map 
the molecular networks that are associated with effective tumor regression following immune 
checkpoint blockade39. This has the potential to identify hub gene products that are driving 
the response. Not only can these hubs be used as powerful biomarkers for response, but 
potentially also as drug targets: by pharmacologically targeting these hubs the response to 
immune checkpoint blockade can be significantly increased39.  
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Figure 2: Identifying biomarkers for response in responsive versus non-responsive 
tumors. This figure illustrates the approach described in ref [39]. a) Tumors from inbred 
mice that respond differently to anti-CTLA4 were sampled at the point of a clinical response. 
b) Transcriptomic analysis of responding, non-responding and control tumors was 
undertaken. c) Network analysis was used to identify differentially activated coexpression 
subnetworks and their hubs associated with response. d) Drugs that phenocopy the response-
associated network were shown to increase the response rate to anti-CTLA4.  
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Figure 3 - The rugged landscape of possible responses to immune checkpoint blockade: 
what routes are followed towards complete tumor regression? Each ball represents the 
network in the tissue at the beginning of treatment. After treatment there is a moment where a 
tipping point occurs in responding patients and the cancerous tissue regresses till it becomes 
normal healthy tissue. Several hypothetical scenarios/routes of response are illustrated. 
Patient 1: this patient is intrinsically resistant; the response will never initiate. The tissue will 
remain in its cancerous state (at least for this treatment; the landscape may look different for 
another treatment –including another checkpoint antibody- for this patient). It is unclear at 
this stage whether such patients exist in the context of immune checkpoint blockade. 
Patient 2: this patient has the right prerequisites to initiate the response. Whether it will 
succeed depends on many events along the way, as described in the text. 
Patient 3: in this patient the tissue network is very close to the tipping point, a small change to 
the network induced by immune checkpoint blockade can result in a critical transition. In 
addition, there are no hurdles on the way to the tipping point that could prevent the transition 
from occurring; the patient is always going to respond. Although this is a view that can 
sometimes be heard in discussions on particular patient groups, it is questionable whether it is 
true. Even in the best starting situation (high neoantigen load, broad TCR repertoire, inflamed 
microenvironment, young patents, as is for example seen in Lynch syndrome-associated 
colorectal cancer), the response rate is still not close to 100%125. And in identical inbred mice 
using checkpoint blockade sensitive tumors, dichotomous responses are still observed39. As 
discussed in the text, the stochastic nature of the adaptive immune response does imply that at 
the outset we can never be fully certain of the outcome.  
Patient 4: this patient is similar to patient 2, except that the response route at some point 
converges with that of patient 3. This is just to highlight the possibility that patients may have 
similar response patterns despite distinct starting situations. It is not known how much 
heterogeneity exists between responding patients: could differential mechanisms operate in 
successfully rejected tumors (before and after the tipping point)? 
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Glossary 
	
Immune checkpoints 
Stimulatory or inhibitory pathways that regulate the scale of adaptive immune responses.  
 
Cytotoxic T lymphocyte-associated antigen 4 (CTLA4) 
An inhibitory immune checkpoint molecule, which is upregulated on effector T cells after 
activation where it competes for ligand with a stimulatory receptor CD28. 
 
Programmed cell death protein 1 (PD1) 
An inhibitory immune checkpoint receptor expressed on activated lymphocytes and highly 
expressed on exhausted T lymphocytes. Ligation results in an impairment of proliferation, 
cytokine production, cytolytic function, and survival of T cells.  
 
Biomarker 
A biomarker is a measurable indicator of normal biological processes, pathogenic processes, 
or biological responses to a therapeutic intervention. In oncology biomarkers are often used as 
predictors of disease outcome, such as prognosis or response to treatment.  
 
T cell receptor repertoire 
T cell receptors are formed by the random recombination of a set of germ line encoded 
elements with mechanisms to enhance junctional diversity. Thus genetically identical 
individuals can create unique T cell receptor repertoires. 
  
Cytotoxic T cells 
A subset of T cells, expressing CD8, that have the capacity to directly kill target cells, such as 
cancer cells or virus infected cells, after recognizing antigenic peptides on that cell. 
 
Regulatory T cells (Treg) 
A subset of CD4+ T cells that inhibit immune responses; they can down modulate the 
induction of a response and can limit the proliferation of effector T cells. 
 
Complex system 
A complex system is characterized by emergent behavior. The system itself may consist of a 
large number very simple parts interacting in simple ways, but with a large number of such 
interactions. The observed behavior of the entire system is not what one would immediately 
expect from the individual components. 
 
Chaotic system 
A chaotic system is one that exhibits irregular and apparently random variation, but is in fact 
completely described by a small number of deterministic equations. Chaotic systems are 
characterized by sensitive dependence on initial conditions (a small change in the initial state 
leads to a large change in outcome), extreme mixing (different initial conditions will 
eventually become arbitrarily close, for a short time), and, exhibiting bounded, deterministic, 
but aperiodic behavior. 
 
Critical (state) transition 
The behavior of complex systems typically changes smoothly (gradually) with changes in the 
system parameters. However, at a critical state transition a small perturbation to the system 
parameters will result in a sudden and dramatic change in the systems behavior. 
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Tipping point 
A tipping point is the (biological) state at which a critical state transition occurs.  
 
Graph Theory 
The mathematical study of graphs, abstract structures used to model pairwise relations 
between members of a set. A graph in this context is made up of nodes that are connected by 
edges. Mathematical graph theory tends to focus on analysis of symmetry and structure, while 
in physics the same objects are called networks and the emphasis is on structures with a very 
large number of nodes and the description of the statistical interaction between them. 
 
Nodes (‘hubs’) 
Many complex systems are characterized by complex networks. A complex network is 
represented by a series of nodes connected by edges. One can visualize these nodes and edges 
as points (nodes) connected by line segments (edges). The edges determine which nodes are 
connected to which other nodes. Nodes that have a relatively large number of edges are called 
hubs. 
 
Bottleneck nodes 
A bottleneck node is a node with a central role in connecting other parts of a network. A large 
number of paths between random pairs of nodes will pass through a bottleneck node. 
 
Transient hubs 
Transient hubs are hubs that rise to prominence only for a short time. In a time varying 
network, a transient hub will have a large number of edges only for some of the time. 
 
Subnetworks 
A subnetwork is any subset of the nodes in a network and the edges connecting nodes within 
that subset. It is a piece of a network. 
 
Dynamic biomarkers 
Predictive biomarkers (i.e. associated with response to treatment) that are obtained after 
treatment has been initiated. 
 
Static biomarkers 
Predictive biomarkers obtained at a single time point.  
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