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Abstract—The variational quantum eigensolver (VQE) was at
first designed as a hybrid quantum-classical method for finding
the ground-state energies of molecules on noisy intermediate-scale
quantum (NISQ) devices. Currently, however, there is a small
but emerging line of research that takes the opposite approach:
instead of minimizing the energy of a Hamiltonian which is
derived from physical principles, the quantum state is determined
according to an encoding of the patient’s clinical record, and the
algorithm searches for a Hamiltonian whose ground state most
closely matches that state. The resulting operator is regarded
as a sparse and interpretable biomarker, and the expectation
value of this operator is used as a calibrated clinical risk score.
In this article, we examine this data-conditioned, or inverse,
VQE approach. We begin by reiterating the standard VQE
formalism, then restate the inverse objective along with its
analytic solution for single-term Pauli Hamiltonians as given
in the source. Additionally, we analyze the encoding, coefficient
inference, measurement, and thresholding elements essential for
a complete pipeline. A recent multi-qubit study involving a cohort
with co-infection of HIV and tuberculosis is analyzed in detail as
the most advanced example of this approach. We compare it with
other related methods based on quantum kernels, variational
quantum classifiers, and quantum-enhanced feature selection,
and we place it within the current classification of quantum-
enhanced biomarker discovery, where it does not belong in any
of the existing categories. We then carry out a critical evaluation
of the paradigm. The classical eigenvalue calculation within
the search loop has an asymptotic scaling of O(8"), although
at the two qubits that are actually used it is negligible. By
restricting the search to single-term Pauli operators, it becomes
possible to classically simulate the quantum expectation values,
thereby nullifying the claims of quantum advantage while still
preserving interpretability. The benefits reported are based on
small, severely imbalanced, single-center cohorts and include no
external validation or actual implementation on real hardware.
Compared with the requirements that the quantum computing
community is now moving towards for benchmark definitions, the
published evaluation still does not yet satisfy most of the criteria
currently proposed for application-level benchmarking, mainly
because the classical and quantum contributions to the result
are never separated. We conclude with a roadmap that specifies
the particular conditions, from an evaluation-theoretic point of
view, under which data-conditioned Hamiltonian learning could
become a real application of quantum computing in precision
medicine, before turning to algorithmic aspects.
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I. INTRODUCTION

HE variational quantum eigensolver (VQE), which was

first introduced by Peruzzo et al. [1] and subsequently
formalized by McClean et al. [2], is a major algorithm
of the noisy intermediate-scale quantum (NISQ) era [3]. It
uses a classical computer to optimize the parameters, with
the quantum device merely preparing a shallow trial state
and estimating expectation values. Instead of requiring the
long coherence times that are necessary for quantum phase
estimation, VQE uses a polynomial increase in the number
of measurements. In the last ten years, there have been
many methodological improvements which have enhanced its
importance, such as adaptive ansatz design [4], the treatment
of penalties and constraints [5], non-orthogonal variants [0],
strategies for reducing circuit complexity [7], and acceleration
techniques that approach phase estimation [8]. A comprehen-
sive review of the methods and best practices is now available
[9].

Almost all development in this area has focused on the
original purpose of the algorithm, namely the electronic struc-
ture of molecules and the low-energy physics of spin models
[10]. The medical relevance of VQE has been indirect in this
instance. It has resulted from computational chemistry, since
better ground-state energies improve binding affinities, which
then help with drug discovery [11], [12].

There is also a field of research that has been examined less
extensively and looks into whether the variational machinery
itself, when separated from the molecular Hamiltonians, can
be applied to clinical data. Systematic reviews of quantum
machine learning (QML) in the biomedical area indicate a
large increase in the number of classifiers based on quantum
feature maps [13]. In nearly all instances, these are quantum
versions of supervised learning. A parameterized circuit func-
tions similarly to a neural network, and the Hamiltonian acts as
a fixed observable for measurement. The paradigm described
here differs in that it treats the Hamiltonian as the main object
but reverses how optimization is carried out. The quantum state
is arranged to contain a patient’s clinical record, and the search
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is made for a Hamiltonian corresponding to the operator whose
ground state most closely matches that state. The operator, not
the state, is the output.

What the operator is consists of a sparse combination of
Pauli strings acting on the qubits which carry the patient’s fea-
tures; since each Pauli string couples a specific pair of clinical
variables, the operator can be regarded as a biomarker in that
it shows which interaction between particular measurements is
responsible for the patient’s clinical state and the expectation
value of the operator then turns into a single-number risk
score. The direction of inference normally employed in VQE
is therefore reversed, and state preparation is replaced by
Hamiltonian learning.

The paper provides a comprehensive and unified introduc-
tion to data-conditioned VQE, a method that is currently
dispersed across several recent papers (Sections II and III).
We then examine the most thorough version of the approach
that has been published to date, namely a multi-qubit model
used with an HIV/tuberculosis co-infection cohort [15], and
place it both within the range of other QML methods applied
to clinical data and in the established classification system for
quantum-enhanced biomarker discovery [14], arguing that it
does not fit into any of the existing categories (Sections IV
and V). Finally and most importantly, we critically assess the
paradigm (Section VI). In addition to the standard issues of
simulability, scale, and statistical power, we compare the pub-
lished work with the requirements for benchmark definitions
that have recently been brought together by the quantum-
computing community [44], and claim that the evaluation-
theoretic shortcomings are logically before the algorithmic
ones.

