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In brief

Machine learning (ML) models may be
biased by hierarchically organized
confounding variables, which are
frequently present in complex datasets.
We present a statistical method, the rank-
to-group (RTG) score, that can identify
confounding variables in any dataset.
Using RTG scoring, we find previously
unreported effects of experimental
design in a public dataset and uncover
crossmodal correlated variability in a
multi-phenotypic biological dataset. This
approach should be of general use in
experiment-analysis cycles and to ensure
confounder robustness in ML models.
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THE BIGGER PICTURE The promise of using machine learning (ML) to extract insights from high-dimen-
sional data is tempered by the frequent presence of confounding variables. For example, models attempt-
ing to identify biomarkers of disease can be severely biased by disease-irrelevant features, such as the
physical site where an experiment is performed. While we have many tools to grapple with known con-
founders, we lack a general method to identify which of a set of potential confounders warrant debiasing.
Here, we present a simple non-parametric statistical method called the rank-to-group (RTG) score, which
identifies hierarchical confounder effects in raw data and ML-derived data embeddings. We show that
RTG scoring identifies previously unreported effects of experimental design in a public dataset and un-
covers cross-model correlated variability in a multi-phenotypic biological dataset. This approach should
be of general use in experiment-analysis cycles and to ensure confounder robustness in ML models.
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SUMMARY

The promise of machine learning (ML) to extract insights from high-dimensional datasets is tempered by con-
founding variables. It behooves scientists to determine if a model has extracted the desired information or
instead fallen prey to bias. Due to features of natural phenomena and experimental design constraints,
bioscience datasets are often organized in nested hierarchies that obfuscate the origins of confounding ef-
fects and render confounder amelioration methods ineffective. We propose a non-parametric statistical
method called the rank-to-group (RTG) score that identifies hierarchical confounder effects in raw data
and ML-derived embeddings. We show that RTG scores correctly assign the effects of hierarchical con-
founders when linear methods fail. In a public biomedical image dataset, we discover unreported effects
of experimental design. We then use RTG scores to discover crossmodal correlated variability in a multi-
phenotypic biological dataset. This approach should be generally useful in experiment-analysis cycles and
to ensure confounder robustness in ML models.

INTRODUCTION bias these models. In these examples, “site” and “protocol”

are potentially confounding discrete variables (confounders),

The practice of training a model that maps high-dimensional
input objects (such as biomedical images) to target labels (e.g.,
diseased versus healthy) and subsequently quantifying model
performance to identify biomarkers or disease phenotypes is
of substantial interest in multiple fields of diagnostic medi-
cine."® However, recent studies have shown that disease-irrel-
evant features, such as the physical site where an experiment is
performed® or the sample preparation protocol,” can severely

4')
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‘updates.

whose values are additional confounder labels that accompany
the target labels for each data point.

Many debiasing strategies exist to mitigate confounding ef-
fects on machine learning (ML) models including methods for
(1) a priori balancing of datasets with respect to confounders
(e.g., matching),® (2) post hoc correction of datasets to reduce
bias (e.g., restriction, stratification, harmonization, decorrela-
tion),°"" and (3) incorporating bias resilience during model
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Figure 1. Hierarchical confounders and the
RTG score
(A) An example data hierarchy drawn from the
field of stem cell biology. A typical modeling goal
would be to predict the target label (healthy
versus diseased) of a data sample. However,
every data point would also be accompanied by
zl:;:lymm potential confounder labels “clone” (i.e., stem cell
line) and “donor” (i.e., human subject from whom
a clone is derived). Clone and donor are orga-
nized in a nested hierarchy: all data points that
share the same clone label also share the same-
Y donor label.

(B) Role of confounder analysis in the iterative
cycle of experimental data collection and model
building with ML. The degree to which potential
confounders confer structure to the raw data or
data embeddings can inform both the experi-
' + e mental design used to collect more data and the

+ modeling framework used to analyze the data.
Model deployment should depend on confirma-

Model
building

tion of successful debiasing.

(C) Schematized data where donor is represented
by color and clone by shape. The data are either
unbiased by these variables (top left), biased by
donor alone (top right), biased by clone alone
(bottom left), or biased by both donor and clone
(bottom right). Confounders can group the data.
For example, for donor-biased data (top right),
the data are clustered by color, but within a
A cluster no structure is conferred by shape.

(D) Steps illustrating the computation of the rank-
to-group (RTG) score for donor (i.e., color), which
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we notate as RTGP. See algorithm 1 in experi-
mental procedures for full details. Step 1: a query
data point g is selected and the distances from
the query to all other data points are calculated
(as schematized by the arrows). Step 2: the data
; 3: pairs of points are evaluated where one point
shares the same donor as the query and the other
does not. The query score Ug for query q is the
fraction of such pairs for which the same-donor
point is closer to the query than the different
donor point. In this example, four points (in blue)

share the same donor as the query, while five (in gray) do not, yielding 20 possible pairs. Of these, one is out of order—the pair marked with the red
arrows—giving a query score of Ug = 0.95. Finally, repeating steps 1-3 for all possible queries and then averaging all query scores UqD gives the value of

RTGP (steps 4 and 5).

training.'?""® However, while we have many tools to grapple with
known confounders, we are lacking a general method to identify
which variables in a set of potential confounders warrant
debiasing.

A particular challenge is the attribution of bias to hierarchically
organized nested confounders —confounders for which all data
points that share a lower-level confounder label also share the
same higher-level confounder label. For example, in induced
pluripotent stem cell (iPSC) culture, multiple stem cell lines
(“clones”) can be derived from the same human subject
(“donor”) (Figure 1A). Donors differ due to genetic variation;
clones are also known to differ through the biological underpin-
nings of clone-to-clone variability, which remain an active area of
research.’®'® Such a confounder hierarchy is nested because
each clone can only belong to a single donor. A typical linear
approach to isolating the effect of a specific confounder is to
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compare models that fit the data with and without using the
confounder of interest, i.e., by subtracting the variance ex-
plained by a model that excludes the confounder from the vari-
ance explained by a full model. However, for nested confounders
this quantity will always be zero, because the lower-level label
(e.g., clone) confers perfect knowledge of the higher-level label
(e.g., donor), rendering this technique useless (Figure S1A).
Alternatively, one can assess for bias by computing the perfor-
mance of linear decoders that predict confounder labels from
data. This approach can work in the setting of nested con-
founders, but—unlike with calculations of variance explained—
provides no concept of effect size: the prediction accuracy of
two different confounders may be unmoored from the amount
of structure they confer to the data (Figure S1B). Beyond linear
methods, probabilistic graphical models are in theory purpose
built for characterizing the effects of an interacting set of
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variables, including hierarchically organized ones, but they
require assumptions about the data-generating process as well
as advanced Bayesian inference methods in non-conjugate set-
tings which may not scale well to high dimensions.'® Other
nonlinear techniques, such as neural networks, may be able to
determine the effects of nested confounders, but they are sensi-
tive to hyperparameter settings that may work for establishing
the bias conferred by one confounder but not another, and
thus cannot be deployed as a general method. One solution to
dealing with a set of potential confounders is simply to apply de-
biasing strategies with respect to all such variables and test for
improved model performance. However, if data are limited,
model building expensive, or the relationships between con-
founders complex—and all three are often true in biology —this
brute force approach is infeasible. Instead, a technique that
does not suffer from the limitations articulated above and that
can be used to quickly score the importance of potential con-
founders, including nested confounders, is needed.

