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Abstract

Complexity and integration are longstanding wididypated issues in philosophy of science and
recent contributions have largely focused on biglagd biomedicine. This paper specifically
considers some methodological novelties in caresgarch, motivated by various features of
tumours as complex diseases, and shows how theyege some rethinking of philosophical
discourses on those topics. In particular, we dis¢hentegrative cluster approach, and

analyse its potential in the epistemology of candé suggest that, far from beittge solution

to tame cancer complexity, this approach offerkippophically interesting new manner of
considering

integration, and show how it can help addressiegahparent contrast between a pluralistic and

a unitary account.
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1. Introduction: philosophical issuesin past and present cancer research

In 2014, R.A. Weinberg, one of the world’s leadinglecular oncologists, published a paper to
celebrate 40 years @fll, the prestigious journal that “publishes findirmjsunusual

significance in any area of experimental biologieinberg’s paper, titled ‘Coming full circle.
From endless complexity to simplicity and back agas a synthetic but illuminating history of
cancer research over the last 40 years. That idsstarted from the “phenomenological chaos
that the traditional cancer researchers had beamadating from more than half a century”,
and moved to a molecular level with a reductioamgbroach based on the presupposition that
finding out “simple molecular mechanisms” (p. 26uld suffice to win what, in 1971, former
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US President R. Nixon called théar on Cancer’. Since then, journals devoted to cancer
research have published an increasingly large nuoftaticles dealing with such molecular
mechanisms, which also undoubtedly spurred marlggphers to investigate their nature and
role.

Together with most scholars in the field, Weinbelagymed that the reductionist approach
resulted in remarkable steps forward in our knogedf the details of what happens locally in
certain cell compartments or in certain infracaltudignalling lines. Notwithstanding its
oversimplifications, the approach led to significarogress concerning the role of certain
viruses in cancerogenesis, the function of oncagiand oncosuppressors, the impact of
genome and epigenome mutations, and many othefsrtUmately, however, the huge efforts of
small and large laboratories over the world didleatl to victory in the cancer war, nor did they
reach global knowledge of what cancer is, how viettgps and how it can be defeated.

It is also worth recalling that a silent changewoed in the main cancer research centres
about 15 years ago: the number of bioinformatic@nastically increased, especially because
the new sequencing biotechnologies started proguamormous quantities of data at an
unprecedented pace, with the immediate need torgalrem and understand their meaRing
Further major changes gradually took place. Newesionologies and the ‘omics’ involved
opened the road to an acknowledgement that caneees and metastatic processes were not
easily understandable and that a purely reducti@apisroach, despite all its positive aspects,
could not lead to a genuine comprehension of treginre and behaviour. Greater awareness of
the limits and gaps in scientific knowledge ontiygeic had a major impact on attitudes and
expectations concerning treatments and their effickh was soon realized that cancer is an
extremely spatially, temporally and hierarchicabmplex disease, and that a new approach
was needed: an approach that could not disregardntrmous databases made available by the
deluge of data produced by laboratories.

Analysing this scenario, Weinberg’'s paper reachesnalusion that, although rather
worrying, is extremely interesting for the purpageeflecting on complexity and its
interpretation in cancer studies. Weinberg clestdyed: “We lack the conceptual paradigms
and computational strategies for dealing with daimplexity. And equally painful, we don’t
know how to integrate individual data sets, sucthase deriving from cancer genome analyses,
with other, equally important data sets, such asgpmics. This is most frustrating, since it is
becoming increasingly apparent that a precise amguseful understanding of the behaviour of

! See: https://www.cancer.gov/about-nci/legislatiigbry/national-cancer-act-1971.
2 0n the rise, growth and success of bioinformatispecially with respect to the life sciences,esge Perez-
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individual cancer cells and the tumours that treyfwill only come once we are able to
integrate and then distil these data. So, perlmapgally, we have come full circle, beginning

in a period when vast amounts of cancer researehyiislded little insight into underlying
mechanisms to a period (1980-2000) when a flurmpolecular and genetic research gave hope
that cancer really could be understood through keirapd logical reductionist thinking, and
finally to our current dilemma. Once again, we taeally assimilate and interpret most of the
data that we accumulate. How will all this play®up. 271). That is the serious question raised
by many biomedical researchers and highly relet@gtasp how understanding cancer has
been evolving. In turn, changes in the understanthe natural history of cancer, especially due
to increasing awareness of its heterogeneity ioespad in time, affect the design of further
studies and the assessment of the impact of difféiads of interventions. These issues are
also highly relevant for philosophers of sciencd prompt some rethinking of a few crucial
notions, as we will show.

Weinberg points out that botonceptual paradigms andcomputational strategies are
needed. As philosophers, we are clearly concermgxtie ways in which the former affects the
latter, and vice versa. How the design of compaoitetii strategies depends on the underlying
conceptual paradigms regarding the phenomenon @xadenination, and how the results can be
evaluated as more or less adequate according fmatheligm assumed, are very important
matters. Equally important is the analysis of h@mmaeptual paradigms can be framed, in turn,
by the computational strategies available. A sesmidf problems hinted at in Weinberg's
guotation has to do with thategration of data sets: Whagxactly is to be integrated, and what
does integration require in order to be successpédtformed? On which background picture of
cancer does integration build upon, and what dosshieve? Thirdly, once we realize that
currently we “can’t really assimilate and interpmast of the data that we accumulate”, we are
urged to rethink our conception of what “a pre@se truly useful understanding” of the
behaviour of tumours should be like, and what natlegration might play in that respect. What
integration exactly amounts to, how it adefacto be performed, and its impact on a “truly
useful understanding” to be reached for specifistemic purposes (in particular, classification,
prediction, intervention) are issues which neetg@xplored in depth.

All these questions stem from the recent historgasicer studies and have both a specific
and a more general scope. On the one hand, thepicahswers directly dealing with the
pressing issues at stake — i.e. cancerogenesisatadtatic processes — given their possible
implications for both future research lines andichl approaches. On the other hand, they are
of wider philosophical interest, insofar as theg eacourage further reflections on integration



and complexity, both within philosophy of mediciwéh respect to other complex diseases (e.g.
diabetes and psychiatric disord@rand with respect to complex phenomena as addrésse
other disciplinary fields. The conceptual underdtag of integration, and of modes of data
integration, has a direct impact on epistemologicattices and outcomes, as causal
explanations of disease and prediction of its aaghn time.

To tackle these epistemological concerns, we shaatidbe as pessimistic as Weinberg seems
to be. In the oncological field a number of pagege been appearing in biomedical journals
proposing new ideas on integration — exactly as¥&rg suggested — to govern, even
etiologically and prognostically, the complexity@dncer pathologies. These new perspectives
focus on a different kind of integration and presenwith a clutch of problems that we should
be ready and conceptually equipped to discussiishilosophical terms. We believe that
novel approaches to integration in biomedicine,i@ganing attributed to it and the uses to
which integrative accounts are put in that contdfdr interesting challenges to philosophical
reflections on the topic.

