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Abstract

Clustering is widely used for exploratory analysis and scientific discovery, driving insights
from market segmentation to biological data analysis, but its outputs can be difficult to
interpret, audit, and reproduce as modern datasets become increasingly large and complex.
Reliable use of clustering requires understanding which features drive the discovered struc-
ture, yet feature-level explanations for clustering remain scarce compared with methods in
supervised learning. Furthermore, existing clustering feature importance scores are often
tied to specific algorithms and data assumptions. To address these challenges, we propose
Cluster LOCO (Leave-One-Covariate-Out), a family of model-agnostic feature importance
scores for clustering. Cluster LOCO is built on feature occlusion and clustering generaliz-
ability, defined as whether cluster labels learned on one subset of the data can be accurately
predicted on held-out samples. For any chosen clustering algorithm, Cluster LOCO quan-
tifies a feature’s importance by measuring how much its removal degrades generalizability.
We first introduce Cluster LOCO-Split, which relies on data splitting, and then extend it
to Cluster LOCO-MP, a minipatch ensemble-based version designed for large-scale data.
Across synthetic simulations and an application to cell-type discovery in single-cell tran-
scriptomics, we show that Cluster LOCO more reliably recovers informative features than
existing clustering feature importance methods.

1 Introduction

A fundamental task in unsupervised learning, clustering is used across disciplines ranging from the social
sciences, astrophysics to biology (Handcock et al., 2007; Materne, [1978; [ Xu & Wunsch, 2010) to draw in-
sights from data by forming groups or partitions. Yet clustering is not defined by one canonical objective. As
emphasized by [Luxburg et al| (2012), clustering has several use cases: it may be used for preprocessing, to
organize, compress, or denoise data; for exploration, to reveal unknown structure and generate hypotheses;
or for confirmation, to validate hypothesized groupings or support scientific discoveries. Because clustering
intervenes upstream in the data science life-cycle (Yu & Kumbier) [2020), its outputs influence downstream
analysis, modeling, and scientific interpretation. It is therefore consequential that clustering-driven conclu-
sions be reliable, trustworthy, and reproducible.

At the same time, reliability is difficult to assess for clustering solutions because of the underlying assumptions
and choices made by clustering models: for example, K-means requires specifying the number of clusters,
and the algorithm will return exactly that many groups whether or not such structure is meaningful in the
data (Allen et al., 2023)). This challenge is amplified in modern datasets, where complex nonlinear patterns,
interactions, and high dimensionality can limit the effectiveness of classical methods (Kriegel et al.l |2009)).
In response, practitioners increasingly rely on deep clustering models (Min et al. [2018; |[Li et al., |2023)) or
heavily feature-engineered workflows (Ding & He, [2004; |Jolliffe & Cadima), 2016} |Jin & Wang] 2016} [Stuart
et al |2019; Wolf et al.| |2018]). While these approaches can improve the detection of complex structure (e.g.
nonlinearity) or domain-dependent specificity (e.g. zero-inflated data), they can also make the resulting
clusters harder to understand and audit. For instance, in genomics, clustering has enabled meaningful
discoveries of cell types and markers (Villani et al., 2017)) while, on the other hand, computational studies
centered on clustering have raised persistent concerns about reproducibility (Gibsonl 2022)). For clustering to
support rigorous discovery, we therefore need tools that clarify why a clustering solution arises. In particular,
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feature-level explanations can help identify which features the clustering solution relies on and promote trust
(Gan et al., [2025)).

We address this need by bringing the perspective of interpretable machine learning (IML) to clustering,
establishing a useful notion of feature importance for clustering solutions. In many clustering applications,
features are themselves meaningful and interpretable: they are the genes in transcriptomic data, words
in text data, behavioral or measured attributes in the social sciences and often the object of downstream
analysis. For example, in single-cell genomics, practitioners commonly interpret clusters by identifying
“marker genes” i.e. genes that differ across the discovered clustering groups (Villani et al., 2017)), through
differential expression analysis, where genes are tested across clusters (Kiselev et al., 2019). While useful
for annotation, this workflow can raise post-selection inference, or “double dipping” concerns because the
same data are used both to define the clusters and to assess the features that distinguish them, a practice
known to inflate the false discovery rate of significant genes (Zhang et al., |2019; |DenAdel et al.| |2024} Song
et al., 2023]). Moreover, features that differ across clusters are not necessarily the features that produced the
clustering solution. We therefore focus on feature importance for clustering, which asks directly how much
each feature contributes to the clustering structure itself.

This IML perspective is well established in supervised learning, where feature importance methods are widely
used to explain model predictions (Molnar, 2018]). In clustering, however, feature-level interpretability
remains comparatively underdeveloped. Existing work has largely followed two directions: intrinsically
interpretable clustering algorithms, built on interpretable supervised methods such as decision trees with a
modified objective for clustering (Hu et al., |2024)), and post-hoc explanations tailored to specific algorithms,
mainly K-means (Napoles et al.l 2024} [Kauffmann et al., [2024). While useful, these approaches can be
difficult to scale to large datasets, might make particular data assumptions or constrain the practitioner to
specific clustering models. On the other hand, feature selection in clustering enables handling large scale data
and has been well studied with models leveraging sparsity via regularization (Witten & Tibshirani, [2010;
Wang et al., |2018)), filters or wrapper methods (Xing & Karpl 2001} |[Dash et al. 2002; |Roth & Lange, |2003;
Alelyani et al.l [2014). While related, feature selection and feature importance answer different questions.
Feature selection asks which features should be used to construct a clustering solution, often by optimizing
a sparsity or clustering quality criterion. In contrast, feature importance asks, after a clustering solution has
been obtained, which features contributed most to it. We instead seek a post-hoc interpretation of a chosen
clustering model, separating the explanation of a clustering solution from the decisions used to produce it.

To formulate such a post-hoc interpretation, we turn to feature importance methods from supervised in-
terpretable machine learning. In supervised learning, feature-level interpretability includes a wide range of
model-specific and model-agnostic techniques. For model-agnostic techniques, we find three main types of
feature importance metrics: feature permutation introduced via model-class reliance (Fisher et al., [2019;
Breiman| [2001) inspects the model’s "reliance” to each feature via its error; Shapley values (Shapley, [1953;
Lundberg & Lee, 2017) and extensions (Sundararajan & Najmil |2020; |Mase et al., 2021} [Verdinelli & Wasser-
man, [2023), a popular metric based in game-theoretical axioms which distributes feature value across features
fairly; and feature ablation or occlusion which explains the change in prediction when a feature is removed
(Lei et al., [2017; [Rinaldo et al.l |2019; [Verdinelli & Wasserman), 2023]).