Consider Figure 1C, which shows datasets with and without
biasing by donor, clone, or both. Linear analysis would correctly
declare that the data in the top right panel are biased by donor,
but would also identify the data in the bottom left panel as donor
dependent despite those data being constructed to be biased by
clone alone. This is because the combined set of blue circles and
triangles in this panel has substantially lower variance than the
data as a whole as a result of the nested dependency between
clone and donor. To correctly determine if donor confers struc-
ture beyond that determined by clone alone, we require a
method that can disambiguate nested confounders. We could
then use such a method to (1) inform the design of the next round
of experiments to minimize bias, (2) guide data debiasing
methods, or (3) build models that explicitly account for known
biases (Figure 1B).

Here, we provide a novel non-parametric statistical method for
scoring the degree to which data is structured by a potential
confounder, the rank-to-group (RTG) score, which relies solely
on similarity measures between data points. Thus, the RTG
score is applicable both to raw data and to the embeddings
that result from ML models. This method has a natural extension
for handling nested confounders.

In the following sections, we describe the details of the RTG
score method, provide analytic results for simple scenarios,
compare it with linear analysis, and demonstrate how RTG anal-
ysis can be used to guide data collection and modeling deci-
sions. We then apply our approach to two real-world datasets.
First, we analyze a large public dataset of images of cultured
cells®® and reveal that some features of the experimental design
strongly bias the results. We furthermore show that linear tech-
niques fail to discover these confounding effects. Next, we
compare RTG analyses of a multi-modal dataset from patient-
derived iPSC cultures®' to interrogate the effects of donor, clone,
and batch, as well as their interactions. We show that these
potential confounders differentially bias the data, but that their
relative effects are conserved across three highly disparate mo-
dalities of biological measurement: quantitative PCR, bright-field
microscopy, and single-cell RNA sequencing. The general appli-
cability of our approach to datasets with complex confounder
hierarchies makes it of potentially broad utility when using ML
techniques to interrogate large-scale real-world datasets.

¢ CellP’ress

RESULTS

The RTG score is a measure of the degree to which a potential
confounder confers structure on—or biases—a dataset. A score
of 0.5 means that a potential confounder has no effect on the
data, while a score of 1.0 means complete confounding. The
name “rank-to-group” derives from the score’s computation,
which determines the relationship between the rank ordering of
the distances among data points and their confounder group
memberships. RTG scoring is non-parametric, which simplifies
its application, and it is computable whenever the following
two conditions are met. First, the data live in a metric space
with any valid distance measure between data points x and y.
For example, for N-dimensional vector data in RV, the Euclidean
distance |x —y|, is a natural metric. Other data types that can live
in metric spaces include reals, non-negative reals, natural
numbers, text, discrete labels, tree structures, and event times,
among many others. Not only can RTG scoring be applied for
any choice of distance metric, it is identical for any two distance
metrics that preserve the order of all pairs of distances in the da-
taset. The second constraint is that each data point must be
associated with a set of labels corresponding to potential
confounders.

To compute the RTG score RTG” for a dataset with N samples
with respect to a potential confounder A, we proceed as follows.
First, for some “query” data point g, all other points are consid-
ered in pairs where one member of each pair shares confounder
label identity with the query point and the other does not. The
query score Ué is the fraction of these pairs for which the dis-
tance from the query to the same-confounder data point is less
than the distance to the different-confounder data point (see Fig-
ure 1D for an example calculation and algorithm 1 in experi-
mental procedures for details). Thus, the query score measures
the likelihood that a random data point that shares the same-
confounder label as the query is closer to it than a random
data point that does not. We use the variable “U” because the
query score is identical to the area under the curve of the
receiver-operator characteristic curve (ROC AUC) computed
via the U statistic of an ordinal statistical test (Mann-Whitney U
test®®) that compares two sets of distance measurements: (1)
from the query to data that share the query’s confounder label
and (2) from the query to data with different-confounder labels.
(Of note the ROC AUC interpretation requires that the distances
between a query point and all others can be ordered. This adds
an additional mild constraint on the choice of distance metric.
Namely, that d(x,a)<d(x,b) and d(x,b)<d(x,c) implies d(x,
a)<d(x, c). Euclidean distances in RV, for example, meet this
constraint.) The average of the query scores over all possible
queries gives the RTG score for the confounder in question:
RTG* = §>"Ug. This score has a maximum of 1 when all data
points that $hare the same-confounder label are closer to each
other than they are to any other data point. On the other hand,
if the confounder confers no structure on the data, RTG* will
approach 0.5.

The RTG score has several useful properties. First, it is well
suited to high-dimensional data because it depends on a dis-
tance measure alone. Second, as a non-parametric rank order-
based score, it is insensitive to low noise levels that do not
change the order of data distances relative to the query, and,
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Figure 2. Confounder analysis of hierarchical
Gaussian synthetic data

(A) Data-generation scheme. The means for each
donor and clone are sampled from Gaussian dis-
tributions as u? ~ N(0,03/) and u ~ N(u?, o2l),
respectively. Then, the i data point for each clone
is sampled as x?? ~ N(u°,0%/). D, C, and N are the
number of donors, clones per donor, and data
points per clone.

(B) Three extreme confounder scenarios for two-
PR 6 1 dimensional data. Each circle represents a single

clone whose radius represents oy (i.e., the scale of
the data distribution for that clone). Each color

represents a donor. In scenario 1, the variance
differentiating donors dominates the variance
differentiating the clones within a donor, which in
turn dominates the variance of the data for each
clone (i.e., 0% < 02 < ¢2). Thus, the data are
completely biased by both donor and clone. With
variances ordered as o2 < 0% < 05 (scenario 2)
and 0% < 03 < o2 (scenario 3), the data are instead
biased by donor alone or clone alone, respectively.
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e 5 (C) The analytic expressions for the RTG scores for
aclop donor, clone, and donor-exclude-same-clone for
scenarios 1, 2, and 3 from (B) when assuming many

samples per clone.

(D) The evolution of RTG scores as datasets change from scenario 1 to scenarios 2 (left) and 3 (right). RTG scores are plotted against the ratios ox/o¢ (left) and
ac/op (right) while ensuring that the other constraints from (B) remain in place (i.e., that o, is large for the left panel and oy is small for the right panel). The RTG
score for donor (green) is plotted with a thin line since it does not isolate the confounding effects of a single potential confounder as opposed to the restricted RTG

score for donor-exclude-same-clone (orange) which does.

(E) Leave-one-out cross-validated R? values of linear models fit using clone and donor identities, and—to isolate donor effects—the leave-clone-out cross-
validated R? values for models fit using donor but only trained on C—1 clones and tested on the held-out clone. Other conventions as in (D).
Left panels in (D and E): D = 2; C = 10; o = 4000¢. Right panels: D = 50; C = 2; ox = 10 *op. All panels: N = 100; data are ten dimensional; error bars are standard

deviations over five random samples of the data

for the same reason, is largely insensitive to outliers. More gener-
ally, it provides useful results whenever distances are preserved
locally even if they are less reliable over long length scales—as is
the case for embeddings via UMAP, t-SNE, and other nonlinear
techniques®®—since misorderings far from the query will likely
have negligible impact on the calculated RTG score. Third, it
can be applied to any embedding, regardless of interpretability.
Finally, and most importantly, this technique is easily extended
to the case of nested confounders.

