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ABSTRACT

The accurate prediction of chromosomal instability from the morphology of circulating tumor cells (CTCs) enables real-time
detection of CTCs with high metastatic potential in the context of liquid biopsy diagnostics. However, it presents a significant
challenge due to the high dimensionality and complexity of single-cell digital pathology data. Here, we introduce the application
of Quantum Cognition Machine Learning (QCML), a quantum-inspired computational framework, to estimate morphology-
predicted chromosomal instability in CTCs from patients with metastatic breast cancer. QCML leverages quantum mechanical
principles to represent data as state vectors in a Hilbert space, enabling context-aware feature modeling, dimensionality
reduction, and enhanced generalization without requiring curated feature selection. QCML outperforms conventional machine
learning methods when tested on out of sample verification CTCs, achieving higher accuracy in identifying predicted large-scale
state transitions (pLST) status from CTC-derived morphology features. These preliminary findings support the application of
QCML as a novel machine learning tool with superior performance in high-dimensional, low-sample-size biomedical contexts.
QCML enables the simulation of cognition-like learning for the identification of biologically meaningful prediction of chromosomal
instability from CTC morphology, offering a novel tool for CTC classification in liquid biopsy.

1 Background

Unlike traditional tissue tests'-2, cell-based liquid biopsy assays enable selection of individual CTCs for the analysis of chromo-
somal instability using next-generation sequencing by quantification of large-scale state transitions (LST)>~. Chromosomal
instability is a genomic characteristic of cancer cells that drives tumor evolution and metastatic potential'®~'°. However, whole
genome sequencing assays are laborious, requiring a complex workflow that invariably results in a considerable turnaround time
that sometimes is not compatible with clinical practice’®. A previous study has shown that we can partially predict chromosomal
instability in individual cells by developing algorithms that analyze a range of features, including cell shape, size, morphology,
and protein levels, from images of CTCs using an automated digital pathology pipeline’. Predicting chromosomal instability
through morphology offers significant advantages; it can significantly reduce turnaround times compared to whole-genome
assays, providing crucial information about the genomic characteristics of CTCs in a patient in a shorter timeframe>. Timely
information on the presence of CTCs with the highest metastatic potential may be critical for making optimal clinical decisions.

A key challenge in predicting chromosomal instability through morphology is the utilization of a machine-learning
method that accurately classifies morphology patterns from all CTC features and provides a generalization and reproducibility,
compatible with potential validation for clinical use?!>*. Key limitations of commonly used machine learning techniques
in biology applications, such as support vector machines (SVMs) with Gaussian kernels, include the following?'~*: 1) The
increase in dimensionality that arises from combinations of multiple features exponentially complicates the prediction task, as
often seen with cell morphologies. 2) SVMs struggle when classes significantly overlap or when there is label noise, resulting
in support vectors that distort the generalization, leading to high misclassification rates and overfitting on independent datasets.
3) The decision boundary learned by a nonlinear SVM is often not biologically interpretable. The biological explainability of
the underlying models is crucial to enhancing reproducibility?!=>*.

Quantum Cognition Machine Learning (QCML)>~?8 is an emerging field that introduces a novel approach to machine
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learning, grounded in the mathematical principles of quantum theory. In QCML, data points are represented as quantum states
in a complex Hilbert space, while features and target variables are modeled as Hermitian operators or “observables”. The
“observables” are learned by optimizing a particular objective function over the observables’ parameters. Although QCML
models use similar objective functions and evaluation metrics as classical machine learning models, they differ fundamentally
in how data is represented and how functional dependencies among features are parameterized. QCML models are versatile,
capable of handling numerical and categorical data, as well as missing and/or noisy data. They create a global quantum manifold
model (in the sense of quantum geometry>®) of the original data manifold, that is robust to noise and able to generalize well
beyond training samples>27-28 . Part of this adeptness at controlling variance stems from the fact that the number of parameters
of a QCML model scales linearly with the number of features, thus achieving logarithmic economy of representation. For
the first time we introduce the QCML Positive Operator-Valued Measure (POVM). QCML POVM is an extension of QCML
that allows one to forecast the probability density function of a target, as opposed to point estimate. It naturally lends itself
to our problem setup with pLST forecasting where we can produce both real-valued forecasts of pLST (based on expected
mean/median) and probability forecasts of pLST being above/below a certain threshold.

We hypothesize that QCML’s ability to generalize gives it an advantage in computing morphology-predicted pLST compared
to typical machine learning algorithms like SVMs. Here, we test whether the advantage of QCML may help prevent overfitting
and improve prediction performance and reproducibility in metastatic breast cancer cells. QCML outperforms SVM and other
machine learning methods when predicting pLST CTC in out of sample verification which achieves the highest balanced
accuracy and specificity compared to SVM with Gaussian Kernel, the best performing among classical models. Additionally,
among the classification models, QCML POVM achieves the highest AUC-ROC score, a threshold-independent performance
metric.