II. THE STANDARD VARIATIONAL QUANTUM
EIGENSOLVER

A. Formulation

For an n-qubit register, VQE prepares a parameterized trial
state, the ansatz,
(@) = U@ 10", ()
and evaluates the expectation value of a Hamiltonian decom-
posed into a linear combination of tensor products of Pauli
operators P, € {I, XY, Z}®",

FI = ZC,’PZ‘,

Linearity of the expectation value permits term-by-term esti-
mation,

ci € R 2)

—

B(0) = (w(
= Z ¢ <¢(§)‘ P;

Each term is obtained by transforming the register into the
eigenbasis of P; and then measuring with respect to the
computational basis. The Rayleigh—Ritz variational principle
guarantees that F/ (5) > Ej for any normalized trial state. Con-
sequently, minimizing E with respect to ] yields a rigorous
upper bound on the ground-state energy.

3)
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On hardware, (P;) is estimated from S projective measure-
ments,

S
1
(P) ~ EkZ:lek, e € {£1}, 4)

so that the standard error varies as S~'/2. Obtaining a preci-
sion ¢ for a term with coefficient c requires approximately
c? Var(P)

= 5)

€

This is a major component of the actual cost of VQE and has
been identified as a serious obstacle to near-term advantage
in the field of chemistry [16]. The typical approach to dealing
with this issue is to group the mutually commuting Pauli terms
into joint measurement settings.

S ~

B. The Formulation of the Ansatz and the Shallow-Circuit
Constraint

—

The key design decision concerns U(f). Ansatzes based
on chemical considerations, for example the unitary coupled
cluster method, consider the excitation structure of the problem
and preserve its symmetries, but at the cost of requiring deep
circuits with a large number of two-qubit gates. In their small-
molecule experiments, Kandala et al. [10] proposed hardware-
efficient ansatzes which alternate between layers of single-
qubit rotations and entangling gates drawn from the native gate
set and the connectivity of the target processor, and which do
not depend on the particular problem being solved. Because
circuit depth is limited by qubit coherence times, designing
shallow ansatzes involves maximizing expressivity within the
constraints imposed by the available hardware.

The challenge goes beyond balancing accuracy and noise.
Circuits with many deep, unstructured parameters often ap-
proximate random states, creating cost landscapes with barren
plateaus where gradients exponentially vanish as the number of
qubits grows, hindering trainability [17], [18]. Similar issues,
like a vast number of poor local minima, can occur even
when gradients don’t vanish [19]. Barren plateaus result not
just from circuit depth but also from factors like expressivity,
entanglement, and noise. Therefore, overcoming them has
become a dedicated research area [20]. Practically, using
structured, problem-specific, or constrained initializations is
recommended over random ones. However, this poses a down-
side: circuits proven to avoid barren plateaus tend to be
classically simulable [21].

III. THE DATA-CONDITIONED (INVERSE) FORMULATION
A. The Statement of Inversion

In standard VQE, the Hamiltonian is given, and the state
is sought. In the data-conditioned variant, the roles are ex-
changed. The construction restated throughout this section is
that of Acufia Gonzélez et al. [15]; we reproduce it here in
a unified notation in order to analyze it, and none of the
definitions, derivations or design choices below are our own.
Let ¢ denote an encoding map from a patient’s feature vector
x € RY to a quantum state [1)(¢(x))) on N qubits. The state
is held fixed. The algorithm searches over trial Hamiltonians
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for the operator that minimizes the deviation between the
expectation value in that state and the operator’s own minimal
eigenvalue,

A(H,|9)) = | (] H |0) = B ()

Hypest = arg mjnA(I:I, |w>) ) @)
)i

; (6)

The objective A vanishes exactly when |t) is a ground state
of H. The search therefore asks which physical system this
patient’s encoded state would be the equilibrium of. Table I
summarizes the contrast with the standard formulation.

B. Encoding Clinical Variables

Reported implementations [15] use angle encoding on a
small register. Each selected clinical variable x is min—-max
normalized into the rotation range,

x — min(x)

= - 2m, ®)

max(z) — min(z)

*

and assigned to one rotation angle of the ansatz. The published
formulation justifies min—max normalization, rather than stan-
dardization, because rotation angles must lie in a bounded
interval. The cost is sensitivity to outliers and to the cohort-
specific min and max used for calibration. That dependence
becomes a source of distribution shift when the model is
transferred to a new cohort.

A two-qubit register carrying four features via
R.(6;)R,(¢;) on each qubit, followed by a single CNOT,
yields the entangled patient state

2
|¥patient) = CNOT1 2 (X) Ra(0:) Ry (0:)10), (9
i=1
The encoding used in the case study in Section IV is deliber-
ately kept shallow and has no free variational parameters other
than the data; this choice was made to improve interpretability
(Section II-B).

C. Inferring the Hamiltonian Coefficients from the Clinical
Associations

The distinguishing feature of the data-conditioned paradigm
is that the coefficients ¢; are not free variational parameters
but are inferred from the data. In the published formulation
[15], each candidate Pauli string P; is associated with a pair
of clinical features (f;, f;) and its coefficient is set to their
empirical correlation,

Cj = COI‘(fj,fj{). (10)

The Hamiltonian includes statistical information about the
cohort, while the state contains information about the indi-
vidual, and the objective function (6) is used to assess their
compatibility.

When the search is restricted to single-term Hamiltonians
H= cP,, a restriction imposed to enforce sparsity and inter-
pretability, the published formulation [15] gives the optimal
coefficient analytically as

o= YRy by,

11
Amin(P’y) (an

where the second equality uses Api, = —1 for any non-
identity Pauli string. Equations (10) and (11) are quoted from
[15] and are not derived here.