When confounders are hierarchically nested (e.g., donor and
clone) the RTG score for the higher level will include effects of
the lower level, obscuring the effects of the higher level alone.
To disambiguate the effects of two hierarchically related con-
founders, we can compute a restricted RTG score RTG'Z,
which isolates the effects of higher-level confounder A by
removing the influence of lower lever confounder B. For
example, during the evaluation of the RTG score for “donor-
exclude-same-clone” (RTGP'°), the computation of each query
score is modified to exclude all data points that share the same
clone label as the query (see Figure S2 for an example calcula-
tion and algorithm 1 in experimental procedures for details).
This means that the query score UQC measures the degree
to which, for data points that do not share the same clone label
as the query, distance to the query can sort those data into
same-donor and different-donor groups. If an apparent con-
founding effect of donor is entirely attributable to clone as in
the bottom left panel of Figure 1C, RTGP'® will be at the chance
level of 0.5. Thus, the restricted RTG score allows us to disam-
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biguate clone-confounder effects from (donor and clone)-
confounder effects (bottom left and right panels of Figure 1C).

While we only consider examples of discrete valued confound-
ing variables in this article, the RTG and restricted RTG scores
can be extended to the setting of continuous valued con-
founders as described in the supplemental notes.

Analytic RTG scores for hierarchical Gaussian

mixture data

We now illustrate how RTG scores can disambiguate between
three scenarios of confounder-introduced variability by applying
them to synthetic data. We specify a three-level clone-donor-
sample hierarchical Gaussian mixture model governed by three
parameters, the variances 03, 02, and a% (Figure 2A). The relative
sizes of these variances define the structure of the data. We
consider three extreme scenarios: (1) data fully biased by both
donor and clone, (2) data biased by donor only, and (3) data
biased by clone only (Figure 2B). For these scenarios, we can
compute simple analytic expressions for the RTG scores of clone
(RTG®) and donor (RTGP), and for the restricted RTG score of
donor-exclude-same-clone (RTGP'°). These depend only on D
and C, the number of donors and clones per donor, respectively,
assuming large numbers of samples per clone (Figure 2C). If we
interpolate from the scenario when biased by both donor and
clone to the donor-only and clone-only scenarios, we observe
that the RTG scores indeed change according to the analytic ex-
pressions (Figure 2D).
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Figure 3. Analysis of robustness to noise
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(A and B) Comparison between RTG scores (A) and
R? values (B) as a function of noise. The data were
generated as per Figure 2A, but then randomly
projected to a much higher dimensional space
before being corrupted by white noise with scale
dnoise- CONventions are as in Figures 2D-2E except:
D = 14; C = 2-6 (different for each donor); op = o¢ =
1; 0x=0.25; N = 25; data are two dimensional before
being projected to 512 dimensions; error bars are
— standard deviations over three random samples of
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Our analytic results illustrate the importance of restricted RTG
scores for distinguishing between single or multiple confounder
effects. For example, for data biased only by clone (i.e., when
0% < 03 < 02), the analytic expression for the RTG score for
donor (RTGP) is 1/2 + 1/2C, which for small C can significantly
exceed 0.5 even though in truth there is no donor effect (right
panel of Figure 2D, green curve). However, while RTG®” may be
misleading, the restricted RTG score for donor-exclude-same-
clone (RTGP'°) reports a score of 0.5, consistent with no donor
effect. If, on the other hand, donor does structure the data
beyond the effects of clone (i.e., when ¢3 is similar to or greater
than ¢2), then RTG”'° will exceed 0.5, confirming the effect (right
panel of Figure 2D, orange curve).

Linear-model confounder analysis approaches fail on
hierarchical data

Confounder discovery via linear analysis is a reasonable baseline
against which to compare the RTG method. However, as dis-
cussed in the Introduction, the standard approach of comparing
full and partial models to isolate the effect of a potential
confounder—i.e., by computing the difference in data variance
explained by models that use and do not use the confounder
of interest—fails for nested hierarchies (see Figure S1A). An
alternative linear approach that avoids this pitfall is “leave-
confounder-out” cross validation. To isolate the confounding ef-
fects of a variable higher in a confounder hierarchy-like donor, a
model can be constructed from donor labels using only a subset
of the data that holds out one or more clones. This model can
then be tested, in terms of the variance explained, on the held-
out data. This approach is similar to K-fold cross validation
except that the data folds, rather than being random, are defined
by the lower-level label identities (e.g., clone).

Comparison of the left panels of Figures 2D-2E shows the util-
ity of RTG scoring versus linear analysis. Data that are biased by
both donor and clone or by donor alone are indistinguishable by
R? values but clearly differentiated when using the RTG method.
In contrast, leave-confounder-out linear analysis is useful for
disambiguating clone-biased data from data biased by both
donor and clone (Figures 2D-2E, right). Note that if the number
of labels for a held-out lower-level confounder (e.g., clone) is
two and if the structure of the data is dominated by that lower
lever confounder, then the leave-confounder-out R® for the
higher-level variable will reach a minimum of —1 for hierarchical
Gaussian data (as seen for the orange line in Figure 1E, right).

We next consider the consequences of noise in synthetic data
with mixed donor and clone effects (Figure 3). For increasing

the data

noise values, RTG scores are largely stable while R? values
drop precipitously. This is because RTG scoring—a rank or-
der-based method—is unaffected by noise unless distances to
the query for data points that share and do not share confounder
labels change order (see Figure 1D; and algorithm 1 in experi-
mental procedures). In other words, as long as noise does not
result in mixing of clusters in the data that are defined by
confounder labels, RTG analysis will reveal the confounder-
dependent structure in the data. R? values, on the other hand,
only report the structure of the data indirectly through their mea-
surement of explained variance, and thus are guaranteed to drop
as data noise increases even when the underlying clustered
structure in the data remains intact.

Model debiasing example
We can consider a simple example of using RTG analysis to
guide decision making around data collection and modeling
when building classifiers to predict disease state (as per Fig-
ure 1B). We first generate synthetic data from a mixture model
according to Figure 2A, but with the modification that half of all
donors—representing healthy human subjects —have the vector
[1,0, ..., 0]" added to their means. The other half of the donors
have their means shifted by [-1, 0, ..., 0]” and represent diseased
patients. As before, the confounder structure of the generated
data depends on the relative values of the variances of donor,
clone given donor, and data sample given clone (¢3, 02, and d%).
First, we consider the case of analyzing small datasets—two
donors per disease state and two clones per donor—to deter-
mine whether or not more donors or clones should be collected
to improve the disease state prediction accuracy of a logistic
regression model. When the data are biased by donor but not
clone, adding more donors while keeping the number of clones
per donor fixed improves model performance, while adding
clones confers no benefit (Figure 4A). Conversely, for data
biased by clone but not donor, adding either clones or donors
improves model performance equally (Figure 4B). These results
demonstrate the power of RTG analysis for informing data
collection strategy. In a real-world setting, new samples of
lower-level variables (e.g., more clones) may be cheaper to
obtain than samples of higher-level variables (e.g., donors).
The confounder structure as measured by RTG scoring can
dictate how best to use resources for data collection by clarifying
when sampling more higher-level confounders is necessary or
when adding new lower-level examples to a dataset is sufficient.
Next, we consider the case of using RTG analysis to inform
how best to improve model quality when no further data
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Figure 4. Using RTG scores to inform data collection and debiasing

(A) Effect of training data quantity on model performance for donor confounded data. Left: RTG scores for donor, clone, and donor-exclude-same-clone before
adding new donors or clones. Right: accuracy of logistic regression models on test data. Models are trained while either increasing the number of donors in the
training dataset when holding the number of clones per donor fixed (D = 2-10 and C = 2, red) or while increasing the number of clones per donor when holding the
number of donors fixed (D = 2 and C = 2-10, purple). op = 1; ¢ = 0.1.

