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First round of review
Reviewer 1

Were you able to assess all statistics in the manuscript, including the appropriateness of statistical tests used? 
There are no statistics in the manuscript. 


Comments to author:
General
In this manuscript, Sounart et al describe a novel approach to analyze the host-pathogen interaction. Particular focus is put on the interaction between human lungs and SAR-CoV-2 virus. For this purpose, the authors design a set of probes for the SAR-Cov-2 transcripts (10 genes) to be used for the VISIUM FFPE platform. Mixing these probes with those for the human transcriptome, simultaneous detection of the human and viral transcriptomes is enabled. The precise detection of the tissue parts having viral transcripts is validated by RNAScope and in situ sequencing (ISS), which showed an overall good consistency. To demonstrate the performance of the developed platform, the authors subjected a total of 13 lung FFPE specimens harvested from five postmortem patients of COVID-19 to this analysis. They found that several categories of the human genes are differentially expressed between the regions of viral infections and those of not. Some of these expressions are consistent with the results of the previous studies. Others are novel to this study, although no direct validation analysis was conducted for those cases in this particular study.
Overall, I consider that this platform model should be useful for analyzing the host-pathogen interactions not only for COVID-19, but also future infectious diseases. Admitting overall importance, I have a remaining concern, that is, on the quantitative measurement of the viral transcripts.

Major comments:
1. How accurate do the detected signals (or sequence counts) represent the viral transcripts? The extent of the quantitative measurements should be further carefully evaluated. Particularly, detection at the "absolute" expression level (as of the counts of number of molecules), instead of "relative" expression level, should be desirable. In fact, VISIUM is a good platform for the "relative" expression level analysis. However, given the efficacy of the hybridization for each probe is not always equal, it may not be regarded as a "absolute" molecular count. Nevertheless, the quantitation for the viral load or viral transcript loads at the "absolute expression level" should have a very important meaning. Cannot be some spike-in controls utilized?

2. Detected expression levels of the transcripts should be compared to the viral genome load of the cell. Given the viral genome size is not large, is not it possible to employ a set of tiling probes covering the entire viral genome, regardless of expressed or not (or rarely) expressed regions?

3. The detection limit of the viral load and transcript levels should be further scrutinized. For this purpose, animal models having varying viral loads may be useful.

Minor comments:

4. The writing style should be revised. Many of the observed biological features as described in this manuscript have been previously reported. Or, at least, they are not directly confirmed by other biological assays for the materials presented here. In fact, a number of papers have been published in these two years, having a similar focus, also including spatial analysis of the host-pathogen interactions. For example, Margaroli et al (Cell Reports Medicine, 2021) demonstrated spatial profiling of SARS-CoV-2 and H1N1infected lung. Desai et al analyzed temporal and spatial heterogeneity of the SARS-CoV-2-infected samples (Nature Communication, 2020). Therefore, I'd recommend the "observation part" should be toned-down and more focus should be put on the methodological development.

5. Relatedly, a major fraction of the "observation part" should be made concise and the related descriptions should be moved to the Discussion section. For the discussion, the authors should also mention previous studies focusing on host-pathogen transcriptome signature during the SARS-CoV-2 infection made at the single-cell level, for example, Bost et al (Cell, 2020).

6. In this paper, the authors compared the host gene expression only by SARS-CoV-2 positive and negative. Generally, as described above, further quantitative measurements should widen the view of this analysis. For example, may not the viral transcriptome figures differ, depending on the interactions with immune cells? Or is not it different between different viral strains? (Also, please specify the viral strain and their mutation patterns, if any, used in this study somewhere.)

7. Judging from on "Patients selection, sample collection and processing" in the Methods section, it seems the authors have employed COVID-19 autopsy cases without considering their severity, treatment and other features. A number of papers have described that the clinical symptoms and related infection phenomena are truly diverse. At least some background information of on the clinical records of the patients should be presented in more details, further than Supplemental Table 2. Further detailed analyses on the relation between the patients' background should be also plausible.

8. As a method paper, it is desirable that the authors should demonstrate the power of this approach for other infectious diseases. At least, some future perspectives should be described in a more concrete manner.

9, It seems that some descriptions about the spatial analysis in the Background section should be updated, as the situation surrounding this area is rapidly changing. For example, they wrote previous methods can provide only "10 to 1000 genes", but a very recent paper reported that MERFISH can analyze >1000 genes (Fang et al, Science 2022).

Reviewer 2
Were you able to assess all statistics in the manuscript, including the appropriateness of statistical tests used?
Yes, and I have assessed the statistics in my report.

Comments to author:
In this manuscript, Sounart and colleagues have performed a spatial characterization of the COVID-19 lung by capturing and sequencing concurrently host and SARS-CoV-2 RNA in situ. The approach to expand the commercial 10x Genomics FFPE assay with SARS-CoV-2 probes enables not only an efficient capture of the pathogen RNA but also the ability to analyze effectively FFPE samples, which are way more abundant and easier to access in clinical settings. Even though the manuscript is a "Reseach" and not a "Method" article, the authors do not maximally utilize the rich datasets they have generated, in terms of bioinformatic analysis, but also in comparison with other similar efforts or public data integration. My enthusiasm remains high for this project, since the team has the experience and data to go deeper in the analysis of these samples. My comments are provided in further detail below:

1) The manuscript could benefit from proof-reading. There are syntax/grammar issues and typos.
2) There are different efforts that have attempted to perform similar host-pathogen spatial characterizations for COVID-19 samples or different settings. I believe that since it's a very novel domain, it would be helpful for the Readers if these efforts were briefly mentioned and commented. It would also put into perspective the innovation aspect of this manuscript and the potential remaining challenges. Even though I might be missing other studies, some that come to mind include:
A) Studies that employed spatial assays to characterize lung tissue from COVID-19 patients. E.g. Visium + RNAScope: e.g. Shojaei et al, MedRxiv 2021, or Visium + immunohistochemical capture of SARS-CoV-2 nucleocapsid: Mothes et al MedRxiv 2022. Villacampa et al (from the Lundeberg lab), performed an untargeted in situ transcriptomics assay on a lung sample from a COVID-19 patient but the viral load of the sample seemed to be very low, and was unclear whether the low yield was due to the low sensitivity of the method or the lack of SARS-CoV-2 RNA in the sample.
B) Studies that expanded existing spatial investigations of COVID-19 lung samples with targeted probes for SARS-CoV-2, such as Delorey et al, Nature 2021, where they added SARS-CoV-2 specific probes in the NanoString GeoMx Whole Transcriptome Atlas assay, or Kulasinghe et al, again using the GeoMx assay. Both studies were performed completely or partially on FFPE samples using assay extension with SARS-CoV-2 probes.
C) High resolution custom spatial assays to capture host-pathogen interactions not in COVID-19 settings, such as the efforts of Lötstedt et all (Biorxiv 2022), who recently performed a similar approach which they termed spatial host-microbiome sequencing (SHM-seq) to capture microbes and host genes in mouse intestine samples or the approach of Saarenpää et al (Giacomello Lab) who employed degenerate probes to capture bacterial and archaeal 16S rRNA hypervariable regions, together with poly-d(T) probes for host mRNA.
There are more, but the above show that a) this development did not take place in a vacuum, while on the other hand capture that even though there are approaches capable to tackle FFPE sample analysis with targeted SARS-CoV-2 probes or 55um resolution methods that work on frozen tissue, there is no method combining the specific characteristics of the presented approach (55um resolution + FFPE support). 
3) The Visium dataset is treated mostly like a single cell dataset in terms of bionformatic analyses. This is evident in the pipeline followed, in the lack of spatial/Visium-specific analyses (QC approaches, lack of spatially-aware clustering, neighborhood/spatial region calling, spatially-aware cell-cell communication, spot deconvolution, etc. This is a major missed opportunity from a group specializing in the domain.
4) Since this is a Research manuscript (and not a Method), I would have expected also efforts to integrate the generated data with the spatial and single cell data generated from lung samples from COVID-19 patients as well as efforts to leverage knowledge and observations to generate new knowledge. For the latter, there is mostly a single section and feels rather forced, not as the main topic of the manuscript.
5) Following up on the above, the authors could integrate or compare against the currently available datasets with single cell and spatial data (GeoMx, Visium, RNAScope) from COVID-19 lung samples as well as use the public snRNAseq/scRNASeq samples for deconvolution and label transfer.
6) The authors observed that "SARS-CoV-2+ spots appeared throughout different morphological areas without obvious enrichment in any of the spatial clusters". However, in single cell publications examining SARS-CoV-2 abundance in lung samples from human patients, there is clear enrichment of SARS-CoV-2 in specific cell types (e.g. Delorey et al, Nature 2021). Could the authors comment on these differences?
7) The comparison of SARS-CoV-2+ and SARS-CoV-2- spot comparisons can be a bit more nuanced than as approached, since viral abundance can differacross architectural components or cell types. Could the analysis be repeated by matching the regions compared (e.g. alveoli vs alveoli, bronchial epithelium vs bronchial epithelium), cluster types (if possible), as well as cellular proportions? Since the comparisons could be confounded by the differences in cellular proportions, and lead to performing a DE between cell populations. 
8) The presence of SARS-CoV-2 reads in the myeloid compartment could potentially point to phagocytosis as opposed to infection (e.g. as potentially observed in the epithelial compartments). Could the authors comment and expand?
9) The authors mention a set of suggested genes: SRRM2, HNRNPA2/B1, SMAP2, ARHGEF1, and TCIRG1 as "plausible novel targets for molecular interventions aiming to block COVID-19 pathogenesis in the human lungs". Could they expand on why they consider them to be plausible targets and how they envision the function of targeted therapeutics? To my understanding, the main supporting data is that these targets were differentially expressed in the SARS-CoV-2 RNA+ spots.
10) The analysis is performed en bloc with all the SARS-CoV-2+ spots, regardless of the cluster type. I would be very cautious lumping them all together, since some (as mentioned above) could be through phagocytosis or ambient RNA. There is also RNA transfer across spots which was also not evaluated during the QC (as was mentioned the QC was similar to that followed for single cell data). 
11) The authors mention that SRRM2 could be a substrate for SARS-CoV-2. Do the same spots co-express other known factors/co-factors for SARS-CoV-2? In published studies of tissue data from deceased/severe patients, there is usually low expression of the molecules known or hypothesized to be factors/co-factors for SARS-CoV-2 entry, such as ACE2 or TMPRSS2 in the SARS-CoV-2 RNA+ cells. Therefore, detecting a gene up-regulated in the (+) sub-fraction, doesn't automatically make it a potential case for an entry or interaction molecule. 
12) The authors mention "our in situ spatial analysis provides the first confirmation of these expressional changes to be directly associated to cells actively expressing viral components in the COVID-19 diseased human lungs". The resolution of the assay utilized does not enable this conclusion since in the same spot there can be a collection of different cells (5+ for the lung). It's impossible to identify if the signal is coming directly from a specific cell, unless a complementary assay is performed that permits single cell resolution. Alternatively, the authors could use publicly available single cell (nucleus) data from lung samples of COVID-19 patients to show that indeed these expression differences take place in the SARS-CoV-2 RNA+ subfraction when compared to cells from the same cluster/population without SARS-CoV-2 RNA presence.