D. Moving from Operator to Clinical Decision

The expectation value of the discovered operator is taken
as the patient’s score,

Escore(x) = <’(/)(¢(l‘))| ]:I* W(fb(x)»

=> o (P,
k

and a binary prediction is obtained by thresholding, § =
1[Escore(z) > 7). The pair (H*,7) is selected jointly by
minimizing a classification loss over the cohort. Clinical
outcome data are typically severely imbalanced, so the choice
of loss is not a detail but the dominant determinant of clinical
usefulness. Three losses appear in the literature [15]. These
are simple error, balanced error 1 — 3(Sens + Spec), and an
asymmetric penalized error that weights false negatives more
heavily than false positives. As the case study demonstrates
quantitatively, optimizing simple error on a cohort with a 3—
5% positive rate yields accuracies above 0.95 together with
sensitivities near zero. The resulting classifier is numerically
excellent but of limited clinical utility.

12)

IV. CASE STUDY: MULTI-QUBIT INVERSE VQE IN
HIV/TB CO-INFECTION

The most advanced paradigm currently available is the
multi-qubit model developed by Acufia Gonzdlez et al. [15],
which is an extension of an earlier single-qubit formulation
by the same research group. We provide a detailed summary
because it highlights both the promise and the limitations of
the method; however, it is the only available paper of its kind
so far.

A. Cohort and Features

The data derive from a longitudinal cohort of 213 indi-
viduals with HIV and tuberculosis (TB) co-infection. They
were followed at a single regional clinic in Guerrero, Mexico,
between 2018 and 2024. After exclusion of records lacking
multiple longitudinal measurements, 176 records remain. Clas-
sical variables comprise changes in viral load and CD4" T-
lymphocyte count, together with binary indicators of TB co-
infection and genotypic drug resistance. These are augmented
with features derived from a quantum game-theoretic model
of competing low- and high-replication HIV phenotypes, in
which the observed viral-load change is mapped to the near-
est simulated payoff of a two-player quantum game [22].
The engineered payoff variable functions as a compact, one-
dimensional summary of viral competitive dynamics.

B. Model and Search

Four features are angle-encoded into a two-qubit register
according to (8) and (9). The Hamiltonian search of (6) is
restricted to a single Pauli string drawn from the sixteen-
element basis {I, X,Y, Z}®2, with the coefficient given by a
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TABLE 1. Standard VQE compared to data-conditioned (inverse) VQE.

Standard VQE

Data-conditioned VQE

Fixed object
Optimized object

Hamiltonian H, from physics
Circuit parameters 6

ming ((@)| 1 |4(8))
Ground-state energy Eo
Molecular property

Objective

Primary output

Interpretation
Secondary output Optimized state

Classical bottleneck Optimizer, noise

State [¢(¢(x))), from patient data
Pauli support and coefficients {c;, P; }
min g | (¢ H [$) = Emin(H)]
Sparse operator Hbest

Biomarker (feature interaction)

Energy score <fIbeSt> as risk metric
Eigendecomposition, O(8™V)

feature-pair correlation (10). Expectation values are obtained
by sampling with basis rotations. The reported runs use 10*
shots per term and 10% search iterations. The entire pipeline
is implemented in R and executed on a classical state-vector
simulator, so no quantum hardware is used.

C. Discovered Operators

Three patient archetypes are analyzed. For a clinically stable
patient with neither TB nor resistance, the search returns a
multiple of the identity, f{best ~ 0.2171 ® I. The authors
interpret this as certifying structural decoupling between the
internal viral dynamics and the clinical outcome, and note that
it carries zero measurement cost since Var(/ ® I) = 0. For a
TB co-infected patient, the search returns ﬁbest ~ —0.104 Z®
Z, which couples a latent viral strategy variable to viral-load
dynamics with a negative weight. For a drug-resistant patient,
the result is again a negative Z ® Z coupling of about —0.102,
linking a defensive strategy of the high-replication phenotype
to the viral fitness proxy. Applying (5), the authors estimate
that resolving these couplings to ¢ = 10~ requires on the
order of 10* shots, falling to order 10% at £ = 1072,

D. Classification Performance

Deployed as a global binary classifier, the model is evalu-
ated on two severely imbalanced targets. These are genotypic
drug resistance, with 8/176 positives or 4.5%, and TB co-
infection, with 6/176 or 3.4%. Table II reproduces the reported
comparison against the classical baselines.

Two observations are worth isolating. First, the classical
baselines fail on the drug-resistance target, identifying no
positive case despite imbalance correction: synthetic minority
over-sampling within the cross-validation folds for the logistic
regression and inverse class weights for the perceptron. A
balanced accuracy below 0.5 indicates performance worse than
chance on the minority class. Second, the effect of the loss
function dominates. Under simple-error optimization, the same
quantum model attains accuracy 0.960 with sensitivity 0.125
on the same target. The headline comparison is therefore as
much a demonstration of imbalance-aware model selection as
of any quantum contribution.

E. Complexity

The authors provide an explicit complexity account. Infer-
ence is cheap and scales linearly in cohort size, O(M - L - S)
for M patients, L Pauli terms and S shots. The training-time

TABLE II. The classification performance is reported for the
HIV/TB cohort [15].

Target Model Sens. Spec. Bal. Acc.

