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Abstract
Research into quantum advantage is increasingly taking on an interdisciplinary character. In particular, quantum machine 
learning shows promising generalization capabilities, which we have exploited in the classification of hepatocellular 
carcinoma tissue based on microarray gene expressions. By using previously characterized genetic communities, we mini-
mize the computational complexity associated with the number of qubits, enabling the execution of quantum-inspired 
algorithms on classical machines. We consider two categories of such algorithms: parameterized quantum circuits (PQC) 
and tensor networks. The variational optimization of PQCs achieves better accuracy than classical counterparts on the 
independent test set, reaching an advantage equal to 11% in accuracy, while tensor networks offer equivalent perfor-
mance with fewer parameters.

Article highlights

•	 We applied QML methods in the classification of hepatocellular carcinoma tissue based on microarray data.
•	 Quantum circuits shows higher performance on independent sets compared to classical methods.
•	 Tensor network methods can match the performance of artificial neural networks (ANNs) while using fewer param-

eters.
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1  Introduction

The constantly growing availability of data and the increasing complexity in analyzing them are driving the develop-
ment of new technologies that leverage quantum computing to achieve a more efficient integration of data with 
respect to classical approaches. Quantum applications support these efforts in two ways: by exploiting parallel 
quantum state superposition [1] and by estimating unknown parameters with unparalleled efficiency [2, 3].

The literature presents a plethora of quantum machine learning (QML) applications addressing various issues, 
including optimal embeddings [4], multipartite entanglement [5], Fourier decompositions via feature re-uploading 
[6, 7], data symmetries [8–10], barren plateaus [11–13], capacity [14], and expressivity [15], among others. This list 
being far from exhaustive.

The mapping of classical data into quantum states leads to the definition of quantum kernels, which form the basis 
for quantum support vector machines (SVM) [16–19]. Once the kernel is defined, classical SVM optimization methods 
can be applied using training data, though they may entail high computational complexity due to the high dimen-
sions of the quantum state space. In this work, we will exploit variational methods [19–22], which offer advantages 
in terms of computational time resources, even if they may involve a lower precision.

A typical limitation of QML applications is the noise present in noisy intermediate-scale quantum (NISQ) devices 
[23]. This characteristic challenge of open quantum systems is addressed by tensor networks, either as stand-alone 
quantum-inspired numerical tools [24–29] or by utilizing classical resources whose output is converted into a para-
metric quantum circuit (PQC) [30–32]. These hybrid approaches leverage tensor networks computational capabilities 
to minimize the number of gates composing a quantum circuit in order to bound noise sources affecting results 
precision. Another strategy consists in the implementation of error correction, which can incorporate causal relation-
ships in the learning framework, since the associated tensor renormalization procedure effectively iterates feature 
selection from causally related groups, leading to the extraction of classification labels [33–35].

Machine learning (ML) methods are proving useful in quantum many-body systems [36, 37] and are currently applied to a 
variety of problems [38]. Classifiers based on quantum models exhibit an interesting behavior concerning an emerging train-
ing size advantage [39–41]. Similarly, entanglement-based discrimination between quantum channels is characterized by an 
exponential learning advantage in the required number of samples for both discrete and continuous variable platforms [42–44]. 
Quantum resources also exponentially improve unsupervised clustering methods [45–47], which is particularly advantageous 
in the biomedical field, given the specific need for explainability [48–51].

In the biological field, it is beneficial to illustrate how quantum resources scale concerning the complexity of the prob-
lem, using small molecules as an example [52]. Efficient results have been achieved with small superconducting circuits 
consisting of six qubits, whereas a significantly higher number is necessary for tasks such as protein folding [53, 54]. Tensor 
network methods are also utilized to model both covalent and ionic bonds between a large number of orbitals [55, 56]. 
This natural progression extends to assisted drug discovery in pharmacology, leveraging the interplay between quantum 
chemical models and genomic big data machine learning tools [57]. The complexity inherent in biological data aligns 
well with the high number of qubits offered by platforms like D-Wave, processed through quantum annealing [39, 41, 58].