In this paper, we propose a model-agnostic feature importance framework for clustering based on feature
occlusion. Our approach is motivated by the Leave-One-Covariate-Out framework [Lei et al.| (2017): remove
a feature and measure how much the clustering solution changes. If removing a feature substantially alters
the clustering, then the feature is important for the discovered structure; if the clustering remains largely
unchanged, then the feature is less important. This definition is straightforward to interpret, post hoc as it
is applied after a clustering method has already been chosen, and is therefore flexible to complex clustering
workflows. Our contributions are as follows: first, we introduce Cluster LOCO, a family of model-agnostic
feature importance metrics for clustering based on feature occlusion via Cluster-LOCO-Split. Second, we
develop Cluster LOCO-MP, a scalable minipatch-based extension designed for high-dimensional data. Third,
we validate our approach in simulated settings, including low-dimensional examples with complex nonlinear
structure and high-dimensional regimes, and compare it against existing feature importance methods. Lastly,
we demonstrate our framework in a single-cell transcriptomics application where important features for
clustering are biologically meaningful.
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2 Feature importance scores for clustering via LOCO

2.1 Background for Cluster LOCO

Before introducing our Cluster LOCO family of metrics, we review two existing notions that inspired our
metric: generalizability and LOCO.

Generalizability in clustering, also sometimes coined as predictability, was first proposed in the context
of model selection by [Lange et al.|(2004) and [Tibshirani & Walther| (2005]) as an alternative to stability-based
validation techniques relying on sampling or bootstrapping non disjoint subsets of data (Ben-Hur et al.| 2001
Levine & Domanyl |2001). Instead, the stability of cluster solution is captured by a transfer predictor to
measure how generalizable the cluster solution on one disjoint subset is to another. We apply this idea to the
ML paradigm of data splitting, where a portion of the data is carved out as a training set, another held-out
for calibration i.e. X = X, LU X,;. Then the measure of generalizability of the clustering solution is defined
as the error (or dissimilarity) between the clustering solution on the calibration set (z.q; cluster labels for
Xca) with its transferred labels via a transfer classifier ftr trained on the training data (X, with cluster
labels zi,).

generalizability error = Error (anz, ftr(Xcaz; (Xer, z”)) (1)

This quantifies the generalizability of clustering solutions: a small value for the error (or dissimilarity)
between clustering solutions and predictions on the calibration set means the clustering solution learned
from the train set is very generalizable to the held-out calibration set. Example of error measures include
the mean squared error (used observation-wise in [Tibshirani & Walther| (2005)’s prediction strength index),
or the Hamming distance (which corresponds to the misclassification risk of the calibration set) in Lange
et al.| (2004]). However, for clustering which involves multi-class labels, a more popular similarity metric for
clustering label comparison is the adjusted-Rand index (ARI). In fact, the aforementioned error measures
require a label alignment step, a linear assignment problem that can be solved using the Hungarian matching
algorithm (Kuhnl [1955)) while ARI is permutation invariant. Alternatively, we also use the multi-class hinge
loss as point-wise error measure for Cluster LOCO when using a soft classifier. These scores empirically
yield similar normalized feature importance (see Appendix Figure [5| for a comparison of error measures on
a simple example).

Leave-One-Covariate-Out (LOCO) on the other hand is an extensively studied quantity borrowed from
supervised learning (Lei et al., 2017 Verdinelli & Wassermanl [2023; |Gan et all, 2023} |Little et al., 2025))
which quantifies the change in prediction error when removing a feature. In its LOCO-Split form, the LOCO
error for feature j given test point (X, y) is obtained by the difference in prediction error on the test set in
the absence of feature j (i.e. f;,” fit on without-j training data (X, —j,¥s,.)) and the prediction error on
the test set given the full feature set for training (i.e. fi trained on (Xi,y,.)) as shown in equation [2 I

LOCO] (X7 y) = EI‘I‘OI‘(y, ft;j (X—j; (Xtr,—ja ytr)) - EYTOT(ZU, ftT(X; (Xtr7 ytr)) (2)

Essentially, LOCO quantifies how much the model performance drops when retraining the model after
excluding feature j to determine whether it was an important feature: if the performance degrades, then
feature j is important whereas if the performance remains unchanged, feature j isn’t important.

2.2 Cluster LOCO-Split: a generalizability feature importance score

The LOCO objective lends itself naturally to a clustering extension: one may remove a feature, re-cluster
the data, measure the resulting change in cluster solution using internal validity indices or stability scores
for example. However, popular validity indices such as the silhouette score (Rousseeuwl [1987; Karanikola
et al. [2021)) often rely on geometric assumptions (i.e. favoring compact or well-separated clusters). On
the other hand, most stability criteria (Ben-Hur et al.l 2001} Luxburg) 2009) measure the robustness of the
clustering solution under resampling and the LOCO interpretation of the effect of feature occlusion is less
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meaningful as scores reflect mostly the model’s sensitivity. Therefore, we choose to use generalizability as
a meaningful quantity for feature importance via LOCO: providing a model-agnostic and assumption-free
feature importance. We give an illustrative example of both silhouette-based LOCO and stability-based
LOCO scores’ limitations in Section 3 compared to our generalizability-based Cluster LOCO-Split score.

In order to capture the change in generalizability of clustering solutions due to feature contribution, our
score (in eq. [3)) quantifies the change in generalizability error when removing a feature. Essentially, when
an important feature is removed for the cluster algorithm, the clustering solution is expected to be less
generalizable and the generalizability error without the feature increases.

Cluster LOCO-Split. For X € RV*M gplit into Xy, and Xeqr, Co a clustering algorithm. Cluster the
training set and get the cluster labels z;, = Cp(Xy,), cluster the calibration set and get cluster labels
Zcal = C@(Xcal):

Aj (X) = EI‘I‘OI‘(ZCal, ft;j (Xcal,fj; Xtr,7j7 Ztr)) — Error (anh ftr(Xcal; (Xtr7 Zt'r‘) ) (3)

generalizability error without j generalizability error

We summarize our Cluster LOCO-Split algorithm in Algorithm [I} where the metric of dissimilarity used
from the stability literature is usually the negative ARI. We start by splitting the data into training and
calibration i.e. Xy = {X;}iez,, and Xeq = {X;}iez,,, respectively, and for cluster algorithm Cp (where
denotes all hyperparameters for the clustering algorithm), we separately obtain the cluster labels on each
split zy. = Co( X)), Zear = Co(Xecar)- We set { Xy, 24} to be the training set for the generalizability
predictor while { X a1, Zcq; } is used as unseen held-out set. Cluster LOCO-Split requires two generalizability
classifiers, a base generalizability classifier ftr trained on the full training set (X, zi-) and its without
feature-j counterpart ft;j trained on the without feature-j training set (Xy, _;, 2¢r). We derive the Cluster
LOCO-Split score as the difference between the generalizability error leaving out feature j evaluated on the
calibration set (Xcai,—j, Zcar) and the generalizability error with full features evaluated on the full feature
calibration set (Xcai, Zcal)-

Algorithm 1 Cluster LOCO-Split

Input: Unlabeled X € RV*XM
1: Split data into training and calibration sets: Xy, = {X; biez,, and Xea = {Xi ez, -
2: Cluster each split:
(a) Cluster the training data: {X;}icz,,. to obtain cluster labels {z;}icz,, -
(b) Cluster the calibration data: {X;}iez,,, to obtain cluster labels {z; }iez..,-
3: Fit generalizability classifiers
(a) Fit f to the cluster-labeled training data {(X, z;)}iez,, -
(b) Fit f=7 to cluster-labeled without j training data {(Xi _;, 2i) }iez,, -
4: Compute & return Cluster LOCO-Split