Drug resistance LogReg (SMOTE) 0.000 0.960 0.480
MLP (class-weighted) 0.000 0.980 0.490
Inverse VQE 0.840 0.960 0.900

TB co-infection LogReg (SMOTE) 0.333  0.800 0.567
MLP (class-weighted) 0.667 0.620 0.644
Inverse VQE 0.667 0.894 0.781

Sens. = sensitivity, Spec. = specificity, Bal. Acc. = balanced accuracy. The two
classical baselines apply different imbalance corrections. The Lo-penalized
logistic regression is trained with SMOTE applied inside the cross-validation
folds, while the single-hidden-layer perceptron (MLP) is trained with inverse
class weights. The source describes both as “weighted” in its comparative table
but specifies the two distinct corrections in its methods section. The quantum
model is optimized under the balanced-error loss. Balanced accuracy for the
inverse-VQE TB row is recomputed here as %(Sens + Spec); the source
reports 0.827 (Section VI-B).

Hamiltonian search is more demanding. It requires classical
diagonalization of a 2V x 2V matrix to obtain Epi, (Hia1) at
every iteration, which contributes O(8). The authors identify
this as the principal obstacle to scaling and state that it confines
the present method to N < 4 qubits. They also note, in the
same complexity table, that at the N = 2 actually used, the
step reduces to (O(4%) and is constant and fast.

V. RELATED APPROACHES AND TAXONOMIC POSITION
A. The Use of QML in Clinical Data

The most effective way of understanding the inverse-VQE
construction is to look at it within the broader field of quantum
machine learning when it is used with biomedical data, as
illustrated in Table III.

The suggestion to treat the quantum state space as a feature
space has been made, with the kernel being estimated on actual
hardware and then fed into a classical support vector machine
[23], [24]. A necessary condition for attaining an advantage is
that the kernel must resist efficient classical estimation [23].
More generally, variational quantum models have since been
shown to be reformulable as kernel methods [25], and quantum
kernels have been applied to electronic health records on a
scale comparable to classical baseline methods [24], [26].

A further series of studies have applied variational quantum
classifiers directly to clinical endpoints. The architectures
described include rotation and CNOT entanglement layers
in the case of diabetes prediction [27]. Similar methods are
employed for proteomic drug-sensitivity prediction in multiple
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myeloma [28] and for QSAR modeling with incomplete data
[29]. In each instance, the Hamiltonian acts as a fixed readout
observable and is not inferred.

There is also a third group which applies VQE in the
areas of molecular and structural biology; for instance, it has
been suggested that a hybrid quantum graph neural network
together with VQE could be used for identifying inhibitors
[30], and VQE has been employed in the determination of the
ground states of molecular systems related to genes and in the
classification of hotspot mutations [3 1]. As these methods keep
the physical Hamiltonian, they represent conventional uses of
VQE and are thus unlike the present approach.

To conclude the account, quantum annealing and methods
inspired by annealing have been tested on tasks related to
transcriptomic and omics classification, revealing only minor
advantages in the case of small datasets [32], [33]. Quan-
tum methods have also been formulated for the design of
clinical trials and for the selection of trial sites as ground-
state problems [34]. A general framework for the discovery
of biomarkers by means of quantum enhancement in the case
of multi-factorial disease has similarly been developed [14].
Of these, the last one is most in line with the paradigm under
discussion and is therefore considered separately below.

B. Positioning within the Biomarker-Discovery Taxonomy

Of the studies referred to above, the one carried out by
Flother er al. [14] is the only one that attempts a system-
atic mapping of quantum algorithms to biomarker-discovery
problems; for this reason, it provides the suitable frame-
work against which the data-conditioned paradigm should
be evaluated. This framework is based on data types rather
than clinical applications, since the development of quantum
algorithms requires explicit assumptions about data structure,
and a data-oriented classification therefore remains appropriate
as the algorithms progress. Three types are identified—multi-
dimensional, time series and erroneous data—each of which
is combined with the modalities of electronic health records
(EHRs), omics and medical images. On this grid, there is
a mapping from learning task to candidate algorithm, with
dimensionality reduction associated with quantum principal
component analysis [35], classification with quantum neural
networks and quantum kernel methods [23], time series fore-
casting with quantum reservoir computing [4 1], and optimiza-
tion with QAOA and VQE.

The reason why we give the framework explicit treatment
instead of merely referring to it is explained by the following
three points.

The first thing to note is that the paradigm does not make
use of a cell. VQE is only involved in the mapping, and
this occurs specifically in the context of optimization, with
treatment optimization being the usual example. In each cell of
the framework, the Hamiltonian is either a physical operator or
an encoded cost function and is given before the computation
starts. The method discussed in Section III is a classification
and feature-selection technique, the output of which is an
operator; it therefore applies the variational approach in a
manner that goes beyond what the taxonomy had anticipated.

If the paradigm is valid, then the framework should have an
additional column in which the Hamiltonian is learned rather
than specified. It is this assertion—not any of the accuracies
reported—that forms the strongest argument for novelty.

The second point is that the data regime selected is suitable,
but the reasons for this do not carry over. The framework states
that it is incorrect to aim at large classical datasets in the short
term since loading them might eliminate any computational
advantage that has been gained. This argument is strengthened
by the dequantization results, which demonstrate that some of
the early speedups were based on assumptions regarding state
preparation rather than on actual quantum processing [36]—
[28]. Small datasets are seen as a better fit, and for this reason
the HIV/TB study is appropriate. However, the justification for
this data regime does not transfer; it rests on generalization
bounds for trained quantum models [40] and on the data-
dependence of the relative power of quantum and classical
models [39], both of which apply to models that have trainable
parameters and whose capacity has to be controlled. The data-
conditioned model, by contrast, has no such parameters. After
the correlation screen has determined the coefficient, the only
things that are fitted are a discrete choice among sixteen
Pauli strings and a scalar threshold. Its sample efficiency is
comparable to that of a classical rule with two parameters,
and it does not inherit any of the quantum generalization
argument. This therefore gives another reason, separate from
the simulability argument in Section VI-A, for attributing
the reported performance to imbalance-aware model selection
rather than to a quantum mechanism.