Minor Comments
13) The high variability of the expression levels observed in the M, E, S, ORF1ab, ORF3a, ORF7a, ORF7b, and ORF8 genes was observed also across the SARS-CoV-2+ spots within the same slide or the overall ranking was consistent per slide but differed mostly across slides?
14) P-values reported: many pvalues are reported as < 2.2 * 10-16. This is a common issue dictated by technical reasons (machine epsilon) from the programming language or statistical package used. Can the authors substitute with the actual p-values observed? Could they also add a mention of the statistical test performed in the text and figures as well as the p-values when describing the outcome of statistical test?
15) When working with pathogen RNA in single cell or spatial, you want to ascertain that you have a bona fide event. Some helpful statistics could include: a) the co-occurrence of expressed viral genes in the same spots (pairwise and in larger combinations), b) the spots where a singleton viral gene expression event occurs, c) correlation of SARS-CoV-2 gene expression levels (UMIs) vs the average UMI counts per spot in a slide. Could these statistics be added and plotted? 
16) The color scales in some graphs (e.g. Figure 4d, e) are not the same, leading to a different meaning for each color.
17) Fig 5b: I find the colocalization plots quite challenging as implemented to show the co-occurrence of SARS-CoV-2 RNA and of the relevant gene. For instance, it's very difficult to discern differences (at least for me) between + and - for SRRM2 and potentially CXCL9. Could the color scale or a two-axis color gradient (viral RNA abundance on the X axis and UMIs on the Y) be more helpful?
18) Line 446: There is an abbreviation of ORF10 as 10x Genomics 
19) Novelty Score: The term isn't widely used. The formula should be added for the log10 UMI/gene ratio calculation for reference.
20) Registration: Adobe photoshop was used for image registration. How was registration quality evaluated? Would an elastic registration that can tackle tissue deformations from sectioning be preferable?

Authors Response
Point-by-point responses to the reviewers’ comments: 

	Reviewer #1 

General 

In this manuscript, Sounart et al describe a novel approach to analyze the host-pathogen interaction. Particular focus is put on the interaction between human lungs and SAR-CoV-2 virus. For this purpose, the authors design a set of probes for the SAR-Cov-2 transcripts (10 genes) to be used for the VISIUM FFPE platform. Mixing these probes with those for the human transcriptome, simultaneous detection of the human and viral transcriptomes is enabled. The precise detection of the tissue parts having viral transcripts is validated by RNAScope and in situ sequencing (ISS), which showed an overall good consistency. To demonstrate the performance of the developed platform, the authors subjected a total of 13 lung FFPE specimens harvested from five postmortem patients of COVID-19 to this analysis. They found that several categories of the human genes are differentially expressed between the regions of viral infections and those of not. Some of these expressions are consistent with the results of the previous studies. Others are novel to this study, although no direct validation analysis was conducted for those cases in this particular study. 
Overall, I consider that this platform model should be useful for analyzing the host-pathogen interactions not only for COVID-19, but also future infectious diseases. Admitting overall importance, I have a remaining concern, that is, on the quantitative measurement of the viral transcripts. 

Thank you for your comments, we are happy to hear that the reviewer finds the work of interest for the broad use of studying host-pathogen interactions in future infectious diseases. We have addressed the reviewer’s comments below, with a particular focus on the concern of the quantitative measurement of the viral transcripts. 

Major comments: 

1. How accurate do the detected signals (or sequence counts) represent the viral transcripts? The extent of the quantitative measurements should be further carefully evaluated. Particularly, detection at the "absolute" expression level (as of the counts of number of molecules), instead of "relative" expression level, should be desirable. In fact, VISIUM is a good platform for the "relative" expression level analysis. However, given the efficacy of the hybridization for each probe is not always equal, it may not be regarded as an "absolute" molecular count. Nevertheless, the quantitation for the viral load or viral transcript loads at the "absolute expression level" should have a very important meaning. Cannot be some spike-in controls utilized? 

We agree with the reviewer that the measurement of the viral load and number of transcripts on an absolute level would provide useful information regarding the sensitivity of our viral detection and its comparability to other available methods for RNA quantification. This, however, requires a bona fide quantification method that can be reliably implemented in the analyzed sample type. The use of spike-in controls, suggested by the reviewer, would be an elegant way of addressing this question, but unfortunately, this procedure is not yet fully established for the Visium platform. Most alternative RNA detection methods (RNAscope, ISS) are also based on the hybridization of target-specific probes, where hybridization efficiency, even with optimal probe design, RNA quality and experimental conditions, never reaches 100%. Therefore, one must be cautious in interpreting the obtained results as absolute transcript values, even in the case of techniques with reportedly single transcript resolution(RNAscope ISH Technology, n.d.). 

To address the reviewer’s comment, we further evaluated the viral load in our samples with an alternative approach by performing qPCR with primers targeting the E gene of the SARS-CoV-2 virus. For the qPCR experiments, we used RNA extracted from several sections (between 4 and 30 sections, depending on the area of the tissue piece) of the same tissue regions used for the spatial methods (ST, RNAScope, ISS). In some cases this meant including relatively distant segments of the tissue block compared to the sections used for spatial detection, thus we considered these samples to represent the overall viral load in these tissues. In the qPCR reactions, we also used a plasmid control with a known number of copies, which allowed us to calculate the theoretical copies per ng of RNA value for all analyzed samples. However, given the suboptimal RNA quality of our samples, the actual viral presence is likely higher than what we estimate based on this analysis. We compared log-transformed values of the summed UMI counts detected by the ST approach for all target SARS-CoV-2 genes, and separately for the E gene, to the copies per ng of RNA value calculated based on the E gene detection, and to the summed S gene-specific RNAscope signal. We saw highly similar signal distribution across the samples with all detection methods, except for the E gene not being detected by ST in one sample, likely due to a low viral load and lower RNA quality (DV200: 45) compared to the other samples. This semi-quantitative analysis corroborates our previous results, showing a good overall agreement between these methods. The results of this analysis are presented in Supplementary Figure 7 and lines 150-153 and 742-755. 

In addition, we thoroughly validated our Visium approach on consecutive sections analyzed with RNAscope and with the ISS platform. Since RNAscope is reported to have the highest sensitivity of these technologies and to detect target genes on a single transcript level(RNAscope ISH Technology, n.d.), we considered this detection method as a gold-standard reference for close-to-absolute transcript levels. To compare the virus-related signal levels detected across different platforms, we expanded our previous analysis of comparing the overlap between SARS-CoV-2+ and SARS-CoV-2- spots in a binary fashion. For this, we further quantified the RNAscope signal obtained with a probe against the S gene and the in situ sequencing (ISS) S gene signal, and compared the signal density to the S gene-specific Visium counts in the corresponding tissue areas in one COVID-19 lung sample with the highest signal values. To increase the precision of our comparison and allow for minor positional differences between the signals originating from consecutive sections, we implemented elastic image registration to align the ST, RNAscope, and ISS signal images and then binned the signals into circular disks of 300 µm diameter by merging every seven neighboring ST spots (one central and its six neighbors). With this new validation approach, we found a 72.44% specificity of ST to RNAScope S gene detection for this sample. We also quantified the SARS-CoV-2 specific signal (S gene) captured with ISS, from a non-consecutive (~300 µm distance) section, and obtained an overall similar spatial distribution to the other two methods, and a 58.99% specificity of the ST to ISS signal detection. These values are somewhat below the specificity determined for all three pathological samples by the square-based binning used for the binary (SARS-CoV-2+ vs. SARS-CoV-2-) categorization discussed in the manuscript, probably due to the increase in the bin area. We found a similar spatial pattern in the S signal heatmap and signal intensity distribution between the three detection methods, supporting their comparability even when performing analysis in a quantitative manner. We present these results in Figure1e-f and in lines 147-150, 668-679, 705-722, and 740-741. 

Lastly, we emphasize that to enable working with infectious human material in BSL-1 conditions, we established our dual spatial transcriptomics platform for compatibility with FFPE tissue samples, where tissue fixation inactivates the virus. A trade-off of FFPE fixation and embedding is lower RNA quality, where RNA degradation can affect viral detection with methods based on different probe sets and experimental protocols, limiting their comparability. The RNA quality of our samples (2-2.4 RIN, 45-72% DV200, Supplementary Table 2) is within a typical range for FFPE material and largely falls into the Illumina scale(Illumina. Evaluating RNA Quality from FFPE Samples. Technical Note: RNA Sequencing. Https://emea.illumina.com/content/dam/illumina-Marketing/documents/products/technotes/evaluating-Rna-Quality-from-Ffpe-Samples-Technical-Note-470-2014-001.pdf, n.d.) medium-quality category (50-70% DV200). However, even with this level of RNA quality in our samples, we were able to demonstrate a thorough, quantitative validation of our ST-based viral detection with qPCR, RNAScope, and ISS. 

2. Detected expression levels of the transcripts should be compared to the viral genome load of the cell. Given the viral genome size is not large, is it not possible to employ a set of tiling probes covering the entire viral genome, regardless of expressed or not (or rarely) expressed regions? 

We reasoned that since several of our probes target ORF1ab, which is not transcribed into subgenomic RNAs and thus is present only in the viral genomic RNA, detection of ORF1ab could be considered as representative of the viral genome load. However, even with the largest number of probes (5) targeting ORF1ab, we detected ORF1ab in only 40% of the SARS-CoV-2+ spots (referred to as ORF1ab+ spots). For 48.6% of these ORF1ab+ spots, ORF1ab was the only SARS-CoV-2 transcript detected (termed singleton spots). We also detected other SARS-CoV-2 transcripts in singleton spots (meaning spots with only one SARS-CoV-2 gene detected). We previously observed various levels (as UMI counts) of different SARS-CoV-2 transcripts (as shown in Figure 3 of the manuscript), with trends that largely corresponded to that expected from subgenomic RNA (sgRNA), where higher levels come from transcripts closer to the 3’ end(Kim et al., 2020; Long, 2021). The portion of singleton spots also follows this trend of abundance, where more abundantly detected genes have more singleton spots. The results of this analysis are presented in the plots in Additional Figure 1. 