(B) Same as (A) for clone confounded data. op = 0.1; o¢c = 1.

(Aand B): ox=0.1; N = 10 for training; 10,000 test data points each with a unique donor and clone; 20-dimensional data; error bars are standard errors of the mean
over 20 random samples of the training data.

(C) Effect of data debiasing on model performance for donor confounded data. Left: RTG scores prior to debiasing. Right: changes in model performance when
debiasing by donor or by clone. Debiasing procedure described in the text. Red lines show mean changes due to debiasing over 100 sample datasets; black lines
show 20 example datasets. The mean change due to donor debiasing was significantly different from the mean change due to clone debiasing (p < 107* via
resampling). op = oc = ax = 0.3 in all dimensions except three dimensions with op = 100; D = 4, N = 10.

(D) Same as (C) for clone confounded data.

ogp = gc = ox = 0.3 except three dimensions with ¢c = 100; D = 2, N = 20.

(C and D): C = 2; 10,000 test data points; 10-dimensional data

collection is possible. For this example, during data generation, For donor-biased data, debiasing by donor improved the
we confine ¢3 and Uzc to only be large in a subset of data dimen-  average prediction accuracy on test data from 72% before de-
sions (3 of 10) when biasing by donor and clone, respectively.  biasing to 81% after debiasing, while debiasing by clone showed
Then, to debias with respect to donor, for example, we deter- a small negative effect (70% post-debiasing accuracy; Fig-
mine directly from the training data which dimensions corre- ure 4C). The difference between these mean changes was highly
spond most strongly to donor and project the data out of those  significant (p < 10~ by resampling; Figure S3A). For clone-
dimensions before model fitting. In particular, for each donor, biased data, average prediction accuracy improved from 71%
the centroid of all the data with the same disease state was sub-  before debiasing by clone to 83% afterward, while debiasing
tracted from that donor’s centroid to obtain that donor’s specific by donor showed a smaller, although meaningful effect (79%
direction. Principal-component analysis was performed on the post-debiasing accuracy; Figure 4D). The difference between
set of donor-specific directions and the top two principal com-  these mean changes was also highly significant (p < 10~%; Fig-
ponents were identified as the donor-specific subspace. The ure S3B). These results demonstrate that, in the data-con-
data were then linearly projected out of that subspace before strained regime, identification of confounders with large effects
constructing our logistic regression classifier. Debiasing by can inform strategies for building higher-performing models.
clone was analogous to debiasing by donor except that each

clone’s specific direction was computed from the difference Identification of confounding effects in a hierarchical
between that clone’s centroid and the centroid of the corre- biomedical dataset

sponding donor. Test data were also projected out of the Next, we applied RTG analysis to identify confounders in a data-
donor-specific and clone-specific subspaces when debiasing set of biomedical image embeddings released in the public
by donor and clone, respectively. domain by Recursion Pharmaceuticals.?’ The raw images are
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Figure 5. RTG scores and R? values calculated from the analysis of Recursion Pharmaceuticals’ public dataset

(A) RTG and restricted RTG scores for potential confounders: batch, plate, well position, imaging site, unique well, and whether or not a data point is from a
subedge well. Each confounder is considered without (top row) and with (other rows) the exclusion of each other confounder (except if the would-be excluded
confounder is strictly higher in the confounder hierarchy, making exclusion impossible).

(B) RTG and restricted RTG scores after the data have been collapsed along the dimension defined by the line between the centroids of the subedge well data and
the non-subedge well data. Conventions as in (A). Errors in (A and B) are bootstrapped 95% Cls obtained by resampling with replacement.

(C) Five-fold cross-validated R? values (top row) and leave-confounder-out cross-validated R? values (other rows) for the same potential confounders as in (A and
B). Negative values mean that models built while leaving out data with a particular confounder label and then tested on that left-out data are worse than a naive

model that simply predicts the mean of the whole dataset

of cell cultures in 1,536-well plates. The data consist of 2 exper-
imental batches of 12 plates each. Each well is imaged at four
sites. The wells along the edges of the plates were not used.
Many of the wells in this dataset were treated with pharmaco-
logic agents; but, for our analysis, we chose to look only at un-
treated control wells, which were randomly dispersed across
each plate. This left a dataset of approximately 8,000 image em-
beddings that we analyzed for the confounding effects of batch
ID (1 or 2), plate ID (1-12), well position (e.g., C4), unique well ID
(e.g., C4 on plate 3 in batch 1), camera field of view within a well
or “imaging site” (1-4), and whether or not an image came from a
well on the “subedge” —the outer rim of wells that remain after
excluding the edge wells themselves.

In Figure 5A we calculated RTG scores and restricted RTG
scores for these potential confounders, and confirmed via
subsampling that our calculated scores are precise enough
to facilitate comparison between them (Figure S4). Our anal-
ysis reveals that the Recursion data are largely free of obvious
experimental pitfalls. For example, imaging site does not bias
the data (RTG 0.5) while unique well ID nearly completely
biases the data (RTG 0.95), meaning that the four images
within each well are essentially interchangeable. Furthermore,
well position alone strongly biases the data (RTG 0.76), but
well-position-exclude-same-plate (i.e., equivalent to well-po-
sition-exclude-same-unique-well) drops the RTG score to
0.58, supporting the notion that similarity between images
within the same well primarily drives the embedded data
structure. Next, we observe that the confounding effects of
plate ID (RTG 0.55) can be entirely explained by batch ID
(plate-exclude-same-batch RTG 0.5). Batch ID, on the other
hand, confers significant structure to the data (RTG 0.87),
suggesting some difference in conditions between experi-
mental batches.

However, we found that whether or not animage comes from a
well on the subedge strongly structures the data (RTG 0.73).
Indeed, subedge membership is a strong influence even across
batches (subedge-exclude-same-batch RTG 0.68). These re-
sults suggest that, despite not using the edge wells—presum-
ably to mitigate a common issue with well plates —the data em-
beddings remain highly influenced by whether or not a well is on
the outer rim of the in-use wells. To confirm this finding, we de-
biased the data with respect to the subedge well effect and then
recomputed the RTG scores. More precisely, we linearly
projected the data out of the dimension defined by the line that
connects the centroids of the data points from subedge and
non-subedge wells. The debiased data showed improved RTG
scores (Figure 5B). The residual effect of well-position-
exclude-same-plate is largely eliminated (RTG from 0.58 to
0.53) with the remaining confounding effect attributable to batch
(well-position-exclude-same-batch RTG 0.51). The confounding
effects of batch become slightly more pronounced (RTG from
0.87 to 0.9), including when excluding the effects of subedge
membership (batch-exclude-same-subedge-group RTG from
0.67 to 0.84), suggesting that simple manipulations of the data,
such as linear projections, can mitigate certain confounding ef-
fects while amplifying the effects of other confounders.

We also used this dataset to demonstrate that RTG analysis is
highly data efficient. With a random subsampling of the data, we
showed that the Spearman’s rank correlation between RTG scores
for full (100%) and partial (10%) datasets was 0.985 (Figure S4).

We can compare the results of RTG and linear analysis to
demonstrate the power of the RTG approach (Figures 5A and
5C). Although some of the conclusions are the same (e.g., that
images in the same well are more correlated than any other
grouping), others differ. For example, well position accounts
for more variance than batch; although, per RTG analysis, batch
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Figure 6. RTG scores when evaluating different aspects of our previously published multi-modal dataset

For each modality, potential confounders batch, donor, and clone are evaluated, as well as the intersections of batch plus donor and batch plus clone. Restricted
RTG scores excluding batch, donor, and clone are also presented (unless they are higher in the data hierarchy than the confounder being evaluated).

