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confidentiality of unpublished data.

Reviewers' comments:

Reviewer #1 (Remarks to the Author):

In the present manuscript Baker etal. introduce an improved technique of RNA in situ hy bridization.
The validation of the technology seems robust. Using this technique the authors continue to identify
sub-clonal mutations, which potentialy could be missed by bulk sequencing with limited depth. The
techique can be an important tool to study intra-tumor heterogeneity, a possible cause of resistance
to drug therapy. In short, the method is well demonstrated. Unfortunately the usefulness of its
application beyond detection of small clones is not clear.

To facilitate the implication of the technique by others, it would be helpful if the authors explainin
some more detail how the technique differs from BaseScope and how the reduction to single ZZ base
pairs is achieved.

A limitation of the introduced technique is that for each specific (point) mutation, a specific probe is
required. It therefore appears that NG bulk sequencing to identify mutations needs to preceed RNA
ISH, or ISH needs to be performed with a large set of point mutation specific RNA probes. How do the
authors envision that this technique can best be applied on naive tumors? In addition, how does this
technique deal with sampling errors as only a very limited proportin of the tumor can be analy zed?

One major challenge in studying intra-tumor heterogeneity is identifying the relative fithess and
emergence of a clone from resected material. The problem is that from resected data only the final
clone size can be observed, while the fitness advantage, the time at which the clone emerged and
random fluctuations all contribute to the final clone size. The authors aim to address this problem, as
well as clonal mixing, by using a computational model. I have several more detailed questions
regarding this part of the manuscript:

1) Do the authors suggest that they can distinguish between the timing and the relative fitness of
clones? While this could potentially be very interesting, the manuscript is not clear on this point. As a
key observable the authors use clonal mixing. C an they explain how mutational fitness and timing of a
clone differ in the pattern of clonal mixing that arises? How sensitive are the results to the details of
the model?

2) Why is clonal mixing being used? What is the advantage over the mutation frequency? What s the
relation between these two observables in the model? And how would changes in adhesion or
migration (which are not captured in the model) affect the clonal mixing, given a certain mutation
frequency?

3) The dynamics of cells in their simulation seems unrealistic. Adenocarcinoma's are thought to at
leadst partially grow by a process of gland fission, not only random movement of cells. The assumed
dynamics probably strongly influences the clonal mixing. What is the m otivation for the chosen
model/dy namics?

4) In Fig. 4 the results are plotted againts time. Is it the relative time at which a clone occurs or the

absolute time, i.e. the age of a tumor that is studied here? If the latter is the case, can the authors
translate the inferred value to an actual age of the tumor?

Reviewer #2 (Remarks to the Author):



The paper by Baker etal. describes the application of the BaseScope assay for in -situ mutation
detection in C RC specimens. ISMD is a highly valuable tool for exploring and understanding the
aetiology of ITH and the work is highly relevant to the field.

The paper is well written and sound. I appreciate the combination of experimental techniques and
computational modelling, although some decisions about para meters etc. seem to be takenin an
arbitrary way. I only have minor comments on the paper.

* it is unclear from the discussion, how SC NAs would influence BaseScope readouts; clearly in the
case of a loss signal would be lost also, but what about gains prior/after to mutation? Does that
influence the readouts? Maybe it would be worth adding a sentence to the discussion section.

* p.8/1.288: what is the motivation behind the cutoff of 0.05?

* p.9 but also throughout the ms: sometimes percentages and numbe r of cell lines are given,
sometimes also the total number of cells. It would be good to make clear whatn is in each case and
give the actual cell numbers where they are missing

* p.12/1.442: initially?

* p.13/1.501: BaseScope is ty pically camel cased throughout the ms, not here

* p.13/1.510: its sensitivity

Reviewer #3 (Remarks to the Author):

The manuscript by Baker et al. describes an upgrade (improvement) of a technology, the BaseScope
assay by Advanced Cell Diagnostics. The authors claim they improved the sensitivity of the method at
the signal amplification sy stem now using one single ZZ pair instead of 20. The advantage of this is the
use of short probes and thus the detection of single nucleotide base differences, such as mutant RNAs.
They use this method to investigate the sub-clonal architecture in C RC by looking at the spatial
distribution of the expression of the driver oncogenes KRAS, BRAF and PIK3C A. From these data, they
generate a model showing how time of subclone occurrence and individual subclone fitness influence
subclonal mixture within a tumor.