A;pht := BError (anl, ft;j(Xcal’,jKXm,j, Ztr))) — EI“YOY(anh ftr (Xear|(Xir, Ztr)))

Output: {A;pm M

2.3 Scaling Cluster LOCO: a fast procedure for high-dimensional data

Cluster LOCO-Split inherits several limitations from data splitting and feature occlusion. First, splitting
the data reduces the sample size available both for fitting the clustering model and for estimating the gen-
eralizability error. This can reduce accuracy and make the score sensitive to the specific train-calibration
split. The issue is especially pronounced when clusters are unbalanced: if either split contains few observa-
tions from a cluster, the resulting generalizability estimate can become unstable. Second, because Cluster
LOCO-Split removes one feature at a time, it can underestimate the importance of correlated features: in
the presence of two correlated features, removing one may have little effect because the other remains in
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the active feature set; as a result, both features may receive artificially low importance scores. Multi-fold
splitting can mitigate some of the instability caused by data splitting, but it increases the computational
cost substantially and may be impractical for large datasets as one would have to refit F' x (M + 1) models,
where F' the number of folds. In this section, we introduce Cluster LOCO-MP, a minipatch-based extension
designed to address these limitations. By leveraging ensembles of small random subsets of observations
and features, Cluster LOCO-MP provides a fast and more stable approximation of Cluster LOCO scores,
improving scalability in large datasets.

2.3.1 Cluster LOCO-MP: Cluster LOCO with minipatch ensembles

To scale up our Cluster LOCO feature importance score for large-scale data, we introduce minipatches. Mini-
patches are tiny subsamples of the data that enable fast and extremely parallel model fitting via ensembling.
Instead of traditional subsampling observations into batches (Breiman| |2001; |Louppel |2015), minipatches
require simultaneous subsampling of n << N observations and m << M features, and yield a natural
structure of the data in in- and out-of-patch features and in- and out-of-patch observations. Minipatches
have been shown to have computational advantages in the supervised learning setting (Yao & Allen| [2021}
Toghani & Allen, [2021; |Gan et al., [2023)), benefit from implicit ridge-like regularization useful in correlated
settings (Yao et al., |2021) and have been used successfully for clustering in consensus clustering (Gan &
Allen), 2022). By drawing on those properties of minipatches, our Cluster LOCO-MP score is fast with large
datasets, and no longer sensitive to correlated features.

Algorithm [2] presents the full Cluster LOCO-MP procedure. The algorithm follows the same principle as
Cluster LOCO-Split, but replaces a single train-calibration split with an ensemble of minipatches in a leave-
one-out framework exploiting the natural in and out-of-patch structure. Given a base cluster algorithm and
classification algorithm, we require to fix ahead a large number of minipatches B. Then our algorithm can
be summarized in four steps: first, performing minipatch clustering and generalizability training; second and
third, obtaining the ensemble LOO and LOCO-LOO predictions; and finally computing the scores. Since we
cluster each minipatch and then train a generalizability classifier to predict the resulting cluster labels, they
are arbitrary across minipatches and require to be aligned to a common labeling. We outline in our algorithm
an alignment step using a reference clustering but when computing such a reference clustering is costly, one
can alternatively use the pairwise overlap across minipatches to get approximate alignment. The aligned
predictors are then aggregated out-of-training: the LOO ensemble predictor H averages predictions over
minipatches that exclude the target observation, whereas the LOCO-LOO predictor H~J further restricts
this average to minipatches that also exclude feature j. The Cluster LOCO-MP score is then defined as the
change in prediction error between the ensemble H~J and H.

The computational advantages of our method come primarily from the minipatch construction. Each mini-
patch contains only a small subset of observations and features, reducing the cost of fitting computationally
expensive clustering procedures on large data. Moreover, because minipatches are generated and fitted inde-
pendently, the training step is naturally parallelizable. For example, spectral clustering has time complexity
O(N?), which becomes O(Bn?®) under minipatch clustering, where n < N is the number of observations
in each minipatch and B is the number of minipatches. The ensemble scores can also be computed in
parallel across features, making the implementation modular and adaptable to the available computational
resources. Beyond computational efficiency, feature subsampling in the minipatch ensemble helps evaluate
the contributions of correlated features. Because different minipatches contain different subsets of features,
some include one feature of a correlated group but not another, while others exclude the group altogether.
The resulting ensemble prediction error therefore reflects how much predictive information is lost when a
feature is unavailable across the ensemble, even when it belongs to a set of correlated features.

2.3.2 Cluster LOCO-RAMPART

In high-dimensional applications, practitioners are often primarily interested in the top-k ranked features
driving a clustering solution rather than the full set of important features. This is particularly relevant in
applications such as genomics, where many features may be irrelevant or redundant (e.g. house-keeping
genes) and interpretation typically focuses on a small set of candidate markers. In such cases, computing
Cluster LOCO-MP scores for every feature can be both computationally expensive and statistically inefficient.
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Algorithm 2 Cluster LOCO-MP

Input: Unlabeled X1,..., Xy € RM to cluster.
1: Perform minipatch consensus clustering and minipatch training:
(a) Randomly sample B minipatches of size n x m indexed (I, F,)Z ;.
(b) Obtain a reference clustering zo = Cy(X) for alignment.
(c) Cluster each minipatch b to get the minipatch cluster label Z;, = Cy(X7, r,). Align 25, with 2o 1,
via Hungarian matching to get zj, .

(d) Calculate consensus clustering z* where for i = 1,..., N,
* = 1€ y)l(zi =k
Z = arg max 2 (i € Iy)1(zi = k)

(e) Train the generalizability classifiers on each minipatch b: fy on (X1,.5,,21,)-
2: Construct Cluster LOO ensemble prediction H for observation i:

H(X;.) = > X l(X1,m21))
{be[B]-ig Ty}
3. Construct Cluster LOCO-LOO ensemble prediction H 7 for features j = 1,..., M and observation i:
H(X; ) = > Fo(Xi.p | (X1, 1,0 21,))
{be[B-igly,j¢ Fy}

4: Compute Cluster LOCO-MP scores for feature j =1,..., M:

A; := Error(z*, H7(X._;)) — Error(z*, H(X))

Output: {Aj}jw:l
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We therefore combine Cluster LOCO with the RAMPART framework of |Chen et al.|(2025)), a data-adaptive
procedure for top-k feature ranking. In RAMPART Cluster LOCO, Cluster LOCO-MP is used as the round-
level feature scoring oracle: at round ¢, Cluster LOCO-MP produces importance scores {A;t) :j € S} on
the active feature set S;. Features are then ranked from these scores, the bottom half is discarded, and
the procedure repeats until only the top-k candidates remain. This yields an adaptive feature importance
procedure: preliminary Cluster LOCO-MP estimates are used to screen and prioritize candidate features, and
additional computation is concentrated on the most promising features retained through multiple rounds of
fixed-batch sequential halving. |Chen et al.| (2025) showed that while theoretically the order of the number of
minipatches required with this procedure is roughly the same as for the minipatch estimates, empirically, in
their work and also in our sparse high-dimensional simulations in section 3, this adaptive procedure improves
the identification of important features while reducing computational cost substantially. The underlying
interpretation remains unchanged: features are important when their removal increases the generalizability
error of the clustering solution. The full Cluster LOCO-RAMPART algorithm is provided in the Appendix
(Algorithm [3]).