2 Methods

2.1 Data Acquisition and Preparation

As previously published?, the CTC assay for metastatic breast cancer follows a non-enrichment strategy where all nucleated
cells from patient blood are deposited onto slides and stained using immunofluorescence. We used previously published high-
resolution digital image analysis technology of CTCs for metastatic breast cancer®3?. The pipeline processes high-resolution
fluorescence images acquired via the ZEISS™ Axio automated scanning system. High-resolution imaging is performed and an
automated algorithm scans the data to identify rare candidates for CTCs among millions of white blood cells*3?. The BRIA
machine learning framework filters out non-CTCs and artifacts, reducing the number of candidates for pathologist review* 0.
A multiscale feature enhancement algorithm helps identify nuclei while cell segmentation occurs across various fluorescence
channels (CK, DAPI, CD45/CD31)*3°. The extracted morphological and molecular characteristics serve as input for a machine
learning algorithm trained to identify presumptive CTCs for the validation by experts* 30,

The genomic profiling of CTC was performed as previously published*. A maximum of 5 CTCs per patient are prioritized
by a board-certified pathologist for genomic profiling*. The selected cells undergo lysis and DNA extraction, followed by
amplification of the whole genome and library preparation using the SEQPLEX-I kit*. Low-pass genome sequencing is
used to evaluate chromosomal instability by quantification of LST. A computational pipeline was used to evaluate copy
number variations from CTC sequencing data, following principles similar to standard whole-genome sequencing workflows®.
Sequencing reads generated on the Illumina platform were mapped to the hg38 human reference genome?!, and read counts
were aggregated in 1-Mb intervals across the genome. Quality control metrics were calculated to exclude samples with low
sequencing depth, poor alignment quality, or excessive coverage variability*. Only high-quality samples were retained for
analysis. To normalize genomic coverage, bin-level read depth was scaled relative to the mean autosomal signal, allowing for
correction of chromosome-wide copy number variation®.

A total of 112 morphology features were extracted as previously published’. Eight morphological characteristics were
extracted from each of the nuclear and cell masks: 1) size, 2) roundness, 3) elongation, and 4) the first Hu moment>2, to
measure a more subtle shape variability. We next computed 44 intensity features from nuclear and cell masks across the three
DAPI, CK and CD45/CD31 channels: 1) MFI, 2) lower, 3) median, and 4) upper quartiles, 5) interquartile range, as well
as co-Localizations between channels. 70 texture features are extracted to characterize image patterns. Gabor filters were
extracted for localized frequency and orientation information in images and to detect irregularities in repeating textures with a
fractal feature approximation. Gabor filters were applied with 16 distinct parameter features combinations, comprising four
orientations of the filter (6 = 0°, 45°, 90°, and 135°), two wavelengths (spatial frequency) (A = 0.1 and 0.4), and two standard
deviations as Gaussian width (o =1 and 3), selected based on cell size. For each filtered image, the mean and standard deviation
are computed, capturing orientation- and scale-specific frequency content. Another set of features is computed using Laws’
texture energy measures>>. This involves generating ordered multiplications of one-dimensional filters—L5 (Level), E5 (Edge),
S5 (Spot), and RS (Ripple)—to detect various spatial patterns, with corresponding statistical descriptors calculated from the
filtered outputs. The remaining six features are derived using the Local Binary Pattern (LBP) method, which encodes local
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texture variations such as edges, corners, and uniform regions. For each image channel, an LBP-transformed image is generated,
and inter-channel relationships are quantified using correlation and normalized mutual information, resulting in six final texture
features®.

All patient data were analyzed retrospectively and completely anonymized. All procedures conducted in studies involving
samples from human participants adhered to the ethical standards set by the institutional research committee of Epic Sciences,

which obtained informed consent from all participants.

2.2 Cross-Validation

For the training of both QCML and classical machine learning (ML) methods, we adopted a “case-agnostic approach ”, treating
each cell as an independent observation. We perform 5-fold cross-validation with 5 repetitions, each using a different random
seed for the data split. For hyperparameter tuning, we use the training set of 166 CTCs from 51 patients. We then run the
optimized models on the full dataset of 227 CTCs from 73 patients with the same cross-validation process and report the
average in-sample and out-of-sample performance.

2.3 Quantum Cognition Machine Learning (QCML)

QCML?>2 is a recently introduced machine learning approach grounded in the principles of quantum cognition (for an
overview of quantum cognition, refer to>*). QCML models represent data observations as quantum states in complex Hilbert
space. Recall that in quantum mechanics, a state is a unit-norm vector in a Hilbert space, defined up to an overall phase. We use
the bra-ket notation, representing states by kets such as |y). The inner product between two states |y ) and |y,) is denoted by
the bra-ket (y|y2). A measurement of a quantum observable, represented by a Hermitian operator M, in the state |y) yields
an eigenvalue m; of M with probability given by the squared magnitude of the overlap with the corresponding eigenstate |m;):

| (m;|w) |>. The expression (yw|M|y) gives the expected value of the random variable associated with measuring M in the state
ly) [35,1.2.2].
In QCML, for each vector x, € RX belonging to a data set consisting of = 1,...,T observations, we define an error