In general, the approach is attractive as it circumvents the necessity to infer expression from D NA
sequencing data, it goes beyond this and analyzes differential ex pression of the same oncogene
harboring different SNVs.

The authors use a well-suited cohort of colorectal cancer samples, FFPE material, some of the samples
even collected years ago, making them a challenging input into the analysis due to the degradation of
RNA/D NA often seen in such samples. Furthermore, the authors try to benchmark their method using
cell lines with known mutations in the three oncogenes and demonstrate a high degree of specificity of
the method on these samples.

There are several interesting outcomes of their approach, which at the same time raise several
questions and concerns.

Major comments:

The technology describedis not novel, it has only been improved -on in this publication. The authors
claim that they are more sensitive as RNAscope. However, in their validation the authors do not show
robustness of the assay when it is tested in vitro on cell lines. A major critical point is that it remains
unclear whether the large differences they detect using the BaseScope probes for six KRAS G12X
mutations in the cell lines derive from heterogeneous expression or differential sensitivity of the
probes. If the latter is the case, their model is not valid. In the discussion, they comment on this
observation, indicating themselves that their sensitivity might no t be sufficient:

* line 509: Third, whilst the method has high specificity, it sensitivity for detecting heterozygous
mutations is ty pically approximately 25%...’

At the same time, in the introduction and body they state that this technology can be used to provide



new insights into the mechanism of tumor evolution with potential ramification for selecting patients
for treatment. This is therefore a statement, which is not proven in the publication and requires
extensive validation using other methods.

In addition, it has been shown by other scientists that mutant KRAS undergoes copy number
imbalance often providing a reason for molecular heterogeneity (see PMID :27743339;

PMID :23599154). The authors would need to test first on the cell lines, later in tiss ue samples,
whether the differential sensitivity is influenced by C NV or aneuploidy involving the KRAS (and BRAF,
PIK3C A) locus.

Upon investigating the subclonal architecture, the authors go slightly beyond the KRAS/BRAF/PIK3C A
analysis and compare KI67 proliferation marker expression as well as C D8 cytotoxic T cell infiltration
among mutant and wild-ty pe areas. It is not clear, why the authors chose these two additional
“markers”. Not surprisingly, there is not difference in KI67 between KRASwt and KRASmu t subclones
recapitulating what has been known before - KRAS does not necessarily increase proliferation. The
only BRAFV600E tested tumor shows increased KI67, would this be the same if they test another 5?
The whole analysis seems random and both R2 and p-values are not convincing. If the authors really
want to conclude something on differences between wt and mutant clones, they would need to
perform a much broader analysis. This might also help to solve the problem with modeling the mixing
(see nextcomment).

As far as the computational model is concerned, I wonder whether the differential expression the
authors observed with the different mutants could act as assumed fitness parameters of the clones
resulting in a differential mixing score? In addition, the description of the outcome of the mixing
simulation to me differentiates between results that are actually not distinguishable (see page 12
upper paragraph). A low mixing score can be obtained either after intermediate appearance and low to
intermediate fitness or after late appearance and low to intermediate fitness. This indicates that the
model is somewhat superficial in that “fitness” alone might not explain why the same result can be
achieved from different starting positions. This is also reflecte d by the “trend” of correlation (R2=0.24)
between the mixing score and the proportion the mutant subclone occupies within the lesion analysed
(Suppl. Fig. 7).

Minor comments
The BaseScope resultin cell lines and (Fig.1; Suppl. Fig.1), the testing on the tissues (Fig.2) is nicely
visible. The BaseScope results for the 3D reconstruction are invisible; resolution/magnification needs
to be improved.



Baker et al (NCOMMS-17-11945) Response to Reviewers' comments:

Reviewer #1 (Remarks to the Author):

1. In the present manuscript Baker et al. introduce an improved technique of RNAin situ
hybridization. The validation of the technology seems robust. Using this technique the
authors continue to identify sub-clonal mutations, which potentialy could be missed by
bulk sequencing with limited depth. The techique can be an important tool to study
intra-tumor heterogeneity, a possible cause of resistance to drug therapy. In short, the
methodis well demonstrated. Unfortunately the usefulness of its application beyond
detection of small clones is not clear.

We are glad that the reviewer considers the BaseScope technique as a potentially
important tool. In our opinion the particular value of the technique isthat it provides,
for the firsttime, a robust method for spatially resolved mutation detection. Current
geneticanalysistechniques eitherdo not provide any spatial information whatsoever
(e.g.sequencing) orhave very limited geneticresolution (e.g. FISH). BaseScope,
uniquely, isa very robust methodology that providessingle nucleotide resolution whilst
also providing spatial data.

