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Supplementary Table 1. Mutagenesis panel target characteristics
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The TwinStrand Duplex Sequencing Mouse Mutagenesis (Mouse-50, v1.0) hybrid selection panel describes twenty 2.4kb genome-representative targets within the mm10 genome assembly. This panel was designed to quantify and characterize background and induced mutations in the autosomal genome of the mouse while controlling for biases due to sampling a small portion of the overall genome. To ensure high on-target capture efficiency and overall sequencing quality, the panel was built to avoid repetitive elements as defined by UCSC mm10 RepBase. An additional technical optimization of the panel ensures that the targets have near-perfect mappability scores and no homopolymers of length 8 or more1.

All baits within the target regions are also optimized such that they, and the genomic fragments they will pull down, uniquely map to the reference genome and have at least a predicted minimum free energy of -15 as determined by ViennaRNA configured under a DNA folding mode2,3.Targets are uniformly spread across the autosome such that almost all autosomes have at least one target except for chromosome 20 which did not have any qualifying targets. In addition, all targets contain a balanced overlap of genic, inter-genic, and non-genic regions that is similar to the abundance of coding and non-coding regions genome-wide. Finally, every target was selected such that it has no known role in mouse cancer or in a genomic region that has a homologous relationship to cancer in the human species.


1. Karimzadeh, M., Ernst, C., Kundaje, A., Hoffman, M.M. (2018) Umap and Bismap: quantifying genome and methylome mappability. Nucleic Acids Research., 46, e120.
2. Lorenz, R., Bernhart, S.H., Höner zu Siederdissen, C., Tafer, H., Flamm, C., Stadler, P.F., Hofacker, I.L. (2011) ViennaRNA Package 2.0. Algorithms for Molecular Biology., 52, 26.
3. Turner, D.H., Mathews, D.H. (2010) NNDB: the nearest neighbor parameter database for predicting stability of nucleic acid secondary structure. Nucleic Acids Res., 38,280–282.
















Supplementary Table 2. Mean mutation frequency estimates and mutation and background counts per target per dose.
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Supplementary Figure 1. Duplex Sequencing coverage for each target in the mutagenesis panel and by MutaMouse animal. 
(A) DS average read depth per target by chromosome location. Error bars represent standard error of the mean (SEM). (B) DS average read depth per individual animal.  X-axis indicates dose group (mg/kg/day BaP).   










Supplementary Table 3. Mean mutation frequency estimates in intergenic and genic targets and corresponding pairwise comparisons 
[image: ]
aDS MF shown as mutants per bp sequenced





[image: ]
Supplementary Figure 2. Percent GC-content of Duplex Sequencing mutagenesis targets.
Data is represented for both intergenic (light blue) and genic (dark blue) targets. A red line with associated number indicates the GC-content of the lacZ gene.
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Supplementary Figure 3. Duplex Sequencing background (A) and BaP induced mutation frequency per target, taking into account only mutations that occurred at a C or G base, relative to guanine/cytosine content. 
Data are presented separately for intergenic (red) and genic (black) targets. Vehicle controls (A); 12.5 (B), 25 (C) and 50 (D) mg/kg BaP dose.



Supplementary Table 4. Mean mutation frequency estimates by chromatin state of the mutagenic targets and corresponding pairwise comparisons 
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aDS MF shown as mutants per bp sequenced