This paper addresses some of these pressing philicab questions arising, as indicated, at
the frontiers of biomedical research. In orderritegain a genuine and fruitful dialogue with
scientists, a proper understanding of what is goimgn science is needed. Only on this ground
will philosophical work be able to grasp criticabtures of biomedical research and contribute
to their theoretical disentanglement. It is in tpsrit that what follows provides a short
overview of the philosophical debate on integraBsra means of addressing complexity (8 2),
followed by a sketchy outline of the state-of-thieed research into tumour heterogeneity,
biomarkers and stratification: all issues direetffecting our understanding of cancer and its
epistemologically problematic features (8 3). Wentipresent a particular solution, the
integrative-cluster approach, and analyse its potential in the epistemologgaoicer (8 4). In no
way do we claim that this the solution to tame cancer complexity, rather that thone
possible and interesting way to tame cancer complexity. édoer, it is a solution that offers the
opportunity to propose, also from a philosophiaaispective, a new manner of considering
integration and the apparent contrast betweenralgtic and a unitary account. This will be the
specific scientific terrain on which our analysisl focus in the last section (8 5). Certainly,
complexity and integration have already been deltt extensively in the philosophical
literaturé, but the rapidly evolving situation in biomedicasearch and related methodologies
demands renewed reflections on what exactly theyuatto. More specifically, we will show

% See e.g. Lemoine 2017.
* See e.g. Mitchell (2003; 2009); Bechtel and Ridsan (2010); Hooker (2011); Ladyman, Lambert, \\éesn
(2013); Ladyman and Wiesner (forthcoming, 2018).



that the integration offered via the integrativastér approach allows us to see the notion of
integration itself in a different way. In particulave will argue that it allows for a unitary
framework to address complex diseases, which cersslabth causal explanatory and predictive
aspects. This kind of integration might therefdi@vwaus to grasp the etiological and prognostic
features of cancer, in a unitary and — obviougbyebabilistic scenario.

2. On complexity and integration
There has been much talk about complexity and cexrplstems in philosophy and it is not
possible to extensively review here all the pos#ioTo pave the way for our analysis, we recall
just some core claims allowing a better grasp @gration from an epistemological standpoint.
Although the literature provides no unanimous dadéin of complexity, accounts of what are
deemed “complex systems” converge on a few asp€otsplex systems are constituted by a
multiplicity of parts, belonging to several diffetdevelsand mutually interacting. Their
relations are non-linear, and usually their behavis highly sensitive to initial conditions and
emerges from the interactions among the partsrbyevof some self-organizing and
hierarchical arrangement. Such behaviour doesusbtrgsult from the aggregated behaviour of
the parts involved, which cannot be inter-substdluspecific structural and functional
organization of the system is crucial to its wogkiand established across what are deemed
multiple levels (see e.g. Craver 2007, p. 135; Vditlh8007, pp. 280-281). Attempts to
understand the complexity of natural phenomena hawnee been accompanied by a rejection
of divide-and-conquer strategies aiming to gragmpimena by pursuing decompositions,
studying parts of systems in isolation and neghgctiontextual elements. The parts of a
complex system are inter-dependent, and their bednais “co-determined by the system’s
organization” (Kaiser 2013, p. 260), and dependentertain variations of contextual factors.
While a range of different perspectives and taxoies of complexity is currently available
(Wimsatt 2007, ch. 9; Mitchell 2009; Ladyman, Lamisnd Wiesner 2013), it is a shared view
that no single epistemic strategy will suffice tagp it. Given multilevel structures, the
heterogeneity of component parts, and high variglaf complex systems, it seems that no
unitary explanatory or predictive theory or modelil be applied, in particular that there are no
“simple, universal, and timeless underling lawgxplain what there is and how it behaves”
(Mitchell 2009, p. 11). A multiplicity of modellingractices and explanatory perspectives seem
therefore to be needed to address complex systamisijntegration” is often advocated.



Unfortunately, consensus does not hold on thenatf integration either: there is neither a
unique definition nor a unique form of integratiovith philosophers of science proposing
various versions, labelling them differently

Different forms of integration have been discussegkther with their different
epistemological implications. It has been streteatithey can encourage, for instance,
interactions between different disciplinary fiellsd cooperation between different lines of
investigations and research communities. Moreamgggration can demand the combination of
different accounts of the same phenomenon as stwdiin a single field, but analysed along
different descriptive levels or investigated foifelient epistemic purposes: each account or
level of analysis will claim to have some, but aBif relevant information for the construction of
an account of the phenomenon at stake. Compleixitsitds the pursuit of interactions on
different problem domains and problem agendasdaaas upon a variety of tools to foster
discussions on the criteria for model adequacegration is usually presented as beneficial in
the literature. It should be noted that it is nob@ds with unification, but does not coincide with
it: unificatory trends search actively for some guahensive picture, while integration is mostly
driven by a problem-oriented approach.

First and foremost, discourses on complexity aranmh& stress the multiplicity and
heterogeneity of variables involved in the représgmm of a single phenomenon or set of
phenomena, the multiplicity of inter-related levedsich are structurally and functionally
organized, and the mutual constraints of the systbehaviour due to component parts and
vice versa. Accordingly, reflections on complexayd integration have been debated as,
amongst others, an “antidote” to reductionism: gitlee complexity of most biological
phenomena, there is no single lowest-level themmfwhich multilevel knowledge from
several different fields can be derived. As mergdra plurality of incompletely articulated,
partly complementary and partly contradictory vieaws asked to interact. Such theoretical
interactions will have to take place at differecsles of components and across different spatial
and temporal locations.

In what respects are such reflections on complegigvant for cancer research and for the
attempts to tame its heterogeneity in space angl iimorder to propose therapeutic responses
and predict patient outcomes? In 81 we stressed lhigv expectations notwithstanding, the
reductionist approach per se has not proved upetgb to master cancer’s complexity. In 83
we will further show how cancer research must detd: i) highly heterogeneous variables,

® On integration in biology, along a few of the ditént dimensions we have recalled, see, e.g., Le(2@08) and
(2016) ch. 6; Brigandt (2010; 2013); O’Malley analy&r (2012); VV. AA. (2013). On the possible betsebf
different ways of conceiving integration, and pbksepistemic trade-offs, see also Chang (2012)%5,cand
Plutynski (2013).



acting at different biological levels and at diffat spatial and temporal scales, and whose
organizational principles are still largely opaqilehuge amounts of available data; iii) the risk
of fragmentation of classificatory practices anskach lines. These issues undoubtedly impact
on our prospects for an adequate causal explanatidisuccessful prediction of its
development. It should be stressed that it is nbt an epistemological concern that should
drive reflections on complexity in this context.n€ar complexity should first and foremost be
tackled for both research and clinical purp8sBsther than an exclusive focus on, for instance,
some fine-grained understanding of possible diffefghades of complexity”, solutions must be
envisaged to classify and treat cancer as effdgtagepossible, and integration plays an
essential role in this respect.

As already mentioned above, complexity and theesigguntegration have been largely
addressed together with forms of pluralism andniged to have a range of multiple approaches,
views, methods, standards, ... Inthe philosophiebate, pluralism has been mostly evaluated
positively as bringing epistemic extra-value to ¢bastruction of scientific knowledge.
Although a plurality of theoretical and/or clinicgbproaches is doubtless highly beneficial, and
the importance, plausibility and usefulness ofgligtic attitudes cannot be neglected in the
biomedical framework either, reaching integratiorsome unitary framework can have the
merit of making complexity epistemically more tialate for the benefit of patients.
Undoubtedly, if we have a unitary framework of theease, in our case cancer, and if this
unitary framework is tailored to a molecularly sfiegyroup of individuals, we may propose i)

a more homogeneous treatment to any patient hakvaigarticular molecular characterisation,
as precision medicine is indeed now attemptingotaifla first explanatory account of his/her
disease; and iii) a prediction of its outcome.