In addition, as stated in response to comment #1, we performed a qPCR of the SARS-CoV-2 E gene to determine the overall viral load in our samples. We found similar trends between the qPCR detection of the overall levels of the virus and our detection by ST (across all viral genes and for the E gene), confirming the reliability of our approach. 

Certain viruses have very small genomes, which can be successfully mapped using tiling probes in some instances. However, SARS-CoV-2, in particular, belongs to the Nidovirales order of positive-sense single-stranded RNA viruses that have some of the largest known viral genomes(Grellet et al., 2022; Saberi et al., 2018). The SARS-CoV-2 genome assembly used to design the probes in this study is 29,903 bp in size (https://covid-19.ensembl.org/Sars_cov_2/Info/Annotation), which would require about 600 of our 50 bp structured probes to tile, making such an approach infeasible. Of note, in our platform, we target 10 different viral genes, many of them with more than 1 probe, and thus cover a larger portion of the viral genome compared to other spatial methods (such as GeoMx [NanoString](Merritt et al., 2020; Zollinger et al., 2020) and RNAScope(Wang et al., 2012)) designed for SARS-CoV-2 detection in COVID-19 patient lungs(Butler et al., 2021; Delorey et al., 2021; Desai et al., 2020; Kulasinghe et al., 2021; Margaroli et al., 2021; Rendeiro et al., 2021). A more detailed exploration of the gRNA (viral genome load) to sgRNA (expression levels of the transcripts) would be of great use to the research community, however, the technical challenges described above puts such an endeavor outside of the current possible realm of this research study. 

3. The detection limit of the viral load and transcript levels should be further scrutinized. For this purpose, animal models having varying viral loads may be useful. 

While we agree that it would be beneficial to have an understanding of the detection limits of our platform, the discussed challenges regarding the absolute quantification of the viral load and transcript levels in our response to comments #1 and #2 make it difficult to perform such analysis in a reliable manner. While the use of well-characterized animal models could mitigate some of these issues, it also has various shortcomings that make other experimental approaches better suited to address this question: 

1. Selecting an animal model that is both easily accessible and reliably reproduces the characteristics of human SARS-CoV-2 infection is challenging. While wild-type mouse strains would be the obvious choice for this type of work, other studies reported that SARS-CoV-2 showed low affinity to murine tissues, mainly due to sequence differences in major entry factors, such as ACE2, between the two species(Da Costa et al., 2022). To produce biologically relevant data, we would need to analyze infected tissue from human ACE2-expressing transgenic or humanized mice, or other, better suited animal species (i.e. non-human primates), that were unfortunately not accessible to us. 

2. Local viral load in any target organ of infected animals is not necessarily directly proportional to the standardized inoculation doses. Assessment of the viral genome load reached in the lungs would require additional analysis steps such as qPCR from bulk lung RNA, which we performed on the human samples already included in the study, as discussed in response to comments #1 and #2. 

Considering these points, we added region-specific qPCR against the E gene of SARS-CoV-2 (discussed in our reply to comment #1) to our validation approaches, reasoning that this would convey more reliable and relevant information than including new animal tissues in our study. We selected the E gene as the target SARS-Cov-2 gene, since among other qPCR probes available to us, that reaction showed the highest sensitivity. With all four SARS-CoV-2 detection methods applied (ST, RNAscope, ISS, and qPCR), we observed that the COVID-19 samples in our study covered a range of viral loads, likely close to the lower end of the clinically relevant spectrum. This is in line with the late disease stage of the samples, where other studies also described a lower SARS-CoV-2 load in comparison to the acute phase of the infection(Desai et al., 2020). In addition, a recent study focusing on the absolute quantification of SARS-CoV-2 genomic and subgenomic RNAs from nasal swabs reported high, medium, and low categories in terms of viral transcript levels for the ORF1ab, N, and S genes(Oranger et al., 2021). While the tested samples and target genes differ between the two approaches, it is worth noting that the copies per ng of RNA values obtained in our E-gene-specific qPCR fall into their “low viral content” category, providing further support to the sensitivity of our detection method. One must keep in mind, however, that the detection of the viral RNA is negatively affected by degradation, which is an additional reason why the quantification of the absolute viral RNA content and a direct comparison between the results of these technologies do not reliably describe the relationship between the SARS-CoV-2 viral load and transcripts in FFPE samples. 

Minor comments: 

4. The writing style should be revised. Many of the observed biological features as described in this manuscript have been previously reported. Or, at least, they are not directly confirmed by other biological assays for the materials presented here. In fact, a number of papers have been published in these two years, having a similar focus, also including spatial analysis of the host-pathogen interactions. For example, Margaroli et al (Cell Reports Medicine, 2021) demonstrated spatial profiling of SARS-CoV-2 and H1N1 infected lung. Desai et al analyzed temporal and spatial heterogeneity of the SARS-CoV-2-infected samples (Nature Communication, 2020). Therefore, I'd recommend the "observation part" should be toned-down and more focus should be put on methodological development. 

We thank the reviewer for this suggestion. The studies mentioned by the reviewer(Desai et al., 2020; Margaroli et al., 2021), among others performing spatial analysis on lung tissue collected from COVID-19 patients, gave important contributions to understanding the organ’s response to the SARS-CoV-2 infection, and thus we have shortly discussed and referenced them in our manuscript in lines 76-88 and 409-414. It is important to note that both mentioned studies rely on the detection of a few SARS-CoV-2-specific gene targets or immunolabeling of a few viral protein components, which, assuming similar degradation of RNA in their samples and considering the high number of singleton SARS-CoV-2 transcript spots in our dataset, might limit their viral detection and the drawn biological conclusions. Furthermore, our study encompasses a different scope by spatially detecting SARS-CoV-2 through targeting 10 transcripts of the virus to spatially co-resolve both host and pathogen transcriptomes on the same tissue section without preselection of a region of interest, and thus provides an unbiased view of the tissue response to viral infection. 

In addition, we toned down the biological portions of our manuscript to shift the focus to the presented methodological development in lines 229-297 and 307-375, and correspondingly changed the format of the manuscript to a Method article. 

5. Relatedly, a major fraction of the "observation part" should be made concise and the related descriptions should be moved to the Discussion section. For the discussion, the authors should also mention previous studies focusing on host-pathogen transcriptome signature during the SARS-CoV-2 infection made at the single-cell level, for example, Bost et al (Cell, 2020). 

As stated in response to the previous comment and in line with changing the format of the manuscript to a Method paper, we toned down and made more concise the observational part of the manuscript in lines 229-297 and 307-375. We also included the suggested single-cell studies(Bost et al., 2020; Lamers & Haagmans, 2022; Melms et al., 2021; Ren et al., 2021; Tian et al., 2022) in our discussion and updated the related section according to the reviewer’s suggestions, as can be seen in lines 409-411. 

6. In this paper, the authors compared the host gene expression only by SARS-CoV-2 positive and negative. Generally, as described above, further quantitative measurements should widen the view of this analysis. For example, may not the viral transcriptome figures differ, depending on the interactions with immune cells? Or is it not different between different viral strains? (Also, please specify the viral strain and their mutation patterns, if any, used in this study somewhere.) 

We agree with the reviewer that the level of local viral load, and consequently of viral transcripts, can affect the host responses, as previous studies demonstrated(Butler et al., 2021; Desai et al., 2020; Kulasinghe et al., 2021; Margaroli et al., 2021; Park et al., 2022; Rendeiro et al., 2021). 

To address the reviewer’s comment about assessing the interactions between the virus and the host cells in a more nuanced manner, we performed colocalization analysis within our separate ST clusters by performing differential expression (DE) gene analysis between SARS-CoV-2+ and SARS-CoV-2- spots within each ST cluster level. We found most of the highest-ranking DE genes to be shared across the clusters and showed a large overlap with the en masse DE genes. 

To look more deeply into the interactions with immune cells, and in line with the request of the other reviewer, we ran deconvolution on our ST data using a publicly available single-cell dataset(Delorey et al., 2021) to determine the cell type distributions in our spatial spots. Assigning each ST spot to its dominant cell type resulted in 11 clusters (referred to as deconvolution-based clusters) that are in line with the number of cell types in the single cell dataset(Delorey et al., 2021) used for label transfer and largely confirmed our original, solely ST data-based cluster annotations. 

To further address the reviewer’s point on how viral loads interact with immune cells, we observed that clusters dominated by immune cells (ST clusters 1 and 3, deconvolution-based B- , T/NK- and myeloid cell-dominated clusters) contained the highest levels of SARS-CoV-2 UMIs. Interestingly, the fibroblast-enriched ST cluster 6 has the third highest value of SARS-CoV-2 UMIs, while the fibroblast-dominated spots identified by deconvolution have one of the lowest levels; this suggests that the viral transcripts in cluster 6 spots likely originated from a non-fibroblast cell type, which was less prominent in the transcriptome captured from these ST spots. The cell type deconvolution identified T/NK cells in the tissue that were masked in our previous analysis due to their relatively low abundance. T/NK cell-dominated spots displayed the highest absolute and relative SARS-CoV-2-related UMI counts, in line with a potent cellular immune response against cells actively expressing viral components. 

To reveal potential cell type-specific modulators of the host response, we generated DE genes between SARS-CoV-2+ and SARS-CoV-2- spots unique for each analyzed deconvolution-based cluster and found two immunoglobulin variable genes (IGLV9-49 and IGHV1-46) to be upregulated in the B-cell dominated deconvolution-based cluster; this may signal the presence of virus-reactive B-cell clones in the close proximity of the infected cells, and could warrant further research aiming to confirm the presence of such clones and to determine their BCR sequence in the hope of generating neutralizing antibodies against the virus. While it was beyond the scope of our project to perform an in-depth analysis of the immune response to the presence of the virus, these results demonstrate the potential of conducting such studies based on dual spatial transcriptome information obtained by our technique. The results of this analysis are presented in Supplementary Figure 14, and also in Supplementary Tables 9-10, and lines 256-271, 339-349, and 432-437. 