The third point is that out of the three data types, two
are found in the cohort and are therefore discarded. Since
the cohort is longitudinal, the framework regards longitudi-
nal EHR data as a key opportunity, with quantum reservoir
computing being the proposed family of methods [41]. The
pipeline that has been published reduces each trajectory down
to scalar differences in viral load and CD4™ count together
with a game-theoretic payoff, so that the temporal structure
which is identified as the exploitable resource is summarized
away before the quantum step starts. The reservoir over the tra-
jectory, whose read-out state is then passed to the Hamiltonian
search, is the natural choice, and it seems to have been left
unattempted. The cohort is also erroneous in the framework’s
view, because 37 of the 213 records were excluded due to
the lack of repeated measurements, and the framework states
that quantum-enhanced imputation using determinantal point
processes is a known result [42], [43]. Imputing rather than
excluding would increase the cohort by about one fifth, which
makes a difference given that the minority class contains
between six and eight patients.

VI. OPPORTUNITIES, LIMITATIONS AND OPEN
CHALLENGES

A. Is the Computation Actually Quantum?

The paradigm comes down to this key question. In the
single-term regime adopted in the published work [!5] con-
cerning interpretability, two facts together give rise to a
problem. On the one hand, the encoded state (9) is a two-
qubit product state acted on by a single CNOT and prepared
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TABLE III. Examples of studies at the interface of variational quantum algorithms and clinical data; in the “inverse” case the
approach is based on a data-conditioned Hamiltonian search and in the “forward” case the conventional method of using a

fixed Hamiltonian or observable is employed.

Study Domain Method Direction Validation

Acuna Gonzalez et al. [15] HIV/TB co-infection Inverse VQE, 2 qubits Inverse Simulator, single-center, n = 176

Havlicek et al. [23] Generic supervised learning Quantum kernel / VQC Forward Superconducting hardware, synthetic
data

Krunic et al. [26] Electronic health records Quantum kernels Forward Hardware and simulator, real-world
cohorts

Khan et al. [27] Diabetes VQC, 4-8 qubits Forward Simulator, public dataset

Priyadharshini et al. [28] Multiple myeloma QML on proteomics Forward Simulator

Villalba-Diez [30] Inhibitor discovery QGNN + VQE Forward Simulator, molecular

Déga et al. [34] Clinical trial design Ground-state Forward Conceptual and methodological

optimization

Flother et al. [14] Multi-factorial disease

Framework review —

Review

by a constant-depth circuit containing no free parameters, so
its complete amplitude vector can be easily computed. On
the other hand, the expectation value of a single Pauli string
in this state has a closed-form trigonometric expression in
terms of the four encoding angles. It follows that all the
quantities produced by the algorithm can be calculated exactly
and instantly on a classical computer, and the results cited were
in fact obtained using a simulator.

The authors make it clear that the operators in question
are straightforward to measure classically. They regard their
construction as an advance towards a situation in which those
operators would not be so easy to measure, on account of
the use of larger registers, more complex encodings and
multi-term operators. While this argument is coherent, it is
based on certain conditions. It assumes that there are clinical
feature interactions which demand registers of sufficient size
and encodings of sufficient depth so that the corresponding
expectation values become infeasible to compute classically.
Yet no such interaction has been shown, and no reason is
given for believing that clinical data should have this kind of
structure. The reference to future scalability is a hypothesis
concerning the data and not a feature of the method itself.

B. Statistical Validity

The empirical claims of [15] rest on a single-center cohort
of 176 patients with 8 and 6 positive cases for the two targets.
With minority classes of this size, a single reclassified patient
moves sensitivity by more than 0.12, and confidence intervals
on balanced accuracy span tens of percentage points.

The values reported in [15] also exhibit two independent
internal inconsistencies, both of which we identify here rather
than inherit. First, the drug-resistance row of the comparative
table does not match the loss-function table from which it
should be drawn. The latter reports accuracy 0.909, sensitivity
0.875, specificity 0.923 and balanced accuracy 0.899 for the
balanced-error model, described as seven of eight patients
correctly identified; the former reports 0.950, 0.840, 0.960 and
0.900 for what is presented as the same model. All four metrics
differ, and a sensitivity of 0.840 cannot be reconciled with an
integer count out of eight. The corresponding TB rows agree
exactly between the two tables, so the discrepancy is confined
to one target. Second, the TB balanced accuracy is inconsistent

with its own components, since 3(0.667 + 0.894) = 0.781
whereas 0.827 is reported. Every other row in both tables
satisfies the identity to three decimal places. The headline
TB result is thus overstated by roughly five percentage points
relative to the sensitivity and specificity from which it is
defined. We report the recomputed value in Table II.

The two arms of the comparison are further evaluated under
incompatible protocols, and the asymmetry is documented in
the source itself. The classical baselines are run over ten
random seeds, each with a fresh 70/30 split, with hyper-
parameters tuned by ten-fold cross-validation repeated three
times and models selected on the area under the precision—
recall curve; reported figures are means over the ten replicates.
The quantum classifier is subject to no such procedure. Its
published routine is called on the full cohort, with encoding
bounds taken as the extrema of the complete dataset and coeffi-
cients as correlations over the complete dataset. It then retains
the best of 104 randomly drawn Hamiltonians, each scored
against a grid of 10 candidate thresholds, keeping whichever
pair minimizes the loss. That is on the order of 107 objective
evaluations on the same 176 records, selecting the maximum,
with no held-out partition at any stage. The stability across
random seeds and feature ablations claimed in the abstract
of the source belongs to the classical benchmarking pipeline
described in its methods section; no counterpart is reported
for the quantum model. The comparison is therefore in-sample
against out-of-sample, and that asymmetry is sufficient on its
own to account for a substantial part of the reported margin.