(A-C) RTG scores computed from gene transcriptional data via gPCR, image data via bright-field microscopy, and cell-type distribution data via scRNA-seq for
iPSC-derived brain organoid cultures. Errors are bootstrapped 95% Cls obtained by resampling with replacement.

confers more clustered structure to the data. Furthermore, the
highest R? values only reach about half of their maximum while
the highest RTG scores are nearly maxed out. RTG analysis spe-
cifically measures the degree to which a confounder clusters
data, while R? captures this only indirectly through a measure-
ment of variance explained. Thus, the Recursion data demon-
strate that real-world data embeddings can be both highly
clustered and noisy, suggesting the risk of a faulty conclusion
if relying on a low R? value as a surrogate for low bias.

Most importantly, linear analysis fails to unambiguously iden-
tify the confounding effects of the subedge. The raw cross-vali-
dated R? for subedge is near zero (0.07, last value in first row of
Figure 5C), which is in conflict with the negative R? values ob-
tained when performing leave-subedge-group-out cross valida-
tion (bottom row). These negative values suggest that a model fit
with data from the subedge is poor at predicting the data off the
subedge and vice versa (a la the negative values in the right panel
of Figure 2E). Such conflicting results may impede discovery of
the importance of subedge if using linear confounder analysis.
Of note, leave-batch-out cross validation also results in negative
values (next to bottom row); but, unlike for the subedge, the raw
cross-validated R? for batch is well above zero (0.20, first value in
first row).

RTG analysis yields modality-independent confounder
effects in multi-phenotypic data

Next, we applied RTG analysis to our own multi-phenotypic da-
taset collected from human iPSC-derived brain organoids.?’
These data consist of three kinds of measurements: gene
expression via gPCR, morphology via bright-field microscopy,
and cell-type distribution via single-cell RNA sequencing. For
each modality, multiple donors and clones per donor were
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used and data collection occurred in several experimental
batches. We analyzed 21 donors, 58 clones, and 17 batches
for gPCR; 10 donors, 20 clones, 7 batches for bright-field; and
14 donors, 29 clones, and 3 batches for scRNA-seq.

Our analysis (Figure 6) detects substantial confounder effects.
Both the RTG score for clone and restricted RTG score for
donor-exclude-same-clone are elevated with clone showing a
somewhat stronger effect than donor. Batch shows a weak ef-
fect on its own, but a confounder defined as the intersection of
batch and clone (i.e., where each confounder label is the union
of a batch label and a clone label) strongly biases the data.
Similar, although weaker, confounding effects are seen with
the intersection of batch and donor. These results illustrate the
utility of RTG scoring in the cycle of experimentation and data
analysis (Figure 1B). They suggest that future data collection
can be targeted at increasing the number of clones, which is typi-
cally less resource intensive than increasing donors. Further-
more, both clones and donors should be distributed across
batches to reduce the bias conferred by these variables. Finally,
these results clarify the need to use ML techniques that can
generate data embeddings that are insensitive to donor, clone,
and batch effects to aid biological interpretation.

Strikingly, we see that the RTG scores for gene expression, im-
aging, and cell-type distribution (Figures 6A-6C) are consistent
across modalities (average pairwise Spearman’s rank correla-
tion of 0.924). These results suggest that there is a common
biological origin of these phenotypic modalities; thus, the use
of cost-efficient, scalable modalities (e.g., imaging) for the
characterization of variability may be sufficient without the
need to scale-up highly resource-intensive techniques, such as
single-cell sequencing.”’ This demonstrates another use for
confounder analysis in the experiment-analysis cycle: in addition



Patterns

to informing how to balance future data collection (e.g., more
clones), RTG scores can also inform resource allocation toward
specific types of assays.

DISCUSSION

Strategies for confounder analysis are currently lacking. Stan-
dard linear methods suffer from outlier sensitivity, are blind to
complex structure in data, and cannot disambiguate hierarchical-
ly nested confounders; matching and stratification strategies
suffer on high-dimensional data due to combinatorial scaling of
unmatched dimensions, and matching is impossible for a
lower-level confounder in a nested hierarchy; and Bayesian
models suffer from poor performance in high dimensions.'® In
this article we present a novel non-parametric method, the RTG
score, that addresses these issues and is easily deployable in
settings where data interpretability is limited (e.g., neural network
embeddings) and confounder sensitivity of great concern (e.g.,
models of biomedical data that are intended to support disease
diagnosis or treatment). Our method only requires (1) distance
measurements between data points and (2) confounder labels
for each data point. We have demonstrated that RTG scoring is
robust to noise and can identify the level in a confounder hierar-
chy from which a confounding effect arises even when the struc-
ture conferred by the confounder is nonlinear.

RTG scoring presents some significant advantages with
respect to leave-confounder-out model comparison using regres-
sion-based methods. First, as with rank-based tests, which are
only sensitive to the order of univariate quantities, RTG scoring
is ideal for ordinal distance comparisons between samples within
and across groups. Therefore, it inherits all the benefits of
methods for ordinal statistics. For instance, RTG scoring is insen-
sitive to outliers unlike regression methods (unless they have been
specifically adapted to be outlier robust). Second, additive noise
or random ablations, such as a few incorrect, missing, orimputed
pairwise distances, will not alter the rank order of most samples,
rendering RTG scoring more robust than alternatives. Third, RTG
scoring is designed to be agnostic to the data manifold and the
distance metric employed, and therefore makes fewer assump-
tions about the dataset than linear methods, which expect a linear
relationship between confounders and data features. Fourth, un-
like linear methods, RTG scoring is non-parametric and therefore
has no parameters to tune (such as the specific choice of
regression model, model regularization, or stratification for cross
validation), rendering it robust to researcher-introduced bias
when assessing for confounding effects (i.e., through the biased
selection of model parameters).

An alternative to RTG scoring for the analysis of nested depen-
dency structures is hierarchical modeling (HM). However, RTG
scoring provides a number of practical benefits and differences.
First, HM requires the user to make a number of modeling
assumptions: for example, prior distributions, their hyperpara-
meters, and the dependency structure of interactions between
variables. In practice, this means that, before undertaking HM
confounder analysis, the user needs to have considerable insight
into the data-generation process, and how confounds might
interact with each other and influence the observed data. In
contrast, RTG scoring only requires the user to specify a sensible
distance metric between observations. In addition, the parame-
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ters of HM must be appropriately fit to data as a prerequisite to
assessing the contributions of potentially confounding variables.
This often limits HM to only consider linear relationships between
confounding variables and data due to the practical difficulties of
fitting nonlinear models. In contrast, the RTG score is easy to
compute with no restrictions on the relationship between
putative confounders and data. These requirements of HM
pose substantial barriers to widespread adoption as a
confounder quality-control procedure.