To address the reviewer’s question on the differences across viral strains, we would like to clarify that the probes that bind to SARS-CoV-2 RNA used in the study were designed based on the Wuhan-Hu-1 isolate, Sars_cov_2.ASM985889v3, Ensembl build 101 (https://covid-19.ensembl.org/Sars_cov_2/Info/Index), as stated in the Methods section lines 491-494. In our assay, the left (LHS) and right (RHS) probes for each SARS-CoV-2 gene bound in proximity on the RNA target, are ligated, and then the probes themselves bind to the Visium slide and are ultimately sequenced. Then, the sequence data is mapped to a reference containing the different probe sequences to identify what viral genes are present (S gene, E gene, etc.) rather than the actual viral RNA being sequenced(10X Genomics. Visium Spatial Gene Expression Reagent Kits for FFPE User Guide. Document Number CG000407, Rev A. (2021).CG000407_VisiumSpatialGeneExpressionforFFPE_UserGuide_RevA.pdf, n.d.). Therefore, we are not able to identify the viral strains present in the samples with the specific probes used here. We added further clarification about this to the Methods section lines 494-495. Future users of the probes could run the sequences in GISAID (https://gisaid.org/) to see how the probes would bind to specific sequences or variants of interest. The probes are ordered from IDT and the sequences could be altered for specific variants of interest in future studies. 

7. Judging from "Patients selection, sample collection and processing" in the Methods section, it seems the authors have employed COVID-19 autopsy cases without considering their severity, treatment and other features. A number of papers have described that the clinical symptoms and related infection phenomena are truly diverse. At least some background information on the clinical records of the patients should be presented in more details, further than Supplemental Table 2. Further detailed analyses on the relation between the patients' background should be also plausible. 

In line with the reviewer’s request, we added the patients’ age, sex, and comorbidities in a pseudonymized manner to Supplementary Table 2 for the potential benefit of future studies reanalyzing our dataset. Nevertheless, we would like to point out that the scope of our study is presenting the methodological advancement of detecting spatial colocalization of both host and pathogen transcriptomes. Our goal was to cover different viral loads, aiming for the lower end of the clinically relevant range to demonstrate the sensitivity of our method, rather than covering a range of clinical parameters. The sample size of our study enabled us to demonstrate our novel technology and that we could detect the virus even with lower loads, however, this sample size does not suffice to draw any meaningful conclusion on the relation between our results and the available clinical parameters. 

8. As a method paper, it is desirable that the authors should demonstrate the power of this approach for other infectious diseases. At least, some future perspectives should be described in a more concrete manner. 

We agree with the reviewer that describing future perspectives in a more concrete manner will emphasize the power of our approach, and thus we added text in the discussion section to address this point in lines 438-448. Briefly, we think that dual host-pathogen spatial transcriptome analysis has immense potential to provide unique information in a wide range of infectious diseases, specifically about entry factors, host-provided machinery for replication, productive and potentially harmful cellular countermeasures against the presence of the pathogen, and cell-cell interactions, in a tissue-specific manner. The quick spread of similar techniques during the COVID-19 pandemic highlights the relevance of spatially aware approaches in understanding the pathogenesis of the disease. Specifically, we think our approach would be highly relevant for the spatial detection of already known RNA viruses, such as the hepatitis C virus (HCV) in the human liver to localize previously identified host dysregulated gene expression patterns/pathways(Hamdane et al., 2019) across involved host cell populations; this would be highly valuable for understanding the progression of HCV-induced liver disease. This knowledge could be crucial for identifying patients at risk of developing cirrhosis and cancer and highlight potential targets for future chemopreventive approaches. In the case of other recently emerged pathogens with substantial epidemiological relevance, such as SARS-CoV-1, DENV (Dengue virus), or ZIKV (Zika virus), or potential novel pathogens in the future, it would also be advantageous to adopt spatial technologies at the forefront of related research efforts. 

Notably, we also observed an upregulation of a number of immunoglobulin variable genes in certain subsets of SARS-CoV-2+ spots, potentially representing virus-associated B cell clones. With novel spatial transcriptomics technologies expanding into lymphocyte clone detection in the tissue context(Engblom et al., 2022), such observations paired with antigen analysis could provide a basis for further research in the hope of identifying and generating neutralizing antibodies for clinical and scientific use, also in the case of other pathogens causing infectious diseases. 

9. It seems that some descriptions about the spatial analysis in the Background section should be updated, as the situation surrounding this area is rapidly changing. For example, they wrote previous methods can provide only "10 to 1000 genes", but a very recent paper reported that MERFISH can analyze >1000 genes (Fang et al, Science 2022). 

As the reviewer pointed out, the field of spatial transcriptome analysis is indeed rapidly evolving, and in line with this, we updated the background section of our revised manuscript with the following spatially-resolved transcriptomic methods in FFPE tissues: Xenium In Situ Technology [10X Genomics] (In Situ Gene Expression, n.d.; Janesick et al., 2022), Improved in situ sequencing (IISS) (X. Tang et al., 2022), HybISS as part of ISS from Cartana(Gyllborg et al., 2020), CosMX [Nanostring] (He et al., 2022), clampFISH 2.0 (Dardani et al., 2022), MOSAICA (Vu et al., 2022), and RNA-seq of FFPE PuTi-spot (Matsunaga et al., 2022) in lines 58-66. We focused on technologies that are compatible with FFPE tissues, as there are fewer such methods to date compared to ones adept at analyzing only fresh frozen tissues, and infectious tissues are most often stored in the form of FFPE blocks. The mentioned study by Fang et al.(Fang et al., 2022) managed to analyze more than 1000 genes, but only worked with fresh frozen rather than FFPE tissues. To our knowledge, MERFISH on FFPE tissue is not yet demonstrated to exceed 1000 genes. In line with this, the current MERSCOPE FFPE Solution (https://info.vizgen.com/merscope-ffpe-solution) appears to have gene panels for 500 genes, and a study from Tang et al.(Z. Tang et al., 2023) used this solution to spatially resolve 500 genes in FFPE tissues. 

Reviewer #2 

In this manuscript, Sounart and colleagues have performed a spatial characterization of the COVID-19 lung by capturing and sequencing concurrently host and SARS-CoV-2 RNA in situ. The approach to expand the commercial 10x Genomics FFPE assay with SARS-CoV-2 probes enables not only an efficient capture of the pathogen RNA but also the ability to analyze effectively FFPE samples, which are way more abundant and easier to access in clinical settings. Even though the manuscript is a "Research" and not a "Method" article, the authors do not maximally utilize the rich datasets they have generated, in terms of bioinformatic analysis, but also in comparison with other similar efforts or public data integration. My enthusiasm remains high for this project, since the team has the experience and data to go deeper in the analysis of these samples. My comments are provided in further detail below: 

We are happy to hear that the reviewer finds our work valuable. We address the reviewer’s comment to explore our rich dataset more deeply and describe our new analysis and results in the response to the points below. 

1) The manuscript could benefit from proof-reading. There are syntax/grammar issues and typos. 

Thank you for your suggestion. We have further proofread the manuscript and addressed any syntax/grammar issues to the best of our knowledge. 

2) There are different efforts that have attempted to perform similar host-pathogen spatial characterizations for COVID-19 samples or different settings. I believe that since it's a very novel domain, it would be helpful for the Readers if these efforts were briefly mentioned and commented on. It would also put into perspective the innovation aspect of this manuscript and the potential remaining challenges. Even though I might be missing other studies, some that come to mind include: 
A) Studies that employed spatial assays to characterize lung tissue from COVID-19 patients. E.g. Visium + RNAScope: e.g. Shojaei et al, MedRxiv 2021, or Visium + immunohistochemical capture of SARS-CoV-2 nucleocapsid: Mothes et al MedRxiv 2022. Villacampa et al (from the Lundeberg lab), performed an untargeted in situ transcriptomics assay on a lung sample from a COVID-19 patient but the viral load of the sample seemed to be very low, and was unclear whether the low yield was due to the low sensitivity of the method or the lack of SARS-CoV-2 RNA in the sample. 
B) Studies that expanded existing spatial investigations of COVID-19 lung samples with targeted probes for SARS-CoV-2, such as Delorey et al, Nature 2021, where they added SARS-CoV-2 specific probes in the NanoString GeoMx Whole Transcriptome Atlas assay, or Kulasinghe et al, again using the GeoMx assay. Both studies were performed completely or partially on FFPE samples using assay extension with SARS-CoV-2 probes. 
C) High resolution custom spatial assays to capture host-pathogen interactions not in COVID-19 settings, such as the efforts of Lötstedt et all (Biorxiv 2022), who recently performed a similar approach which they termed spatial host-microbiome sequencing (SHM-seq) to capture microbes and host genes in mouse intestine samples or the approach of Saarenpää et al (Giacomello Lab) who employed degenerate probes to capture bacterial and archaeal 16S rRNA hypervariable regions, together with poly-d(T) probes for host mRNA. 
There are more, but the above show that a) this development did not take place in a vacuum, while on the other hand capture that even though there are approaches capable to tackle FFPE sample analysis with targeted SARS-CoV-2 probes or 55um resolution methods that work on frozen tissue, there is no method combining the specific characteristics of the presented approach (55um resolution + FFPE support). 

Thank you for your suggestion on this point, we agree that additional background information on spatial host-pathogen characterization would be beneficial for readers. We added all the studies mentioned by the reviewer in points A-C to the background section of the manuscript at lines 76-103. 

3) The Visium dataset is treated mostly like a single cell dataset in terms of bioinformatic analyses. This is evident in the pipeline followed, in the lack of spatial/Visium-specific analyses (QC approaches, lack of spatially-aware clustering, neighborhood/spatial region calling, spatially-aware cell-cell communication, spot deconvolution, etc.). This is a major missed opportunity from a group specializing in the domain. 

We understand the reviewer's concern and to address it we performed spot deconvolution (lines 656-667) utilizing publicly available single-cell data(Delorey et al., 2021) as it allowed us to extract additional information from our ST dataset. To increase the reliability of our results from incorporating the integration of the single cell dataset, we prefiltered the dataset to only include cases within the age and disease duration comparable to the three pathological cases included in our study. 

The derived cell type compositions of the ST spots largely confirmed our original, purely ST data-based cluster annotation, and also confirmed the mixed cell type composition of the ST spots. We gained additional insight into the position of less abundant cell types (i.e. NK/T cells, mast cells, etc.) that might have remained hidden without this approach. Of most significance, T/NK cell-dominated spots showed an enrichment and almost equal distribution between the ST clusters 1 and 3 (originally annotated as myeloid- and B cell/plasma cell-enriched, respectively). The results of this analysis are presented in the plots in Supplementary Figure 13 and lines 245-255. 