What follows does not aim to suggest revisionsfinements to any extant philosophical
taxonomy, but to analyse what scientific practiteancer studies takes as the most pressing
challenges, what strategies are bealadiacto devised to tackle them, and what epistemological
implications can be drawn. The notion of integnatiee will discuss builds on computational
tools as key resources to name clinically meaning@isters: it is through the identification and
clustering of sets of common (molecular, epidengadal, clinical, ...) features — rather than on
some combination of a range of different, partialdels, or on the search for underlying
mechanisms — that cancer subtypes are identifiddlata integrated in single accounts. Each
account is molecularly characterised and clinicilipred, and each one offers a unitary
framework, with both explanatory and predictivendigance. In this way, the individual patient

® On pathways to the clinic, see also Fagan (2017).



with his/her particular molecular and non-molecydeofile (i.e., for example, his/her clinical
profile or his/her lifestyle) can be both treatedhe most accurate adequate manner (of course
relatively to the coeval best clinical knowledgaylanformed at least of the molecular causes of
his/her pathology and of his/her possible futusebéing inserted in the appropriate cluster. In
other words, in integrative clustering each clustgion is put forward as a tool to tackle
biomedical complexity, as such able on its owndcd with no need to be complemented
by/combined with other clusterisations. Far fromihg just theoretical import, integrative
clustering promises to have an active impact anaal treatments adopted for the single patient
and, more in general, on the strategies and guaeekt population level. It is in these respects
that the debate on understanding cancer compleagybecome strictly interwoven with that
concerning so-called precision medicine, as we stitiw below. This innovative scientific
perspective also challenges philosophy of scieingearticular approaches to integration and
uses to which notions of integration are put, difetts modes of conceiving the natural history

of cancer, as we will illustrate.

3. The state-of-the-art: cancer asa complex disease

Over the last few years, there has been much ballktdprecision medicine’ and ‘personalized
medicine’. These locutions have been used to tefdifferent research strategies and
communities, but all connected to the progressaléoular medicine, and related clinical
expectations (See Boniolo and Nathan, 2017). Ticedent of thdrecision Medicine

Initiative, launched in 2015 by former US President, Baralora’ states that precision
medicine is an “innovative approach that takes agoount individual differences in people’s
genes, environments, and lifestyles”, and that &dout “delivering the right treatments, at the
right time, every time to the right person”, as @bahimself emphasized in an interview
(Kaiser, 2015). Without much surprise, these want$ concepts are more or less the same as
those we find in theefiniens of ‘personalized medicine’ in the position papéEaropean

Society for Predictive, Preventive and Personalised Medicine® Over and above different
definitions of ‘precision medicine’ and ‘person&iz medicine’, hereafter we accept the US
National Research Council’s suggestion to use Ipi@t medicine’ especially when research is
at issue. Of the different available interpretasion personalised medicine, we here take the

term ‘personalized’ to imply that treatments aneventions are being advanced specifically for

" See, https://obamawhitehouse.archives.gov/precisiedicine (Accessed 30 April 2017). On this initie, see,
for example, Ashley (2015); Collins and Varmus @0Xohane, 1.S. (2015); Sabatello and Appelbau@i (2.
For a first hint on a philosophical analysis, seadlli and Shirts (2017).

8See the position paper of European Society foriBtree, Preventive anBersonalised Medicine (EPMA) by
Golubnitschaja et al. (2016).



a given individual. Precision medicine is hence preferred as it fesws identifying which
approaches will be effective for which groups digras on the basis of genetic, environmental,
and lifestyle factors” But what motivates such an approach from an ogitad standpoint and

what are the epistemological challenges it must?ac

3.1. The quest for integration

Even a quick look at the huge amount of scientdidactic and popular papers on precision
medicine clearly reveals that it owes much to asupported by the amazing advances of
computational and information technologies (CITy &motechnologies over the last few years.
Two biotechnology fields in particular, the new sencing technologies and the new imaging
technologies, have seen this major impact and pemaded a decisive boost to precision
medicine. Fig. 1 shows the state-of-the-art of saging technologies, and how the data
analysis permitted by CIT and the integration aicomes have become central points for

research and clinics.
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® See https:/ghr.nim.nih.govPrecision Medicine; see also https://www.nih.geséarch-training/allofus-research-
program (Accessed 30 April 2017).
19 See, Nabipour and Assadi (2016); see also Zhadibj2




The “further understanding of cancer” is underhbading of “integration and interpretation”.
How exactly is integration to be interpreted henfat do we want to integrate, ahdw? The
philosophical literature usually presents integmrain the positive. Plutynski (2013), for
instance, stresses how integration has become awaith normative weight, carrying with it
the underlying idea that the more integrative tiergific enterprise is, the better, the more
holistic and closer to completeness the pictureigeal is. But what are the partial pictures to be
integrated as in the scenario of current cancerarel? What strategies adopted in that context
are deemed “integrative”? Integration has alsootevith the wider picture we have of the target
phenomenon, depends on it and, in turn, affecWlitether we believe integration should, in the
end, prove how all different portions of knowledgmspire to create a single account of the
phenomenon under investigation or whether, whileracting, they should remain alternative
are sensitive issues which are likely to affectgh#osophy of cancer as a complex disease also
in the long run. They impact on our evaluationhaf successfulness of forms of integration and
on the uses we put them to. What follows addreitsese problems in the light of a novel
approach to cancer research, showing how it agtaaticeives of integration in an attempt to
tame cancer complexity, stressing its possiblet@mslogical consequences.

Fig.1 represents the not-yet fully realized intéigeaprogramme of comprehensive
information flow starting from the patient's gengriranscriptome and epigenome to the clinical
decision. It is a flow made possible by the datweation pathway with bioinformatics
algorithms applied to genomics, transcriptomics epidenomics sequencing technologies,
which permit an analysis of the detected genomitatians, genetic variants, differential gene
expression, fusion transcripts, DNA methylatiomanscription binding factors, etc. The figure
also pictures the integration of protein expresamormation into appropriate genes and
metabolic/functional networks, which ultimately figates mapping the framework for a
personalized treatment strategy. InterestinglyJaBecolumn on the right hand side of the
figure is headed “Integration and Interpretatiomith “Function effect of mutation”, “Network
and pathway analysis” and “Integrative analysishgecalled to converge into a larger,
conceptually very wide, box indicating that “Funthederstanding of cancer and clinical
applications” are to be reached. The steps thredgbh knowledge shall shift from the
penultimate to the ultimate column on the rightchaide of the figure, thus obtaining an
integration and proper interpretation for bettedenstanding, are a core epistemological
concern, worthy of deeper investigation.
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Parallel to the massive advances of the bioteclgmedan the field of ‘omics’ sequencing,
imaging biotechnologies have also made impressesdorward. If the discovery of x-rays
more than a century ago profoundly changed thetipeasf medicine by enabling us to see
inside the living body, molecular imaging is novobing deep inside the body to reveal its inner
workings. And this is the other side of precisioadicine. Unlike conventional imaging studies,
which produce primarily structural pictures, mollecumaging visualizes how the body is
functioning and what is occurring at the celluladanolecular levels. This has opened the door
to a better understanding of the pathways of desgae design of new drugs, improved
therapeutic decision-making, and monitoring thegpés response to treatment. Molecular
imaging allows non-invasive assessment, and queatidn is especially desirable when
following patients over time. Of course, to assedhilar function noninvasively, it is important
to identify biomarkers that are specific to a degear cellular process that we wish to
measur&. Here again the question of integration springsnaplonger limited to integrating the
“omics” results alone, or with the clinical infortr@n, but “omics” results and molecular
imaging results, as shown in Fig. 2, to obtainkibst diagnosis and therapy.