Supplementary Figure 4. Proportion of CpG sites that were mutated in the bone marrow of MutaMouse animals. Data represent mean proportion of CpG sites across the mutagenesis panel that were mutated. Error bars represent SEM.
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Supplementary Figure 5. Proportion of mutation subtypes between intergenic and genic targets. Mutation subtypes in controls (A) and BaP treated animals (B). MF are shown for intergenic (light blue) and genic (dark blue) targets. BaP-treated animal data is shown for all dose groups combined; however, the same pattern was observed with the dose groups considered separately. 
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Supplementary Figure 6. Heatmap of cosine similarities for BaP induced mutational profiles and COSMIC Single Base Substitution signatures. Only cosine similarities that were equal to or above 0.5 are shown. Cosine similarities for all comparisons can be found in Supplemental Table 2. Note that SBS 4 is the COSMIC signature associated with tobacco smoke-induced lung cancer.
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Supplementary Figure 7. NMDS of binomial distances of trinucleotide mutation data, split by genomic regions (all, genic, intergenic). Ordination for trinucleotide mutations is shown as black points, split by the reference base (C vs. T in the pyrimidine context). We observed that dose groups correlate with multidimensional scaling coordinate 1 (MDS1) and trinucleotide mutations with a T:A reference base are more dispersed and cluster further from BaP samples. Genic and intergenic binomial dissimilarity matrices were significantly correlated (Mantel statistic: 0.7478, significance: 0.001).
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Supplementary Figure 8. Correlation analysis of Duplex Sequencing mutation frequency (MF) and mutant frequency derived using the lacZ TGR assay (A) and of Duplex Sequencing MFs derived in an inter-laboratory validation between TwinStrand Biosciences (TS) and Health Canada (HC) (B).
Data for mutation frequency correlation represented for each individual animal. Note that DS mutation frequencies are shown as mutants per bp sequenced and lacZ mutant frequencies are shown as mutants per locus. 



Supplementary Table 5. BaP induced insertion and deletion mutations in the bone marrow of MutaMouse animals. 
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Table headings indicate length in base pairs (bp) of the insertion (ins) and deletion (del) mutations.



R Script used to perform tertiary analysis for per-target mutation frequency calculation
require(data.table)
require(assertthat)
require(dplyr)
require(binom)
require(GenomicRanges)

MUT_FILEPATH <- "all.mut"
VAF_CUTOFF <- c(0.3, 0.7, 0.85)
INTERVAL_FILE <- "all_intervals.bed"
OUT_FILEPATH <- "~/out.csv"

op <- list()
op$column.total_depth <- "total_depth"
op$column.n_depth <- "n_depth"
op$column.vaf <- "vaf"
op$column.alt_depth <- "alt_depth"
op$column.is.snp <- "is_snp"
op$column.mut_depth <- "mut_depth"
op$column.mut_freq <- "mut_freq"
op$column.chr <- "chr"
op$column.start <- "start"
op$column.end <- "end"
op$column.sample <- "sample"
op$column.lower_ci <- "lower_ci"
op$column.upper_ci <- "upper_ci"
op$site.columns <- c("contig", "start")
op$mut_count_method <- "min"
op$processed_required_mut_cols <-
  c("mut_depth",
    "total_depth",
    "var_type",
    "subtype",
    "context",
    "vaf")
op$base_required_mut_cols <-
  c("chr",
    "start",
    "end",
    "sample",
    "ref",
    "alt",
    "alt_depth",
    "depth",
    "n_depth")
op$default_vaf_cutoffs <- c(0.3, 0.7, 0.9)

read_mut <- function (filepath, vaf_cutoffs = default_vaf_cutoffs) {
  mut_preprocessing(migrate_mut(data.table::fread(filepath)),
                    vaf_cutoffs)
}

migrate_mut <- function (mut_table, processed = FALSE)
{
  required_cols <- if (processed)
    c(op$base_required_mut_cols, processed_required_mut_cols)
  else
    base_required_mut_cols
  mut_table <- data.table::as.data.table(mut_table)
  for (required_column in names(required_cols)) {
    if (!op[[required_column]] %in% colnames(mut_table)) {
      matching_column_indices <- which(colnames(mut_table) %in%
                                         required_cols[[required_column]])
      assertthat::assert_that(
        length(matching_column_indices) ==
          1,
        msg = paste0(
          "Found ",
          length(matching_column_indices),
          " columns matching ",
          required_column,
          ":",
          op[[required_column]],
          ". Instead of 1."
        )
      )
      colnames(mut_table)[matching_column_indices] <-
        op[[required_column]]
    }
  }
  mut_table
}