This paper adopts a methodological perspective focusing on the comparison of the classification performance 
between quantum and conventional algorithms applied to genomics and oncology [39, 41, 59–68]. The considered appli-
cation scenario refers to gene expressions from control and hepatocellular carcinoma (HCC) tissues recently analysed in 
[51] using complex networks and ML to identify pivotal communities linked to the HCC phenotype. This characterisation 
of gene datasets represents statistical preprocessing required for the development of supervised, quantum-inspired ML. 
Our study primarily focuses on the performance comparison between classical and QML applications, while discussion 
of the biological implications is beyond the scope of this article. In [39, 41] quantum annealing is applied for the clas-
sification of gene expression and multiomics tumor data, unveiling promising performances already comparable with 
conventional ML algorithms. A similar molecular subtype classification for lung cancer in [63] is targeted by a hybrid 
combination of classical feature selection and a quantum Boltzmann machine. In the framework of breast cancer features 
selection, including clinical data, is presented in [62] as well, in order to minimize circuit complexity in a quantum-inspired 
framework. Genes subset selection is targeted in [64] according to a hybrid scheme, highlighting again the importance 
of dimensional reduction to prepare input data of a quantum algorithm.

The input gene expression data and the associated communities are briefly presented in Sect. 2. In addition, the 
chosen PQC encoding for three features per qubit [7] is presented as implemented in PennyLane [69], while the 
tensor network methods [70] are based on TorchMPS [71–73] and equivalent tensor trains on TensorFlow [74–78]. 
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Conventional ML algorithms such as SVM, random forest (RF) and artificial neural networks (ANN) are used as bench-
marks. In Sect. 3 we present and discuss our findigs, consisting in good performances of the considered variational 
PQC on the independent set, also known as generalization [79–83], with a significant benefit from features re-
uploading, implemented by a repeated application of gates used for features encoding.

2 � Methods

Two microarray public datasets, GSE102079 and GSE54236, were considered (https://​www.​ncbi.​nlm.​nih.​gov/​geo/). 
The GSE102079 dataset comprises gene expression data from liver tissue samples of 152 patients who underwent 
liver resection. These samples were analyzed using the GPL570 Affymetrix Human Genome U133 Plus 2.0 array. This 
dataset includes 152 tumor tissues and 91 adjacent liver tissues from patients with HCC and 14 adjacent liver tissues 
from patients with colorectal cancer metastases who had not undergone chemotherapy. The GSE54236 dataset 
contains gene expression data from 156 samples, 78 HCC tumor tissues and 78 adjacent non-tumor tissues. These 
data were obtained using the GPL6480 Agilent-014850 Whole Human Genome Microarray. We used this dataset for 
independent testing purposes.

Microarray sequencing technologies simultaneously measure the expression level of thousands of genes. Both 
datasets contain over 10, 000 gene expressions, so a straightforward mapping of these data is unfeasible, because a 
too high number of qubits is required, or alternatively in a quantum-inspired setting a huge memory storage should 
be available. For this reason, we processed the data as in [51] in two steps: (i) a data normalization step based on 
multiarray analysis (robust multiarray analysis, RMA) with background correction of the original data, log2 transforma-
tion and quantile normalization; (ii) a community detection phase in which we first created the gene co-expression 
matrix and then applied the Leiden algorithm to find stable gene communities with highly correlated gene expres-
sion profiles, as pictorially represented in the scheme shown in the left part of Fig. 1.

Based on the results reported in [51], we selected the 20 best performing communities out of 46 where the RF 
algorithm discriminated HCC from control patients with an accuracy greater than 90% . We used these communities 
to feed two families of quantum algorithms, namely variational quantum circuits and tensor networks, and compared 
their performance with 3 conventional ML methods, namely RF, SVM and ANN. In Table 1 we list the 20 communities 
with corresponding cardinalities.

