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Negative control datasets were created to understand model’s robustness against
false positives. The main idea is that if the model mainly detects false positives, then by
shattering any correlation structure we expect to detect similar number of features. In
this subsection we give a thorough description of the pipeline creating these datasets.

When constructing negative control data the non-missing methylation/accessibility
along with expression values are permuted. To keep the analysis simple, we assume that
the starting dataset has single cell methylation and expression data. In our analysis we
assume that each component is stored in a separate tensor as depicted in Fig AA. Rows
and columns of each tensor represent features and cells respectively. Missing
methylation are denoted with black boxes. Scrambling cell labels in this setting
essentially means that we column-wise permute tensors (without permuting its labels).
As there are missing methylation values it is not possible to column-wise permute the
entire tensor, because expression values originally paired with a missing methylation
will end-up with non-missing ones changing dataset properties and making comparison
difficult.

To bypass this issue we iterate through existing features, generating distinct
permutation for each molecular layer. For epigentic marks with missing values (ie.
methylation and accessibility) we scramble non-missing cells. With expression things
are straight-forward as all values are in place but care needs to shown with
normalization constants which are tied to specific cells. This is presented in Fig AB.
Pseudocode for creating negative control data is presented in Algorithm 1.
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Fig A. (AA) Sketch of tensors storing methylation/accessibility(left) and
expression(right) respectively. Black boxes represent missing
methylation/accessibility data. (AB) Sketch of cell scrambling for a random feature j. It
is important to note that despite cells are permuted at the end of scrambling, cell labels
remain fixed.
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Algorithm 1 Negative control dataset pipeline

Input: Dataset of interest.
Output: Negative control dataset

1: Load dataset of interest.
2: Compute the number of genomic features J .
3: for ii = 1, 2, . . . , J do
4: Compute number of cells I for that genomic region of interest.
5: Define 2 vectors with all integers ranging from 1 to I with dimension 1× I.
6: Compute two distinct random permutations for these vectors.
7: Apply permutation the permutation in each epigentic mark.
8: end for
9: Save updated data into a new file.
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