Hamiltonian as
1

H(x;) = EZ(A;(—X,J{-I)Z. (1)
k
The operators A are a fixed set of quantum observables for k = 1,..., K, where each observable is represented by a Hermitian

operator on an N-dimensional Hilbert space. In Equation (1), / denotes the N x N identity matrix. Each of these K quantum
observables can be viewed as a ‘quantization’ of a corresponding feature of the original K-dimensional data set. The vector
x; then can be mapped to a quantum state |y;) by finding the ground state (i.e., the eigenstate associated with the lowest
eigenvalue) of the error Hamiltonian (1). This results in a representation of data into quantum states (i.e., normalized vectors in
a complex Hilbert space). Conversely, for an arbitrary quantum state |y), its ‘position’ can be defined as the K-dimensional
real vector

x(v) = ((wlAly))E_, € RK.

In quantum theory, this vector represents the expected outcomes of measuring the observables A, in the quantum state |y). As
a result, with a set of quantum observables {A;}, we can convert data into quantum states by finding the ground state |y;) for
each data point x,, and we can also extract information from any quantum state |y) by calculating its position x(y).

In an unsupervised setting, training a QCML model involves iterative updates to the observables {A;} so that the ground
states |y;) ‘cohere’ to the data, that is, the distance between x, and its position x( ;) is minimized, as well as the variance of
the measurement. During optimization, we can use different forms of a loss function: the distance, the total energy of the error
Hamiltonian, or a combined loss function, as discussed in detail in?>.

In the supervised setting, which is the main focus of this article, the training process differs from unsupervised case?®. The
target variable y € R is assigned a N-dimensional quantum ‘forecast’ observable B. Given a data point X, the corresponding
forecast, measured in quantum state y;, is given by

yir = (wi|Blwr) .

During the training process, the quantum observables {A; } and B are updated at each iteration to minimize a loss function
Z (Y, y:)- The loss function can take various forms such as mean absolute error, mean squared error, cross-entropy, etc. Note
that in case of mean absolute error, the non-differentiability of the loss function does not add further complexity to the algorithm,
since the mapping from X, to its ground state y; is already non-differentiable, the singular points corresponding to the locus
of degeneracy of the error Hamiltonian (1). This framework can be easily adapted to handle multiple target variables by
introducing separate quantum ‘forecast’ observables for each target. Below is the summary of the training algorithm:
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QCML univariate regression model training

* Randomly initialize feature operators {A; } and target operator B.
* [terate over training data and operators until desired convergence:

1: Generate error Hamiltonian H (x,)

Holding Ay constant, find the ground state |y;) of H(x;)
Generate the forecast y; = (y;|B|y;)

Calculate gradients of the loss function .Z (y;,y;) w.r.t Ay and B
Update Ay, and B via gradient descent

The implementation details of these steps vary based on how the operators A; and B are parameterized, and there are
multiple options for loss functions and optimization methods. The Hilbert space dimension N is a hyperparameter that can
be tuned through cross-validation. While larger N values generally reduce the loss, they may cause overfitting and poor
generalization, whereas smaller dimensions typically result in higher bias but lower variance.”. For practical purposes, it’s also
best to keep N small to maintain computational efficiency.

To this end, the main goal is to have a model which produces binary forecast (classification) for a cell being LST positive
(LST+) corresponding to LST parameter LST>12, where the cutoff of 12 is based on previously published analytical validation
data of the metastatic breast cancer platform*. We also want the model to 1) produce real-valued LST forecasts, and 2) have the
ability to control the balance between specificity and sensitivity. To achieve this, we build a QCML-based regression model and
designed a mixed-loss function that incorporates both L1 and cross-entropy components, effectively capturing both regression
and classification errors. Additionally, the cross-entropy component allows for a varying weight on the positive class to achieve
the desired specificity/sensitivity balance. We apply a weight of w, = 0.5 to the positive class to prioritize specificity. Below is
the outline on generating the forecasts and probabilities:

1) Generate regression forecast: y; = (y;|B|y;);

2) Form true labels for classification: y{’ =1 where 6,57 = 12 is our LST threshold;

ye>0ps7

~

3) Form probability forecast for classification: y! = & (()@ — 9LST)S5>, where 6(x) = (H%*) is the sigmoid function and

So 1s a learnable scale parameter.

Then the mixed-loss function takes the following form:

A 1 n X CE
(gradient-free) (gradient-free) ’
47 Lok

gTotal = (2)

1.
where fuz;Zlyﬁytl,
t

1
Fow =~ X ol 108(57) + (1 P log(1-57)]
t

Here, the “gradient-free” loss fﬁmd'em'me) and £ adient-free) ;e defined within a gradient-descent-based training frame-
work (PyTorch in our case). This allows us to use the evaluated value of the loss while explicitly excluding its gradients from
the optimization process. For -Zry.1, adjusting each loss component by the corresponding “gradient-free” loss forces each
component’s loss to be equal to 1. However, the gradient V. %, Will not necessarily be 0, allowing the model to learn while
maintaining consistent weighting between the loss components.