Here, we have two levels of complexity. On the bagrd, there is a sort of ontological
complexity related to features of a healthy or assel human body. It is a complexity related to
what we are discovering day by day, thanks tortheeasingly powerful biotechnologies. Now
we are beginning to understand the amazing nunflreotecules at play belonging to different
“‘omic” levels and their mutual deterministic andpma often, probabilistic causal interactions,
characterised by non-linearity, sensitivity to thiéial conditions, sensitivity to the cellular and
extracellular environmental conditions, sensitivbytemporal (i.e., developmental and
evolutionary) and spatial (i.e., location in thedippin the organ, in the tissue) parameters, etc.
On the other hand, there is data complexity, emgriyfom the application of sequencing and
imaging biotechnologies. Now we have an increagitagge volume of data, concerning not
only a single individual but sometimes thousandmdifviduals (see, e.g., Strasser, 2017;
Leonelli, 2016). Such data have to be interpratedgrated and thus governed, especially for
clinical reasons and especially in the oncologiedd], in a unitary framework, which should be
explanatory if possible, but especially predictarel not only classificatory. We should not
forget that, from the specific point of view of thatient struggling against the disease, having
several models describing his/her complex abnopiha@homenon is unlikely to be appreciated
as beneficial in direct clinical terms. While pllisan can be very fruitful in theoretical terms, a
physician, and even more so a patient, can acttesdhdisoriented by an array of models, and

1 See e.g. Xue et al. (2013) and Pu et al. (2016h)(2016b).
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related alternative therapeutic choices and pragnfstameworks. What is important for the
patient is to have something which reduces thegaf@lternative scenarios she is presented
with, and which could quickly suggest the most @fte therapy, given current medical
knowledge, and a plausible prognosis.

mmlus |—-| Pmeiins H Mehi:olites |—-{ Imines I
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Proteomics Metabolomics Molecular Imaging

[ Prediction & Diagnosis ]
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Fig. 2 (From Ghasemi et al., 2016).

3.2 Tumour heterogeneity

The drive towards the molecular analysis of oncoligliseases, with the impressive advances
of biotechnologies and CIT, has not only given tséhe precision medicine approach, but also
made problematic aspects emerge more clearly. ©arnb hand, it has opened the door to
enthusiastic expectations on the possibilitiesuniig severe pathologies, and on the other, to a
deeper awareness of the difficulties in pursuirag goal. In particular, we have become aware
of what is known atumour heterogeneity. Tumour heterogeneity means not only that each
cancer has to be individualised in a specific paétibut, more importantly, that each cancer
affecting a given individual is actually composda et of different cancer subpopulations.
That is, cells belonging to the same cancer shagtindt genetic and phenotypic characteristics
(such as gene expression, metabolism, motility,agdogenic, proliferative, immunogenic, and

12



metastatic potential) in different space locatiand in different time frames. This impressive
complexity lies at the centre of an intensive bidioal research programmeand is posing a
huge challenge to medicine, and to precision mediti particular. We have hence understood
that any patient’s cancer is a particular, spedig®ase, and that “many cancers” coexist in the
same patient’s cancer, each with its own histopgaghcal and biological features.

Tumour heterogeneity is multifaceted, comprisinginiertumour heterogeneity, i.e.,
variability between tumours arising in the sameaorgandntratumour heterogeneity, i.e.
variability in the same individual tumour (see Baliir2013); 2)spatial heterogeneity, indicating
that different regions of a tumour present différgeries of genetic aberrations, daahporal
heterogeneity, referring to the course of disease progressiea (Beyer et al., 2010; Torres et al.,
2006; Martelotto et al., 2014jeterogeneity within primary tumours is only onpext. Cancer
could also be thought of as a systemic dis€asger time, malignant cancers shed a large
number of cells into the bloodstream and lymph elsssome of these cells find a place in
distant sites and develop into metastases. Thesdfmhave a proper understanding of cancer
heterogeneity we should also understand metastetiours, which, as is known, are the most
fearsome, since they are responsible for the mgjoficancer-related deaths.

Tumour heterogeneity means tumour complexity, @aweial different models have been
proposed to address it, including mathematical nsod€hat is interesting is that more or less
any model which tries to cope with such complekiag borrowed its jargon from a range of
different biological fields: evolutionary biologgievelopmental biology, population genetics,
ecology, stem cell biology, etc. Unfortunately, aaf these models is capable by itself of
grasping the heterogeneity (complexity), but ordytain aspects of the phenomena at stake (see
Boniolo, 2017). Summing up, we are in a typicakggmnic situation regarding complexity as
tackled by the philosophers, as recalled in 82. éles, patients cannot but be most interested
in efficacy of treatments, rather than in ontoledjiand/ or epistemic complexity.

In epistemological terms, tumour heterogeneitylmamninderstood in a range of different
ways. On the one hand, this raises issues to dothet need to design general models of
pathologies, and on the other, with how single sa@s@é be accounted for in clinics. Therefore,
attempts to tame complexity in this context cameglect their practical, clinical implications.
Again, we need a unitary framework that a tumoutigeased patient) can be assigned to, after
some choice on which specific features to ignordiminish. Concerns related to heterogeneity
and single cases are thus related also to thadasict we shall touch upon to give a proper

12 See the recent issueMditure (VV. AA., 2013, issue 501) devoted to it.

13 Note that there many different ways of thinkingaer that have been proposed along the years. dlson
unanimously accepted by researchers and clinickorsphilosophical overviews of the different pusis, see
Bertolaso (2016) and Plutynski (forthcoming, 2018).
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sense to the philosophical aspects stemming frate-sif-the-art cancer research.

3.3 Biomarkersand stratifications

Biomarkers have played a crucial role with respet¢he impact of new sequencing and
imaging biotechnologies and the acknowledgmentimioiur heterogeneity. In cancer, DNA-
based biomarkers (SNPs, chromosomal aberratioasgels in DNA copy number,
microsatellite instability, differential promoteegion methylation, etc.), RNA-based biomarkers
(over or under-expressed transcripts, microRNAs) end protein biomarkers (cell-surface
receptors, tumour antigens, phosphorylation statesyur-released peptides into body fluids,
etc.) are particularly importafit

Precision medicine considers biomarkers cruciatatdrs when trying to answer questions
such as: Who has or could have a disease? Whed &ctual or potential disease? Who could or
should be treated, and with what? How could theepateact to the treatment? Biomarkers are
taken as a fundamental key to most clinical mattersatters which are strongly affected by
each patient’s peculiar individual features andhatsame time, by the strugglectassify
tumours. Speaking of biomarkers means speakingatffcations among individuals on the
basis of being or not being the carrier of one orevf them.