2.4 Extensions and practicalities
2.4.1 Cluster-specific LOCO

In many applications, cluster-level feature interpretability is more informative than global feature inter-
pretability: for instance, in genomics, this corresponds to understanding which genes are important for a
particular cluster that might identify with a specific cell type. We defined earlier the Cluster LOCO impor-
tance metric in the most general sense, compatible with dissimilarity metrics as well as point-wise error scores.
In the case of point-wise error scores like multi-class hinge loss, we can extend the family of Cluster LOCO
global importance scores to cluster-level importance scores. Cluster LOCO-Split admits a natural cluster-
specific interpretation: instead of aggregating over all data points, one can aggregate over each cluster and

get a cluster-specific important score (see eq. . For feature j and cluster k, let N¢! = Yier., Wzi=k):

A spli 1(z; =k pj -
Ajf);t = Z % (Error(zi,ftrj (Xi,—j;: (Xir,—j, 2er))) — Error (2, for (Xi 5 (sztr)))> (4)
1€Lcqr k

Similarly, we can derive the Cluster-specific LOCO-MP estimates for any point-wise error metric, where for
feature j and cluster k,

N fa— A . A
A%P = Zl m (Error(zf, H™I (Xi’,j)) - Error(zf, H(Xi);))> (5)

This property makes our score highly interpretable at both a local and global scale which is not the case for
most scores in the literature: only the SHAP-derived quantities and LRP admit sample-level to global-level
interpretation. For clustering however it is especially important to be able to assess the model at the cluster
level, especially when those clusters are used for scientific analysis in downstream tasks. We present such a
case in section 4.

2.4.2 Choice of hyperparameters

Cluster LOCO is a family of post-hoc interpretability metrics and is not intended to replace careful selec-
tion and validation of the clustering model itself. The choice of clustering algorithm, distance or similarity
measure, number of clusters, and other model-specific hyperparameters should be made before using Cluster
LOCO metrics, drawing on appropriate domain knowledge and clustering validation procedures (see Yin &
Hamerly| (2009); Luxburg (2009); [Handl et al.| (2005); [Ullmann et al.| (2022); |Gan et al, (2025)). Once a
clustering solution has been selected, Cluster LOCO metrics can then be used to interpret which features
contribute most to that solution. For Cluster LOCO-Split and Cluster LOCO-MP, the main tuning choices
are the train/calibration split ratios and minipatch size ratios respectively. For the former, both splits must
contain enough observations to obtain meaningful cluster labels and stable generalizability estimates. We
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recommend shuffling the data before splitting and using a balanced split, such as a 50% train and 50% cal-
ibration split, as a default. This choice helps avoid pathological splits in which rare or unbalanced clusters
are poorly represented in either the training or calibration set. For Cluster LOCO-MP, the main hyper-
parameters are the minipatch size ratios. The minipatch size controls the tradeoff between computational
efficiency and the accuracy of the score estimates: smaller minipatches are faster but may yield noisier
clustering solutions, while larger minipatches better approximate the full-data clustering problem at greater
computational cost. The minipatch size ratios can be tuned in general as discussed in |Gan et al.| (2023)
and tend to be robust when selecting the appropriate ratios (ry = %,7y = §7) in the range of 20%-50%
for both observations and features (Gan & Allen) [2022)).

3 Simulations

In this section, we evaluate our proposed Cluster LOCO-Split and Cluster LOCO-MP/LOCO-RAMPART
methods against existing feature importance approaches in simulation settings. We compare our metrics
against five baseline methods that provide feature importance for clustering: a prototype-based feature im-
portance (PBFI) and Fuzzy C-Means Shapley (FCM SHAP) from [Népoles et al.| (2024), permutation feature
importance (PFI) (Pfaffel, [2020]), an extension of layer-wise relevance propagation (LRP) for KMeans clus-
tering proposed by Kauffmann et al|(2024); and IMPACC, a minipatch-based adaptive consensus clustering
algorithm proposed by |Gan & Allen (2022). Since no public code base was available for PBFI or FCM
SHAP, we re-implemented both methods in Python. We also extended the KMeans-based PFI implementa-
tion, originally proposed in R, to arbitrary scikit-learn-style clustering algorithms, and similarly adapted
IMPACC, originally in R as well, to be compatible with these algorithms.

3.1 lllustrative simulation for Cluster LOCO-Split

To illustrate the limitations of existing methods and how Cluster LOCO-Split is able to obtain better
feature importance scores in even simple examples, we construct a small but challenging synthetic example
for clustering. This synthetic clustering example consists of 3 signal features created from interlaced half
circles with varying levels of overlap and noise shown in Figure [Th; details on the data-generating process
are provided in the Appendix. We augment those 3 signal features with 2 pure noise features sampled from
independent uniform distributions. The difficulty of this example stems from the nonlinear separability of
the clusters, which challenges methods that favor convex cluster geometries.

Spectral Clustering recovers the true groups as indicated by an adjusted Rand index of 1, whereas methods
that impose convex or linearly separable clusters, such as KMeans with an adjusted Rand index of 0.40,
produce incorrect assignments as shown in Figure [Ip. Consequently, feature importance methods using
KMeans, including FCM-SHAP (where we used exact Shapley), LRP, PBFI, and the original permutation-
based score PFI, explain a misspecified clustering model rather than the clustering structure of interest.
As shown in Figure [Ip, these methods assign high importance to noise features in this setting. We also
investigated several LOCO-style scores based on different clustering validation criteria: we show two such
variants constructed from popular scores, silhouette LOCO is based on the silhouette score change when
removing one feature, stability LOCO computes the change in negative ARI under the model-explorer
stability objective, using the framework of Ben-Hur et al.| (2001)). We find that our generalizability-based
score, Cluster LOCO-Split, provides the most informative notion of feature importance in this simple yet
challenging setting where it uniquely separates signal from noise and correctly orders the signal features by
importance.

3.2 Cluster LOCO for large data via minipatch ensembles

We next applied Cluster LOCO-MP for large data: generating three base clustering simulations with K =7
clusters, N = 3500 observations (500 observations per cluster), with fixed signal features p* = 10 and
increasing noise features ppoise € {10, 40, 190,490,990} covering different clustering difficulties. We propose
two mixtures models: a Gaussian mixture with onion covariance structure (as proposed by |Qiu & Joe| (2006)))
to introduce correlation in the features and a Gamma mixture model that generates data with heavier tails.
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Figure 1: Cluster LOCO is a reliable feature importance score for complex clustering problems. a. Sim-
ulated dataset presents nonlinearly separable clusters, first three features are signal features, ordered by
their importance of contribution. Removing X; leads to a harder clustering problem in the remaining signal
space with overlapping nonlinearly separable clusters, removing X5 leaves a moderately hard problem while
removing X3 leads to the easier problem hence the ordered importance of each feature. The last two features
are pure noise features sampled from a uniform distribution. b. Feature importance scores of possible
LOCO-style metrics and existing IML methods for clustering in the literature. For model-agnostic methods
we use Spectral Clustering that yields the highest adjusted Rand index (ARI) on this problem while we
report the method used for model-specific algorithms. Our Cluster LOCO importance score is the only
metric able to recover the correct signal features with the correct ordering.