When we apply our method to real-world biomedical datasets,
we find that it can identify confounders such as batch, edge,
donor, and clone, a point of critical importance when attempting
to derive general results from these kinds of data. Batch ef-
fects—which arise when some experimental conditions shift
despite the intention of repeating them exactly—is an example
of a confounder that iterative experimental design and careful
data collection may be able to mitigate. Donor effects may be
reduced by matching certain variables across disease and
healthy groups (e.g., gender and age), but may also require strict
protocols (e.g., sample collection and handling) to mitigate fully.
Edge effects can be partially managed by randomization and
clone effects by increasing the numbers of clones per donor,
but each of these confounders also likely requires specific
computational solutions to mitigate. Recent methods that force
data embeddings to be insensitive to certain potential con-
founders'*"® may be of particular value for debiasing data with
respect to confounders such as edge and clone. However,
they rely on minimizing the decodability of a confounder in
data embeddings, which does not address the importance of
that confounder in structuring the data (i.e., one confounder
may be more decodable than another while structuring the
data more weakly; see Figure S1B). In all of these cases, a
method such as RTG scoring is needed to identify the critical
confounders and thus inform experimental and data analysis
choices that can ultimately improve models of the data.

The RTG score is based on non-parametric ordinal tests in the
classical statistical hypothesis testing literature. Specifically, the
query score Ug‘ is identical to the ROC AUC computed from
the Mann-Whitney U statistic. The U test evaluates the null hy-
pothesis that, for two random samples x and y from two indepen-
dent populations, the probabilities of x > y and y > x are equal. The
query score is the effect size of a U test comparing two popula-
tions corresponding to the distances from the query to data
from either same-confounder or different-confounder groups.
To obtain a single scalar describing the whole dataset, the RTG
score is computed as the mean of the ROC AUCs of each U
test over all possible queries. An alternative method for
obtaining a single score for an entire dataset would be to pool
all distances between pairs of data points that share a same-
confounder label and pairs that do not, and then compute a
single ROC AUC comparing these two pooled distributions. How-
ever, this approach is limited by both non-independence (two dis-
tances that share a sample are correlated) and adverse selection
(over-represented confounder labels in the dataset lead to over-
represented pairwise distances in both same-confounder and
different-confounder groups). These correlations violate the inde-
pendence assumptions required for the U test. Attempts to
grapple with them have been reported in the literature—e.g.,
Gilbert et al.’* have proposed some adjustments to standard
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two-sample tests to correct for these effects—but here we benefit
from the fact that, at a per-query level, distances to the query for
each group are independent, and therefore both of these limita-
tions are mitigated. Hence we use the average of query-condi-
tional Mann-Whitney U statistics to construct our RTG score.
RTG scoring is more than just a post hoc tool for comparing
whether one data embedding is better—more confounder resil-
ient—than another. Rather, we envision that the utility of our
approach will be best realized as part of a virtuous cycle of exper-
imental design, data collection, model building, and confounder
analysis (Figure 1B). Careful attribution of confounding effects
can give confidence as to an ML model’s likely performance after
deployment. If, as in the example used throughout this article, a
model’s ability to identify disease state is simply due to the fact
that it has separated every clone in embedding space, there
may be considerable concern that this model has not learned
anything about disease per se. In this case, RTG analysis can
guide how best to improve confounder robustness through
both new experiments (i.e., by suggesting the highest-value
new data to collect) and updated model training approaches
(i.e., that are specifically designed to counter the effects of certain
confounders) so as to mitigate confounder influences in the next
cycle of development. The general applicability of this approach
to high-dimensional datasets with complex, potentially nested,
confounder hierarchies makes it of broad utility when using ML
techniques to interrogate large-scale real-world datasets.

EXPERIMENTAL PROCEDURES

Resource availability

Lead contact

Further information and requests for resources and reagents should be
directed to and will be fulfilled by the lead contact, G. Sean Escola (gse3@
columbia.edu).

Materials availability

This study did not generate new unique reagents.

Data and code availability

In Figure 5, this paper analyzes existing data available at https://www.rxrx.ai/.
Data for Figure 6 have been deposited at Zenodo under https://doi.org/10.
5281/zenodo.5893469 and are publicly available as of the date of publication.
All original code has been deposited at Zenodo under https://doi.org/10.5281/
zenodo.5893469 and is publicly available as of the date of publication. All orig-
inal code has also been deposited in GitHub at https://github.com/herophilus/
rtg_score. Any additional information required to reanalyze the data reported in
this paper is available from the lead contact upon request.

Algorithm 1: RTG score

We start with (1) the items in our dataset x;fori=1, ..., N; (2) an
included group variable | whose confounding effect we want
to estimate; and (3) possibly an excluded group variable E
whose confounding efforts we wish to ensure are not misat-
tributed to /. Using the notation introduced in the main text,
we want to calculate the RTG score RTG' or, if E is present,
the restricted RTG score RTG'E. For notational simplicity we
use RTG' for both scores here. Each item x; has a label for
the included group /; and —optionally, when excluding another
confounder—a label for the excluded group E;.
We compute U, the query score for item g, as follows:
1. Define two sets: S, consisting of the indices of the items
that share the same included group label /; with item g,
and D, consisting of the indices of the items whose
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included group labels do not equal /;. When excluding
another potential confounder, the indices of the items
that share the same excluded group label E; with item g
are removed from S, and D,,.

Sq={i :i # qandl; = I, (and optionally E; # Eq)}

Dg= {i : i # gandl; # I, (and optionally E; # Eg)}.

2. Then, Ug is defined as the fraction of pairs of items with
indices in sets Sy and D,, where the distance from
the query item to the item whose index is in set S; is
less than it is to the item whose index is in set D, (with
half attribution in the case of equal distances): Ug =

WZ/equjquﬂ [d(xq, %) <d (Xq,X;) | +0.5 X

1[d(xq, %) =d(xq, %)) |,

where |Sy| and |Dg| are the number of elements in the sets S,
and Dg, and d(x4,x)) is any chosen distance measure that is
valid for comparing items of our dataset.

This definition is identical to the ROC AUC computed when (1)
all the items whose indices are in the set S;UD,, are sorted by
their distance to the query item and labeled with 1 and Os if
their indices are members of S, and Dy, respectively, and (2)
the 1 and Os are treated as true and false positives as in stan-
dard ROC analysis. Thus we can efficiently compute Ug froma
single pass through S, UD,, after sorting.

The RTG score RTG' is simply the average of the scores Uﬁ,
over all possible query items in the dataset (i.e., forg =1, ...,
N). Of note, for some queries, qu may be undefined because
either set S, or D, is empty. These queries are excluded
from averaging.

SUPPLEMENTAL INFORMATION

Supplemental information can be found online at https://doi.org/10.1016/].
patter.2022.100451.

ACKNOWLEDGMENTS

The authors would like to thank S. Linderman and L. Abbott for helpful discus-
sions and comments on the manuscript.

AUTHOR CONTRIBUTIONS

Conceptualization, A.R. and R.B.; simulations, A.R. and G.S.E.; data analysis,
A.R.; analytics, G.S.E.; writing, A.R., P.R., R.B., S.K,, and G.S.E.

DECLARATION OF INTERESTS

This work was fully supported by Herophilus, Inc. A.R. and P.R. are employees
of Herophilus, Inc. S.K. and G.S.E. are co-founders of Herophilus, Inc. A.R.,
P.R., R.B., S.K., and G.S.E. have equity interests in Herophilus, Inc.

Received: August 16, 2021
Revised: November 28, 2021
Accepted: January 26, 2022
Published: February 22, 2022


mailto:gse3@columbia.edu
mailto:gse3@columbia.edu
https://www.rxrx.ai/
https://doi.org/10.5281/zenodo.5893469
https://doi.org/10.5281/zenodo.5893469
https://doi.org/10.5281/zenodo.5893469
https://doi.org/10.5281/zenodo.5893469
https://github.com/herophilus/rtg_score
https://github.com/herophilus/rtg_score
https://doi.org/10.1016/j.patter.2022.100451
https://doi.org/10.1016/j.patter.2022.100451

Patterns

REFERENCES

10.