Classification practices in medicine have been gimnover time. Patients have been
classified on the basis of symptoms, or signs tleeracharacteristics. With the advent of
molecular biology, classifications have gone degjoethe molecular level. This means
producing more precise stratifications of poterdiad actual patients, but also vastly enlarging
their numbers by iteratively creating new onesa Bense, delving into the molecular level
potentially brings with it a fragmentation of pdssiclassifications, and forces us to reflect on
which molecular data we should actually focus toi@too broad a proliferation. This worry
has to do with the fact that a deluge of molecd&ta is produced daily by laboratories, and new
problems arise as to how to manage them, in péatitw to give them clinical significance
and how to clinically validate them for preventipeedictive, diagnostic, prognostic and
therapeutic purposes. Alongside enthusiasm foathdability of huge amounts of molecular
data, we are called to ask whether they are egs@lhyficant, and easily manageable, for all the
epistemic and clinical purposes just listed. Comicgy validation, there is sort of ‘contrapasso’:
the growing number of possible cancer biomarkardist in the laboratory is associated with a
shrinking number of them being clinically validateither due to the cost of clinical validation,

14 See, for example, Lee (2003); Bracht (2009); Keyckt al. (2011); Negm, Verma and Srivastava (2008%an
(2006).
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or to the time required for the safme

To address these points in more detail, let usidenbreast cancer classification. The
current routine for breast cancer assessment ysaathprises a clinical component, involving
information gathered by imaging techniques, cliheoaminations and biographic narrations,
and a morpho-histopathological component, wheranatysis is made of the tumour size, grade
and lymph node status and the tests regardingas$ieagen receptor (ER), progesterone
receptor (PR) and human epidermal growth factaeper 2 (HER2}® Pathologists are then
used to classifying breast cancer into four mabtypes: luminal A (usually ER+ and/or PR+,
HER2-, with a low proliferation index); luminal EER+ and/or PR+ and high proliferation
index); HER2-amplified (ER-, PR- and high leveldHER?2); and basal-like cancer (the ‘triple
negative’, i.e. negative with ER-, PR- and HERBIQwever, it is now widely recognised that
this grouping does not reliably predict how tumowi$ behave. One possible way out rests on
inserting molecular profiling and adding molecut&ssification. But then we are required to
decidewhich molecular classification we should rely on, anavhoformation from the usual
path and information from the molecular level ardé¢ brought together. Shifting to the
molecular level, in other words, does not per seava a single clear-cut classification suitable
for clinical purposes.

Summing up, we do not have a single stratificatiocepted by the entire biomedical
community, but several stratifications dependinthlom the set of biomarkers selected and
identified and on their purpose. That is, we hameimber of different classifications of
diseased patients, each of which is grounded dofnatg out underlying features, but also
depends oma priori decisions on which biomarkers (or set of biomaskare to be considered.
Epistemological concerns thus clearly raise questas to the grounds on which a biomarker
(or set of biomarkers) is chosen as the most rateaamd how the purpose for which some
biomarkers are identified influences such choide proliferation of stratifications is
troublesome in a number of respects: at the piiealitevel, since we have to fully understand
their clinical significance and adoptability; aetblinical level, since we have to manage all of
them in order to propose a diagnosis and a theet@yphilosophical level too, since we are
faced with different bio-ontologies, each connectéti a different patient stratification and,
thus, with a different research enterprise anddawmuclinical level. How data belonging to
different bio-ontologies can be integrated and Whalations can be drawn between different
stratifications and classificatory strategies arezting aspects.

15 See, e.g., Goossens et al. (2015); Mordente (Gi5); Scatena (2015).
®The receptor status is identified by immunohistaaiséry, which stains the cells based on the presé¢BR+,
PR+, HER2+) or the absence (ER-, PR-, HER2-) ofé&geptor itself.
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From a philosophical perspective, such a situatimcourages discussion of which
conclusions we should draw from the availabilitysef/eral stratifications, and what should
drive our choices in terms of taxonomies to be &etbdViore in general, we should reflect over
which relations hold between ongoing progress itho@ologies to investigate diseases and the
construction of nosographies — which tend to unol@egative processes. Classifications are
based on empirical detections, but they rely hgaonl the methods of investigation and,
therefore, on the technological innovations peingtthem. Given the ways in which research
is progressing, the deeper investigative methddsvals to go, the more stratifications we have.
Validating these stratifications both from a resband a clinical standpoint is then problematic,
as is establishing how “to make them talk to edblerd, since they deal with different levels
(organs, tissues, cells, molecules) and can bercmtsd for different uses (biomedical basic
and translational research, clinical practice) epidtemic and practical purposes (prevention,
explanation, prediction, diagnosis, prognosis,dpg).

All the questions we have been posing in outlinfagous aspects of current cancer research
are closely interrelated. The ways in which we dbsacancer as a pathological condition — or,
rather, as an array of possible pathological caombt— rely on the different kinds of evidence
collected, the different technological resourcéswahg us to collect them, and on our capacity
to integrate different portions of the informatiacquired. Different descriptions in turn affect
classification practices, which impact on diagncsad hence treatments, as well as tentative
explanatory accounts. Explanations, again, affeettays in which we describe and classify,
how we decide which features are to be taken asapt for the inception, progress and course
of the disease we are considering, and how we, shalle end, carve tumours out of the huge,
impressive amount of available data. Descriptistratification and classification processes,
explanatory and integrative strategies have bealugonized by novel technologies devised to
deal with impressive amounts of dafa he quest for integration put forward in research
contexts has to do with the availability of diffatesets of data produced in different research,
translational, or clinical contexts, with bio-ordgles, different methods and tools. A demand to
integrate forms of diversity arises in researchirsgg and is taken as the preliminary and
necessary step to be taken if we want to take pragpeantage of the results produced in one
field and transpose them to another. What followslts on a specific methodology in cancer
studies and analyses its import for theoretical@gphes to cancer complexity, and for our very
conception of how taxonomies of complex diseasaseabuilt and the uses they can be put to.

" For some critical remarks over the use of big data on limits and drawback of big data scienee, e.g. Boyd
and Crawford (2012); Leonelli (2014); Kitchin (201€oveney, Dougherty and Highfield (2016)

16



4. Complexity and integrative clustering

As shown, the advent of new sequencing and imdgwtgchnologies has allowed deeper
investigation at molecular level yielding what teeen callegrecision medicine, but it has also
opened the Pandora’s box of cancer heterogenaibynm®us quantities of data, and many
different ways of stratifying actual and potentiahcers and patients. In short, we have
complexity and search for integration at different levels. How should we tame it, or try to tame
it? It seems that the passwordrigegration by means of CIT tools.

Many different attempts to integrate data and neshwave been advanced and papers on
promising integrative approaches for precision wiediare published by leading scientific
journals almost weekly. We focus herei@tuster (orintegrativeCluster), an integrative
approach which, although by no means the only aptigrently availabl¥, is extremely
interesting also from a philosophical standpoimspfar as it stimulates a range of conceptual
considerations.

On the one hand, there is no single objective wagvaluate cluster analysis methods, since
they depend on the problem-specific informationstenic purposes and research programmes
scientists are interested in. On the other handsheeld not conceive of cluster analysis as
somehow arbitrary (Hennig 2015). According to ohéhe most popular textbooks on statistics,
“cluster analysis, also called data segmentatias,avariety of goals. All relate to grouping or
segmenting a collection of objects into subsetslosters’, such that those within each cluster
are more closely related to one another than abgsgigned to different clusters. An object can
be described by a set of measurements, or bylésae to other objects. In addition, the goal is
sometimes to arrange the clusters into a natueghtchy. [...] Central to all of the goals of
cluster analysis is the notion of the degree oflanity (or dissimilarity) between the individual
objects being clustered. A clustering method attsritgpgroup the objects based on the
definition of similarity supplied to it” (Hastie,iishirani and Friedman 2008, p. 501). This
procedure raises the well-known problem of howlassify or categorize the elements under
investigation, and how to order the classificatiwrcategorisation obtained, given some choice
on the respects and degrees of similarity/dissiitylaThis problem, already encountered above
touching on the issue of patient stratificatiors baen addressed throughout the history of
philosophy (Boniolo 2007, Ch)1We do not want here to address the metaphysical a

ontologicalvexata quaestio of possible natural kinds in the life scienceshatt of universals.