For a more complex scenario of clustering, we generate clusters inspired by the two-dimensional toy examples
of moons and concentric circles (Ester et al.,|1996]): we sample our data in a two-dimensional embedding with
controlled geometry and project up using an orthogonal projection to get any higher-dimensional extension.
Each of those three base simulations has two difficulty levels created by varying cluster separation or signal-
to-noise ratio into easier or harder clustering problems as shown in the PC-space scatter plot of the generated
data in Figure [2f row 1 and 3. We report the top-10 hits (or precision at 10 features) of the true 10 signal
features for each method i.e. |{top 10 features by method} N {true 10-feature set}|. Our Cluster LOCO-
MP and Cluster LOCO RAMPART methods were run with fixed B = 5000 and Brampart = 1000 and
minipatch ratio sizes ay = 0.2, ap; = 0.2, while IMPACC was run with the default hyperparameters.
Because FCM SHAP is extremely computationally expensive to run for exact Shapley value, we used in this
example the SHAP permutation approximation of Shapley values with 20 iterations. For each simulation
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Figure 2: Simulation results are obtained across three settings: A. Gaussian mixture, B. Gamma
mixture, and C. interlaced moons/circles. Model-agnostic algorithms used are KMeans for Gaussian
mixtures, Gamma mixture EM for Gamma mixture, Spectral Clustering for interlaced moons/circles. For
each setting, rows 1 and 3 show the data colored by true labels in PC space, while rows 2 and 4 report top-
10 hits for feature importance with signal features p* = 10 and noise features pyeise € {10, 40,190, 490,990}.
Model-specific feature importance scores’ models are reported in the legend. Top-k hits were averaged over
100 replicates. Cluster LOCO-MP and RAMPART ol%tperform existing methods on most tasks.




Under review as submission to TMLR

setting, model-agnostic methods were evaluated with the best performing algorithm among typical clustering
algorithm of the scikit-learn environment: for Gaussian mixtures, we used KMeans, for the interlaced
moons/circles, we used Spectral Clustering. For Gamma mixture, we implemented an EM Gamma mixture
model that was best suited for clustering this type of data.

In Figure 2] panels A2 and A4, the performance of the different feature importance scores in the Gaussian
mixture model case is reported via the top-10 hits: PBFI and LRP which are KMeans-based recover the
correct features as expected, our Cluster LOCO-RAMPART and Cluster LOCO-MP scores also recover
the correct top-10 features for p < 500, with a slight drop in performance at p = 1000 which could be
solved by budgeting ahead more minipatches. In the easy case, IMPACC performs well, but improves
especially when the number of noise features grows as it is designed for sparse features. FCM SHAP and
PFI perform the worst overall in the easy and hard case of the Gaussian mixture. For FCM SHAP, the
steep drop off of performance is due to the gap between exact Shapley and the approximation with fixed
number of iterations while the number of features grow. In the two other simulation examples in Figure
columns B and C, our Cluster LOCO family scores outperforms all comparative scores the most definitely:
in the Gamma mixture case, IMPACC achieves similar or better performance only when the features are
extremely sparse (5% or less of the features are signal features), while in the easy case, both Cluster LOCO
RAMPART and Cluster LOCO-MP have robust recovery of the top-10 features. We see similar results with
the interlaced moons /circles (Figure[2 panels C2 and C4), Cluster LOCO-MP and Cluster LOCO RAMPART
being extremely consistent and effective at recovering the true signal features. We note that in the easy case,
LRP is also able to recover effectively the true signal when there is stronger separation in the data and
nonlinearity does not affect KMeans as much when it was initialized well. However this performance drops
when the clusters have more overlap in their supports (see Figure [2| panels C3 and C4). Overall, Cluster
LOCO methods for large data perform as well as or outperform existing methods for those diverse clustering
simulations, even typically "hard" clustering tasks, and we provide further simulation results in the Additional
figures.

4 An application in single-cell transcriptomics to immune cells

We apply Cluster LOCO-MP and Cluster LOCO-RAMPART for scientific discovery in a real-world clustering
application. In single-cell transcriptomics, clustering is routinely used to discover putative cell types or
states, after which differentially expressed genes are identified post-hoc and interpreted as marker genes
for the discovered groups. This workflow is embedded in popular pipelines such as Scanpy and Seurat
(Wolf et al., 2018} [Hao et al., 2021)), and sometimes considered the gold standard for discovering cell-type
identities (Luecken & Theis, |2019)). However, this two-step procedure raises important statistical concerns:
the same data are first used to define clusters and then reused to test for genes that distinguish those
clusters, a form of double dipping or data snooping known to inflate false discovery rates (Lahnemann et al.)
2020). Moreover, this sort of cell-type clustering for gene marker annotation is not a unified framework:
the clustering algorithm choice can substantially change the downstream discoveries, and those new marker
genes are implicitly dependent on the clustering solution, which can contribute to a lack of reproducibility
of results (Gibson, 2022). Cluster LOCO addresses this gap by directly quantifying the contribution of each
feature to clustering generalizability, providing a clear unified framework for feature importance in clustering
rather than relying on separate downstream testing steps.

4.1 Peripheral Blood Mononuclear Cells dataset for immune cell types discovery

We study the Peripheral Blood Mononuclear Cells (PBMC) dataset published by |Zheng et al. (2017)) that
was annotated using purified transcriptomics populations. Our goal is to cluster and understand the cluster-
wise marker genes discovered using traditional pipelines of gene annotations (known to suffer from double
dipping) and our proposal of feature importance. We use the processed data available via Scanpy (Wolf
et al., [2018]) that consists of 765 genes and 700 single cells, obtained after normalizing and scaling the data
as reported on the 10X Genomics repository. The reported labels were obtained by classifying the single-cell
data with 11 purified sub-populations of PBMC reference profiles and are referred to as bulk labels or purified
labels. Tt is important here that we chose data that was not generated via clustering but via a correlation

11



Under review as submission to TMLR

approach for external validation of our results. To further illustrate our results, we compiled known marker
annotations of human PBMCs from three sources: the Azimuth atlas (Stuart et al., [2019), as well as [Ding
et al.| (2020) and [Oelen et al| (2022) supplementary data on known markers of human PBMC cell types.
When pooling known markers, we note that the granularity of cell typing was not always consistent, and
this leads to some markers ambiguously marking multiple cell types.

4.2 Globally important genes for clustering

In this data application, global feature importance scores identify the genes most influential for the overall
clustering solution. A reliable and interpretable model should reflect the biological reality, therefore we
expect highest ranked features to align with some of our known marker genes defining cellular identity
in human PBMC. We report in Figure [3| the results for six clustering feature importance metrics: Cluster
LOCO-MP, Cluster LOCO-RAMPART with top-100 genes, IMPACC (consensus clustering with minipatches
importance), LRP (layer-wise relevant propagation score), PBFI (prototype-based feature importance) and
PFI (permutation feature importance). Following the best practices for model selection in clustering (Allen
et al., 2023} [Wycik et al., |2026)), we chose hierarchical clustering with Ward linkage with K = 10 clusters
to correspond with the 10 known purified labels as base clustering algorithm for our model-agnostic feature
importance scores. We show in Figure Bh the clustering solutions in PC-space aligned with the reported
labels for both hierarchical clustering and KMeans clustering that PBFI and PFI use. Cluster LOCO-MP
was run with B = 5000 minipatches and minipatch ratio sizes ay = 0.42 for observations, ap; = 0.26
for features. We aligned the obtained labels for each methods with the reported purified labels using the
Hungarian algorithm.