11.

12.

. Wang, X., Peng, Y., Lu, L., Lu, Z., Bagheri, M., and Summers, R.M. (2017).

ChestX-ray8: hospital-scale chest x-ray database and benchmarks on
weakly-supervised classification and localization of common thorax dis-
eases. https://doi.org/10.1109/CVPR.2017.369.

. Rajpurkar, P., Irvin, J., Zhu, K., Yang, B., Mehta, H., Duan, T., Ding, D.,

Bagul, A., Langlotz, C., Shpanskaya, K., et al. (2017). CheXNet: radiolo-
gist-level pneumonia detection on chest x-rays with deep learning.
http://arxiv.org/abs/1711.05225.

. Gulshan, V., Peng, L., Coram, M., Stumpe, M.C., Wu, D., Narayanaswamy,

A., Venugopalan, S., Widner, K., Madams, T., Cuadros, J., et al. (2016).
Development and validation of a deep learning algorithm for detection of
diabetic retinopathy in retinal fundus photographs. JAMA 376, 2402-2410.

. Ting, D.S.W., Cheung, C.Y.-L., Lim, G., Tan, G.S.W., Quang, N.D., Gan, A,

Hamzah, H., Garcia-Franco, R., San Yeo, LY., Lee, S.Y., et al. (2017).
Development and validation of a deep learning system for diabetic retinop-
athy and related eye diseases using retinal images from multiethnic pop-
ulations with diabetes. JAMA 3178, 2211-2223.

. Kermany, D.S., Goldbaum, M., Cai, W., Valentim, C.C.S., Liang, H.,

Baxter, S.L., McKeown, A., Yang, G., Wu, X., Yan, F., et al. (2018).
Identifying medical diagnoses and treatable diseases by image-based
deep learning. Cell 172, 1122-1131.e9.

. Zech, J.R., Badgeley, M.A., Liu, M., Costa, A.B., Titano, J.J., and

Oermann, E.K. (2018). Variable generalization performance of a deep
learning model to detect pneumonia in chest radiographs: a cross-
sectional study. Plos Med. 15, e1002683.

. Hagele, M., Seegerer, P., Lapuschkin, S., Bockmayr, M., Samek, W.,

Klauschen, F., Muller, K.-R., and Binder, A. (2020). Resolving challenges
in deep learning-based analyses of histopathological images using expla-
nation methods. Sci. Rep. 10, 6423.

. Rosenbaum, P.R. (2020). Modern algorithms for matching in observational

studies. Annu. Rev. Stat. Appl. 7, 143-176. https://doi.org/10.1146/an-
nurev-statistics-031219-041058.

. Wallach, I., and Heifets, A. (2018). Most ligand-based classification bench-

marks reward memorization rather than generalization. J. Chem. Inf.
Model. 58, 916-932.

Hung, H. (2019). A robust removing unwanted variation-testing procedure
via -divergence. Biometrics 75, 650-662.

Gerard, D., and Stephens, M. (2021). Unifying and generalizing methods
for removing unwanted variation based on negative controls. Stat.
Sinica. https://doi.org/10.5705/ss.202018.0345.

Zhang, B.H., Lemoine, B., and Mitchell, M. (2018). Mitigating unwanted
biases with adversarial learning. In Proceedings of the 2018 AAAI/ACM
Conference on Al, Ethics, and Society (ACM) https://dl.acm.org/doi/10.
1145/3278721.3278779.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22,

23.

24,

¢? CellPress

OPEN ACCESS

Xu, D., Yuan, S., Zhang, L., and Wu, X. (2018). FairGAN: Fairness-aware
generative adversarial networks. In 2018 |IEEE International Conference
on Big Data (Big Data) (I[EEE) https://ieeexplore.ieee.org/document/
8622525/,

Ganin, Y., and Lempitsky, V. (2014). Unsupervised domain adaptation by
backpropagation. http://arxiv.org/abs/1409.7495.

Zhao, Q., Adeli, E., and Pohl, K.M. (2020). Training confounder-free deep
learning models for medical applications. Nat. Commun. 717. https://doi.
org/10.1038/s41467-020-19784-9.

D’Antonio, M., Benaglio, P., Jakubosky, D., Greenwald, W.W., Matsui, H.,
Donovan, M.K.R., Li, H., Smith, E.N., D’Antonio-Chronowska, A., and
Frazer, K.A. (2018). Insights into the mutational burden of human induced
pluripotent stem cells from an integrative multi-omics approach. Cell Rep
24, 883-894.

Carcamo-Orive, |., Hoffman, G.E., Cundiff, P., Beckmann, N.D., D’Souza,
S.L., Knowles, J.W., Patel, A., Papatsenko, D., Abbasi, F., Reaven, G.M.,
et al. (2017). Analysis of transcriptional variability in a large human ipsc li-
brary reveals genetic and non-genetic determinants of heterogeneity. Cell
Stem Cell 20, 518-532.€9. https://doi.org/10.1016/j.stem.2016.11.005.

Volpato, V., and Webber, C. (2020). Addressing variability in iPSC-derived
models of human disease: guidelines to promote reproducibility. Dis.
Model. Mech. 13. https://doi.org/10.1242/dmm.042317.

Chopin, N., Gadat, S., Gued], B., Guyader, A., and Vernet, E. (2015). On
some recent advances on high dimensional Bayesian statistics. ESAIM
Proc. Surv. 51, 293-319. https://doi.org/10.1051/proc/201551016.

Cuccarese, M.F., Earnshaw, B.A., Heiser, K., Fogelson, B., Davis, C.T.,
McLean, P.F., Gordon, H.B., Skelly, K.-R., Weathersby, F.L., Rodic, V.,
et al. (2020). Functional immune mapping with deep-learning enabled phe-
nomics applied to immunomodulatory and COVID-19 drug discovery.
bioRxiv. https://doi.org/10.1101/2020.08.02.233064.

Shah, K., Bedi, R., Rogozhnikov, A., Ramkumar, P., Tong, Z., Rash, B.,
Stanton, M., Sorokin, J., Apaydin, C., Batarse, A., et al. (2020).
Optimization and Scaling of Patient-Derived Brain Organoids Uncovers
Deep Phenotypes of Disease (Cold Spring Harbor Laboratory). https://
www.biorxiv.org/content/10.1101/2020.08.26.251611v3.abstract.

Mann, H.B., and Whitney, D.R. (1947). On a test of whether one of two
random variables is stochastically larger than the other. Ann. Math. Stat.
18, 50-60. https://doi.org/10.1214/aoms/1177730491.

Mclnnes, L., Healy, J., Saul, N., and GroBberger, L. (2018). UMAP: uniform
manifold approximation and projection. J. Open Source Softw. 3, 861.
https://doi.org/10.21105/joss.00861.

Gilbert, P.B., Rossini, A.J., and Shankarappa, R. (2005). Two-sample tests
for comparing intra-individual genetic sequence diversity between popu-
lations. Biometrics 67, 106-117.