2. To facilitate the implication of the technique by others, it would be helpful if the
authors explaininsome more detail how the technique differs from BaseScope and how
the reduction to single ZZ base pairs isachieved.

We thank the reviewer for highlighting this lack of clarity, and we have added text (page
3, paragraph 2, line 98) to betterdescribe that the difference between conventional
RNAscope and BaseScope is both a reduction in the number of 1ZZ probes and inthe
addition of one further signal amplification step.

3. Alimitation of the introduced technique is that for each specific (point) mutation, a
specificprobeis required. Ittherefore appears that NG bulk sequencing toidentify
mutations needsto preceed RNA ISH, or ISH needs to be performed with a large set of
point mutation specificRNA probes. How do the authors envision that this technique
can best be applied on naive tumors?

[REDACTED]

4. In addition, how does this technique deal with samplingerrors as only a very limited
proportin of the tumor can be analyzed?

We note that limited sampling of a tumor is a caveat of all mutation detection methods,
and BaseScope isno differentinthisrespect. The principal advantages of BaseScope
are:



(a) the sensitivity of detection —we have shown that as few as 20 mutant cells withina
field of wild-type cells can be detected —this would certainly be below the limit of
detection of standard NGS.

(b) Spatial resolution of mutation location. These spatial data reveal nuances of the
evolutionary dynamics of a tumor that are not accessible from frequency information
alone. From a clinical perspective, spatial information allows mutations to be assigned
to the benign or malignant components of a neoplasm, which may have implications for
treatment decisions.



(c) BaseScope can be readily combined with conventional IHC (or FISH) on the same
section, providing concurrent analysis of mutation status together with phenotypic
information, at cellular resolution.

5. One major challenge in studying intra-tumor heterogeneity is identifying the relative
fitnessand emergence of a clone from resected material. The problemis that from
resected data only the final clone size can be observed, while the fitness advantage, the
time at which the clone emerged and random fluctuations all contribute to the final
clonesize. The authors aim to address this problem, as well as clonal mixing, by using a
computational model. | have several more detailed questions regarding this part of the
manuscript:

The reviewer highlights the issuesinherentto measuring tumor evolutionary dynamics
when frequency data from only a single time pointis available. One of the main reasons
that we are particularly excited about BaseScope technology isthat it offers, for the first
time, a robust methodology to obtain spatial informationin addition to frequency data.
Indeed, the key hypothesis of the modeling aspect of our manuscript was that the
addition of this topographical information on clone location would help to inform on the
underlying evolutionary dynamics, because the dynamics are dependent on spatial
structure. Moreover, BaseScope allows clonal populationsto be identified in situ, so that
theirmicroenvironment can be concurrently measured.

6. Do the authors suggest that they can distinguish between the timingand the relative
fitness of clones? While this could potentially be very interesting, the manuscriptis not
clear on this point. As a key observable the authors use clonal mixing. Can they explain
how mutational fitness and timing of a clone differinthe pattern of clonal mixingthat
arises?

We apologize forthe lack of clarity here. Whilst we cannot precisely distinguish between
the ‘age’ of a clone and its relative fitness, our mathematical analysis shows that the
addition of spatial data (e.g. that accessible via BaseScope) provides additional benefit
in resolvingthese interlinked parameters. Specifically, the posterior distribution of
inferred clone ages and relative fitnesses is more constrained (see figure below).
Moreover, spatial mixingis not a simple linear correlation with mutant frequency
(Supplementary Figure 7c and Supplementary Figure 8a), illustrating how spatial
information gives additional information on the evolutionary dynamics.
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7. How sensitive are the results to the details of the model?
The sensitivity of the results to the assumptions of the modelis an important point that
we thank the reviewerforraising.

A key assumption of the model (that determines spatial patterning) is how cells grow
and potentially replace existing cells. In our original manuscript, daughter cells would
take an empty neighboring position around their parent, or if there was no empty space
would create space by pushingthe population outwards ina random direction. To
determine how pushing determinesthe spatial dynamics, we have now investigated an
alternative model where cells will divide without pushing, and only fill neighboring
empty spaces. Spaces are vacated because of cell death (death was not consideredin
the original model formulation). In this alternative regime, cells divide less frequently in
the center (where there tendsto be little free space, especially when the cell deathis
small) compared to the ‘leadingedge’.