mut_preprocessing <-
  function (raw_mut_table,
            vaf_cutoffs = op$default_vaf_cutoffs)
  {
    validate_mut_frame(raw_mut_table)
    mut_table <-
      raw_mut_table %>% mutate(`:=`(
        !!sym(op$column.total_depth),!!sym(op$column.depth) -!!sym(op$column.n_depth)
      ))
    mut_table <- mut_table %>% mutate(`:=`(
      !!sym(op$column.vaf),!!sym(op$column.alt_depth) / !!sym(op$column.total_depth)
    ))
    vaf_cutoffs <- sort(vaf_cutoffs)
    mut_table <- mut_table %>% mutate(`:=`(
      !!sym(op$column.is.snp),
      (
        !!sym(op$column.vaf) < vaf_cutoffs[2] & !!sym(op$column.vaf) >
          vaf_cutoffs[1]
      ) | (!!sym(op$column.vaf) > vaf_cutoffs[3])
    ))
    mut_table <-
      mut_table %>% mutate(`:=`(
        !!sym(op$column.is.snp.with.mut),
        (
          !!sym(op$column.vaf) > vaf_cutoffs[3] &
            !!sym(op$column.total_depth) >
            !!sym(op$column.alt_depth)
        )
      ))
    mut_table <-
      mut_table %>% mutate(`:=`(!!sym(op$column.mut_depth),
                                ifelse(
                                  !!sym(op$column.is.snp) & !(!!sym(op$column.is.snp.with.mut)),
                                  0,
                                  ifelse(
                                    !!sym(op$column.is.snp.with.mut),!!sym(op$column.total_depth) -!!sym(op$column.alt_depth),!!sym(op$column.alt_depth)
                                  )
                                )))
    return(mut_table)
  }

validate_mut_frame <- function (mut_df) {
  required_cols <- op$base_required_mut_cols
  all_required_cols_exist <- length(setdiff(required_cols,
                                            colnames(mut_df))) == 0
  if (!all_required_cols_exist) {
    stop(paste("Missing required columns: ", paste(
      setdiff(required_cols,
              colnames(mut_df)), collapse = ","
    )))
  }
}

validate_processed_mut_frame <- function (mut_df)
{
  required_cols <- op[names(processed_required_mut_cols)]
  assertthat::assert_that(is.data.frame(mut_df))
  validate_mut_frame(mut_df)
  all_required_cols_exist <- length(setdiff(required_cols,
                                            colnames(mut_df))) == 0
  if (!all_required_cols_exist) {
    stop(paste("Missing required columns: ", paste(
      setdiff(required_cols,
              colnames(mut_df)), collapse = ","
    )))
  }
}

grange_to_bed_df <- function (gr) {
  op <- options()
  if (!class(gr) == "GRanges") {
    stop(paste0(
      "Input should be a Grange object. Current input type: ",
      class(gr),
      "."
    ))
  }
  gr %>% as.data.frame() %>% select(-c("width", "strand")) %>%
    rename(`:=`(!!sym(op$column.chr), "seqnames"),
           `:=`(!!sym(op$column.start), "start"),
           `:=`(!!sym(op$column.end),
                "end")) %>% mutate(`:=`(!!sym(op$column.start),!!sym(op$column.start) - 1))
}

filter_mut_by_grange <- function (mut_df, region_grange)
{
  op <- options()
  validate_processed_mut_frame(mut_df)
  if (nrow(mut_df) == 0) {
    stop(paste0("Input mut_df should not be empty"))
  }
  if (!class(region_grange) == "GRanges") {
    stop(paste0("Input data should be a GenomicRanges::GRange object"))
  }
  data_grange <- bed_df_to_grange(mut_df)
  overlapping_data <-
    grange_to_bed_df(IRanges::subsetByOverlaps(data_grange,
                                               region_grange))
  overlapping_data[, op$column.chr] <-
    as.character(overlapping_data[,
                                  op$column.chr])
  overlapping_data
}