2.4 QCML Positive Operator-Valued Measure
QCML Positive Operator-Valued Measure (POVM) extends QCML to predict probability density functions for targets instead of
single point estimates. This extension provides the ability to forecast full probability distributions, which enables the estimation
of confidence intervals and offers a more detailed understanding of the predictions. This approach is particularly well-suited for
our LST forecasting task, as it allows us to produce both continuous-valued predictions (e.g., expected mean or median LST)
and probabilistic forecasts (e.g., the likelihood that LST exceeds a specified threshold).

Generalized measurements in quantum mechanics are described by a set of operators known as a Positive Operator-Valued
Measure (POVM)*. A POVM is a collection {Fk} of positive semi-definite operators acting on the Hilbert space, such that
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Y Fi. = I. Each operator £}, corresponds to a possible measurement outcome. The connection between the quantum state and
the measurement outcomes is provided by Born’s rule. For a state |y), the probability of observing the outcome associated
with the POVM element k is given by p, = (w| F; |y).

QCML POVM allows us to forecast the probability density function p(y) of a continuous target variable y instead of point
estimates. Without loss of generality, we will assume that y € [—1,1]. Suppose that we want to generate a probability density
function of a continuous variable y conditional on a quantum state |y). We introduce a function mapping y into output operators
f’(y), generally non-Hermitian, such that

1
| TP )y =1 3)

The set of operators F(y) = ¥7(y)! (1), indexed by the continuous parameter y, forms a POVM. By construction, the probability
density function p(y) is given by

p() = (WY MY () |v). )

The POVM elements ¥ (y) can be parametrized in a variety of ways. Here, we suggest parametrization in terms of a finite
number of Legendre polynomials® L (y):

K—1
2n+1
Loy n-+

where, K is the truncation parameter and Ay, are generally non-Hermitian matrices to be learned. Then Equation (4) becomes:

P 2n+1 [2m+1
p0) = ¥ WIALA W) L0 7 T

n,m

Given the orthonormality of Legendre polynomials:

2

m 5nm ) (5 )

1
/ L,(z)Ly(2)dz =
-1
it follows from Equation (3) that:
K=1 .
Y AjA, =1
n=0

Therefore, the matrices £, = AT A, form a POVM.
For a target variable y on arbitrary support [a,b], we consider a PDF g(y) as an initial guess. We use this distribution to do a
variable transformation into z € [—1,1]:

= Gly) = 2/yg(t)dt Y

Now we construct the PDF to be learned as:

p() =2 X 22 AT ) L (G 3)) L (G080,

Using (5) and making a variable transformation z = G(y) and dz = 2g(y)dy we can confirm that

b
[ p0xdy =X (wlAiA,lv) = 1.
a n
Given a special case of (y|AfA, |y) = 8,080, we get p(y) = g(y).
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Figure 1. Distribution of genomics-determined LST values across all cases. Scatter plots show the
genomically determined LST ground truth values which are shown per CTC, sub-grouped by case ID number
and ranked from left to right by increasing LST values. We show the visual representation of the heterogeneity
in the distribution of LST values across each case ID.

3 Results

3.1 CTC Dataset Description

A total of 227 available cells were identified across all patients. These cells were 1) selected as candidated CTC by a trained
pathologist, 2) sequenced, and 3) met the genomic quality control (QC) metrics established by our pipeline*. On average,
each patient had 3.25 sequenced CTCs (with a standard deviation of 1.87; the maximum was eight, and the minimum was
1). This data established the ground truth for measuring chromosomal instability based on the number of LST. We divided
the overall cohort into a training set, which included 51 patients and 166 CTCs. Figure 1 shows the heterogeneity of LST
values across each case in the training set. Figure 2a shows the genomically determined LST values distribution for all cases,
organized by case ID number and ranked in ascending order based on LST values. We identify that 73% (37 out of 51) of the
cases in the training set had at least one LST+ CTC. Following that, digital pathology features, including cell morphology and
fluorescence intensity levels were extracted from each CTC image. As detailed in Methods Section, and previously published*’
112 morphology features were extracted: 8 from nuclear and cell masks (size, roundness, elongation, and the first Hu moment)
and 44 intensity features from DAPI, CK, and CD45/CD31 channels (MFI, lower, median, upper quartiles, interquartile range,
and co-localizations). Additionally, 70 texture features were obtained using Gabor filters, applied with 16 parameters to capture
frequency content, orientation, and irregularities with fractal approximations. Laws’ texture energy measures were used for
detecting spatial patterns, and six features were derived from the Local Binary Pattern method to analyze local texture variations
across image channels.