18 A particularly interesting and successful appropaposal on tumour heterogeneity — specificaiypiieast
cancer - and modes of providing distinctive molaclortraits of each tumour is provided by Perad 8arlie (see
e.g. Perou, Sorlie et al 2000). As we discusserfadiowing, what characterizes iCluster with restpe this
classification and similar ones is that while thiegter are based on molecular features, the forsnelaracterized
by both molecular and clinical features.
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Our purpose, rather, is to shed light on the wayshich the innovative methodologies leading
to different ways of defining diseases, and carvivem out of incredibly large amounts of data
as working entitiesdle facto deeply question our classification practices. A&shave seen when
presenting strata realised via biomarkers, tha@plogically relevant point is that vehoose
which biomarkers to consider and then build thatatbottom-up, relying on our choices.
Depending on the biomarker (or set of biomarkehg)sen, be it at genomic or proteomic, etc.,
level, we can have different classifications. Tame applies to the computational clustes:
choose the similarities/dissimilarities on whose basis ttusters and their hierarchies have to be
generated. Then, how they are generated and whacdrthies of clusters we obtain depend on
the algorithmwe decide to run over the datd Our epistemic procedures, and evaluations of
what counts as most relevant, play a fundamenlal koreover, this all hints towards a general
failure of a reductionist approach based on thadam a particular mutated gene or protein, or
on a particular molecular mechanfnSumming up, algorithms running over huge amoahts
data have taken the place of attempts to unravelanks of underlying mechanisms.

With respect to breast cancer, the idea underifihgsteris to try to integrate databases at
genomic and transcriptomic levels by meansaofiputational statistics, namely cluster analysis.
C. Caldas and his grotibegan analysing about 1,000 samples from breasec@atients
considered homogeneous for treatment purposes hioth weferred to a follow-up study of
about 10 years, hence also having a lot of cliniarmation on what happened to the patients
later on in timé%. They made a genomic inquiry focused on heredithayacteristics, such as
single nucleotide polymorphisms (SNP) and copy remvariation (CNV), and on somatic
characteristics (copy number alterations, CNA), ancanscriptomic inquiry on how hereditary
characteristics could alter gene expression batireasame locus (cis action) and at different
loci (trans action}? In order to understand the differences betweemaband pathological

19 Of course, this is not the right place to entehmécal details on the statistical algorithms @t used. They
could be easily retrieved in textbooks on clugdteoty, or in the scientific papers adopting statidtmodels based
on it. Our current focus is on the epistemologioglact of the adoption of iCluster in dealing widncer
complexity, especially from a classificatory angragnostic standpoint.

20 Against the reductionism concerning molecular raeéms and in favour of a more holist approachdase
pathways, see Boniolo, Campaner (2018).

L hitps://www.cruk.cam.ac.uk/research-groups/caldasig See Curtis et al. (2012); Ali et al. (2014); Bawet al.
(2016); Pereira et al. (2016); Russnes et al. (R017

2 The group obtained about 1,000 frozen breast caaoaples from five tumor biobanks in the UK and&ia. It
should be noted that “Nearly all oestrogen recef(E®)-positive and/or lymph node (LN)-negative pats did not
receive chemotherapy, whereas ER-negative and IdNiopatients did. Additionally, none of the HER#tients
received trastuzumab. As such, the treatments kermgeneous with respect to clinically relevanugings.”
(Curtis et al. 2012, p. 346).

“The SNPs are the most common type of genetic i@miamong people. Each SNP represents a differiarece
single DNA nucleotide. CNV is a repetition of seats of the genome the number of repetition vanesray
people. CNA is a repetition of sections of the geadhat has arisen in somatic tissOis. module andtrasn

module are stretches of DNA that affect the expressiespectively, of nearby and distant genes
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conditions, they took blood samples from 500 hggtidtients to identify when a copy number
was not oncologically pathological. Then they usethputer algorithms to search for clusters,
based on similarities in CNV, SNP, CNA and generesgion correlated with clinical
information. At the end of the computation proc¢elssy obtained ten different clusters they
calledintegrative Clusters (iClusters, or IntClusters).

The problem, at this point, was to validate thei@usters, to compare them with other
molecular classifications and, most importantlyutalerstand their clinical validity. The
scientists involved succeeded in this task by uaisgcond cohort of about 1,000 breast cancer
samples and a third cohort of about 7,500 sampeshown in the table (Fig. 3), they
successfully managed to compare their clusterssiimth with other molecular
characterisations (e.g., PAM8Pand with the clinical outcom&s With respect to clinical
matters, they also showed that their integratiessification reflected differences in
chemotherapy. This might be seen as a good exarhplaw to link molecular classification to
clinical treatment, and to treatment outcomes. Amlthis union, rathethis integration, of
molecular information and clinical information thataracterises the iCluster approach and
renders it different from the many other classtimas which rely only on a molecular or on a
clinical basis. In order to reach such a resullydacer, the researchers used a collection of breast
cancer studies on patients who received chemothadjpvants and from whom data were
available concerning the so-callpathological Complete Response (pCR)?® The iCluster
approach also provides a grouping of biomarkersdha be used to test new treatments, with
the underlying idea that by means of such testirigeatments we do not just perform trials to
establish drug efficacy, but also, in a sense,thesddequacy of disease classification for
clinical purposes. If we take this seriously, tleewidea of how a complex disease is identified
undergoes a significant change, with the respaieseatments impacting back on the
definition of the pathology for which they were gcebed and which they were meant to cure.
To some extent, classification of the diseaseiigedrnot only by the search for its underlying
conditions or — more or less remote — aetiologieaises, but a look backwards is accompanied
also by a look forward in time towards clinical catnes and the efficacy of drugs and

prognoses.

2pAMS0 (Prosigna®) is a tumour profiling test thatps determine the benefit of using chemotheramgditition
to hormone therapy for some oestrogen receptotip@$ER-positive) and HER2-negative breast cancers

% An analogous figure, but contemplating also amwiwexplicitly dedicated to prognosis, is TablenlDawson et
al. (2013).

%5 A tumour is said to have hadpathological Complete Response (i.e. a pCR) if, after surgery, no residual cancer
cells remain.
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Table 1

Overdiew of the Integrative Cluster Subtypes and the Dominating Properties with Regard to Copy Number Driving Events,
Biomarkers, Type of DNA Architecture,”” Dominant PAM50 Subtype, and Clinical Dutcome

Integrative
cluster

Pathology biomarker

Clinical characteristics

group Copy number driver class DNA architecture Dominant PAM50 (survival)
1 Chromosome 17/ ER* (HER2") Simplex ffirestorm Luminal B Intermediate
chromosome 20 (chromosome 17q)
2 Chromosome 11 ER’ Firastorm Luminal A and B Poor
(chromosome 11q)
3 Very few ER* Simplex /fat Luminal A Good
4 Very few ER'/ER Sawtooth/flat Luminal & (mixed) Good (immune cells)
5 Chromosome 17 ER™(ER")/HER2" Firestarm Luminal B and HER2 Extremely poor (in pre-
(HERZ gene) (chromosome 17q) Herceptin cohaorts)
6 Bp deletion ER* Simplex/firastorm Luminal B Intermediate
(chromosome 8p)/
chromosome 11g)
7 Chromosome 16 ER' Simplex (chromosome  Luminal A Good
Bg/chromosome 16q)
8 Chromosome 1, ER" Simplex (chromosome  Luminal A Good
Chromosome 16 1g/chromosome 16q)
9 Chromosome 8/ ER" (ER") Simplex /firestorm Luminal B (mixed)  Intermediate
Chromosome 20 (chromosome Bq/
chromosome 20q)
10 Chromosome 5, TNBC Complex/sawtooth Basal-like Poor 5-year, good

Chromosome 8,
Chromosome 10,
Chromosome 12

long-tem if survival

ER, estrogen receptor; TNBL, triple-negative breast cardnoma.