calculate_mut_freq <-
  function (mut_df,
            unique_sample_columns = op$column.sample,
            calculate_mutfreq_by = op$column.sample,
            method = op$mut_count_method,
            max_vaf = 0.01) {
    required_columns <- c(unique_sample_columns, calculate_mutfreq_by)
    assertthat::assert_that(
      all(required_columns %in% colnames(mut_df)),
      msg = paste0(
        "\"",
        paste(required_columns[which(!required_columns %in%
                                       colnames(mut_df))], collapse = ", "),
        "\" not included in input dataframe"
      )
    )
    assertthat::assert_that(
      nrow(count(
        mut_df,!!!sapply(unique(unique_sample_columns),
                         sym, USE.NAMES = FALSE)
      )) == length(unique(mut_df[[op$column.sample]])),
      msg = paste(
        "Together, the values in the",
        paste(unique_sample_columns,
              collapse = ", "),
        "column(s) must generate as many unique combinations as there are unique values in the",
        op$column.sample,
        "column."
      )
    )
    unique_group_by_columns <- unique(c(
      unique_sample_columns,
      op$site.columns,
      calculate_mutfreq_by
    ))
    summarize_by_columns <- unique(calculate_mutfreq_by)
    summarized_data <- left_join(
      calculate_total_depths(mut_df,
                             unique_group_by_columns, summarize_by_columns),
      calculate_mutation_counts(mut_df,
                                summarize_by_columns, max_vaf, method),
      by = calculate_mutfreq_by
    )
    colnames(summarized_data)[(ncol(summarized_data) - 1):ncol(summarized_data)] <-
      c(op$column.total_depth,
        op$column.mut_depth)
    summarized_data_with_wilson <-
      add_binom_conf_intervals(summarized_data,
                               op$column.mut_depth,
                               op$column.total_depth,
                               method = "wilson")
    colnames(summarized_data_with_wilson)[ncol(summarized_data_with_wilson) - 2] <-
      op$column.mut_freq
    summarized_data_with_wilson
  }

calculate_total_depths <-
  function (mut_df,
            unique_group_by_columns,
            summarize_by_columns)
  {
    mut_df %>% group_by_at(unique_group_by_columns) %>% summarise(total_bases = first(.data[[op$column.total_depth]]),
                                                                  .groups = "keep") %>% ungroup() %>% group_by_at(summarize_by_columns) %>%
      summarise(total_bases = sum(.data[["total_bases"]])) %>%
      ungroup()
  }

calculate_mutation_counts <-
  function (mut_df,
            summarize_by_columns,
            max_vaf,
            method)
  {
    vaf_sym <- sym(op$column.vaf)
    group_by_at(filter(mut_df, 0 < !!vaf_sym,!!vaf_sym <= max_vaf,!(!!sym(op$column.is.snp))),
                summarize_by_columns) %>%
      summarise(mut_count = ifelse(method == "min", length(.data[[op$column.alt_depth]]),
                                   sum(.data[[op$column.alt_depth]])))
  }

add_binom_conf_intervals <-
  function (df,
            x,
            n,
            conf.level = 0.95,
            method = "wilson")
  {
    if (length(method) != 1 || method == "all") {
      stop("Must select only one method.")
    }
    df <- as.data.frame(df)
    not_included <- setdiff(c(x, n), colnames(df))
    if (length(not_included) > 0) {
      stop(paste0(
        "Input dataframe does not include all required columns: ",
        paste(not_included, collapse = ", ")
      ))
    }
    if (!is.numeric(df[[x]]) | !is.numeric(df[[n]])) {
      stop(paste0(
        "x (",
        x,
        ", ",
        class(df[[x]]),
        ") and n (",
        n,
        ", ",
        class(df[[n]]),
        ") must be numeric."
      ))
    }
    if (nrow(df) == 0) {
      df_ci <- data.frame(numeric(0), numeric(0), numeric(0))
      colnames(df_ci) <- c("mean", op$column.lower_ci,
                           op$column.upper_ci)
    }
    else {
      df_ci <- bind_rows(mapply(function(x_val, n_val) {
        if (is.na(x_val) || is.na(n_val)) {
          data.frame(
            method = NA_character_,
            x = NA_integer_,
            n = NA_integer_,
            mean = NA_integer_,
            lower = NA_integer_,
            upper = NA_integer_
          )
        }
        else {
          binom::binom.confint(x_val,
                               n_val,
                               conf.level = conf.level,
                               method = method)
          