To understand the linear relationships between metastatic breast cancer CTCs digital pathology features and their ground
truth genomically determined LST, we calculated Pearson’s correlations between them. We found that CTCs with a higher
degree of chromosomal instability, represented by higher LST values, were significantly correlated with a larger nuclear
(r=0.22,P = 0.032) and cellular (» = 0.15,P = 0.04) morphology size, which is a measure of the overall pixel area of
a segmented nucleus and cell (Figure 3a and 3b). It was also substantially correlated with nuclear fractal features which
measure shape complexity and heterogeneity (r = 0.24,P = 0.001) (Figure 3c). These results are consistent with nuclear
enlargements, spatial disorganization and pleomorphism which may be due to polyploidy, and multinucleation which is
expected to occur in genomically unstable cells>37-38, Several CD45/CD31 intensity values were correlated with lower
LST with the most significant being cellular low quartile range LQI (r = —0.21,P = 0.005) (Figure 3d). CD45/CD31 is
a negative CTC marker that is typically down-regulated in cancer cells of epithelial origin from solid tumors. LST values
trended with a lower expression of several DAPI intensities which were most correlated as expressed by mean fluorescent
intensity (MFI) in the nuclear mask (r = —0.21,P = 0.0072) (Figure 3e) and the inter quartile range IQI in the cellular mask
(r=—0.23,P = 0.002) (Figure 3f). DAPI binds strongly to A-T rich regions of double stranded DNA’. However, the inverse
correlation of DAPI nuclear and cellular intensities result may be explained by the fact that genomically unstable cells are
expected to show unpredictable intensity patterns due to chromatin remodeling, micronuclei, or fragmentation®**!. Also,
DAPI intensity can be affected by cell cycle phases as G2/M cells are expected to have more DNA content than G1 phase
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Figure 2. Count of CTCs with specific LST values. The bar plot comparison illustrates the number of CTCs
ranked from left to right by increasing LST values. The bar plot at the top displays the LST values ground truth,
which is the genomically determined LST per CTC, while the bottom plot shows the morphology-predicted
LST values computed by QCML. The count of CTCs for the ground truth genomically determined LST
follows the same bimodal trend as that of the morphology-predicted LST.
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which are typically altered during chromosomal instability>*~*!. Cross-channel Local Binary Pattern (LBP) for CK-DAPI
and for CK-CD45/CD31 channel pairs, which is a measure of cross channel correlation and similarity across local binary
pattern for channel pairs within a segmented cell***?, were found to be significantly inversely correlated with the extent
of LST numbers (r = —0.19,P = 0.01;r = —0.21, P = 0.008) (Figure 3g and 3h). The cross-channel LBP is a measure of
colocalization between proteins of a CTC calculated by comparing pixels intensity in the same position for each of the two
channels. In doing so, one can capture subtle spatial relationships and structural changes such as nuclear deformities and
cytoskeletal remodeling®*-#2. Therefore, a lower texture cross-channel LBP suggests spatial discordance between nuclear and
cytoplasmic structure, which is expected during instability-driven morphological shifts.

)

2
=3

400

Nuclear size
Cellular size

200-9%

Cellular LQI CD45CD31

Nuclear MFI DAPI
Cellular IQR DAPI

Figure 3. Linear correlation of cellular and nuclear morphology and protein intensity features with the
extent of LST as determined by genome sequencing. In the scatter plots each dot is an individual CTC and
graphs show the best-fit line with the 95% confidence bands of linear correlation between the extent of LST
as a measure of chromosomal instability and a) nuclear size, b) cellular size, ¢) nuclear fractal, d) cellular LQI
CD45/CD31, e) nuclear MFI DAPI, f) cellular IQR DAPI, g) LBP DAPI-CK, h) LBP CK-CD45/CD31.

3.2 Regression Models

We train a QCML model along with classical machine learning models (see Table 1) following the cross-validation procedure
described in Section 2.2. The problem is set up as a regression task in which we produce a real-valued LST forecast and then
apply a cutoff of LST > 12 to produce a binary forecast of CTCs being LST+. As described in Equation (2) in Section 2.3,
our QCML model employs a mixed loss function and allows for varying weights on the positive class, enabling a balance
between specificity and sensitivity. The incidence of false positive cases is particularly detrimental in clinical settings and
needs to be minimized as much as possible. It may erroneously signal a lack of response from current treatment and lead to an
unnecessary change in an otherwise effective line of therapy. For this reason, a weight of 0.5 was applied to the positive class to
prioritize specificity and reduce the occurrence of false positive cases. To test the hypothesis that QCML can improve prediction
performance and reproducibility across independent datasets, we compared it to 10 different classical machine learning models,
including Linear Support Vector Machine (SVM), Neural Networks, Random Forests, XGBoost, Nearest Neighbors, RBF
SVM, AdaBoost, Logistic Regression, and Naive Bayes21 (Table 1).
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Models Training (in-sample) Verification (out of sample)
Sensitivity Specificity Balanced Accuracy Sensitivity Specificity Balanced Accuracy