The classical model of matched sparsity, which involves a
single thresholded interaction term, should act as the natural
null hypothesis for the method, and the absence of this term
is the most important limitation in the current evidence. No
cohort outside of the study has been evaluated, and the authors
have stated that external validation will be their next step.

C. The Evaluation Protocol and Benchmarking Standards

The kinds of defects mentioned above are not specific to a
single paper; they illustrate a general immaturity in the way
quantum computational claims are assessed. Recently, a wide-
ranging European consortium has tried to address this imma-
turity by providing a systematic discussion of benchmarking
practices and several recommendations for standardizing them
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[44]. Independent benchmarking studies of QML all arrive at
the same conclusion: problem-agnostic quantum models rarely
beat their classically tuned counterparts, and the reported per-
formance advantages are highly dependent on the experimental
design [45]. It is helpful to apply this body of work to the
data-conditioned paradigm since the paradigm currently fulfills
almost none of the requirements.

The report starts by explaining the relevant terminology,
since in the QML literature this is frequently not done clearly.
A metric is a quantitative evaluation of device performance
that is defined by a specific protocol, and a benchmark is made
up of the results obtained when one or more metrics are ap-
plied to a particular set of devices. On this basis, no benchmark
has yet been carried out for the data-conditioned paradigm; the
only thing currently available is a single accuracy comparison
based on one dataset, with no protocol that would allow
another group to carry out the same procedure on a different
device. Quantum machine learning is unusual in this respect
even compared to other areas of quantum computing, since it is
normally evaluated simply by referring to the final accuracy or
loss derived from classical methods. The QUARK framework
[49] is cited as one of the very few systematic benchmarking
pipelines available for quantum machine learning, and merely
re-running the HIV/TB study inside such a pipeline rather than
as a separate script would, in itself, address several of the
reproducibility problems mentioned in Section VI-B.

Secondly, the report divides the benchmarks into five levels,
one of which is clearly the application level. Three criteria
determine that a benchmark is at the application level. There
must be a problem stated in mathematical terms together
with its input data, a set of key performance indicators to
be measured when solving it, and a protocol. The published
work provides the first of these, gives only part of the
second, and fails to include the third. Related suites make
the standard more concrete. Application-oriented collections
of benchmarks report both solution fidelity and runtime over
a sequence of problem sizes [50], and the Q-score family
defines performance as being the largest instance for which
solution quality is significantly above a stated reference [51].
In the biomarker literature reviewed here, neither of these
conventions is found, since only a single cohort size is reported
and no reference model of a comparable structure is defined.

Third and most importantly, the report states that a bench-
mark definition should have six properties. Table IV then
evaluates the published inverse-VQE protocol with respect to
each of these properties. The property most relevant to this
review is separability from classical requirements. Benchmark
definitions must specify and quantify the contribution of
classical computing resources, and this point is clearly made.
In the NISQ regime, the quantum part of an algorithm could
in principle be either entirely simulated or entirely carried out
using classical computers. This is the objection mentioned in
Section VI-A, expressed in benchmarking terms rather than
in the language of complexity theory, and it originates from a
source that has no concern about the biomarker issue [50]. The
objection also transforms roadmap item 1 from a suggestion
into an application of an existing evaluation requirement.
Without a comparator having the same structure that has been

assessed under the same protocol, the quantum contribution is
not only unproven but also undefined.

There are two more points concerning translation. The
report highlights the importance of being transparent about
the measures taken to deal with errors and the compilation
process, as the lack of visibility into the vendor’s software
stacks makes it impossible to rule out hardware-level optimiza-
tions; therefore, any future implementation of the paradigm
on hardware must include a record of the error mitigation
steps it has taken, or the resulting clinical score will not be
auditable. It also stresses that the benchmarks should still
be meaningful when the devices go beyond the stage of
classical verifiability. The current validation involves nothing
but a classical simulation of a circuit which can be classically
simulated, so the evaluation procedure has to be set up at this
stage for a situation in which the answer cannot simply be
computed exactly. At the same time, standardization is actually
taking place rather than remaining a hypothetical possibility,
via CEN-CENELEC JTC22, IEC/ISO JTC3 and IEEE P7131,
and a clinical application will have to meet the more stringent
requirements applicable to medical devices. This regime is
much less tolerant of unspecified protocols.

D. Scalability

The O(8Y) classical diagonalization in the search loop is
a genuine asymptotic barrier, but it is not binding in the
regime reported. At N = 2, the diagonalization is a 4 x 4
problem, and the sixteen-element Pauli basis can be enu-
merated exhaustively, as the authors themselves observe. The
restriction to two qubits is therefore a design choice rather than
a computational necessity, and the barrier becomes operative
only at register sizes well beyond anything yet attempted.
What the exponential step does establish is that the method
cannot be scaled indefinitely in its present form, and that any
register large enough to escape classical simulability of the
expectation values would simultaneously make the search step
intractable. Escaping it requires replacing the exact eigenvalue
computation with quantum phase estimation, a nested VQE, or
classical heuristics such as low-rank approximation or Lanc-
zos on sparse pre-selected Hamiltonians. Only the first and
second options would place the bottleneck itself on quantum
hardware, and both reintroduce the cost structure the inverse
formulation was meant to avoid. This is the principal open
algorithmic problem for the paradigm, though it is logically
downstream of the evaluation questions of Section VI-C.