To verify the better performance on smaller training datasets of quantum algorithms than conventional ML meth-
ods [41], we trained the selected algorithms with an increasing proportion of the training set and tested their per-
formance on the independent dataset. Specifically, the random cuts are repeated 20 times for each fraction from 
20  to 90% with step 10% , for each classifier and for each community listed in Table 1. Figure 1 shows a pictorial 
representation of the implemented procedure.

Fig. 1   A flowchart represent-
ing the adopted workflow, 
based on genes communities 
identified in [51]. For each 
features subset we sampled 
random cuts with an increas-
ing fraction of the training 
set fed to the considered 
three families of classifica-
tion algorithms, quantum 
circuits and tensor networks 
compared with conventional 
ML algorithms. Collected 
performances are evaluated in 
order to establish statistically 
significant different behaviors

https://www.ncbi.nlm.nih.gov/geo/
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2.1 � PQC variational methods

Quantum models for QML in our classification problems yield a score dependent on both input features x and variational 
parameters � characterizing the considered PQC

where U(x ,�) is a sequence of encoding and parametrized gates, �0⟩ is the initial state and M is an observable of the 
qubits system [4, 6, 19, 20, 22].

Usual mappings of one feature x per qubit are implemented according to RX (x) or RY (x) [19]. A minimum number of 
qubits n required for each gene community is ensured in our case by the adopted mapping of three features per qubit 
[7], thus involving a system consisting in n = ⌈N

3
⌉ qubits

composed according to the PQC schemes in Fig. 2 with variational parameters ruling the second kind of single qubit gates

where X, Y and Z are Pauli matrices. An equivalent expression for these SU(2) transformations is discussed in Appendix A.
The chosen PQC schemes presented in Fig. 2 are characterized by a circuit structure with 

(a)	 separable states with no entanglement between qubits at the PQC output and measured through M =
1

n

∑n

i=1
Zi;

(b)	 the previous circuit structure followed by an isometry layer, composed by controlled CW , with measurements 
M =

1

n

∑⌈n∕2⌉
i=1

Z2i−1;
(c)	 CNOT layers are introduced after the application of parametrized gates, with measurement M =

1

n

∑n

i=1
Zi.

In practice we measure an average magnetization M at the PQC output, taking into account an additive contribution 
from each circuit line. The optimal parameters for the training stage correspond to 200 epochs with batch size equal to 
2/3 of the available training set and learning rate 10−1 , the loss function consists in the hinge loss. The tuning of each PQC 
is performed by means of Adam optimizer. Noise models for each PQC are not included in order to avoid performance 
results affected by environment effects.

2.2 � Tensor network methods

The memory overhead in a classical computer for systems composed by a high number of qubits can be managed by spe-
cific dimensionality reduction techniques, named tensor networks and based on iterated truncations over less entangled 
degrees of freedom [35]. We consider three tensor network algorithms: matrix product states (MPS), tensor train (TT) and 
compressed tensor train (cTT). Tensor networks for one dimensional quantum systems are called MPS and are implemented 

(1)f
�
(x) = ⟨0�U†(x ,�)MU(x ,�)�0⟩,

(2)
G(x1, x2, x3) =RZ (x3)RY (x2)RZ (x1)

=e−
i

2
x3Ze−

i

2
x2Ye−

i

2
x1Z ,

(3)
W(�1, �2, �3) =RZ (�3)RY (�2)RZ (�1)

=e−
i

2
�3Ze−

i

2
�2Ye−

i

2
�1Z ,

Table 1   Summary of 
the considered genes 
communities with related 
number of qubits according to 
the chosen encoding in PQCs