Regarding the general analysis pipeline that we applied: we followed standard practice when handling ST/Visium data in terms of our QC approaches and clustering analysis by utilizing Seurat(Hao et al., 2021) for spatial analysis, as has been performed in many other published studies(Gracia Villacampa et al., 2021; Parigi et al., 2022; Wu et al., 2021) (some use STUtility(Bergenstråhle et al., 2020), a Seurat wrapper package). We also added the original code used for visualization purposes during QC, batch effect removal, and clustering to the GitHub repository (https://github.com/giacomellolab/DualST_Study) for more transparency and reproducibility. 

Some approaches listed by the reviewer, while undoubtedly having the potential to expand ST data-based analysis in general, could not be gainfully applied in our sample of choice. The lung sections included in our study were highly homogenous in structure, partly due to sampling peripheral regions of the lungs dominated by alveolar structures, as well as to the general fibrotic transformation and inflammation present in the diseased organs. Spatially aware clustering methods are most useful if there are major distinct structures present in the tissues, however, their implementation can lead to smaller structures (as in smaller vessels, alveoli, and bronchioles, which have more relevance to our study) being completely overlooked, because of which we instead opted for an unbiased clustering approach. While a neighborhood analysis of regions with the presence of SARS-CoV-2 RNA would be of interest, especially for detecting virus-reactive lymphocytes that could have potential clinical relevance, we found the SARS-CoV-2 spots to be dispersed throughout the tissue, as opposed to more-defined viral ‘hot spots’, which made a classical neighborhood analysis less adept for these samples. 

4) Since this is a Research manuscript (and not a Method), I would have expected efforts also to integrate the generated data with the spatial and single cell data generated from lung samples from COVID-19 patients as well as efforts to leverage knowledge and observations to generate new knowledge. For the latter, there is mostly a single section and feels rather forced, not as the main topic of the manuscript. 

We agree that leveraging previous datasets can generate new insights in the case of our study. To do so, we added a spot deconvolution analysis (lines 245-271 and 656-667) as we described in our previous reply to comment #3. Moreover, taking into account our original goal and the feedback from our reviewers and editor, we now present our work as a Method manuscript, since we want to emphasize the technological development of our spatial host-pathogen transcriptome co-detection, which has various advantages (spatially unbiased detection; whole transcriptome capture of both host and pathogen; 55 µm spatial resolution; FFPE-adapted chemistry) that were not previously combined in any alternative available approaches. Consequently, we shortened the biological interpretation of our findings, while retaining key observations derived from the spot deconvolution analysis and colocalization DE analysis on SARS-CoV-2+ and SARS-CoV-2- spots at lines 245-271, 339-355, and 365-371. 

5) Following up on the above, the authors could integrate or compare against the currently available datasets with single cell and spatial data (GeoMx, Visium, RNAScope) from COVID-19 lung samples as well as use the public snRNAseq/scRNASeq samples for deconvolution and label transfer. 

We agree that leveraging previous datasets can generate new insight in the case of our study. Besides performing spot deconvolution as suggested by the reviewer (lines 245-271, 339-375, and 656-667), we also took into account the reviewer’s suggestion to incorporate external spatial transcriptome datasets into our analysis. However, unlike for single cell- and Visium-based spatial transcriptome information, there are no readily available, thoroughly validated tools for the integration of GeoMx and Visium data, thus we opted against such an approach and rather used the related studies as references for the biological interpretation of our data. A recent study(Tan et al., 2023) integrated Visium and CODEX data to compare viral high, viral low, and uninfected samples, also leveraging GeoMx data, and RNAScope to identify the SARS-CoV-2 virus. The study presents a promising tool for integrating different modalities, which can advance the spatial field, however, external datasets (from different patients, which can differ in their morphologies and corresponding cell type compositions) were not incorporated for spatial integration. Our technique, by spatially resolving the pathogen transcriptome within the same tissue section using the same platform for host capture (Visium), avoids the challenges of combining information obtained from consecutive sections, where there can be slight spatial shifts in corresponding structural components. On the other hand, integration of various modalities (protein, RNA) from techniques that do not yet allow for co-detection on the same section, can provide a more detailed understanding of the ongoing molecular processes in the tissue, as the above-mentioned study(Tan et al., 2023) clearly demonstrates. This effort, along with others aiming to decipher host-pathogen interactions on a tissue level, could benefit from the high-resolution, transcriptome-wide co-detection of the host and the pathogen mRNA that our technique offers. We mention several of these points in the manuscript in lines 417-421. 

6) The authors observed that "SARS-CoV-2+ spots appeared throughout different morphological areas without obvious enrichment in any of the spatial clusters". However, in single cell publications examining SARS-CoV-2 abundance in lung samples from human patients, there is clear enrichment of SARS-CoV-2 in specific cell types (e.g. Delorey et al, Nature 2021). Could the authors comment on these differences? 

To assess the interaction between the virus and the host cells in a more nuanced manner, we performed colocalization analysis on the cluster level, first in the original ST clusters, and then in the newly defined deconvolution-based clusters. Deconvolution-based clusters were determined by re-annotating our spatial spots based on the dominant cell type, which resulted in 11 clusters, in line with the number of cell types used for label transfer. 

To address the reviewer’s point on cell type specific viral enrichment, we observed that while all 6 ST clusters of the original analysis contained SARS-CoV-2-positive spots, cluster 1 (myeloid-enriched), 3 (B cell/plasma cell-enriched), and 6 (fibroblast-enriched) had a substantially higher number of total viral UMIs, although this difference disappeared when normalized to the number of spots in the cluster. The number of SARS-CoV-2 positive spots in each cluster followed a similar trend, with the immune cell-enriched clusters 1 and 3 having the most spots with viral transcripts detected, although the fibroblast-dominated cluster 6 showed a lower enrichment of viral spots. 

Similar analysis of the deconvolution-based clusters revealed a pronounced enrichment of viral UMIs in the T/NK cell-dominated and the B cell/plasma cell-dominated clusters, while the endothelial cell-, myeloid cell- and red blood cell-dominated clusters showed a moderate enrichment of viral transcripts, both on the absolute and per spot level. Interestingly, here the fibroblast-dominated cluster showed the second lowest absolute and the lowest per spot viral transcript content, which suggests that in the fibroblast-enriched ST cluster, the SARS-CoV-2 RNA might often originate from another cell type, masked by the gene signature of activated fibroblasts. The number of SARS-CoV-2-positive spots per cluster followed a similar pattern. Of note, epithelial and ciliated cells (described as major targets of the virus) showed very low levels of viral transcripts, likely due to the analyzed cases being of late disease phase. Overall, the relative abundance of SARS-CoV-2 RNAs in the myeloid and endothelial cell clusters is in line with the observations of the study of Delorey et al.(Delorey et al., 2021), while the strong enrichment of viral transcripts in the lymphocyte-dominated clusters (especially the T/NK cluster) most likely represents, at least in part, these cells’ interaction with other infected cell types as part of the adaptive immune response. The results of this analysis are presented in the plots in Supplementary Figure 14 and lines 256-271. 

7) The comparison of SARS-CoV-2+ and SARS-CoV-2- spot can be a bit more nuanced than as approached, since viral abundance can differ across architectural components or cell types. Could the analysis be repeated by matching the regions compared (e.g. alveoli vs alveoli, bronchial epithelium vs bronchial epithelium), cluster types (if possible), as well as cellular proportions? Since the comparisons could be confounded by the differences in cellular proportions, and lead to performing a DE between cell populations. 

To address the reviewer’s point on conducting colocalization analysis within cluster types and cell types, we repeated the colocalization analysis and listed the DE genes between SARS-CoV-2+ and SARS-CoV-2- spots on an ST cluster level. The highest-ranking DE genes were shared across the ST clusters, which also largely overlapped with the results of our earlier analysis, performed without taking the cellular source of viral transcripts into account. We also generated a list of unique DE genes in all analyzed deconvolution-based clusters, to allow for revealing cell type-specific responses to the presence of the virus. In the B-cell dominated deconvolution-based clusters, we found two immunoglobulin variable genes (IGLV9-49 and IGHV1-46) upregulated in the SARS-CoV-2 positive spots, which, along with the IGKV4-1 transcript that we found to be enriched in the viral spots in our en masse analysis, can potentially indicate virus-reactive B cell clones in close proximity to infected cells. We also found differential expression of known SARS-CoV-2 entry factors between the SARS-CoV-2+ and SARS-CoV-2- spots in a number of clusters, however, some of these were specific to a single cluster: we found MMRN1 to be enriched in the SARS-CoV-2+ spots of the deconvolution-based endothelial cluster, while SARS-CoV-2+ B cell/plasma cell-dominated spots showed downregulation of EMILIN1 and upregulation of NRP1. While the biological interpretation of these differences is beyond the scope of our paper, they show the potential of our approach to detect cell type-specific differences in the presence of the virus. Therefore, we provide the results of this analysis in Supplementary Tables 9-10 of the manuscript and lines 339-355. 

Unfortunately, the samples included in our study were not optimal for comparison of microscopically annotated regions, as suggested by the reviewer, since the tissues were highly homogenous, showing extensive fibrosis and leukocyte infiltration, and were scarce in major, easily distinguishable structural components. We agree that such an approach has the potential to provide a more nuanced analysis, but for the listed reasons we could not perform it in a meaningful manner in our experimental material. However, we would like to point out that our technology can accommodate such an approach, which, for example, can be advantageous in the analysis of lung samples of earlier disease phases, with more preserved tissue structure. 

8) The presence of SARS-CoV-2 reads in the myeloid compartment could potentially point to phagocytosis as opposed to infection (e.g. as potentially observed in the epithelial compartments). Could the authors comment and expand? 

Previous works described professional phagocytes (monocytes, macrophages and dendritic cells) as able to internalize SARS-CoV-2 viral particles directly through membrane receptors similar to other cell types, or through the classical, Fc gamma receptor-mediated endocytic way(Matveeva et al., 2022). Independent from the mechanism, viral entry into the immune cells most often leads to an abortive infection, causing apoptosis (pyroptosis) of the cell and release of inflammatory mediators. Alternative outcomes, such as productive, or even latent infection of the phagocytes are also possible, however, they are likely less frequent and their biological relevance is still unclear. Of note, B cells, as non-professional phagocytes, might also internalize SARS-CoV-2 particles through phagocytosis(Matveeva et al., 2022). 

In our dual transcriptome detection, we capture all forms of viral transcripts that have intact RNA sequences complementary to our probe sets. Consequently, just based on the captured viral RNA, we are not able to distinguish between different entry pathways of the SARS-CoV-2 or the outcome of the uptake of the virus. 