Even if the eigenvalue bottleneck were eliminated, that by
itself would not make the search feasible. A nested variational
approach retains the cost structure of variational optimization;
the training of whose parameters is NP-hard in the worst case
[46] and the calculation of whose gradients by means of the
parameter-shift rule requires two further circuit evaluations for
each parameter at every step [47]. Together with (5), a nested
formulation that involves multi-term operators would increase
the measurement budget by a factor equal to the number of
non-commuting measurement groups and by twice the number
of trial parameters. Therefore, any proposal for removing the
exponential step should clearly indicate the resulting measure-



TABLE IV. The six properties which Lorenz et al. [
published data-conditioned VQE protocol [15].
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] required of a benchmark definition, as evaluated with respect to the

Requirement Meaning for the paradigm

Status of the published protocol

Clearly defined

loss must be stated without ambiguity
Generic and  SDK-
independent

Well-documented

one implementation

should accompany the definition
Transparent in resource

use gation must be reported

Separable from classical —The classical and quantum contributions to the result must
demands be delineated and quantified

Scalable The protocol must remain executable as the register grows

The objective (6), the encoding, the search space and the
The method should be specifiable without reference to
Evaluation code, statistical treatment and sample data

Shots, iterations, classical optimizer calls and any miti-

Largely satisfied. The objective and the sixteen-element search
space are explicit

Satisfied in principle. The reference implementation is a bespoke
R script rather than a portable specification

Not satisfied. No standardized evaluation routine or released
data

Partially satisfied. Shot and iteration counts of 10# are reported,
and no mitigation applies because no hardware is used

Not satisfied. This is the decisive gap and the direct motivation
for roadmap item 1

Not demonstrated. Execution is reported only at N = 2, where
the O(8Y) step is trivial; scaling behavior is untested rather
than shown to fail

ment budget, since this is what the transparency requirement
in Table IV calls for.

E. The Time Taken to Reach a Solution and the Latency
Budget

Almost all discussion of quantum advantage in the
biomarker literature is framed in terms of accuracy. Bench-
marking practice insists that time-to-solution be reported
alongside it [44], and for a clinical scoring function that
requirement is severe. Quantum gate operation times, in the
nanosecond to microsecond range, exceed classical gate times
by roughly three to six orders of magnitude, so a quantum
algorithm must offer at least a superpolynomial asymptotic
advantage merely to break even in wall-clock terms [44], [48].
The inverse-VQE score (12) does not. Its classical evaluation is
a closed-form trigonometric expression costing microseconds,
while its quantum evaluation costs 10* shots per term plus
queue, compilation, and readout latency. On the reported
inference complexity O(M - L - S) the asymptotic scaling is
identical on both sides. Hence, the constant factors decide,
and they favor the classical implementation by many orders
of magnitude.

The value of the paradigm is limited to specific areas; it
is not about the speed at which a patient is scored. It might
be useful during the discovery phase if the operator space
is large and well-structured enough to make quantum search
truly beneficial, which connects back to roadmap points 3
and 4. Since a clinical decision-support tool must compete
with logistic regression on standard hospital hardware, the
key comparison is accuracy relative to cost, energy, and
latency. Currently, no published data provide these metrics.
The absence of quantum advantage now does not necessarily
mean it won’t be relevant in the long term, once fault-tolerant
resources make deeper learning architectures accessible [59].

F. Encoding, Clinical Translation and Privacy

The use of angle encoding as described in (8) means that
the representation relies on the extrema at the cohort level,
so when the method is applied to a new population, the
encoding of the same clinical values changes. Quantum state
preparation for medical data is itself a field with unresolved

issues regarding cost and fidelity [52]. The patient features
would also be transferred out of the institution in the form
of rotation angles on a cloud-hosted device, and no federated
or privacy-preserving version of this approach has yet been
proposed. In addition to the algorithmic aspects, translation
would require regulatory-grade evidence, which would involve
prospective validation, calibration analysis, an examination of
performance within subgroups, and a demonstration that the
interpretability of a Z® Z coupling is meaningful to clinicians
and not merely to physicists. Nothing of this has been tried
so far.

An especially intriguing future direction is to inter-
pret patient-specific Hamiltonians as quantum-inspired digital
twins. Rather than serving solely as biomarkers or clas-
sification models, inferred Hamiltonians could become dy-
namic representations of individual disease states. Longitu-
dinal sequences of Hamiltonians may capture disease evolu-
tion, treatment response, and phenotypic transitions, thereby
linking data-conditioned Hamiltonian learning with emerging
paradigms in digital medicine and systems healthcare. Under
this interpretation, the Hamiltonian is not merely an observable
selected by an optimization procedure but a compact mathe-
matical representation of the patient’s biological state, anal-
ogous to network-based and mechanistic digital-twin models
currently explored in precision medicine [53]-[56].

VII. RESEARCH ROADMAP

We propose six specific conditions under which the data-
conditioned paradigm should progress from a formal novelty
to a demonstrated contribution, and we set them out so that the
evaluation-theoretic prerequisites come before the algorithmic
ones.

1) There should be an application-level benchmark that
includes a classical null with matched sparsity. In ac-
cordance with the three-part definition of an application-
level benchmark [44], the community must agree upon
a problem statement, a set of KPIs, and a protocol. The
KPIs should include balanced accuracy and sensitivity
at a fixed specificity, calibration error, shots-to-precision
at a stated € via (5), wall-clock time-to-solution, and
the fraction of the total arithmetic work carried out
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classically. The protocol should specify nested cross-
validation, identical splits for all the models, and a
required comparator with matched sparsity, that is, a
single thresholded interaction term chosen by the same
correlation screen. The final element is the key one, since
it represents the actual form of the requirement that the
benchmark be separable from classical demands.