QCML 92% +2% 64% + 5% T8% + 2% 84% + 9% 57% +10% 70% + 8%
SVM Gaussian Kernel 95% =+ 1% 53% + 5% 74% + 2% 90% + 7% 45% + 11% 68% + 7%
Elastic Net 95% +1% 51% +71% 73% +3% 88% + 6% 40% +11% 64% =+ 6%
Linear SVM 93% =+ 2% 58% =+ 4% 75% + 2% 84% + 7% 46% =+ 13% 65% + 8%
XGBoost 100% =+ 0% 99% +1% 100% =+ 1% 83% +7% 43% +11% 63% +7%
MLP 9% +2% 92% +5% 95% +2% 74% +11% 50% + 12% 62% + 8%
AdaBoost 97% +1% 69% + 4% 83% +2% 91% +5% 39% + 10% 65% + 5%
Nearest Neighbors 5 95% +1% 44% + 6% 70% +3% 89% + 8% 36% + 12% 63% + 8%
Random Forest 98% +1% 69% + 4% 84% + 2% 93% + 6% 34% + 8% 63% =+ 6%
Nearest Neighbors 32 98% + 1% 18% + 1% 58% + 5% 98% + 4% 12% + 9% 55% + 4%
Linear Regression 94% +2% 75% + 4% 85% + 2% 67% +11% 52% +11% 60% =+ 6%

Table 1. In sample and out of sample performance of QCML and classical ML models forecasting
LST+. Showing the average and standard deviation of sensitivity, specificity and balanced accuracy across 25
folds (5-fold with 5 repeats).

QCML shows the highest out-of-sample specificity (57%) concordance to the ground truth while achieving a high sensitivity
of 84% and outperforms the rest of the models in terms of balanced accuracy (70%). The results also confirm QCML’s capacity
to generalize compared to classical models; it shows a smaller disconnect between in-sample and out-of-sample performance,
while most of the classical models overfit in-sample and experience substantial reduction in performance out-of-sample. In
Figure 2b we also show the distribution of QCML morphology-predicted LST values across all CTCs which follows a similar
trend as the count of CTCs of the genomically-determined LST (Figure 2a).

3.3 Classification Models

Here, as opposed to a regression model, we set up the problem as a classification task where we forecast a binary target of
CTCs being LST+. Although this approach does not generate real-valued forecasts, it allows evaluating models with various
probability thresholds to target a specific balance between specificity and sensitivity. Additionally, it allows measurement of
threshold-independent metrics like AUC-ROC to summarize the performance across all possible classification thresholds. For
QCML we use the QCML Positive Operator-Valued Measure model to produce probability forecasts, where we model the LST
target based on an exponential transformation and use a Legendre polynomial parametrization. Table 2 shows the performance

of QCML POVM in conjunction with classical machine learning models based on a probability threshold of 0.6*>%4.
Training (in-sample) Verification (out of sample)
Model Sensitivity Specificity Balanced ROC AUC Sensitivity Specificity Balanced ROC AUC
Accuracy Accuracy
QCML POVM 95% +1% 78% + 5% 86% + 3% 0.951 T7% + 10% 57% +11% 67% + 8% 0.763
XGBoost 100% =+ 0% 100% =+ 0% 100% =+ 0% 1.000 78% + 1% 55% +12% 66% =+ 8% 0.747
Random Forest 97% +1% 100% =+ 0% 98% + 1% 0.999 70% + 9% 63% +10% 67% +1% 0.744
Nearest Neighbors 32 83% + 4% 58% + 6% 70% + 2% 0.784 82% +10% 53% +11% 68% + 8% 0.737
Nearest Neighbors 5 70% +3% 89% =+ 3% 80% =+ 2% 0.884 63% +9% 71% +10% 67% +1% 0.734
RBF SVM 81% +3% 64% + 4% 72% + 2% 0.816 74% + 8% 58% +12% 66% +7% 0.715
Neural Net 100% =+ 0% 100% =+ 0% 100% =+ 0% 1.000 T7% +10% 56% +10% 67% + 6% 0.715
Linear SVM 84% + 3% 70% + 5% T7% + 2% 0.860 75% + 9% 59% + 12% 67% +1% 0.713
AdaBoost 11% +9% 100% =+ 0% 56% -+ 4% 1.000 7% + 9% 94% +1% 51% +3% 0.697
Logistic Regression 87% + 2% 86% + 3% 86% + 2% 0.942 73% +10% 56% + 8% 65% + 7% 0.677
Naive Bayes 65% =+ 14% 69% =+ 13% 67% +3% 0.739 60% =+ 15% 60% =+ 17% 60% = 8% 0.643

Table 2. In sample and out of sample performance of QCML POVM and classical ML classification
models forecasting LST+. Showing the average and standard deviation of sensitivity, specificity and balanced
accuracy across 25 folds (5-fold with 5 repeats). Also showing the average ROC AUC score per model.

QCML POVM achieves the highest ROC AUC score of (0.763) as shown in Table 2 and Figure 4 with ROC AUC curves
for top performing models. Additionally, QCML POVM is able to generate full probability densities of LST values as shown in
Figure 5.