Fig. 3 (From Russnes et al. (2017).

This approach is very promising, as evidenced byatbrks adopting itnfutatis mutandis) to
classify other types of cancer, in particular paitesicancer (five clusters), pancreatic cancer
(four clusters), colorectal cancer (four clustebddder cancer (five clusters) and melanoma
(four clusters).

And what can be done for cancer heterogeneity?2dikal and colleagues faced this
challenge by adopting a similar approach tryin§rid a unitary framework of such complexity
exactly through computational integratiriThey started from the idea, borrowed from
population genetics (see Boniolo 2017), that tieeeesort of “most common ancestor”, that is,
they suggested dividing the somatic mutations agoayover cancer’s lifetime into those
acquired before the last selective selection, hadefore shared by all cancer cells, and those
acquired afterwards. They analysed the genome bf&dst cancer samples to reconstruct their
genomic history, clustering the classes of mutatiaa computation algorithms. To support
their conception of what cancer heterogeneity m@aterms of complexity, they built a
clustered catalogue of more than 200,000 diffenauttations occurring over the course of
patients’ lives.

Thus, at least for breast cancer, we have theratieg proposed by Caldas and colleagues,
focused on taming tumour complexity at genomic taadscriptomic level but also considering

?’See, respectively, Ross-Adams (2015); Weddell. ¢2@ll5); Guinney et al. (2015); Robertson et201();
Cancer Genome Atlas Network (2015).

2 Mutational processes molding the genomes of 21sbramcers. Sddik-Zainal et al. (2012); Nik-Zainal et al.
(2016); Morganella et al. (2016).
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the clinical level, and the integration proposed\i-Zainal and colleagues, focused on taming
tame cancer heterogeneity. Although the two apescould have a sort of meta-integratipn
let us stay on Caldas’ project and elaborate furdnats epistemological significance and
prospects.

5. Taming complexity through integration: philosophical explorationson cancer research

The sections above have presented a few aspeattsdéd current cancer research having to do
with complexity and integration, understood in anif@d way. Issues arise due to new
sequencing and imaging technologies, the awareriessicer heterogeneity, different kinds of
methodologies employed and evidence collectedddfetent possible classifications.
Considering cancer heterogeneity, we have seere#wdt tumour is different from all others and
is actually composed of different sub-tumours. Clexipy in biomedicine strongly and directly
impacts on clinical matters. It is totally unretitigo start from complex features of cancers to
try to find a therapy or propose a prognosis tpecsic patient. In order to try to restore the
previous, non-pathological course of events in esiafjle patient, we must intervene in such
variety, and to do so we need to start from soroemng of cancers. But on which bases? Some
form of grouping must be devised to allow a pantitin reference classes where any kind of
tumour (and thus any patient) can be located, dvest in an absolutely precise way, in the
best possible way given current knowledge. In otéens, to address both research and, even
more so, clinical matters, “similarities must berid out of dissimilarities” among patients due
to the uniqueness of their disease, their clistaly and their “omics”, and these similarities
should allow classificatory practices to impaceetively on explanatory and predictive issues
relevant for each single patient.

In a wider theoretical perspective, everything \meensketchily addressed in the sections
above hints at the fact that tumours and the rlatailable data challenge our conception of
diseases, and in many senses force us to reshapgistemic practice when looking for
explanatory, predictive and prognostic accountsteball the examples analysed above, we can
no longer speak in terms of, for instance, breaster, but, properly speaking, we should refer
to one of the many possible cancers affecting the breast. If so, how do we cope wibesal
different diseases of the same kind, both in thexaeand clinical terms? Should we change
nosology, and, if so, on which grounds should wealogiven that we can have several different
classifications of possible cancers affecting tleabt? How do current classificatory practices
impact on our understanding of cancer as a congh#®ase and of its natural history, and how

% This is what is happening inside tRersonalised Breast Cancer Project! See,
https://crukcambridgecentre.org.uk/news/persondlizeast-cancer-program-launches-cambridge
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do our classifications, given the deluge of avddatata, allow for the attribution of each single
case to the proper reference class?

We have seen that in the case of integrative alsistecombination of “information on the
genomic and transcriptomic landscapes of [...] catweefine the molecular classification of
the disease” (Dawson et al. 2013, p. 617) is pursu®ugh statistical and computational
methods. Arevision of the disease classification is suggestather than its reduction to some
allegedly more fundamental level. Approaches tomerity and, especially, to integration must
be rethought and reshaped. iClusters do not addoesglexity by epistemic decomposition of
the system into subsystems and then re-assemlby, the integration of compatible and
complementary explanatory models. What is integr&eot different accounts of the same
behaviour, but rather heterogeneous data througtering procedures based on similarities.
What tables like the one in Fig.3 above represeatform of integration, which is aimed to
supply information on the inception of each subetgb the disease (and, in this sense, to supply
causal explanatory information at the level of chosome mutations), a predictive account of
the disease (with respect to biomarkers), and gnastic picture (see the last column on the
right). This yields a unitary framework allowinghaw classification that takes into account
both the bench level (i.e., the research one basé€dmics”) and the bedside level (i.e., the
clinical one based on patients’ situation and fellap), and also serves as a predictive tool.
With data integration, what in the end is beinggasgied is also integration of different
epistemic procedures.

Discussing complex systems, Wimsatt has stressgdvinneed to decide which are the
relevant components and levels with respect todbistemic aim at stake, plus “we need to
know more generally how we order and relate diffedescriptions of the behaviour of a
system, particularly partial descriptions, to comst explanatory accounts of its behaviour”
(2007, p. 161). Wimsatt’'s view both does and daedinthe case at stake here. On the one
hand, decisions on what counts as relevant vasabid on the epistemic aims to be pursued
play a crucial role in clustering: clustering peris not a domain-independent method, it is used
in a variety of contexts and with different goasd it is then with respect to specific goals and
contexts that merits of clusters will be evaludte®n the other hand, not much seems to be left
in integrative clustering of the direct construntmf different partial, explicit descriptions, te b
then combined to form explanatory accounts of g#fgaliour of the system itself. The focus is
not on discourses on the integration of differequl@natory levels in the medical context, or on
epistemological concerns regarding interactionsragrievels at various spatio-temporal scales,

30 0On measures and evaluation of the usefulnessistierk for particular tasks, and for a catalogugusitering
problems, see e.g. von Luxburg, Williamson and GuizD12).
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or the disclosure of different mechanistic sub-sys. Hierarchies and levels are set aside in
favour of a range of integrative, therapeuticaflievant and predictive clusters, each being
“associated with distinct clinical outcomes andvlang new insights into the underlying
biology and potential molecular drivers” (Dawsorakt2013, p. 617). Clues on the biological
underpinnings are not achieved through the intenacf multiple alternative accounts. Rather,
the identification of diseases, and some fixingaricer type and subtypes, stem from the
clusters themselves on the basis of the algoritirosen.