To evaluate the different clustering feature importance methods, we first analyze the top 10 most globally
important features in Figure [3p, where the highest-ranked features correspond to the most important genes
driving the clustering structure. We first note that KMeans-based importance methods PBFI and PFI fail to
find any known marker genes among the 10 most important genes. Among the remaining four methods, the
CD14+ monocyte marker F'TL is consistently important for Cluster LOCO-MP, Cluster LOCO-RAMPART,
LRP and IMPACC, matching the original empirical findings in [Zheng et al.| (2017). Overall, Cluster LOCO-
MP recovers a larger number of reference cell type-specific marker genes than the competing methods.
Cluster LOCO-MP also demonstrates the strongest alignment with the biological ground truth, assigning high
importance scores primarily to known marker genes from dendritic cells and monocytes, which correspond
to the two most well-separated clusters in the PC space. On the other hand, LRP that uses a neuralized
KMeans and therefore is more flexible than traditional KMeans recovers similar reference markers as Cluster
LOCO-MP. In particular, Cluster LOCO-MP and LRP share important genes like ATF'! and LST1 that do
not belong in our reference marker set but whose expression patterns have been documented in the monocyte
and myeloid cell types in the PBMC literature (Thul & Lindskog)} 2018; |[Leon-Oliva et al.||2023; [Ferreira et al.|
2024). However, LRP also presents PSAP a gene with lower immune-lineage specificity (Thul & Lindskog),
2018), and therefore with a less interpretable profile for cell typing. We note that IMPACC’s top-ranked
features include a mixture of CD34+ hematopoietic stem cell markers and monocyte markers. However,
half of its top 10 most important genes lack documented cell-type specificity (e.g., IGLL1). These results
underscore that in order to interpret important genes, the clustering solution needs to match a relevant
biological truth. In particular, selecting hierarchical clustering as opposed to KMeans yields clustering
solution that match a closer biological truth and therefore the solutions are necessarily more interpretable.

4.3 Cluster-wise important genes and marker selection

Global feature importance scores identify the genes most influential for the overall clustering solution, but
cluster-level scores are needed to assess which genes characterize individual cell types. We compare here
Cluster LOCO-MP at cluster-level with LRP also aggregated at cluster-level — other importance scores
investigated earlier are solely global feature importance scores. In parallel, we implement the clustering +
differential gene expression workflow commonly used in single-cell analysis and described in Scanpy tutorials
(Wolf et all |2018): data is clustered using Louvain clustering, identifying 11 clusters, and subsequent
differential gene expression is obtained using t-test across Louvain clusters with Benjamini-Hochberg
correction. We define differentially expressed genes (DEGs) using a 5% adjusted p-value cutoff and rank
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Figure 3: Top 10 most globally important genes obtained via different feature importance methods. a.
Normalized gene expression, reported and clustered via base clustering models - Hierarchical Clustering
and standard KMeans clustering, in PC space. b. Feature importance scores: we color the genes by

known marker genes extracted from the Azimuth Human PBMC database (2021)) and the manual

annotations from Ding et al. (2020)) and Stuart et al| (2019). Genes that appear not to be in any known

PBMC cell type marker set are colored in grey. We note that Cluster LOCO-MP finds the most marker
genes, KMeans-based methods fail to identify known markers in the important genes.
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significant genes by the magnitude of their z-scores. We show in Figure the data in PC-space colored
with the respective methods, notably hierarchical clustering for Cluster LOCO-MP, neuralized KMeans
for LRP and Louvain clustering for differential gene expression where labels have been aligned with the
reported purified labels. Cluster LOCO-MP was also run with B = 5000 minipatches and minipatch ratio
sizes any = 0.42 for observations, ajy; = 0.26 for features for the cluster-level analysis.

The cluster-level feature importance are here analyzed for three well separated cell types (CD14+ monocytes,
dendritic cells, CD56+ natural killer cells) and one cell type that is harder to cluster (CD344 hematopoietic
stem cells) shown in the PC space in Figure . For each aligned cluster, we compare the top-ranked genes
from Cluster LOCO-MP, LRP, and the standard Scanpy workflow (Figure [4pb—d), with full top-10 rankings
for all cell-type-aligned clusters reported in the Additional figures (Figures . Across all clusters,
Cluster LOCO-MP recovers a larger number of cluster-specific marker genes than the competing methods.
In particular, for the well separated clusters, Cluster LOCO-MP and LRP produce broadly similar rankings,
and both are largely consistent with the DEG-based rankings. However, LRP and DEGs rank several genes
with weaker cell-type specificity or genes absent from our marker reference set (CFD, VIM, LAT2, SPI1,
S100A10, PTPRCAP). We also note that Cluster LOCO-MP and LRP scores for monocytes and dendritic
reflect the mixing of true dendritic cells with monocytes as shown in the reported labels of Figure [Bh, with
the presence of shared markers. On the other hand, this cell type is largely over-clustered via Louvain
(see Figure where the DEGs of cluster 4, 9 and the unmatched cluster 10 are very similar. In this
particular case study, DEGs show possible false positive signal, with larger amount of markers significant for
clusters that do not match the cell type they identify (see table . For the CD34+ hematopoietic stem cell
cluster, which is less cleanly separated than the monocyte, dendritic-cell, and NK clusters, Cluster LOCO-
MP is largely more interpretable than LRP and differential gene expression analysis. In this case, Cluster
LOCO-MP ranks three known CD34+4 HSC markers among its top 10 genes, namely PRSS57, EGFL7, and
CYTL1, whereas LRP and differential gene expression rank no known CD34+ HSC markers, in fact LDHB
appears as a DEG although reported to rather be a marker for Naive T cells or Memory T cells. This
pattern is consistent with the geometry of the learned clustering shown in the PC space: well-separated
clusters yield more specific and interpretable markers, while less cleanly separated populations, particularly
T-cell subtypes, lead to more ambiguous marker rankings across all methods. We note however that this
validation against known biological markers is necessarily incomplete: genes absent from a reference marker
set may reflect noise or poor specificity, but they may also represent missing markers, or previously under-
characterized context-specific genes. Nevertheless, Cluster LOCO-MP most consistently prioritizes cluster-
specific markers, suggesting that its local feature importance scores better reflect the features supporting
the learned clustering structure.