Our new analysis shows that the qualitative patterns of clone spread and mixingare the
same inboth these formulations of the model. Specifically, under neutral or near-
neutral selection, mixingand mutant frequency are low irrespective of when the tumor
is sampled. When selection intensity is strong (mutant has high relative fitness), we see
a temporal transit from low mixing to high mixingand then to low mixing again (as the
cloneis born, expands, and eventually sweeps to near-fixation). We note that the
differentformulations do lead to quantitative differences. Forexample, a high death
rate produces more empty spaces inthe population, and so a mutant with a particular



fitness advantage is more likely toreach fixationthanin the ‘pushing model’ case (see
figure below).

Model 2 - without cell pushing Model 2 -without cell pushing Model 1 - with cell pushing
Lower death rate Higher death rate Figure 4 in our manuscript
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8. Why is clonal mixing being used? What is the advantage over the mutation
frequency? What is the relation between these two observablesinthe model? And how
would changes in adhesion or migration (which are not captured inthe model) affect
the clonal mixing, given a certain mutation frequency?

We investigated clonal mixing for two reasons: first, because spatial resolution of
mutant clonesis the novel measurement provided by the BaseScope method, and
second because we hypothesized that spatial information would provide additional
resolution onthe evolutionary dynamics, over-and-above frequency information alone.
This latter point was motivated from experience in classical evolutionary biology
experiments, asis noted above.

Our experimental and simulation databoth show that mutant frequency and clonal
mixing are not linearly correlated, butin fact show a complex relationship (new
Supplementary Figure 8a, reproduced below).
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We agree with the reviewerthere are many otherfactors that potentially influence
clonal mixing, especially during metastasis, that we have not considered (principally cell
migration), that will be extremely interesting to study in future work. Indeed, we
envisage that the spatial resolution provided by BaseScope will be an important tool for



helpingto resolve such dynamics. For now, we note that the analysisin this manuscript
is restricted to primary tumors where migrationis likely fairly minimal (indeed the
observed mutant clones are contiguous).

9. The dynamics of cellsin theirsimulation seems unrealistic. Adenocarcinoma's are
thought to at leadst partially grow by a process of gland fission, notonly random
movement of cells. The assumed dynamics probably strongly influences the clonal
mixing. What is the motivation for the chosen model/dynamics?

We note that our experimental datashowed that, typically, each gland in the colorectal
tumors was clonal — e.g. it contained only mutant or non-mutant cells, but not both. As
the reviewer notes, tumor growth isdriven by gland rather than cell division perse, and
consequently we considered thatit was reasonable to equate cellsin our model to
glands ina primary tumor.

10. In Fig. 4 the results are plotted againts time. Is it the relative time at which a clone
occurs or the absolute time, i.e. the age of a tumor that is studied here? If the latteris
the case, can the authors translate the inferred value to an actual age of the tumor?

The timein Figure 4 is the time when the tumor issampled (e.g. tumor age). We are
reluctant to attemptto transform this simulated time to provide an estimate of actual
elapsedtime intumor growth, because of the level of abstraction in the model and the
uncertainty around parameter values (principally cell division rates). We consider that
the analysis as-iswellillustrates how the level of clonal mixing evolves overtime, and
can potentially be used to constrain inferences of evolutionary dynamics.



Reviewer #2 (Remarks to the Author):

The paper by Baker et al. describes the application of the BaseScope assay forin-situ
mutation detectionin CRC specimens. ISMD isa highly valuable tool for exploring and
understanding the aetiology of ITH and the workis highly relevant to the field.

The paperis well written and sound. | appreciate the combination of experimental
techniques and computational modelling, although some decisions about parameters
etc. seemto be takenin an arbitrary way. | only have minor comments on the paper.

We are grateful for this positive assessment of our manuscript.

We note that a detailed discussion about the model construction and parameter values
is providedto the points 5-10 of Reviewer 1’s critique above.

1. itisunclear from the discussion, how SCNAs would influence BaseScope readouts;
clearlyin the case of a loss signal would be lost also, but what about gains prior/afterto
mutation? Doesthat influence the readouts? Maybe it would be worth adding a
sentence to the discussion section.