What is worth stressing is that a totally differembvel idea of “integration” is at stake here,
an idea that is not taken as part and parcel afigaf pluralism. Different kinds of data are
collected from different, heterogeneous sourcesracidde genomic, epigenomic,
transcriptomic, clinical, epidemiological, etc.fdnmation. No direct cooperation between
different research groups and laboratories is aabent; and sharing of data and collaboration
across fields takes a very specific form: integrais achieved by clustering thanks to statistics
and computer algorithms. In this perspective, @dth@ogy is not identified on the basis of, for
instance, symptoms and signs alone, nor on the bési given set of biomarkers fixex ante,
to then progressively add further variables andmglementary perspectives. Cancer
classification is presented as the outcome of tineptitational clustering process, which serves
as a bridge-tool to navigate our way through tHegieof biological data and follow-up clinical
data, and, at the same time, to pursue both explanand predictive targets — through focus on
etiological and prognostic factors respectivelyn€a types and subtypes are thus carved out of
complexity by computational tools; integration cha&eved by establishing patterns, which will
then be taken as reference points to overcomegmaband secure better diagnosis and
treatment. The classifications mentioned abovedaseclustering take all or most of the course
of patients’ lives into account, considering bothtations and treatment outcomes.
Classification itself is grounded on data colleca¢different spatial and temporal scales, which
are reassembled through clustering. Temporal scalgsrticular, span long intervals: not only
is it assumed that, given the complex featureso€er, the development of the disorder and its
dynamics must be followed from the predisposingdescup to the symptoms, but that
prognostic elements will also influence classifigat Integration here is then not seen as a
solution aimed at making different stances convergthe end, or different models interact
fruitfully, possibly as complementary pictures. IRat integration of data and interpretation of
their epistemological significance in outlining asfs of the natural history of the disease go
hand in hand and proceed simultaneously.

“Integration” has been widely discussed as progdiame sort of forward thinking, which,

23



as we stressed in § 2, has been presented as hayidyicial with respect to various epistemic
aims. What are the steps forward warranted by t€ta® As appears from the above reflections,
the forward-looking aspect here is not dictateddoye puzzle-like arrangement of partial
complementary accounts, but by devising computatitools that address not only, e.g., genetic
diversity due to inherited genetic variation or @iced genomic aberrations, but also variances
in incidence, in treatment efficacy, and in intediage prognoses and survival rates, that is,
clinical aspects. The importance of proper suktiitration is highlighted as the road to novel
potential therapeutic targétsWhat is ultimately taken as relevant for the tiferation of what
cancer is are both occurrences back in the pagiéifé’and elements which are significant in
terms of treatments and their outcomes. Complexigddressed by isolating classificatory sets,
and concerns shall then regard aspects of cluatiglity and their measurements — considering,
e.g., such issues as small within-cluster disstitigs or between-cluster separatforit the

same time, the distance between prognosis andfasen grows shorter, with the
classification being quite far away from attemgts@me definitive nosography.

What these new methodologies suggest are shifigigtemic attitudes as well: instead of
digging deeper and deeper, discussing aggregabivedggregative, emergent/reducible,
decomposable, non-decomposable or nearly-decomigdsalbures, to unravel underlying
mechanisms and the like, the relevance of a lothkealife-long development of conditions and
at the outcomes of treatment strategies is stregdea symptoms at later disease stages are
called to play a larger role in our epistemic picas, while aetiological factors are called to
initiate an explanatory discourse.

Summing up, even if it cannot be considetfezlsolution and even lesthe definitive solution,
iCluster integration can be taken as a relevamgiral and up-to-date standpoint to question
more traditional — medical and philosophical — wayaddress issues in biomedical research,
from problems concerning interactions between gffié disciplinary fields to the philosophical
implications of different ways of grouping entitiéstegrative clustering puts forward a
different way of coping with integrative needs, @amtourages us to reconsider which relations
can be established between describing, classifymbexplaining a complex disorder once we
opt for the identification of patterns through aigams. Philosophical reflections will then have

to reconsider theoretical approaches to integratiod address the genuine epistemological

31 For instance, in discussing IntCluster3, Dawsoal €2013) state: “The excellent prognosis of thibtype
emphasizes the importance of identifying this dustithin the previously defined luminal A intricssubtype, as
these individuals represent a distinct group tbatd:potentially be spared treatment with systethiemotherapy”
(p. 622), while InCluster4 provides hints as tocipeimmunological responses, to be exploitedftdure
therapies.

32 See e.g. Hennig (2017).
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meaning of classificatory practices in taming coemwjty*>. In turn, iClusters opens up a range of
further questions: How stable is the taxonomy veepaovided with, and under which
circumstances will it be revised? Which definiticargl descriptions of cancer could we build up
relying on the integrative clusters elaborated, lzo fine-grained shall they be? How much
does integrative clustering, as an antidote to®stee disciplinary specialization and
fragmentation of data patterns, illuminate biol@dicomplexity as such? How does this all
impact the delivery of healthcare to individualstdAo what extent do cluster-based
approaches to identifying dependencies actually ana existing theories?

In order to answer to these epistemological questiae should carefully consider two
aspects: i) every clustering method depends oguhéty and the extent of the available data
and that since the interactome (i.e., the com@etdable set of interacting molecules in a
human organism) has yet to be completed, the chigtentified by the same iCluster method
could evolve in time and with the ever increasingpant of molecular data available; ii)
different types of clustering methods would hawetle potentially different results, different
subgroups and to reclassifying some patients.

All these issues are affected by the fact thathéncases we are considering, we do not move
from the identification of some given entity to théegration of kinds of evidence and/or
models over it, we are not clustering around a mesm or the like. Instead, the entity itself is
identified through a computational integration efdrogeneous data. Whereas the traditional
cancer nomenclature has been based on organ loctit@eby directly designating the affected
structure, the unprecedented amount of data cetldcdm increasingly large tumour cohorts
has challenged such grounding. What are integradedare huge sets of data into robust
classifiers, to be clinically implemented in patiemnagement. Amongst critical issues we find
the need to avoid excessive fracturing of cancbtypes, and the identification of their precise
biological meanindf. Clusters should be used for prediction and ristification as moves
towards precision medicine. One of the next stepxettaken will be to evaluate “within-cluster
patient heterogeneity, which would be studied tgtiy patients’ distance to the cluster centre
or posterior probabilities of cluster membershiptiicomes” (van Smeden, Harrell and Dahly
2018, p. 440), and to discuss criteria upon wharhes variables are relevant for clustering and
some are not. “In real applications, in which tlaeiables have a meaning that is of substantial
importance for the clustering task, choosing défervariables changes the meaning of the
resulting clustering, [...] and whether certainiailes ‘do not cluster’ and whether they then

%3 For some theoretical reflections on the relatiosisveen clusters and ways of conceiving naturalgineality
and truth, see Hennig (2015). Hennig discusseegbrand aims-dependence of clustering methodspaosons
and choices among them, and related impacts itigeac

34 On problems for cancer classification see alsaqy%aral. (2015).
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should not be involved in the computation of thesttring of interest depends on the context
and the clustering aims” (Hennig 2015, p. 61).

In sum, iCluster is nahe solution to tackle cancer complexity, but it se¢mbe a fruitful
approach, which, by bringing together molecular eldcal information, effectively provides
etiological and prognostic classes of relevancesrevlany new patient could be inserted and
hence have a robust idea of what his/her cliniegécttory is likely to be. Moreover, not only
does iCluster play a promising role in classificgtoractice, but it is also a reliable starting

point, given currently available knowledge, foriindualised treatments.
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