5 Discussion

Clustering is often subject to debate regarding its rigor: is clustering an art or science (Luxburg et al.,
2012)7 In this work, we contribute to making clustering more scientifically rigorous by addressing a gap in
the interpretability of clustering solutions. We devised Cluster LOCO, a novel family of feature importance
metrics for clustering that are model-agnostic, flexible and scalable. Through synthetic and real-world
evaluations, we have shown our method’s flexibility and Cluster LOCO provides feature-level explanation
improving the reliability and trustworthiness of clustering solutions, especially for downstream analysis.
In particular, in our single-cell transcriptomics application, we addressed a current challenge in single-cell
analysis by providing a new unified framework for gene marker annotation that informs practitioners with
interpretable, cluster-specific genes corresponding to cell-types when the clustering algorithm identifies a
cluster aligned to the biological cell states.

Furthermore, Cluster LOCO’s model-agnostic design extends beyond typical clustering algorithms to encom-
pass entire clustering pipelines: our framework can be applied on workflows that incorporate preliminary
dimensionality reduction, or truly blackbox models, provided they can be applied to obtain new clustering
solutions. Cluster LOCO was therefore implemented as an open-source Python library compatible with
scikit-learn-style estimators and requires standard fit and predict functionality from the clustering
model. As such, Cluster LOCO is universally applicable to both simple algorithms and sophisticated unsu-
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Figure 4: Top 10 most important genes for clusters corresponding to well separated cell types: CD14+
Monocytes (Cluster 5), Dendritic cells (Cluster 9), Natural Killer cells (Cluster 8) and CD34+ hematopoietic
stem cells (Cluster 7). a. Normalized gene expression in PC space colored by cluster labels aligned
with the reported labels. KMeans labels are from the neuralized KMeans model. b. Cluster LOCO-MP
feature importance scores: Hierarchical Clustering was used as base clustering algorithm. c. Layer-wise
Relevant Propagation (LRP) feature importance scores for neuralized KMeans. d. Louvain clustering
and differential gene expression: genes ranked in size effect among those tested significant at level 0.05
in differential expression testing. Our method Cluster LOCO-MP captures more consistent cluster-specific

markers.
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pervised architectures, while retaining a straightforward feature interpretation. However, several limitations
remain: first, although the minipatch formulation improves scalability, Cluster LOCO still requires repeated
clustering because of feature occlusion, making it more computationally demanding than simpler post-hoc
scores. For instance, in settings involving neural network-based clustering models, architecture-specific inter-
pretability methods may be more computationally efficient, although typically less general than our proposed
approach. Second, Cluster LOCO focuses on feature-level interpretability: it explains which variables are
important for a clustering solution globally or cluster-wise, but it does not directly provide sample-level local
explanations for why a particular observation was assigned to a particular cluster.

Future work could extend Cluster LOCO along both methodological and computational directions. Com-
putationally, future work could further improve the efficiency of the minipatch procedure through adaptive
sampling designs (e.g. multi-armed bandits, or active learning methods). Methodologically, the notion of
generalizability could be adapted to unsupervised tasks beyond clustering, including dimensionality reduc-
tion, topic modeling, or representation learning. In each case, LOCO-style feature importance would ask
which features are necessary for the learned structure to remain stable and generalizable under refitting,
providing a path toward feature-level interpretability for a broader class of unsupervised workflows. Finally,
an important direction is to further investigate the use of Cluster LOCO in single-cell transcriptomics. Our
immune-cell analysis provides one case study in which cell-type labels were available from external validation
experiments, but future work could evaluate the framework across additional datasets, cell-type annotation
settings, pre-processing pipelines, and biological contexts. In particular, it would be useful to study how
Cluster LOCO compares with marker discovery pipelines based on reference-atlas cell-type classification.
More broadly, we believe Cluster LOCO can support a more transparent and statistically grounded use of
clustering in scientific discovery.
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A Appendix

A.1 Simulation details

A.1.1 Interlaced moons toy example

The example is constructed from 2 interlaced moons (circular arcs) in both features 1, 2 and 3. We
parametrize for the 3 clusters respectively:

o Cluster 1: X; =0.35+1.35sin(71) +€, and Xy = 0.5+ 1.35cos(Ty) + €, where T1 ~ U(0.057,1.057)
where ¢, e, ~ N(0,0.08%). Then let R = /(X2 — 0.1)2+ (X; +0.05)2, X3 = —0.8sin(1.5R) +
0.2log(|1 + X2|) + 0.9 + €., €, ~ N(0,0.08%) as well.

o Cluster 2: X; = —0.05+sin(T%)+¢,; and Xy = —0.05+cos(11)+€, where Tr ~ U(0.957, 1.957) where
€xy €y ~ N(0,0.08?). Then let R = /(X3 — 0.1)2 + (X, +0.05)2, X3 = 0.8sin(1.5R) + 0.2log(|1 +
Xo|) — 0.7+ €, €, ~ N(0,0.08%) as well.

o Cluster 3: X7 = —0.0540.7sin(75)+¢, and Xo = 0.55+0.7 cos(T3) +€, with T3 ~ U(—0.157,1.157).
Then let R = /(X3 — 0.1)2 + (X1 + 0.05)%, X3 = 0.8sin(1.5R) + 0.5log(|1 + Xa|) + 0.66 + .,
€, ~ N(0,0.082) as well.

By construction, X 3 is a nonlinear transformation of X; and X5 and is particularly correlated with X5. We
decorrelate X3 from Xs to get the final X3 feature: X3 = X5 — %)&’;)(SXQ. The data is then augmented
with 2 features Xy, X5 ~ U([—1,2]) independently.

A.1.2 Comparative simulations

For each simulation setting, we generated labeled data (X;,Y;), where Y; € {1,..., K} denotes the clus-
ter label and each cluster k& contains nj observations. The data generating process first produces a low-
dimensional signal representation in latent dimension X € R% and is embedded into higher-dimensional
signal feature space R¢. We then append pure noise features, so X; € RM where M = d + duoise-

Gaussian Mixture. The standard Gaussian mixture model outputs generates the signal latent X; €
R% Y, € {1,...,K}. Let a € R>? be a parameter controlling cluster separation, u; € R% ¥, € Rdoxdo
then observations for cluster k are sampled from X’Z-|Yi =k ~ N(apy, X)) where Xy, is obtained via an onion
covariance structure |Qiu & Joe| (2006) that builds a correlation matrix layer-by-layer, hence its name, and
ur’s coordinates are sampled uniformly at random between [—1,1].

Gamma Mixture. The Gamma mixture introduces non-Gaussian marginal distributions while allowing
dependence among features through a Gaussian copula. For each cluster k, let Ry denote a cluster-specific
correlation matrix and let Fj; be the CDF of a gamma distribution with shape parameter a; and cluster-
specific scale parameter sy;, I'(a;, sk;) . We define the joint distribution of X, | Y; = k by the Gaussian
copula

Cr, (ug,..., udo) =®r, (@71(u1), ceey ‘I’il(udo)) ,

where ®p, is the CDF of a N(0, R;,) with Ry, € R4 and & is the CDF of A/(0,1). The samples are
generated by drawing z; ~ N(0, Ry), setting U;; = ®(z;;), and then applying the inverse gamma CDF

X =F ,;jl(Uij). This construction gives each coordinate a gamma marginal distribution while using Ry, to
control the dependence structure within cluster k.