9/16



257

258

259

260

261

262

—— POVM (AUC=0.763 £ 0.071)
——— XGBoost (AUC=0.747 + 0.076)
——— Random Farest (AUC=0.744 + 0.074)

True Positive Rate (Sensitivity)

0 0.2 04 086 08 1

False Positive Rate (1 - Specificity)

Figure 4. ROC AUC curves for the top three performing models: QCML POVM (blue), XGBoost
(red), and Random Forest (green). At ~70% specificity all three models achieve similar sensitivity. At
lower specificity, QCML POVM is outperforming both XGBoost and Random Forest (i.e., it can achieve
higher sensitivity for a fixed specificity). At higher specificity, QCML POVM is on par with XGBoost and
outperforms Random Forest.
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Figure 5. QCML POVM produces full probability distribution of LST for all observations. Showing
predicted LST distribution for a sample of 3 CTCs. Dotted vertical lines show the actual LST for each CTC.
Having probability distribution allows one to forecast both LST quantiles as well as probabilities for LST
being above/below a threshold.

3.4 Gradient-based Feature Importance

QCML has several ways of identifying important features, one of them being the gradient-based feature importance which
is based on the impact of changes in input features on the final output of the model. We use this approach to rank CTCs
morphology features and protein expressions which were considered to be of high importance for the prediction. As shown in
Figure 6, the top 10 CTCs morphology and protein content features that the QCML classifier used as predictor of LST are
measures of:
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(i) Protein correlation and colocalization between channels such as Cross-channel (LBP) for CK vs DAPI and CK vs
CD45/CD31 and cellular colocalization between CK-DAPI;

(i1) Intensity features of the DAPI cellular mask;

(iii) Fractal nuclear and cellular features.

1) Cross-channel LBP and Cell colocalization features in the QCML model were predictors of low chromosomal instability
which is in line with those features’ ability to measure cellular remodeling and spatial discordance between nuclear and
cytoplasmic structures*?.

2) Interestingly, QCML weighed the signal of the lower DAPI quartile intensity from the cellular mask which indicates
the cytoplasmic signal as one of the most important features in predicting higher levels of chromosomal instability (LST+).
DAPI stains chromatin and double-stranded DNA which in normal cells typically resides in the nucleus and, for this reason,
does not normally stain the cytoplasm®’. However, QCML data make sense with the underlying biology of cancer cells, as
abnormal DAPI signals can appear in the cytoplasmic region due to the presence of micronuclei or nuclear envelope rupture,
which typically occurs concomitantly with chromosomal instability®%#!-43-46  thus supporting the results of QCML.

3) QCML identified cellular size, which is biologically relevant, as the presence of cytoplasmic micronuclei and multinucle-
ation is permitted by larger-sized cells and is expected to occur in genomically unstable cells*”-*%. Furthermore, cell size as a
predictor of increased chromosomal instability is consistent with previous reports showing that CTC with larger metastatic
breast cancer size were associated with the worst patient outcomes**~2 and for this reason larger cells are expected to be more
likely to have increased chromosomal instability.

4) Fractal features are approximations of irregularity and complexity in cellular and nuclear shape, suggesting abnormal
nuclear contours that are expected to occur during chromosomal instability3% 3.

Lep ck-cpasco31 0 [N Prediction:

Lepck-cosscozrl [N B HighLsT
LBP DAPI-CK 0 ] M LowlST
Cellular colocalization CK-DAPI ]
LBP CK-DAPI ] _
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Cellular LOI CD4SICD31 [ LBP CK-CD45CD31 1 0.019 Low LST
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Figure 6. QCML gradient-based feature importance. Left: Top morphological and protein intensity
features associated with high LST (blue) and low LST (red) predictions. Right: Top feature names based on
absolute importance, absolute importance score values, and model predictions (i.e., High LST or Low LST).

3.5 Visualizing CTCs with QCML distance
As mentioned in Section 2.3, QCML represents each observation as a quantum state. This allows one to have a natural notion
of proximity between observations, since proximity between quantum states can be defined as quantum fidelity [35, 111.9]

v, ve) = (wilw))%,

which can be interpreted as the probability of identifying the state y; with the state y,, when performing a quantum measurement
designed to test whether a given quantum state is equal to y; (or vice versa). In the context of QCML, this type of proximity
can be used to define a similarity measure on the data. Given the mapping from an observation to quantum state x, — |y ), we
can define the QCML distance between two data points X;, X, as

do(x, %) = 1— f(yr, yr) = 1 — [(wi|wir) 2. ©)
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Note that in contrast to the standard Euclidean distance between two data points, the QCML distance is a type of supervised
similarity measure, since the representation of the data in quantum states y; has been optimized using the training targets.

Given a distance matrix, we can visualize the observations in a two-dimensional space using multidimensional scaling
(MDS). This is a common dimensionality reduction technique that can be used to visualize high-dimensional data in two
dimensions. In a nutshell, MDS finds a mapping of the high-dimensional data into two dimensions that minimizes the matrix
norm of the difference between the distance matrix of the original data and that of the two-dimensional transformation. Using
MDS we plot the high-dimensional CTCs data in two dimensions, as shown in Figure 7.
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Figure 7. Multi-dimensional scaling visualization based on a distance matrix of CTCs. Red color
represents LST+ CTCs, while blue color represents stable CTCs. Using QCML distance (a) one can achieve a
better separation between LST+ and stable CTCs.