Community # Genes # Qubits Community # Genes # Qubits

C8 28 10 C29 48 16
C12 47 16 C30 32 11
C14 31 11 C31 25 9
C15 25 9 C32 35 12
C16 34 12 C33 35 12
C17 26 9 C35 31 11
C23 31 11 C40 29 10
C24 23 8 C41 48 16
C27 36 12 C42 33 11
C28 35 12 C43 32 11
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in our case by means of TorchMPS [71–73]. The lower requirement for memory storage compared to methods that do not 
perform dimensionality reduction allows us to map each feature into a single qubit

where si = 0, 1 , s = (s1,… , sN) and the normalization with respect to the L1 norm ensures numerical stability [70, 73]. 
This input state is a separable quantum spin state, according to the pictorial notation in Fig. 3. The definition of a score 
is based on the action of a tensor W [24]

where the index m runs over available classes in the classification problem. The tensor W is converted into MPS for-
mat, as shown in Fig. 3c, such that the contraction of input indices is performed in parallel. The assigned label is 
m̃ = argmaxmf

m(x) and for our binary classification model we define the score f (x) = f1(x) − f0(x).

(4)Φ(x)s =

N⨂
i=1

�(xi)
si =

N⨂
i=1

(
xi

1 − xi

)
,

(5)f m(x) =
∑

s1,…,sN

Wm
s1,…,sN

𝜙(x1)
s1 ⊗⋯⊗𝜙(xN)

sN ,

Fig. 2   Representation of the 
three chosen PQCs: a features 
re-uploading with separable 
states, b the previous scheme 
followed by an isometry layer, 
c parametrized gates followed 
by a CNOT layer

Fig. 3   Schematic representation of the tensor W trained for classification in panel (a) and of features mapped into a separable state Φ(x) 
of qubits in panel (b). Indices (s

1
,… , s

N
) contraction is optimized by an MPS approximation of the tensor W shown in panel (c). The output 

index m separates two regions (s
1
,… , s

�
) and (s

�+1,… , s
N
) in TorchMPS [73]
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The same matrices decomposition is possible without any encoding into quantum states, as implemented in Tensor-
Flow [75–78] according to the TT format. Densely connected layers in ANN are compactly represented by means of these 
rank reduction techniques. It is possible to directly train a layer in TT format or alternatively we convert a dense layer 
after training in a cTT. The optimal bond dimension, namely the number of singular values in each tensor block after 
truncation, used for MPS is equal to 20, while it is 16 for TT and cTT. The number of epochs is 200 with batch size equal 
to 1/2 of the available traning set, learning rate is equal to 10−3 for MPS and cTT, while for TT it is 10−2 . The loss function 
consists in the cross entropy, where MPS is endowed with a regularization penalty in order to avoid overfitting.

2.3 � Conventional machine learning methods setup

We compared the performances of the chosen QML algorithms to three conventional ML methods, namely SVM [84], 
RF [85] and ANN [86].

SVM is a machine learning technique that utilizes mathematical functions known as kernels to transform data into 
a new hyperspace, making it easier to identify complex patterns within the data. When aiming to distinguish data 
from two clusters, SVM identifies the functional equation that best separates these clusters. With additional variables, 
the separation boundary evolves from a line to a plane, and with even more variables, it becomes a hyperplane. This 
hyperplane is derived from a subset of points from the different classes, known as support vectors. We considered the 
simplest example, which consists of a linear kernel enhanced by a regularization penalty to increase the performance 
in classifying independent groups.

RF is an ensemble learning method that constructs multiple classification trees using bootstrapped samples of the 
training dataset. During tree construction, at each node, a random subset of features is chosen, leading to trees that are 
only weakly correlated with one another. Generally, RF classifiers are straightforward to tune, highly resistant to overfit-
ting, and especially effective when the number of features exceeds the number of observations. In our configuration we 
considered 100 trees and the Gini impurity criterion for splitting the nodes with no restrictions on the minimum number 
of samples in each leaf. The number of randomly selected features at each split is equal to 

√
N , where we recall that N is 

the total number of features.
ANNs were conceived as a model that mimics associative memory processes by storing a set of patterns. A layered 

network consisting of nodes connected by a set of weights allows the above patterns to be encoded during the training 
phase, based on the minimization of a loss function according to backpropagation. The output of each layer is fed with 
an activation function that provides the input for the next layer. We choose an ANN with a single hidden layer (with N 
neurons) whose connections with the inputs are weighted by ReLU followed by softmax activations for the output nodes 
and cross entropy as a loss function.