Interlaced Moons/Circles. We generate half moons and circles in a two dimensional lower dimension
first using mixtures of circles and half-moons. For each cluster k, a radius rj, and center ¢, € R? are sampled,
and the cluster shape is chosen to be either a full circle or a half-circle from a given probability vector. Points
are sampled along the corresponding circular arc with additive Gaussian noise: X; = ¢ +rg(cos 6;, sin ;) +¢;,
where 6; is sampled either on [0, 27] for circles or on an interval of length 7 for half-moons, with a random
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orientation. Cluster centers are placed so that the pairwise overlap between the underlying circles is bounded
by a fixed maximum overlap percentage. This produces nonlinear, partially interlaced cluster structures.

Embedding data in higher dimensions and noise features For high-dimensional simulations, we
embed the low-dimensional signal into a larger ambient space using random feature maps: we generate
random orthonormal projection maps, bringing the X € RN*4 Jatent observations into PX = X e RNxd,
We also construct cluster-specific embeddings, allowing different clusters to be transformed through different
random maps. Finally, we add pure noise signal S € RN Xdoise sampled from distributions such as Gaussian,
Gamma with ¢ = 1, s = 1, Student-t, uniform, triangular, or Laplace distributions. The final data generated
by our simulator becomes X = [X,S] € RV*M,

A.2 Cluster LOCO-RAMPART algorithm

Algorithm 3 Cluster LOCO-RAMPART

Input: Unlabeled data X € RV*M top-k target k, minipatch sizes n, m, minipatches per round B.
1: Set t = 0. Initialize active feature set Sy = [M].
2: while |S;| > k do
3: Obtain round-¢ Cluster LOCO-MP estimates:

{Ag»t)}jest + Cluster LOCO-MP(X. s,,n,m, B)

4: Determine Cluster LOCO-MP estimates’ ranks (in ascending order): (7%,... stt‘) at feature
(71:- -, 7s,)) respectively
5: Retain the top half of the candidate set Sy11 < {7}, - ’%ItSt|/2}'
6: Set t +—t+1.
7: end while
Output: {Ag-T)}jGST, |ST| =~ k.
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A.3 Additional figures
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Figure 5: Comparison of Cluster LOCO-Split scores with different measures of error/dissimilarity averaged
over 20 runs with standard errors for the toy example described in Section 3.1. Mean squared error and
Hamming distance show the more difference in normalized scores compared to other feature importance
scores but we see that this is an effect of the scaling, feature 5 has a "worse" effect for these two errors
relative to the rest of the scores, normalizing inflates the contribution of feature 2, 3 and 4 since all scores
are normalized to be positive with highest importance at 1.
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Figure 6: Extended comparison of Cluster LOCO-Split with existing feature importance scores: we compared
other LOCO-style scores with stability metric and silhouette score, for both KMeans and Spectral Clustering,.
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Figure 7: Top-k hits in three simulation settings for signal features p* = 10 and noise features features pnoise €
{10, 40, 190,490,990} with K = 3 clusters with N = 500 observations per cluster. Cluster LOCO-MP was run
with ay = an = 0.2 and B = 5000, Cluster LOCO-RAMPART with Brampart = 1000. Model agnostic methods
are obtained with KMeans for Gaussian mixtures, Gamma mixture EM for Gamma mixture, Spectral Clustering
for Moons and Circles. Model-specific methods are reported with their base model in the legend. Top-k hits were
reported averaged over 100 replicates.
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A. Gaussian Mixture B. Gamma Mixture C. Moons/Circles
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Figure 8: Top-k hits in three simulation settings for signal features p* = 10 and noise features features pnoise €
{10, 40, 190,490, 990} with K = 3 clusters with N = 300 observations per cluster. Cluster LOCO-MP was run with
B = 5000, Cluster LOCO-RAMPART with Brampart = 1000 and adaptive anx € (0.1,0.5), ap € (0.1,0.5). Model
agnostic methods are obtained with KMeans for Gaussian mixtures, Gamma mixture EM for Gamma mixture,
Spectral Clustering for Moons and Circles. Model-specific methods are reported with their base model in the legend.
Top-k hits were reported averaged over 100 replicates.
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A. Gaussian Mixture B. Gamma Mixture C. Moons/Circles
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Figure 9: Top-k hits in three simulation settings for signal features p* = 10 and noise features features pnoise €
{10, 40, 190,490,990} with K = 3 clusters with N = 100 observations per cluster. Cluster LOCO-MP was run
with ay = anx = 0.2 and B = 5000, Cluster LOCO-RAMPART with Brampart = 1000. Model agnostic methods
are obtained with KMeans for Gaussian mixtures, Gamma mixture EM for Gamma mixture, Spectral Clustering
for Moons and Circles. Model-specific methods are reported with their base model in the legend. Top-k hits were
reported averaged over 100 replicates.
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Figure 10: Top 10 most important genes for clusters via Cluster LOCO-MP feature importance scores:
Hierarchical Clustering was used as base clustering algorithm. Labels were aligned with the reported purified labels.
Known markers from our reference set are colored with the cell-type they identify.
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Figure 11: Top 10 most important genes for clusters via LRP feature importance scores, LRP uses a
neuralized KMeans clustering algorithm. Labels were aligned with the reported purified labels. Known markers from
our reference set are colored with the cell-type they identify.
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Figure 12: Top 10 most important DEGs obtained with Louvain clustering and t-test with BH correction. DEGs
were filtered at significance level of 0.05 and ranked by z-score magnitude. Labels were aligned with the reported
purified labels. Known markers from our reference set are colored with the cell-type they identify. We see the effect
of overclustering in cluster 9, cluster 4 and the unmatched cluster.
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A.4 Appendix tables

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 | Cluster 7 | Cluster 8 | Cluster 9
CD4+ T reg | CD4+ Naive T | CD44+ Mem T | CD8+ Cytotoxic T | CD84 Naive T | CD14+ Monocyte | CD19+ B CD34+ CD56+ NK | Dendritic
Cluster
LOCO-MP 0/10 0/10 0/10 5/10 0/10 5/10 4/10 3/10 5/10 5/10
LRP 0/10 0/10 0/10 0/10 0/10 4/10 3/10 0/10 4/10 5/10
DEGs 0/10 0/10 1/10 1/10 0/10 4/10 3/10 0/10 4/10 8/10

Table 1: Number of markers in the top-10 genes matching known markers of identified cell-type. We report
in blue the highest proportion of consistent marker identified across methods for each cell types.

Cluster 0 Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 | Cluster 7 | Cluster 8 | Cluster 9
CD4+ T reg | CD4+ Naive T | CD44 Mem T | CD8+ Cytotoxic T | CD8+ Naive T | CD14+ Monocyte | CD19+ B CD34+ CD56+ NK | Dendritic
Cluster . .
LOCO-MP 3/10 1/10 1/10 3/10 3/10 2/10 3/10 2/10 1/10 3/10
LRP 1/10 2/10 5/10 2/10 0/10 3/10 5/10 0/10 3/10 0/10
DEGs 6/10 1/10 2/10 4/10 9/10 1/10 4/10 1/10 3/10 1/10

Table 2: Number of markers in the top-10 genes corresponding to known markers for other cell-types
(possible false positive signal). We report in red the highest proportion of inconsistent markers across
methods identified for each cell type.
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