Although the plots in two-dimensional MDS target space do not offer a completely faithful representation of the distances
between CTCs, they help qualitatively illustrate some of the differences between QCML and Euclidean distance. Specifically,
the QCML distance is much better at finding a separation between genomically unstable and stable CTCs.

4 Discussion

Here, we applied Quantum Cognition Machine Learning (QCML) to digital pathology-derived morphological features and
protein expression levels from CTCs, to enable prediction of chromosomal instability. The QCML-based pLST model
outperformed conventional machine learning approaches in predictive accuracy. The ultimate objective of deploying a
morphology prediction of LST algorithm in liquid biopsy CTC assays is to enable real-time detection of CTCs with elevated
level of chromosomal instability and high metastatic potential. As a result, pLST detection can reduce diagnostic latency and
circumvent the long turnaround times associated with whole genome sequencing in clinical workflows.

Chromosomal instability is a key molecular driver of tumor heterogeneity, which in turn supports the high plasticity and
evolutionary adaptability of cancer cells in response to environmental pressures, ultimately enabling metastasis!% 11 13-19,
Therefore, the detection of cancer cells through preconceived expert knowledge of their expected biological phenotype may
be a limitation, as it may not account for tumor evolution and the emergence of new CTC phenotypes>*~°. To address this
challenge, the present study employed a previously published* 3, systematic and quantifiable approach to nuclear and cellular
segmentation using digital pathology to extract the broadest set of morphological, texture and intensity-based characteristics* 3.
This approach provides an optimal foundation for the application of advanced machine learning models, including QCML.
Looking ahead, future research should explore quantum-assisted feature mapping to identify complex and subtle patterns
directly from raw image pixel data to see whether such an approach may potentially surpass the performance of biologically
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informed feature extraction. This direction may further enhance the ability to detect chromosomal instability in CTCs without
relying on guided feature extraction.

One of the key challenges in applying machine learning to single cell diagnostics is the inherent biological complexity,
which becomes especially problematic when the number of features (e.g., genes, or digital pathology features) far exceeds
the number of samples®”-3%. This imbalance, common in genomics, proteomics, and digital pathology, can lead to overfitting
and poor generalization®’. Classical statistical methods, such as Bayesian inference, often require data volumes that grow
exponentially with the number of features, making them impractical in such high-dimensional biological settings?!=>3. To
address this, modern approaches in genomics and digital pathology typically reduce dimensionality by selecting curated
“signatures” based on preconceived biological knowledge. Rather than relying on statistical associations on all available features,
these curated features reflect a mechanistic understanding of biological systems. The interpretability of the features typically
reduces the overfitting to the training data and improves the robustness and reproducibility of the model*!~%3. In other words, we
apply our human cognition to design predictive models that make sense and draw conclusions ignoring irrelevant information.
However, such feature engineering is a way to offset machine learning limitations by leveraging human intervention and its
understanding of the biological problem®”->.

It has been proposed that machine learning algorithms should learn representations of the data by disentangling explanatory
factors, mimicking human cognition in understanding disease mechanisms®’->°. In a similar attitude, more advanced and
recent approaches leverage principles from quantum theory to address high-dimensional data representation by simulating
cognition>?8. By adopting the formalism of quantum probabilities, particularly the uncertainty principle, data can be encoded
as vectors within a Hilbert space, where no state corresponds to an exact position of the features configuration. Therefore,
through a simulation of quantum principles using classical computers, we enable an intrinsic reduction in feature representation,
offering a novel way to manage complexity and dimensionality in biomedical data analysis.

Following these principles, in the present study, QCML was applied to abstract out the features that are the most fundamental
to estimate the intrinsic dimensions of the CTC morphology data. By doing this, and without human curation, QCML learned
a gradient of feature importance that was found posthoc to be biologically and mechanistically involved with chromosomal
instability in cancer cells. QCML’s prediction of chromosomal instability classification abstracted a model for instability-driven
morphological shifts where CTCs are larger in cellular size with higher spatial discordance between nuclear and cytoplasmic
structures. The texture cross-channel measures of colocalization identified by QCML suggest that CTCs with chromosomal
instability may be more likely to have poorly aligned nuclear, subcellular and cytoskeletal textures. Those indicate structural
rearrangements and nuclear pleomorphism which have been previously linked to genomically unstable tumor cells®. In
addition, the morphological manifestation of chromosomal instability, which can be perceived as lower cellular integrity,
has been shown to provide functions that could ultimately be evolutionary advantageous for cancer*'. QCML findings were
also corroborated by the evidence that the cellular localization of DAPI intensity and size is important for the prediction of
chromosomal instability. In cancer cells, the distinction between nuclear and cellular (cytoplasmic) DAPI expression becomes
especially important, as abnormalities in DAPI localization and intensity (e.g. small, round DAPI-positive bodies in cytoplasm)
can reveal hallmarks of chromosomal instability, and architecture defects38:39,41,45.46

Future studies will be required to validate these findings and establish whether the presence of CTC with predicted
chromosomal instability classified by QCML can predict patient survival with better performance compared to conventional
methods.
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