Patterns 3, 100451, April 8, 2022 11



https://doi.org/10.1109/CVPR.2017.369
http://arxiv.org/abs/1711.05225
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref3
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref3
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref3
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref3
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref4
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref4
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref4
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref4
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref4
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref5
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref5
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref5
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref5
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref6
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref6
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref6
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref6
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref7
https://doi.org/10.1146/annurev-statistics-031219-041058
https://doi.org/10.1146/annurev-statistics-031219-041058
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref9
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref9
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref9
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref10
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref10
https://doi.org/10.5705/ss.202018.0345
https://dl.acm.org/doi/10.1145/3278721.3278779
https://dl.acm.org/doi/10.1145/3278721.3278779
https://ieeexplore.ieee.org/document/8622525/
https://ieeexplore.ieee.org/document/8622525/
http://arxiv.org/abs/1409.7495
https://doi.org/10.1038/s41467-020-19784-9
https://doi.org/10.1038/s41467-020-19784-9
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref16
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref16
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref16
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref16
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref16
https://doi.org/10.1016/j.stem.2016.11.005
https://doi.org/10.1242/dmm.042317
https://doi.org/10.1051/proc/201551016
https://doi.org/10.1101/2020.08.02.233064
https://www.biorxiv.org/content/10.1101/2020.08.26.251611v3.abstract
https://www.biorxiv.org/content/10.1101/2020.08.26.251611v3.abstract
https://doi.org/10.1214/aoms/1177730491
https://doi.org/10.21105/joss.00861
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref24
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref24
http://refhub.elsevier.com/S2666-3899(22)00024-1/sref24

Patterns, Volume 3

Supplemental information

Hierarchical confounder discovery

in the experiment-machine learning cycle

Alex Rogozhnikov, Pavan Ramkumar, Rishi Bedi, Saul Kato, and G. Sean Escola



SUPPLEMENTAL NOTES

RTG scoring with continuous confounders

The RTG score defined in Algorithm 1 assumes that potential confounders are discrete (e.qg.,
gender). However, in many situations confounders can be continuous (e.g., age, or some
companion measurement in an experiment such as temperature). In this case, RTG scores
cannot be calculated as currently defined. One simple option is to discretize continuous
confounders into bins. In this case, one needs to choose the bin boundaries which represent
hyperparameters of the RTG score.

Alternatively, we can relax the definition of the RTG score to explicitly permit continuous
confounders. Using notation from Algorithm 1, we have:

1 N N
Ut = Gt s 2y 001 = BadWig (1= i) (1 = vig) (1 = i)
X {1[d(xq,X;) < d(Xg,X;)] +0.5 X 1[d(Xq,X;) = d(Xg,X;)]},

1i=Iq|? |Ei—Eq|?
where: w;; = exp (— — ), Viqg = €xp (— Tzq)’ W =311 — g)wig(1 — viy), and Wi =

11 = 841 — wig)(1 — vy,). Here, I; and E; are the values of continuous included and
excluded confounders for data point i; w;; and v;; measure, from 0 to 1, how similar an included
or excluded confounder value is to the corresponding confounder label of query item g; J,; is
the Kronecker delta; and W’ and qu are normalizers that “count” the number of items that

share and do not share included confounder identity with the query item after items that share
excluded confounder identity with the query have been removed.

If, for discrete confounders with labels rather than values, we define |I; — I,| = 0 for I; = I, and
|I; — I4| = oo for I; # I, then this equation for UZI is identical to the equation in Algorithm 1. Thus
it is possible to mix and match continuously-valued and discrete valued confounders.

When dealing directly with continuous confounders, one needs to choose the hyperparameters
o and 9 which determine the scale over which confounder variables can be said to switch from
being of the same value to being of different values. These hyperparameters are analogous to
the bin boundaries that need to be chosen when using the discretization strategy. Thus, either
strategy requires determination of hyperparameters which is unnecessary for purely discrete
confounders. Of note, it is appropriate to call these hyperparameters rather than parameters
because they relate to the confounders I; and E; and not to the data x;. RTG analysis applied to
data with continuous valued confounders remains nonparametric with respect to the data itself.
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Supplemental Figure S1. Weaknesses of encoder and decoder models for linear confounder discovery. a.
Demonstration that linear isolation of donor confounding effects fails. Methods are as in Figure 2e, except for the
orange line that attempts to isolate the confounding effects of donor by subtracting (i) the variance explained by a
linear regression model trained to fit the data from clone identity alone from (i) the variance explained by a model
trained on both donor and clone. However, this quantity is always zero because donor and clone are hierarchically
nested confounders (i.e., all data samples that share the same clone label also share the same donor label), meaning
that clone always provides perfect information about donor. Conventions as in Figure 2e except that o, = 400, for
the left panel. b. Linear decoders as confounder detectors are insensitive to effect size. A data generative process
was used that could parametrically switch from having the variables donor or batch primarily structure the data.
Decoding accuracy is insensitive to this switch while RTG scores report which variable is most important. RTG scores
were calculated as per Algorithm 1; decoding accuracies are 5-fold cross validations results using multi-class logistic
regression (i.e., softmax) models. Chance decoding accuracy is 0.01; differences between batch and donor decoding
accuracy is due to finite size effects. Data generation: 6-dimensional Gaussian mixture data was generated as
follows. For dimensions n € {1,2,3}, the donor and batch means were sampled as u% ~ N(0,2) and u2 ~ N(0,1). For
dimensions n € {4,5,6}, the means were sampled as u¢ ~ N(0,2) and u2 ~ N(0,5). The number of donors and
batches were each 100. Then, for the i" of 1000 data points, a random donor d; and a random batch b; were chosen.
Forn € {1,...,6}, the data point was sampled as [x;],, ~ N(uﬁi + ufj, 1). For each value of ¢ in the plot prior to RTG
scoring or decoder training and testing, the final three dimensions were multiplied by o (i.e, for n € {4,5,6}, [x;],, <
a[x;],. For small g, the first 3 data dimensions — with larger donor variance — primarily structure the data. For large o,
the last 3 dimensions — with larger batch variance — primarily structure the data. RTG scoring recognizes these
effects while linear decoding is unaffected.



RTG for donor-exclude-same-clone (RTGD\C)
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Supplemental Figure S2. Diagrams illustrating the computation of the restricted RTG score for donor-exclude-same-
clone (RTGP\¢; Algorithm 1 in Methods). Diagram 1: a query point q is selected. Diagram 2: all data points that share
the same clone as the query are excluded from the calculation of the query score. The arrows point to the two most
similar non-excluded data points. Diagram 3: the data are ranked by their similarities with the query. Diagram 4: when
evaluating pairs of points — one that shares the same donor as the query and another that does not — the fraction of

such pairs that are ordered by their similarities with the query is the query score Ug\c for the current query. Here, one
out of ten possible pairs is out of order (the pair marked with the red arrow), giving a query score of U,?\C =0.9. The
average over all possible queries is the restricted RTG score RTGP\°.
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Supplemental Figure S3. Shuffle distributions for changes from debiasing by donor versus clone. a. The mean
difference in accuracies after and before debiasing by donor minus the mean difference in accuracies after and
before debiasing by clone was calculated with the mean taken over 100 random samples of the data (dotted orange
line). Then, the accuracy differences for donor and clone were shuffled 10000 times and for each shuffle the
difference in mean differences was computed (blue histogram). No shuffles resulted in values greater than the orange
line giving p < 10™%. b. Same as a with the roles of donor and clone reversed.

a Sample size: 100% b Sample size: 10%
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Supplemental Figure S4: Comparing RTG scores between a full dataset from Recursion Pharmaceuticals?® and a
subsampled version of the same dataset. a. This panel is a repeat of Figure 5a. b. RTG scores after subsampling
10% of the original data. Errors are bootstrapped 95% confidence intervals obtained by resampling with replacement.
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