We agree that SCNAs are likely toinfluence mRNA expression levels, and therefore may
also influence the BaseScope readout of a WT or mutant transcript (this point was also
raised by Reviewer #3 point 3). To investigate further, we have analyzed the relationship
between KRAS mRNA expression and KRAS copy number status in cell lines (n=877,
Cancer Cell Line Encyclopedia®) and colorectal cancers (n = 421, TCGAZ).
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As expected, thereisatrend betweenincreased KRAS copy number and elevated mRNA
expression, therefore in general we would expect again of a mutant allele toincrease
the probability of detection by BaseScope, and a loss of that allele to decrease that
probability. We have added a sentence to our discussion to highlight this. We note that
there are other methods widelyinuse (e.g. FISH) for the in situ analysis of SCNAs,
BaseScope howeveris the first robust method for the in situ detection of point



mutations, and our analysis was agnostic of CN state.
2. p.8/1.288: what is the motivation behind the cutoff of 0.05?

The threshold of €=0.05 was arbitrarily chosen as sufficiently low threshold in our
Approximate Bayesian Computation (ABC) algorithm to ensure that accepted simulation
parameters produced output that sufficiently resembled the experimental data. Smaller
values of € of course would lead to a more accurate fit of the model (smaller estimated
parameterrange), but at the expense of requiring substantially more simulations.

Below we provide a plot of € versus the standard deviation of the marginal posterior
distributions for sampling time and relative fitness of the mutant, demonstrating that
€=0.05 was a reasonable cutoff to choose. The size of estimated parameterrange has a
relatively small change with €<0.1.

The impact of cutoff threshold on estimating the parameters
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3. p.9 but also throughout the ms: sometimes percentages and number of cell lines are
given, sometimes also the total number of cells. It would be good to make clear what n
is in each case and give the actual cell numbers where they are missing

We apologize for the lack of consistencyin the reporting of data, and we have now
ensured that in all cases we have provided the number of cells lines/tumors counted
and percentages. Absolute cell numbers that were counted can be foundin
Supplementary Table 4.

4. p.12/1.442: initially?
5. p.13/1.501: BaseScope is typically camel cased throughout the ms, not here
6. p.13/1.510: its sensitivity

We thank the reviewer forthe thorough analysis of the text, and have corrected these
errors accordingly.



Reviewer #3 (Remarks to the Author):

The manuscript by Baker et al. describes an upgrade (improvement) of a technology, the
BaseScope assay by Advanced Cell Diagnostics. The authors claim they improved the
sensitivity of the method at the signal amplification system now using one single ZZ pair
instead of 20. The advantage of thisis the use of short probes and thus the detection of
single nucleotide base differences, such as mutant RNAs. They use this method to
investigate the sub-clonal architecture in CRC by looking at the spatial distribution of the
expression of the driver oncogenes KRAS, BRAF and PIK3CA. From these data, they
generate a model showing how time of subclone occurrence and individual subclone
fitnessinfluence subclonal mixture within atumor.

In general, the approach is attractive as it circumvents the necessity to inferexpression
from DNA sequencing data, it goes beyond this and analyzes differential expression of
the same oncogene harboring different SNVs.

The authors use a well-suited cohort of colorectal cancer samples, FFPE material, some
of the samples even collected years ago, making them a challenginginputintothe
analysis due to the degradation of RNA/DNA often seeninsuch samples. Furthermore,
the authors try to benchmark their method using cell lines with known mutations in the
three oncogenes and demonstrate a high degree of specificity of the method on these
samples.

We thank the reviewer forthisaccurate summary of our manuscript.

There are several interesting outcomes of theirapproach, which at the same time raise
several questions and concerns.

Major comments:
1. The technology described is not novel, ithas only beenimproved-onin this
publication. The authors claimthat they are more sensitive as RNAscope.

BaseScope constitutes a major advance of the technology first developed for RNAscope.
We reduced the number of ZZ probes used for signal detection from ~20 probes to a
single ZZ pair, and to provide adequate sensitivity we then had to develop an extra layer
of signal amplification. As we demonstrate in the manuscript, BaseScope is able to
detect single nucleotide variantsin situ — this level of sequence discrimination was not
possible with RNAscope, and hence BaseScope is a more sensitive assay.

2. However, intheirvalidation the authors do not show robustness of the assay wheniit
is testedinvitro on celllines.

We note that our testingon 9 pairs of mutant and wild-type cell lines (Figure 1b,
FigureSla-g) shows perfect specificity of the BaseScope assay when itis used to probe a

10



single point mutation at a time. Furthermore we have shown sufficient sensitivity to
always detect a true-positive signal in all confirmed mutant cell pellets (n=9) and tumors
(n=30) that were tested—i.e. BaseScope did not fail to detect a confirmed mutation.
We would argue that these data alone give a persuasive demonstration of the
robustness of the technique.