9) The authors mention a set of suggested genes: SRRM2, HNRNPA2/B1, SMAP2, ARHGEF1, and TCIRG1 as "plausible novel targets for molecular interventions aiming to block COVID-19 pathogenesis in the human lungs". Could they expand on why they consider them to be plausible targets and how they envision the function of targeted therapeutics? To my understanding, the main supporting data is that these targets were differentially expressed in the SARS-CoV-2 RNA+ spots. 

In our colocalization analysis and the subsequent DE gene analysis, we identified several genes to be differentially expressed between SARS-CoV-2+ and SARS-CoV-2- tissue spots, and previous studies, referenced between lines 309-355 of the manuscript, described many of these genes in COVID-19 pathogenesis. As opposed to these genes, previously only in silico analysis or cell culture-based experiments supported the potential involvement of SRRM2, HNRNPA2/B1, SMAP2, ARHGEF1, and TCIRG1 in SARS-CoV-2 infection, however, supporting data from in situ studies in the spatial context of diseased human lungs was lacking. Upon more nuanced colocalization analysis performed on the cluster level, we found these genes to be upregulated across all ST and four out of five analyzed deconvolution-based clusters (B/plasma cell, endothelial, myeloid, and RBC), suggesting their general role in the metabolism of viral components in infected cells, likely independent of cell type. In the T/NK cell-dominated cluster we did not observe a similar enrichment of these genes in the SARS-CoV-2+ spots, likely due to these cells not being the primary target of the virus, but rather interacting with the infected cells as part of the cellular immune response. As discussed in the manuscript at lines 356-375 and 428-432, others described the protein products of these genes as playing a role in RNA processing or vesicular transport, both processes central to the replication and spread of SARS-CoV-2, in line with their ubiquitous upregulation in SARS-CoV-2+ spots in our samples. There are also a number of studies available in support of ARHGEF1(Jha et al., 2022) or the vacuolar ATPase complex (involving TCIRG1)(Icho et al., 2022; Stefanik et al., 2021) being potential drug targets in COVID-19 or other viral infections such as influenza(Hu et al., 2018). Of note, the exploration of several inhibitors of the hnRNP A/B proteins in cancer therapy is ongoing(Lu et al., 2022), which could also potentially be tested in the context of SARS-CoV-2 infection. Taking all this into account, these genes might indeed deserve attention as potentially relevant modulators of viral metabolism and serve for targeted therapeutics, however, it is beyond the scope of our study to further validate them in this context, thus we decided to tone down our statement related to their pharmacological targeting in the manuscript. 

10) The analysis is performed en bloc with all the SARS-CoV-2+ spots, regardless of the cluster type. I would be very cautious lumping them all together, since some (as mentioned above) could be through phagocytosis or ambient RNA. There is also RNA transfer across spots which was also not evaluated during the QC (as was mentioned the QC was similar to that followed for single cell data). 

In response to the reviewer’s concern on the transfer of RNA across spots, while an increasing number of tools for ambient RNA decontamination are currently being implemented in scRNAseq analysis pipelines, this type of contamination is relevant in droplet-based sequencing strategies, and thus is of no concern during the preparation of sequencing-ready libraries on a Visium slide. To our knowledge, there is no generally accepted method available to mitigate the effect of potential RNA bleed-through (also referred to as ‘spot swapping’ in a recent paper proposing a tool for such corrections(Ni et al., 2022)) between spots on ST data generation, thus we did not implement such a quality control step in our analysis. For the Visium FFPE assay(10X Genomics. Visium Spatial Gene Expression Reagent Kits for FFPE User Guide. Document Number CG000407, Rev A. (2021).CG000407_VisiumSpatialGeneExpressionforFFPE_UserGuide_RevA.pdf, n.d.) used in the study, a standard tissue permeabilization time is used across human and mouse tissues to minimize RNA transfer across spots, as 10X Genomics tested this on many different tissue types, including lung(10X Genomics. Experimental Planning and Design - Official 10x Genomics Support, n.d.). 

11) The authors mention that SRRM2 could be a substrate for SARS-CoV-2. Do the same spots co-express other known factors/co-factors for SARS-CoV-2? In published studies of tissue data from deceased/severe patients, there is usually low expression of the molecules known or hypothesized to be factors/co-factors for SARS-CoV-2 entry, such as ACE2 or TMPRSS2 in the SARS-CoV-2 RNA+ cells. Therefore, detecting a gene up-regulated in the (+) sub-fraction, doesn't automatically make it a potential case for an entry or interaction molecule. 

We agree with the reviewer that the upregulation of SRRM2 in the SARS-CoV-2+ tissue spots does not automatically mean that we can consider SRRM2 an entry factor. 

Upon the reviewer’s request, we analyzed on a cluster level the expression levels of known SARS-CoV-2 entry factors in the subset of SARS-CoV-2 spots also expressing SRRM2. We found strong co-expression of EMILIN2, CTSB, and CTSL in the myeloid cell-dominated clusters, and of EMILIN1 in the fibroblast-dominated clusters. In line with the reviewer’s comment, however, we detected no upregulation of the membrane receptor ACE2 or NRP1 in these clusters. In fact, ACE2 showed minimal expression in the analyzed spots, while NPR1 showed moderate expression levels in a number of clusters. In addition, PCSK3, DPP4, and PCK5 were not expressed in these SRRM2+/SARS-CoV-2+ spots. These observations, along with other studies, make it likely that the expression of these factors is not regulated in a coordinated manner. The results of this analysis are presented in the plots in Additional Figure 2. 

Based on the results discussed above, we think that the enrichment of the SRRM2 gene in the viral spots is a reactive response from the host cells to the viral infection, rather than a prerequisite that allows for the effective uptake of the virus. This interpretation is supported by the fact that most known SARS-CoV-2 entry factors are either cellular receptors (ACE2, NRP1) that directly bind the virus on the cell membrane, or proteases (TMPRSS2, PCSK3, CTSB, CTSL, EMILIN1, EMILIN2, MMRN1, MMRN2, DPP4) that facilitate viral entry by site-specific cleavage of surface protein components of the virion, while SRRM2 is involved in RNA processing, presumably both for the host and viral transcripts. 

12) The authors mention "our in situ spatial analysis provides the first confirmation of these expressional changes to be directly associated to cells actively expressing viral components in the COVID-19 diseased human lungs". The resolution of the assay utilized does not enable this conclusion since in the same spot there can be a collection of different cells (5+ for the lung). It's impossible to identify if the signal is coming directly from a specific cell, unless a complementary assay is performed that permits single cell resolution. Alternatively, the authors could use publicly available single cell (nucleus) data from lung samples of COVID-19 patients to show that indeed these expression differences take place in the SARS-CoV-2 RNA+ subfraction when compared to cells from the same cluster/population without SARS-CoV-2 RNA presence. 

As the reviewer pointed out, the Visium technology at this moment does not reach single-cell resolution, and consequently, the transcripts detected at every spot represent a mixture of 1-10 cells. Our re-performed colocalization analysis on the cluster level confirmed a general upregulation of all five discussed genes (SRRM2, HNRNPA2/B1, TCIRG1, SMAP2, ARHGEF1) across all ST and four of the five analyzed deconvolution-based spot clusters, as discussed in our reply to Comment #9. This provides further evidence that the increased number of transcripts in the SARS-CoV-2+ spots likely originate from actively infected cells, and not their neighbors. 

With the sentence quoted above, we tried to emphasize that we observed a localized upregulation of the listed genes in tissue spots with the active presence of the SARS-CoV-2 virus, unlike in other studies, where some of these genes were found to be enriched in bulk lung RNA from COVID-19 patients vs. healthy controls. These latter works were not adept to discern if the upregulation of these genes is a direct or indirect response to the presence of the virus. Based on our results, the observed enrichment of these transcripts either originates from cells expressing SARS-CoV-2 RNA or their direct neighbors, thus it is both spatially and temporally coordinated with the presence of viral RNA, which is in good agreement with the involvement of these genes in RNA processing and vesicular transport pathways. 

Minor Comments 

13) The high variability of the expression levels observed in the M, E, S, ORF1ab, ORF3a, ORF7a, ORF7b, and ORF8 genes was observed also across the SARS-CoV-2+ spots within the same slide or the overall ranking was consistent per slide but differed mostly across slides? 

The histogram in Figure 3b shows the variability of each SARS-CoV-2 gene summed across all samples from all slides. In addition, Supplementary Figure 9 shows the distribution of the different SARS-CoV-2 genes by sample section and by the gene. The overall ranking appears largely consistent across sample sections, which were distributed across different slides. 

14) P-values reported: many p values are reported as < 2.2 * 10-16. This is a common issue dictated by technical reasons (machine epsilon) from the programming language or statistical package used. Can the authors substitute with the actual p-values observed? Could they also add a mention of the statistical test performed in the text and figures as well as the p-values when describing the outcome of statistical test? 

In line with the reviewer’s comment, we altered how we present the p-values in the Methods text and figure legends in the manuscripts, opting for reporting that p-values were less than the significance threshold of 0.05 (p-value < 0.05) (Figure 2, Figure 4, Figure 5, Supplementary Figure 8). We also added the statistical tests and p-values to the text and figure legends for those used for: 
the Pearson correlations (Figure 2, Supplementary Figure 8), 
the differential expression analysis identifying cluster-specific DE genes and cluster 5 subcluster-related DE genes (differential expression analysis used Wilcoxon rank sum test and “bimod” Likelihood-ratio tests, p < 0.05) (Figure 4, Supplementary Figure 12, Supplementary Tables 4-5), 
the differential expression analysis comparing COVID-19 and control lung sections (differential expression analysis used Wilcoxon rank sum test and “bimod” Likelihood-ratio tests, p < 0.05) (Figure 4, Supplementary Table 6), 
differential expression analysis comparing COVID-19 and control lung sections within clusters (differential expression analysis used Wilcoxon rank sum test and “bimod” Likelihood-ratio tests, p < 0.05) (Supplementary Table 7), 
differential expression analysis for SARS-CoV-2+ and SARS-CoV-2- spots in COVID-19 sections, within ST clusters, and within deconvolution-based clusters (differential expression analysis used Wilcoxon rank sum test and DESeq2 negative binomial distribution tests, p-value < 0.05) (Figure 5, Supplementary Tables 8-10). 