In order to ensure a maximal adaptability for unseen data we do not impose any constraint ruling the training phase 
for each conventional ML algorithm.

3 � Results and discussion

A common challenge in ML is balancing the trade-off between overfitting and generalizability. This issue is also relevant 
in QML [79–83], which additionally benefits from the potential training size advantage of quantum algorithms [39–41]. 
This advantage presents a promising perspective for biomedical applications. In our study, we will address both aspects 
by comparing performance during the training phase through cross-validation. We will also describe how classification 
accuracy varies on an independent set as the size of the training set increases.

For each random slice of 90% of the training set, we evaluate the performance considering the remaining 10% (see 
Table 2) in cross-validation. The conventional ML methods ANN, RF and SVM show high classification performance as 
measured by the reported accuracies. These performances are comparable with those obtained through TT and cTT 
tensor networks.

MPS tensor networks demonstrates excellent performance in almost all cases, excluding the C17 community. On aver-
age, the variational PQC (re-upload, isometry, CNOT layer) exhibits lower performances. However, on certain communi-
ties, such as C29 and C41, quantum learning methods achieve high classification accuracy comparable to conventional 
methods, confirming their rich information content as discussed in [51]. Similarly, the PQCs with re-upload and isometry 
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show robust performance, with notable differences only in C8, C14, and C17. In contrast, the PQC CNOT layer generally 
exhibits lower performances.

We tested the generalisation properties in terms of classification performances on the independent set presented in 
Sect. 2 and evaluated the performances using gradual reduction of the training set size. In Table 3 we summarised the 
accuracy performances corresponding to the largest training set ( 90% of the input dataset).

Among classical algorithms, both ANN and RF consistently outperform SVM in numerous communities, with statisti-
cally significant differences. ANN only surpasses RF in two gene communities, specifically C28 and C43. Tensor network 
methods exhibit performances consistent with the aforementioned algorithms, with MPS generally yielding equal or 
lower performances, except for C35 and C42. The TT and cTT methods demonstrate the ability to achieve comparable 
performance to ANN with fewer parameters, partially mitigating barren plateaus. Particularly interesting behavior is 
observed in PQCs, which generally achieve accuracy equal to or higher than classical benchmarks, albeit with fluctuations 
towards lower values in C14 and C29. This highlights the privileged role of the feature re-uploading schemes, identified by 
testing MPS, endowed with a single feature upload, with a modified encoding of three features per qubit (see Appendix 
A), observing no significant improvement.

We investigated the bilayer structure of PQCs, shown in Fig. 2, as an enhancement over the monolayer configuration. 
However, further increasing the number of layers results in performance saturation. Regarding biologically significant 
communities such as C29 and C41, as characterized in [51], it is notable that variational PQCs perform comparably to 
classical methods, affirming their rich information content. When comparing classifiers, it’s essential to consider addi-
tional evaluation metrics like the Area Under the Receiver Operating Characteristic (ROC) curve (AUC) and the F1 score. 
A comprehensive overview about the implemented metrics can be found in Appendix B. Table 3 shows that PQCs 
outperforms classical ML methods in particular for 8 communities namely C8, C17, C23, C24, C31, C32, C33 and C42. 
This behavior is statistically characterized by defining the generalization gap as the difference between training set 

Table 2   Training set (GSE102079 dataset) classification accuracy for each gene community in cross validation considering 90% of the train-
ing set and averaged over 20 random cuts, including the standard deviation

Graded colors from blue to brown are referred to increasing mean values



Vol:.(1234567890)

Research	  
Discover Applied Sciences           (2025) 7:205  | https://doi.org/10.1007/s42452-025-06638-6

accuracy and independent set accuracy for each dataset. This quantity is described in Fig. 4, where we consider mean 
values listed in Tables 2 and 3. To quantify this difference we comprehensively collect values per panel in Fig. 4 and 
evaluate Kruskal-Wallis p-values for each pair: PQC obtain a p-value lower than 1% for both comparisons, namely with 
tensor network methods and conventional ML algorithms, while the p-value associated with the comparison of these 
two classes is higher than 1% . In Fig. 5 we report the classification accuracy obtained for these communities as function 
of the training set fraction.