        }
      }, df[, x], df[, n], SIMPLIFY = FALSE)) %>% select("mean",
                                                         "lower", "upper") %>% rename(`:=`(!!op$column.lower_ci,
                                                                                           "lower"),
                                                                                      `:=`(!!op$column.upper_ci,
                                                                                           "upper"))
    }
    cbind(df, df_ci)
  }

bed_df_to_grange <- function (bed_df, flanking = 0) {
  op <- options()
  assertthat::assert_that(is.data.frame(bed_df))
  assertthat::assert_that(flanking >= 0, msg = "Flanking region must be >= 0")
  if (nrow(bed_df) == 0) {
    stop(paste0("Input dataframe should have at least one row."))
  }
  else {
    colnames(bed_df)[c(1:3)] <- c(op$column.chr, op$column.start,
                                  op$column.end)
    bed_df_for_gr <- bed_df %>% mutate(`:=`(!!sym(op$column.start),!!sym(op$column.start) + 1)) %>% mutate(`:=`(!!sym(op$column.start),
                                                                                                                pmax(1,!!sym(
                                                                                                                  op$column.start
                                                                                                                ) - flanking)),
                                                                                                           `:=`(!!sym(op$column.end),!!sym(op$column.end) +
                                                                                                                  flanking))
    GenomicRanges::makeGRangesFromDataFrame(
      bed_df_for_gr,
      keep.extra.columns = TRUE,
      ignore.strand = TRUE,
      seqnames.field = op$column.chr
    )
  }
}

mut_data <-
  read_mut(file.path(MUT_FILEPATH), vaf_cutoffs = op$default_vaf_cutoffs)

sample_mut_freq <- calculate_mut_freq(
  mut_data,
  calculate_mutfreq_by = "sample",
  method = "min",
  max_vaf = 0.01
)

target_df <- as.data.frame(data.table::fread(INTERVAL_FILE))

sample_mf_by_roi <- lapply(all_region_names, function(x) {
  mut_roi <-
    filter_mut_by_grange(mut_data, bed_df_to_grange(target_df %>% filter(V4 ==
                                                                           x)))
  
  sample_mut_freq <-
    calculate_mut_freq(
      mut_roi,
      calculate_mutfreq_by = "sample",
      method = "min",
      max_vaf = 0.01
    )
  
}) %>% bind_rows(.)

write.csv(sample_mf_by_roi, file = OUT_FILEPATH)
C	>	A	1.0389610389610387E-3	1.5870392017163079E-3	2.623248035938202E-3	6.0877561320335704E-3	1.0389610389610387E-3	1.5870392017163079E-3	2.623248035938202E-3	6.0877561320335704E-3	0	12.5	25	50	2.5974025974025978E-3	1.3852813852813853E-2	2.7272727272727271E-2	5.8874458874458878E-2	C	>	G	4.7421866450663726E-4	1.3579555966543829E-3	2.4365796154926901E-3	1.9086933060648136E-3	4.7421866450663726E-4	1.3579555966543829E-3	2.4365796154926901E-3	1.9086933060648136E-3	0	12.5	25	50	4.329004329004329E-4	4.7619047619047615E-3	7.7922077922077922E-3	1.6883116883116885E-2	C	>	T	1.2182898077463451E-3	1.8968746580265497E-3	2.9386255841518851E-3	3.6732819801898573E-3	1.2182898077463451E-3	1.8968746580265497E-3	2.9386255841518851E-3	3.6732819801898573E-3	0	12.5	25	50	3.8961038961038961E-3	6.9264069264069264E-3	1.0389610389610391E-2	1.8181818181818181E-2	Dose (mg/kg/bw/day)
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image7.png
Chromatin State Dose MF® SE Lower Upper
(mg/kg/day BaP)  (x107) (x10%) (x107) (x107)
Euchromatin 0 1.04 0.76 0.90 1.20
12.5 2.79 1.34 2.54 3.07
25 5.61 211 5.21 6.04
50 9.04 3.01 8.47 9.65
Heterochromatin 0 1.58 1.26 135 1.85
12.5 3.90 2.05 3.52 433
25 7.75 3.16 7.16 8.40
50 11.8 4.23 11.0 12.7
Pairwise
Comparisons Dose Fold Change Std.Err Obs.T pvalue pvalueadj. df Lower Upper
0 1.52 0.16 17.12 3.51E-05 3.51E-05 1 1.25 1.86
12.5 1.40 0.09 29.41 5.87E-08 1.17E-07 1 1.24 1.58
25 1.38 0.06 58.39 2.14E-14 6.43E-14 1 1.27 1.50
50 1.31 0.04 63.75 1.44E-15 5.77E-15 1 1.22 1.40
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image12.png
Dose Insertions Deletions