15) When working with pathogen RNA in single cell or spatial, you want to ascertain that you have a bona fide event. Some helpful statistics could include: a) the co-occurrence of expressed viral genes in the same spots (pairwise and in larger combinations), b) the spots where a singleton viral gene expression event occurs, c) correlation of SARS-CoV-2 gene expression levels (UMIs) vs the average UMI counts per spot in a slide. Could these statistics be added and plotted? 

We thank the reviewer for raising this important point. To visualize the spots where a singleton viral gene expression event occurs, as mentioned by the reviewer in point b), we plotted the number of singleton spots for each SARS-CoV-2 gene in Additional Figure 1a. In addition, we present the total number of spots where 1, 2, 3, 4, 5, 6, 7, 8, or 9 different SARS-CoV-2 genes are detected (Additional Figure 1b). 

To visualize the co-occurrence of expressed viral genes in the same spot, mentioned by the reviewer in point a), we looked into two aspects. First, for each SARS-CoV-2 gene, we looked into the set of spots where that gene is detected and how many other SARS-CoV-2 genes are detected there (Additional Figure 1c). This is visualized as both the number of spots each SARS-CoV-2 gene is detected in (left panels) and the total UMIs of each SARS-CoV-2 gene (right panels). 

We found that the number of singleton spots in our dataset (Additional Figure 1b) varies per SARS-CoV-2 gene (Additional Figure 1a). Of note, these levels largely follow the abundance of detected SARS-CoV-2 genes shown in Figure 3 of the main manuscript. In addition, as discussed in the main manuscript text at lines 205-220 and 422-423, these levels also largely correspond to the order of genes from the 3’ end of the viral genomic RNA (gRNA). 

To address point c) raised by the reviewer on the correlation of SARS-CoV-2 gene expression levels (UMIs) vs the average UMI counts per spot in a slide, we show the correlation of SARS-CoV-2 gene expression (as UMI counts) in a spot to the average SARS-CoV-2 expression in a spot and observe a high correlation of r= 0.96, p < 0.05 (Additional Figure 3a). In addition, we observed a lack of correlation between SARS-CoV-2 UMI counts and human average UMIs per spot (r=0.06, p < 0.05) (Additional Figure 3b), supporting that the presence of viral RNA does not affect the overall RNA output of the host cells and that our viral probes are specific and do not detect human genes. 

16) The color scales in some graphs (e.g. Figure 4d, e) are not the same, leading to a different meaning for each color. 

Thank you for pointing out this discrepancy. Now we have updated Figure 4d and 4e of the manuscript with the same color scale, and also present the updated graphs below. 

17) Fig 5b: I find the colocalization plots quite challenging as implemented to show the co-occurrence of SARS-CoV-2 RNA and of the relevant gene. For instance, it's very difficult to discern differences (at least for me) between + and - for SRRM2 and potentially CXCL9. Could the color scale or a two-axis color gradient (viral RNA abundance on the X axis and UMIs on the Y) be more helpful? 

We thank the reviewer for pointing out this problem with our visualization of DE gene hits in our colocalization analysis. Since the plot was difficult to interpret, we decided to exclude the SRRM2 panel from Figure 5, and we also changed the related paragraphs of the manuscript. Since we performed our analysis between binary, SARS-CoV-2+ versus SARS-CoV-2-, spots and did not consider the abundance of viral transcripts per spot, the two-axis color gradient suggested by the reviewer (with viral RNA abundance on the x-axis and UMIs on the y-axis) would not be in line with our approach. We tried many different color schemes for visualizing the expression between SARS-CoV-2+ and SARS-CoV-2- spots and found the colors visualized below and in Figure 5b of the main manuscript to work the best. 

18) Line 446: There is an abbreviation of ORF10 as 10x Genomics 

Thank you for highlighting this ambiguity. This is not an abbreviation of ORF10, but to show that the probes are obtained from 10X Genomics. 10X Genomics was moved to the end of the sentence to make this distinction clearer (now at line 498). 

19) Novelty Score: The term isn't widely used. The formula should be added for the log10 UMI/gene ratio calculation for reference. 

We added the formula where the Novelty Score is mentioned under “Quality Control” in the Methods section at lines 621-625. We added the clarification: “An additional spot filter was applied where a novelty score for each spot was calculated by taking the log transform of the ratio of the total genes detected divided by the total UMI counts detected in the same spot (Formula: log10(nFeature_RNA) / log10(nCount_RNA)). Spots with this score greater than 0.87 were kept”. 

20) Registration: Adobe photoshop was used for image registration. How was registration quality evaluated? Would an elastic registration that can tackle tissue deformations from sectioning be preferable? 

We thank the reviewer for the suggestion. As part of our newly added quantitative validation pipeline, we achieved an elastic registration by displaying the RNAscope section pixel colors adjusted to the positions of ST section pixels. Specifically, sections of sample 1C, analyzed in the different RNA detection assays (ST, RNAScope, ISS), were registered elastically using conformal mapping. First, four corner points were manually selected on each tissue section, then they were conformally mapped onto a square with the chosen corners adjusted to the vertices. Since all images were mapped onto the same square, one-to-one correspondence between ST, RNAScope and ISS sections could be established. The positions of aligned RNAScope section pixels were transferred from the position of the corresponding pixels in the ST section via the aforementioned one-to-one correspondence. We added this information in the Methods section at lines 668-679. 
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Second round of review
Reviewer #1
First of all, I appreciate the substantial additional work which the authors have made for the revision. Thanks to the extensive analyses and the related discussion, I consider the manuscript has been very much improved. Even though some technical issues still remain to be further scrutinized, I understand that part should take time and would delay the publication of this manuscript in a timely manner, which I think is more important.

Even now, there are a large number of patients who are newly infected or suffering from long-term symptoms. New viral strains are still emerging. I sincerely hope further in-depth analysis of the collected rich data should lead to better understandings of the mechanism of the viral infection.

Reviewer #2
The revised manuscript is definitely improved and the authors' replies are on target. I certainly agree with changing the manuscript into a "Method" submission as well as the changes performed in the scope and focus of the write-up.
The following comments remain or stem from the newly added information in the revised manuscript:

Major
1) The areas of RNAscope and ST evaluated for concordance (300um diameter disks) are rather large for the specificity calculation as presented. Since both the RNAscope and ST signals are quite widely dispersed, there will be a high probability of having at least one hit for both by chance alone. I believe adding the confusion matrix could clarify whether this is the case for readers having the same question as well as adding a perturbation p-value for the observation, along with sensitivity and specificity (I believe only specificity is now provided) 
2) Could you provide colocalization metrics for the SARS-CoV-2 genes within the same spots (not the disk area)? Even if some are lowly abundant, they should colocalize in the same spot if it's a real signal. Could you provide a empirical or analytical pvalues and metrics for the colocalization of the different SARS-CoV-2 targeted genes within the same spots?


Minor
1) Abstract: Please change "COVID-19 affected lung samples" into lung samples from COVID-19 patients

2) Page 3, line 65: CosMx does not require the selection of areas of interest. It can be run across a whole area of ~1cm2

3) Page 9, line 175: (r= 0.98-1) The r metric doesn't look correctly provided


Authors Response
Point-by-point responses to the reviewers’ comments: 

[bookmark: _heading=h.30j0zll]Reviewer #1 

First of all, I appreciate the substantial additional work which the authors have made for the revision. Thanks to the extensive analyses and the related discussion, I consider the manuscript has been very much improved. Even though some technical issues still remain to be further scrutinized, I understand that part should take time and would delay the publication of this manuscript in a timely manner, which I think is more important. 

We thank the reviewer for acknowledging that it is important to ensure a timely publication of our work given the still large number of patients newly infected or suffering from long-term symptoms. 

Even now, there are a large number of patients who are newly infected or suffering from long-term symptoms. New viral strains are still emerging. I sincerely hope further in-depth analysis of the collected rich data should lead to better understandings of the mechanism of the viral infection. 

We agree with the reviewer and believe that the data collected in this study, as well as future applications of our approach, will enrich the community’s understanding of viral infection mechanisms. 

Reviewer #2 

The revised manuscript is definitely improved and the authors' replies are on target. I certainly agree with changing the manuscript into a "Method" submission as well as the changes performed in the scope and focus of the write-up. 

We are happy to hear the reviewer finds that our proposed changes have improved the manuscript. 

The following comments remain or stem from the newly added information in the revised manuscript: 

Major 

1) The areas of RNAscope and ST evaluated for concordance (300um diameter disks) are rather large for the specificity calculation as presented. Since both the RNAscope and ST signals are quite widely dispersed, there will be a high probability of having at least one hit for both by chance alone. I believe adding the confusion matrix could clarify whether this is the case for readers having the same question as well as adding a perturbation p-value for the observation, along with sensitivity and specificity (I believe only specificity is now provided). 

We decided to compare the SARS-CoV-2 S gene signals from RNAScope and ST in 300 µm disk areas, rather than per ST spot, to account for slight shifts in signal between consecutive sections and slight shifts in the alignment of the consecutive sections. In addition, RNAScope signals can appear between the gaps of ST spots, thus comparing the signals from an area with several ST spots can provide a more reliable account of the presence of viral transcripts in a particular tissue area. Therefore, we decided to compare the signals between the two methods in more macro-areas. The confusion matrix for this quantified validation comparison can be found in Supplementary Table 3 in the Supplementary Information, Additional File 1. The confusion matrix resulted in a sensitivity of 28.93% and a specificity of 76.37%. The sensitivity (Ståhl et al. 2016) or detection efficiency (Asp, Bergenstråhle, and Lundeberg 2020) of the originally developed Spatial Transcriptomics (ST) method was ~7% of smFISH. Given that RNAScope (Wang et al. 2012) also claims single molecule detection, we would expect RNAScope to be more sensitive than ST/Visium of FFPE tissues. Thus, our calculated sensitivity of ~25% is within an expected range and could be higher than the original ST method due to using a probe-based rather than polyA-based capture approach. 

A recent study compared virtual and immunohistochemistry (IHC)-based HER2 staining in a confusion matrix and used a Chi-square test to compare the degree of agreement between the virtual staining and IHC staining methods (Bai et al. 2022). Our confusion matrix compares RNAScope (considered the gold standard) and ST SARS-CoV-2 S gene signal, and, therefore, we followed a similar approach and performed a Chi-square test on the confusion matrix to compare the agreement between the two methods. We found a Chi-square test perturbation p-value for the observation of 0.323 (p-value > 0.05), indicating there is not a statistically significant difference between the viral signal detected by RNAScope and ST and thus there is no evidence to suggest a perturbation in the signal results obtained from RNAScope and ST. Such a result further supports the validation of our ST-based SARS-CoV-2 gene detection with RNAScope. 