If the reviewerintended to question the reproducibility of the assay, shown below are
furtherdata representing 5 KRAS mutant cell lines ortumors that were tested twice
with the BaseScope assay (with >3 months separating the two repeats). We show the
signal is very reproducible, with no significant difference in signal quantificationinany
of the samples. These reproducibility data have been added the manuscript (new
Supplementary Figure 2b, also below).

Reproducibility of the BaseScope assay

o
=]
[9]
(%]
-
® 0.015 1 Repeat 1
g Il Repeat 2
o
w
£ 0010
3
@
o
(2}
£ 0.005-
o
2]
G
3 0.000-

N 3 N =\
g N \'17\ N N 2
= 4 © © © ©

54 o "o > Q
Y SV @
N & N S &
> @ P 3

Cell line or sample number (KRAS probe)

3. A major critical pointis that it remains unclear whetherthe large differences they
detect using the BaseScope probes for six KRAS G12X mutationsin the cell lines derive
from heterogeneous expression or differential sensitivity of the probes. If the latteris
the case, theirmodelis not valid. Inthe discussion, they comment on this observation,
indicatingthemselves that their sensitivity might not be sufficient:

“line 509: Third, whilstthe method has high specificity, it sensitivity for detecting
heterozygous mutationsis typically approximately 25%...”

The revieweris questioning whether heterogeneous expression (e.g. ‘biological noise’)
or differential sensitivity (e.g. ‘technical noise) impacts the BaseScope signal. The
answeris of course that both influence the strength of the observed signal.

To quantify biological noise, we investigatedthe heterogeneity of KRAS mRNA

expressioninthe presence of the a KRAS G12X mutation incell lines (n=877, Cancer Cell
Line Encyclopedia®) and colorectal cancers (n=421, TCGA?) of known mutational status.
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Both cell lines and tumors showed large variability in KRAS mRNA expression,
irrespective of which KRAS mutation was present, as shown below.

Effect of driver SNV on mRNA expression - Cell lines
v L : : Effect of driver SNV on mRNA expression - Tumors
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To furtheremphasize this point, we show below highly significant difference in WT KRAS
expression betweentwo cell lines, as measured by BaseScope signal. Biological noise is
therefore a considerable factorevenin cell line pellets (where we can reasonably expect
RNA quality to be equivalent between pellets). We note that the inherent variationin
RNA quality between archival FFPE samples will furtherincrease the observed variability
in BaseScope signal.

Heterogeneity of WT KRAS expression by BaseScope
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Quantifying the technical noise is extremely challenging, and in our opinionsuch a
guantificationisunnecessary. The inherent biological noise described above means that
itisnot possible todeduce the absolute sensitivity of a probe from the analysis of
BaseScope readouts in cell lines or tumors, and so it is for this reason that we have not
claimed BaseScope signal to be a proxy for absolute or relative mRNA expression levels.
While there is undoubtedly variationin probe sensitivity, we reiterate that our data

show that in cell lines (Figure 1b and Supplementary Figure 1la-g) that BaseScope always
detects the point mutation that is known to be in the sample, typically inthe majority of
cells. Moreover, the level of detected signal is consistent between technical replicates, as
shown above.
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Itis important to note that different sensitivities of probes do not invalidate our
fundamental findings. The glandular organization of colorectal cancers means that we
reliably assign a gland as mutant if we observe BaseScope signal above the level of non-
specificbinding (approx. 1 in 400 cells). Aswe describe in the manuscript, probe
sensitivity in FFPEtumors is variable, however the typical detection of BaseScope signal
within 1 in4 mutant cellsis by far sufficient to confidently assign a tumor gland
(typically containing tens or hundreds of cellsin a single section) as a true mutant.

4. At the same time, in the introduction and body they state that this technology can be
usedto provide new insightsintothe mechanism of tumor evolution with potential
ramification for selecting patients for treatment. This is therefore astatement, whichis
not provenin the publication and requires extensive validation using other methods.

There is extensive literature in the evolutionary ecology field that makes use of the
spatial distribution of individualsin a populationto examine how spatial structure
constains population evolutionary dynamics (see forexample:
doi:10.1098/rspb.2007.0529) and to examine the relationship between
microenvironmental factors and population evolution (see forexample the review:
doi:10.1016/50169-5347(03)00008-9). The broad class of tools used for these analyses
are classified as phylogeography or landscape genetics methods. Cancerfollows the
same evolutionary principles as otherevolving systems, and so we should expect spatial
information to be of similarvalue in cancer and classical evolutionary biology alike.