Table 3   Independent set (GSE54236 dataset) classification accuracy for each gene community considering 90% of the training set and aver-
aged over 20 random cuts, including the standard deviation

Graded colors from blue to brown are referred to increasing mean values

Fig. 4   Generalization gap, defined as the difference between training set accuracy and independent set accuracy, is reported for each pair 
of elements in Tables 2 and 3, grouped in the three methods categories per panel
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The better generalisation properties [79–83] of PQCs methods are evident, in most cases for small training sets. To 
highlight this behavior we carried out the Kruskal-Wallis test between the accuracy distributions obtained through the 
PQCs methods, for the 8 considered communities, with those relating to the best conventional ML method. Figure 6 
reports the test results in terms of p-values for the methods re-upload, isometry and CNOT layer, as a function of train-
ing set fraction.

For the communities C31, C33 and C23, the statistical significance of 1% is already reached for small training sets. 
The centre and right panels of Fig. 6 refer to the isometric and CNOT layer PQCs that introduce entanglement between 
qubits. We can highlight that a reduced number of control gates characterising isometric PQCs ensures, on average, 
lower p-values for the eight communities considered, while for the CNOT-layer the statistical significance is lost in C8, C17 
and C32. This behaviour can be explained by interpreting the last isometry layer as an effective selection of the feature 
subspace, which is endowed with a higher information content. Instead, the CNOT layer allows the exploration of a larger 
part of the quantum state space without focusing on the meaningful genes. PQC methods tend to achieve almost the 
same classification performances whether using small or large training set portions.

Fig. 5   Independent set classification accuracy for the eight gene communities showing the best performances of PQCs with respect to clas-
sical algorithms, where error bars are referred to the standard deviation
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4 � Conclusion

Our study aimed to compare classical and quantum-inspired ML algorithms for diagnosing hepatocellular carcinoma 
based on gene expression in liver tissues. Quantum circuits exhibit higher performance on independent sets, also when 
trained on small samples. Tensor network methods can achieve performances comparable to ANNs but with fewer 
parameters.

Future developments will involve utilizing quantum hardware. We also intend to apply synergistic approaches on 
individual communities in order to identify higher order correlations. Quantum algorithms might be particularly advan-
tageous when applied on communities with synergies as many-body correlations could be exploited.
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Appendix A: Features encoding and parametrized gates in variational PQCs

The encoding of three features per qubit presented in the main text can be resumed as a unique SU(2) transformation by 
exploiting the composition rule [7]

where T1 , T2 , T3 are transformation parameters, � = (X , Y , Z) and we obtain for the spherical law of cosines

furthermore yielding

Features encoding in Eq. (2) is resumed as a unique a transformation by first composing

deduced by setting T1 = −
x2

2
 , T2 = −

x1

2
 , n̂ = ŷ and m̂ = ẑ

The next step evaluates the last composition

implying T1 = −
x3

2
 , T2 = T3 , n̂ = ẑ and m̂ = k̂ according to the notation in Eq. (A1), thus imposing

(A1)eiT1(n̂⋅�)eiT2(m̂⋅�) = eiT3(k̂⋅�),

(A2)cos T3 = cos T1 cos T2 − n̂ ⋅ m̂ sin T1 sin T2,
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1

sin T3

(
n̂ sin T1 cos T2 + m̂ cos T1 sin T2 − n̂ × m̂ sin T1 sin T2

)
.
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x2Ye−
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x1Z = eiT3(k̂⋅�),

(A5)cos T3 = cos
x2

2
cos

x1

2
,

(A6)k̂ =
−1

sin T3

(
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)
.