We added the confusion matrix to the Supplementary Information, Additional File 1 as Supplementary Table 3 and the sensitivity, specificity, and p-value are discussed in the manuscript Results section in lines 150-156 and the Methods section in lines 763-768. 

2) Could you provide colocalization metrics for the SARS-CoV-2 genes within the same spots (not the disk area)? Even if some are lowly abundant, they should colocalize in the same spot if it's a real signal. Could you provide empirical or analytical pvalues and metrics for the colocalization of the different SARS-CoV-2 targeted genes within the same spots? 

We apologize for the confusion, the provided colocalization metrics for the SARS-CoV-2 genes targeted with our approach in the previously supplied revision and now include the figure in the Supplementary Information, Additional File 1 as Supplementary Figure 11 were metrics for within the same ST/Visium spot (not the disk area). We had also previously observed that the different SARS-CoV-2 transcripts (as shown in Figure 3 of the manuscript) vary in levels (as UMI counts) with trends that largely corresponded to that expected from subgenomic RNA (sgRNA), where higher levels come from transcripts closer to the 3’ end (Kim et al. 2020; Long 2021). In Supplementary Figure 11, we can see that the portion of singleton spots (meaning spots with only one SARS-CoV-2 gene detected) also followed this trend of abundance, where more abundantly detected genes have more singleton spots. 

In regards to providing the p-values for the colocalization of different SARS-CoV-2 genes within the same spot, we followed an approach similar to a recent publication that calculated the probability of the co-occurrence of different cell type pairs in RNAseq data (Muto et al. 2022). For each cell type pair, the authors constructed a matrix (present/absent × present/absent) based on the number of samples that had the presence or absence of each cell type and estimated the p-value from this matrix using a Chi-square test of independence (Muto et al. 2022). In our case, rather than cell type pairs, we constructed matrices for SARS-CoV-2 gene pairs (present/absent × present/absent) across the SARS-CoV-2+ spots (matrices contained the number of spots with both genes detected, number of spots with only gene 1 detected, number of spots with only gene 2 detected, and number of SARS-CoV-2+ spots without either gene detected) and calculated the p-value for each gene pair using both the Chi-Square test for independence and the Fisher’s exact test (to account for some frequencies being higher and some lower). The resulting p-values for all SARS-CoV-2 gene pairs are plotted in Supplementary Figure 12 in the Supplementary Information, Additional File 1. 

The gene pairs with significant analytical colocalization p-values (p-value < 0.05, dotted vertical line in Supplementary Figure 12) are S-N, ORF8-N, ORF7a-ORF8, ORF7a-N, ORF1ab-S, ORF1ab-ORF8, ORF1ab-ORF3a, ORF1ab-N, ORF1ab-M. We observed that many of the significantly colocalizing genes were also the genes with higher total UMI counts and were found in a greater number of spots. Two of these genes, N and ORF8, are also closer to the 3’ end of the SARS-CoV-2 genomic RNA (gRNA) and thus are expected to have higher sgRNA abundances (Kim et al. 2020; Long 2021). ORF1ab is the only SARS-CoV-2 gene found only in gRNA and not in sgRNAs, and also significantly colocalized with five other genes (Supplementary Figure 12). Three of these genes (S, ORF3a, and M) are close in proximity to ORF1ab on the gRNA and two (N and ORF8) are closer to the 3’ end (Long 2021). Thus, the relative abundance of gRNA, sgRNAs, and the physical proximity of genes on the gRNA could be impacting our within ST spot viral RNA detection and the resulting colocalization metrics. Detection of viral RNA can also be negatively affected by degradation, which could affect both gRNA and sgRNAs, impacting which genes are detected in each spot. Having our method’s probe panels that target many SARS-CoV-2 genes, some with multiple probes, can increase the likelihood of detecting viral RNA that is impacted by degradation. Therefore, we would still consider singleton spots as real viral signals given the above-discussed biological and technical factors that can impact viral presence and detection with our approach, as well as the support of our signal detection by RNAScope and ISS validation. 

The colocalization metrics and p-values are plotted in Supplementary Figures 11-12, included in the Supplementary Information in Additional File 1, and discussed in the manuscript Result section in lines 222-232, line 236, and Method section in lines 695-708. 


Minor 

1) Abstract: Please change "COVID-19 affected lung samples" into lung samples from COVID-19 patients 

Thank you for the comment, we implemented the proposed change into the Abstract in lines 28-29. 

2) Page 3, line 65: CosMx does not require the selection of areas of interest. It can be run across a whole area of ~1cm2 

Thank you for pointing this out, CosMx can indeed assay larger areas. We removed CosMx from the indicated line 65 in the manuscript and instead retained our discussion of its limitation in terms of current lower gene RNA multiplexing in lines 58-64. 

3) Page 9, line 175: (r= 0.98-1) The r metric doesn't look correctly provided 

We apologize for any confusion, however, the “r=0.98-1” (now stated in line 181) indicates the range of Pearson correlation r-values observed across all consecutive section pairs, which ranged from r=0.98 to r=1 (as can be seen in Figure 2b and Supplementary Figure 8). 

-------------------- 
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Third round of review
Reviewer #2
The revised version tackled effectively many of the major issues that became apparent from the additions of the previous cycle. There are minor issues that remain and clarifications that would benefit the manuscript but I agree with Reviewer #1 that its timely publication is of benefit of the community. 

Minor

1) I would like to invite the authors to comment further on the lack of statistically significant gene co-localization. Providing critique and mentioning clearly the limitations of a technique does not reduce its utility. It points the readers to what has been achieved and stresses where further improvements can be performed. 

2) If the more highly expressed genes tend also to colocalize with other genes, could that be a sign of non-specific gene expression? Could the authors perform a permutation test there as well?


Authors Response
Point-by-point responses to the reviewers’ comments: 

Reviewer #2: The revised version tackled effectively many of the major issues that became apparent from the additions of the previous cycle. There are minor issues that remain and clarifications that would benefit the manuscript but I agree with Reviewer #1 that its timely publication is of benefit of the community. 

We are happy to hear that our revisions effectively tackled the concerns raised by the reviewer in the previous revision cycle and that the reviewer finds our work of benefit to the community. 

Minor 

1) I would like to invite the authors to comment further on the lack of statistically significant gene co-localization. Providing critique and mentioning clearly the limitations of a technique does not reduce its utility. It points the readers to what has been achieved and stresses where further improvements can be performed. 

We agree with the reviewer that discussing the limitations of a method does not reduce its utility. In terms of the limitations of the method in the lack of statistically significant gene colocalization for several SARS-CoV-2 gene pairs, first, we did find several SARS-CoV-2 genes significantly colocalized in our data, with many of these significantly colocalized gene pairs being located closer in proximity on the viral RNA. Other significantly colocalized gene pairs contained genes less proximal on viral RNA, however, the individual genes in the pair were more abundant in our data. It remains unclear how viral dynamics and mechanisms, FFPE induced degradation, and the detection limit of our probes (76% specificity and ~29% sensitivity of RNAScope) contribute to the lack of statistically significant gene colocalization among some SARS-CoV-2 gene pairs. Future work could improve upon the viral detection of our approach to further explore viral RNA dynamics. For example, additional probes targeting specific sequences to differentiate sgRNAs and gRNA, negative and positive sense strands, or more probes per gene could be incorporated into our method. As the method is probe-based, aspects of viral biology (mutations, modifications, etc) could affect the ability of probes to bind and detect viral RNA. Further developments of the method could attempt to combine probe-based capture of viral RNA with direct sequencing of the viral RNA, which would aid in differentiating viral strains and mutational patterns. Such enhancements to our method could improve our SARS-CoV-2 gene detection and thus elucidate additional insights into the spatial organization of SARS-CoV-2 RNA dynamics. We added these points to the Discussion section of the manuscript. 

2) If the more highly expressed genes tend also to colocalize with other genes, could that be a sign of non-specific gene expression? Could the authors perform a permutation test there as well? 

To address the reviewer’s suggestion on performing a permutation test, we performed a permutation test on the same SARS-CoV-2 gene pairs (present/absent × present/absent) matrices (matrices contained the number of spots with both genes detected, number of spots with only gene 1 detected, number of spots with only gene 2 detected, and number of SARS-CoV-2+ spots without either gene detected) used in our previous revision and in our revised manuscript. On the SARS-CoV-2 gene pairs matrices, we performed a permutation test of independence for a two-way contingency table (each SARS-CoV-2 gene pair matrix) based on Monte Carlo resampling (10,000 resamples) with an Approximative (Monte Carlo) Pearson chi-squared test using the coin R package (Hothorn et al. 2008). We added the p-values obtained from this permutation test based method to Figure S12 (Additional file 1: Fig. S12) and a description of our approach to the Methods section of the manuscript. 

The permutation test gave similar results to the previous statistical tests, providing additional confidence to the SARS-CoV-2 genes we find significantly colocalized. To the reviewer’s point that more highly detected genes are more significantly colocalized in our data, and how this relates to non-specific gene expression, we would like to point out that in a sense SARS-CoV-2 is non-specific in the expression of its genes at the RNA level since replication produces new genomic RNAs (gRNAs) that contain all the genes and discontinuous transcription produces nested subgenomic RNAS (sgRNAs) that contain one to several genes (Long 2021). Our colocalization metrics are in line with these dynamics in that we see a more significant pairwise colocalization among genes located closer in proximity to one another on viral RNA (ORF8-N, ORF7a-ORF8, ORF7a-N, ORF1ab-S, ORF1ab-ORF3a, ORF1ab-M) (Additional file 1: Fig. S12). Other significantly colocalized gene pairs (S-N, ORF1ab-ORF8, ORF1ab-N) are less proximal, however, the individual genes in the pair are more abundant in our data (Figure 3b, Additional file 1: Fig. S12).Various factors can impact SARS-CoV-2 gene colocalization due to the highly complex nature of SARS-CoV-2 RNA replication and transcription over the course of infection that is yet to be fully understood, as discussed in several sources (Long 2021; Mori et al. 2023; Chang et al. 2021; Kim et al. 2020; Alexandersen, Chamings, and Bhatta 2020). These regulatory factors and dynamics, as well as the detection limit of our probes, could be impacting which SARS-CoV-2 genes we detect and see significantly colocalized. The mechanisms behind our observation remain to be further investigated, and we discuss improvements that can be made to our approach to further explore these questions in response to comment #1 and the Discussion of the manuscript. 
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