To provide a quantitative demonstration that spatial information improves the accuracy
with which evolutionary dynamics can be inferred, we consider the posterior
distributions forthe inferred selective advantage and time of appearance of subclones
that were inferred using (a) only frequency data, or (b) the combination of frequency
and spatial data (e.g. mixingscores). The posteriordistributions were narrowerand
more closely resembled the truth when spatial data were included (See the figure in the
response to Reviewer 1 point6).

With respectto the clinical utility of BaseScope, upon detailed analysis of adenomas
with foci of cancer (‘Ca-in-ad’ samples), we identified two cases wherein a KRAS
mutation was localized to the benign adenomatous region of the lesion, with the
invasive cancer exclusively KRAS wild-type. Thisinformation would not be accessible by
standard next generation sequencing analysis, and may rendersuch patients eligible for
targeted therapy that is usually reserved for KRAS wild-type tumors, and we have now
highlighted thisimportant pointin the manuscript. However, we agree that our
manuscript does not prove that BaseScope aids decision-making fortreatment
selection, and have tempered this statement appropriately (“The BaseScope assay
represents a significant technical advance for in situ mutation detection that provides
new insightinto the mechanisms of tumor evolution, and could have ramifications for
selecting patients for treatment”). Furthermore, we have added a note to the discussion
to highlightthat additional work isrequired to investigate the clinical utility of the
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method.

5. In addition, ithas been shown by other scientists that mutant KRAS undergoes copy
numberimbalance often providing a reason for molecular heterogeneity (see
PMID:27743339; PMID:23599154). The authors would need to test first on the cell lines,
laterin tissue samples, whetherthe differential sensitivity isinfluenced by CNV or
aneuploidy involving the KRAS (and BRAF, PIK3CA) locus.

We agree that copy number status is a factor that can influence gene expression level,
and consequently influence BaseScope signal —please see our response to Reviewer 2,
point 1. We find that there is a correlation between increased KRAS copy number state
and KRAS mRNA expression, butthere is much variation and overlap between the copy
number groups. Therefore we conclude that a gain incopy numberis likely toincrease
the probability of detection by BaseScope, whereas a copy number loss decreases it. We
have added a sentence toour discussion to highlight this.

Due to the variable and sample-dependentinfluence of biological factors and RNA
degradationin FFPE blocks (discussed above inresponse to point 3), it istherefore not
possible toinferto what extent copy number alterations are responsible forthe

differing sensitivity of the BaseScope readout. However we note that our analysisis
agnostic of CN state - we detect mutant subclones by the presence or absence of
BaseScope signal in a tumor gland, not by the absolute quantification of that signal.
Moreover, we reiterate that the novelty of the BaseScope assay is for in situ detection of
point mutations, and that our data show a very high overall sensitivity of point mutation
detection.

6. Upon investigating the subclonal architecture, the authors go slightly beyond the
KRAS/BRAF/PIK3CA analysis and compare KI67 proliferation markerexpression as well
as CD8 cytotoxicT cellinfiltration among mutant and wild-type areas. It is not clear, why
the authors chose these two additional “markers”. Not surprisingly, there is not
difference in K167 between KRASwt and KRASmut subclones recapitulating what has
been known before — KRAS does not necessarily increase proliferation. The only
BRAFV600E tested tumor shows increased K167, would this be the same if they test
another 5? The whole analysis seems random and both R2 and p-valuesare not
convincing. If the authors really wantto conclude something on differences between wt
and mutant clones, they would need to perform a much broader analysis. This might
also help to solve the problem with modelingthe mixing (see next comment).

The revieweris correct to highlight that these supplementary dataare illustrative only.
We used Ki67 and CD8 to illustrate the potential of combining phenotypicanalysis (cell
proliferation and immunogenicity) with BaseScope, not to draw any significant biological
conclusions. We considerthat the exciting potential combination of BaseScope and IHC
will be to facilitate in situ phenotyping of tumor subclonesin human tumors, and indeed
a complete phenotypicinvestigation of tumorsubclones will be the subject of our
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furtherwork.