(mg/kg/dayBaP) 1bp 2bp 1bp 2-4bp 5-9bp 10-19bp  20-29bp
] 3 0 35 10 6 2 3
12.5 5 0 63 13 7 5 0
25 15 2 205 32 5 3 1
50 22 2 193 34 3 4 1
Total 45 4 496 89 21 14 5





image1.png
Target Start End Location  GC Located Within
Location Location Relative Content Heterochromatin?

to Genes (%) (Yes/No)
chri 69304217 69306617 intergenic 37 No
chri.2 155235938 155238338 genic 54 Yes
chr2 50833175 50835575 intergenic 45 Yes
chr3 109633160 109635560 genic 39 No
chra 96825280 96827680 intergenic 39 No
chr5 18210612 18213012 intergenic 36 No
chré 119170706 119173106 genic 41 No
chr7 142683053 142685453 genic 46 No
chr8 43954521 43956921 intergenic 36 No
chro 28648072 28650472 genic 37 No
chrio 21442014 21444414 intergenic 46 No
chri1 37934364 37936764 intergenic 36 Yes
chri2 80601542 80603942 genic 52 Yes
chri3 74030071 74032471 genic 50 No
chria 13076171 13078571 intergenic 42 Yes
chris 66779762 66782162 genic 44 No
chrie 72381580 72383980 intergenic 38 Yes
chr17 94009028 94011428 intergenic 35 No
chris 81262078 81264478 intergenic 47 No

chr19 4618813 4621213 genic 56 Yes
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Mutations by Mutations Duplex Bases Mutation Frequencya
Target (x 10%) (x10°)
Dose Dose Dose
(mg/kg/bw/day) (mg/kg/bw/day) (mg/kg/bw/day)
0 12.5 25 50 0 12.5 25 50 0 12.5 25 50
chrl 11 35 76 154 155 167 178 179 7 21 42 86
chr1.2 19 51 97 176 198 214 216 226 10 24 45 78
chr2 42 69 116 170 166 176 189 198 25 39 61 86
chr3 16 21 54 73 165 176 190 195 10 12 28 38
chr4 15 47 120 193 150 160 175 176 10 29 68 110
chr5 14 48 106 174 150 162 176 173 9 30 60 101
chré 18 54 98 183 175 188 202 208 10 29 48 88
chr7 13 68 150 226 184 199 211 219 7 34 71 103
chrg 18 83 179 254 128 135 146 141 14 61 122 180
chr9 32 67 105 203 153 166 184 184 21 40 57 111
chr10 28 55 111 190 192 205 218 226 15 27 51 84
chril 27 120 228 305 140 151 166 164 19 79 136 186
chri2 31 58 134 273 188 203 213 223 16 28 63 122
chri3 15 37 76 127 194 209 222 231 8 18 34 55
chri4 28 91 269 360 160 171 184 185 17 53 146 195
chri5 20 33 75 100 190 205 216 227 10 16 34 44
chrié 33 76 165 234 135 145 160 159 24 52 102 148
chr17 14 71 154 229 131 139 151 147 11 51 101 156
chr18 18 61 164 276 186 196 208 214 10 31 79 129
chr19 15 50 103 163 195 212 211 222 8 24 49 73
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image4.png
Transcription Dose MF2 SE Lower Upper

Status (mg/kg/day BaP) (x107) (x 10%) (x 107) (x 107)

Genic 0 1.04 0.85 0.83 1.22
125 2.34 133 2.10 2.62
25 4.57 1.97 4.20 4.98
50 7.38 2.76 6.85 7.94

Intergenic 0 1.35 9.94 1.17 1.56
125 3.99 1.83 3.65 4.37
25 8.15 2.95 7.59 8.75
50 12.7 411 119 135

Pairwise Fold

Comparisons Dose Change Std.Err Obs.T pvalue pvalue adj. Lower Upper
0 131 0.14 6.56 1.04E-02 1.04E-02 1.06 1.60
125 1.70 0.11 69.77 1.11E-16 2.22E-16 1.50 1.93
25 1.78 0.08 176.74 0.00E+00 0.00E+00 1.64 1.94
50 1.72 0.06 247.07 0.00E+00 0.00E+00 1.61 1.84
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