2) It is necessary to have a version of the method that is
both reproducible and portable. The method should be
provided in a form that does not depend on any specific
implementation, along with the code used for evaluation
and sample data, and then be carried out as part of an ex-
isting quantum benchmarking pipeline such as QUARK
[49] rather than as a separate script, so that the results
may be compared between different devices and over
time. Whenever hardware is used, the error mitigation
and compilation stack must be documented, because if
the mitigation is not documented, the comparison across
platforms would be invalid.

3) Hamiltonians that consist of more than one term that
do not commute. The search should go beyond single
Pauli strings to operators whose terms do not commute
with each other; grouped measurements then become
necessary, and estimating the expectation values is once
again no longer a simple classical task.

4) Removal of the exponential bottleneck. F;, must be
obtained without full diagonalization, ideally variation-
ally on the same device. That would convert the method
into a genuine nested quantum optimization, with the
resulting measurement budget reported explicitly.

5) A demonstration of hardware execution combined
with error mitigation should be provided using a
superconducting or trapped-ion device that has been
characterized in terms of its noise, along with an analysis
of how finite sampling and gate errors contribute to the
clinical score.

6) External validation and use of the discarded data
structure. Replication in independent cohorts from dif-
ferent regions and health systems should be performed
to determine whether the identified feature couplings
are universal biomarkers or merely artifacts of a single
clinic. The longitudinal and missing-data structure that
the current pipeline fails to utilize should be used rather
than being summarized out (Section V-B).

Points 1, 2, and 6 do not need any quantum resources and may
be carried out immediately; we regard them as prerequisites
for further methodological development. It is worth making
clear at this stage exactly why the evaluation protocol has
been placed before the algorithmic questions. According to
the criteria to which the quantum computing community itself
is converging [44], the present evidence does not constitute a
benchmark of any sort. Until it does, the algorithmic questions
cannot be formulated in a way that enables an answer.

VIII. CONCLUSIONS

The data-conditioned inversion of the variational quantum
eigensolver is a novel and currently underexplored formal

approach; it alters an algorithm originally intended for state
preparation into one that is suitable for Hamiltonian learning,
thereby yielding a sparse Pauli operator derived from the
encoded clinical variables which serves not only as the result
of feature selection but also as a risk score. In a small study
focusing on HIV/TB co-infection, it performed much better
than the classical baseline methods when dealing with two
highly imbalanced endpoints, while at the same time producing
a one-term model that is understandable to a human. Since the
current classification of quantum-enhanced biomarker discov-
ery includes no category to which this method belongs, this
is the most straightforward way of expressing what makes it
novel.

The best argument it has is not one relating to speed or
accuracy, but rather the form of its output, and this aspect
should be given more consideration than it currently is. It has
been identified in the field as a necessary condition for clinical
adoption that the method be explainable, particularly since
the abstract and probabilistic nature of quantum computation
makes this more difficult [14]. This restates, for the quantum
setting, the more general argument that models deployed
in high-stakes decisions should be intrinsically interpretable
rather than explained after the fact [53]. Almost all of the
QML models mentioned in Section V produce an optimized
parameter vector whose clinical significance is just as difficult
to grasp as that of the weights in a neural network, and
which is therefore accessible only through post-hoc attribution
methods of the LIME [54] or SHAP [55] type, with the fidelity
and stability limitations those methods carry. In contrast,
the data-conditioned model provides a single named operator
acting on named clinical variables, thereby making it a rare
type of construction whose output a reviewer can examine and
challenge. The only qualification is that the Z ® Z coupling
is understandable to a physicist and that its translation into
a statement which a clinician would act on has not yet been
demonstrated.

The reported result should still be seen as evidence relating
to formalism and not to quantum hardware. The method is
traditionally carried out in a situation in which the quantum
expectation values can be obtained classically in closed form,
at a scale where its own exponential classical step is negligible,
and on a single center which has fewer than ten positive cases
per endpoint. It does not meet the requirements which the
wider community currently places on a benchmark definition;
the weakest of its claims is that the quantum step is carrying
out the work, and the fact that circuits shallow enough to avoid
barren plateaus are generally classically simulable [21] applies
entirely in the case of a two-qubit constant-depth encoding.

The experiments that are most worthwhile to carry out next
are therefore not algorithmic; rather, they should include a
classical comparator with the same sparsity and assessed using
the same protocol, together with a portable and reproducible
implementation and an external cohort. Only when this ap-
proach has passed these tests should the issues concerning non-
commuting Hamiltonians, nested quantum eigenvalue estima-
tion and hardware execution be regarded as worth considering,
and it should then be possible to claim that the expression
“quantum biomarker” has computational content; until that



point is reached, the paradigm should most accurately be
described as a possible contribution to the interpretation of
biomarkers which has not yet established itself as a contribu-
tion to biomarker computation.

The most promising future application of data-conditioned
Hamiltonian learning may not be in increasing classification
accuracy but in enhancing the way information is represented.
Instead of simply acting as a quantum classifier competing
with traditional machine learning methods, it could develop
into a framework for characterizing patients, diseases, and
biological processes through interpretable operator structures.
In this capacity, the Hamiltonian would go beyond its role as a
computational tool and serve as a scientific model of disease
mechanisms, similar to networks, pathways, and dynamical
systems used in systems medicine [56], and in the same role
as the patient-specific digital twins now being developed for
cardiology [57] and for personalized medicine more broadly
[58].
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