7. As far as the computational modelis concerned, | wonder whetherthe differential
expression the authors observed with the different mutants could act as assumed
fitness parameters of the clones resultingin a differential mixing score? In addition, the
description of the outcome of the mixing simulation to me differentiates between
results that are actually not distinguishable (see page 12 upper paragraph). A low mixing
score can be obtained either after intermediate appearance and low to intermediate
fitness or after late appearance and low to intermediate fitness. Thisindicates that the
model is somewhat superficial in that “fitness” alone might not explain why the same
resultcan be achieved from different starting positions. Thisis also reflected by the
“trend” of correlation (R2=0.24) between the mixingscore and the proportion the
mutant subclone occupies within the lesion analysed (Suppl. Fig. 7).

The fitnessinour modelis defined asthe net growth rate of a clone. Our
immunohistochemical analysis typically showed norelationship between the
proliferative index (Ki67) and mutation status of a clone (Supplementary Figure 6b), and
as we have explained above we are not able to measure absolute expression levels using
BaseScope. Consequently, we do not think that clone fitness can be simply inferred by
the measured level of mutant proto-oncogene expression.

Followingthe reviewers’ comments we have performed amore extensive investigation of
the relationship between mutant clone frequency and mixing score. The original
regression on the empirical data showed poor evidence of a correlation (low RZ), and
furtheranalysis of our computational model confirms that there is a complex non-linear
relationship between the two measures (see new Supplementary Figure 8a, and also our
reply to reviewer 1 point 8). Consequently we have removed the linearfitlinein
Supplementary Figure 7c.

We agree with the reviewerthat the arising time and the fitness are entangled. It was
not our intention to suggestthat eitherclone fitness or arising time alone could explain
the mixinglevel and mutant frequency observed insamples, and we apologize forthe
lack of clarity if this what was understood. Instead, our model illustrates how the
combination of the two evolutionary parameters can lead to similar mixinglevels and
mutant frequencies but with different temporal trajectories and at different
probabilities (Supplementary Figure 8). We used Approximate Bayesian Computation to
inferthe parameter combinations that had the highest probabilities of recapitulating
the observed empirical datain Figure 4 of the main text.

Minor comments

8. The BaseScope resultin cell linesand (Fig.1; Suppl. Fig.1), the testing on the tissues
(Fig.2) is nicely visible. The BaseScope results forthe 3D reconstruction are invisible;
resolution/magnification needs to be improved.
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We apologize for the poor resolution of the BaseScope signal in Supplementary Figure 5.
We hawe replaced the image with a high-resolution copy,and also provided a high
magnification inset.
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REVIEWERS' C OMMENTS:

Reviewer #1 (Remarks to the Author):

All my concerns have been addressed. I appreciate the thorough responses and congratulate the
authors with their fine work.

Reviewer #2 (Remarks to the Author):

The authors addressed all remarks to my satisfaction. Thanks for updating the ms.

Reviewer #3 (Remarks to the Author):

I appreciate the authors efforts to improve the manuscript. My comments were answered in a
satisfying manner and I have no objections against publication of this manuscript.

The only point I still disagree is the KI67, C D8 affair, which is done and presented in a superficial
manner. Although I understand the authors' reply, I am wondering whether they really need this part
as it does not add much to their conclusions.



We are grateful toall three reviewers, whose critiques have helped usto
improve our manuscript. We are pleased that all three reviewers consider that
we have fully addressed their concerns, and we will be happy tosee our
correspondence with the reviewers published alongside our manuscript.

Reviewer #1 (Remarks tothe Author):

All my concerns have been addressed. [ appreciate the thorough responses and
congratulate the authors with their fine work.

Reviewer #2 (Remarks tothe Author):

The authors addressed all remarks to my satisfaction. Thanks for updating the
ms.

Reviewer #3 (Remarks tothe Author):

[ appreciate the authors efforts to improve the manuscript. My comments were
answered in a satisfying manner and [ have no objections against publication of
this manuscript.

The only point I still disagree isthe KI67, CD8 affair, which is done and presented
in a superficial manner. Although [ understand the authors' reply, [am
wondering whether they really need this part asit does not add much totheir
conclusions.

We appreciate the reviewer’s concern, but nevertheless would prefer tokeep the
immunophenotyping analysis in our manuscript (e.g. toretain Fig S6). We feel
these data have value for the narrative of our manuscript for two reasons. First
because they demonstrate that the BaseScope assay can be readily combined with
immunohistochemistry, and second because they provide, we think for the first
time, some in situ phenotypic information on KRAS, BRAF and PIK3CA- mutant
tumour subclones in colorectal cancer.