(A7)G(x1, x2, x3) = RZ (x3)e
iT3(k̂⋅�) = e−
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x3ZeiT3(k̂⋅�) = eiT

�
3
(k̂�⋅�),
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It is possible to explicitly consider the combination with Eq. (3) proposed in [7]

adopting the compact notation x = (x1, x2, x3) , � = (�1, �2, �3) . The aforementioned SU(2) transformations composition 
allows us to obtain

where rows are ordered according to x̂ , ŷ and ẑ . This composition of transformations ensures the implementation of a 
single layer neural network according to the quantum formalism [7].

Our layered structures are inspired by Fourier decompositions [6] and they represent two examples of gate sequences 
U(x ,�) introduced in Eq. (1) required for the definition of quantum models

whose expressivity properties are shown in Fig. 7, panels (a–c) and (d–f) respectively. The uniform distribution over the 
Bloch sphere for a single qubit in panels (a) and (d) is referred to parameters in Eq. (A13)–(A14) sampled form a uniform 
distribution over [0, 4�] , while features (x1, x2, x3) are sampled from a standard normal distribution, since we adopt a 
standard rescaling for genes expression. Panels (b, c) and (e, f) are useful in order to verify the uniform distribution over 
the Bloch sphere, according to the Haar measure: considering the solid angle p(Ω)dΩ =

1

4�
dΩ , we convert it into the joint 

density for polar and azimuthal angles (�,�) through the Jacobian p(Ω)dΩ = p(�,�)d�d� =
1

4�
sin �d�d� , represented 

as red curves p(�) = 1

2
sin � and p(�) = 1

2�
 , which ensures the absence of any bias in our PQC.

Appendix B: Evaluation metrics

The classification performances are evaluated in terms of

where TP and TN stand for true positives (number of tissues with HCC correctly classified) and true negatives (number of 
control tissues correctly classified), while FP (number of control tissues identified as positive) and FN (number of tissues 
with HCC identified as control) are false positives and false negatives, respectively.
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(A13)L1 = W(�1, �2, �3)G(x1, x2, x3)W(�4, �5, �6),

(A14)L2 = W(�1, �2, �3)G(x1, x2, x3)W(�4, �5, �6)G(x1, x2, x3)W(�7, �8, �9),

(B15)accuracy =
TP + TN

TP + TN + FP + FN
,
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Since a classifier provides a score f (x) for each element, it is useful to evaluate a metric able to take into account the 
variation of applied threshold c, namely AUC. Its definition is based on sensitivity (also known as recall) and specificity

representing two conditional probabilities, such that we define

where d(1 − specificity(c)) =
d(1−specificity(c))

dc
dc denoted the differential.

In order to quantify the ability of a classifier in selecting positive cases in a diagnostic binary decision problem, we 
introduce

such that we define the F1 score as its harmonic mean with sensitivity

(B16)sensitivity =
TP

TP + FN
= P(f (x) > c|y = 1),

(B17)specificity =
TN

TN + FP
= P(f (x) ≤ c|y = 0),

(B18)AUC = ∫
1

0

sensitivity(c) d(1 − specificity(c)),

(B19)precision =
TP

TP + FP
= P(y = 1|f (x) > c),

(B20)F1 =
2

precision−1 + sensitivity−1
=

2 TP

2 TP + FP + FN
.

Table 4   Independent set classification AUC for each gene community considering 90% of the training set and averaged over 20 random cuts
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The useful  proper ty of  harmonic mean in this  f ramework is  referred to the inequal it ies 
min(precision, sensitivity) ≤ F1 ≤ 2 min(precision, sensitivity) , so F1 is dominated by the minimum of its arguments, both 
expressing the classifier ability in selecting HCC tissues based on a different conditional event.

Collected performances corresponding to the maximal considered fraction of the training set in terms of AUC and F1 
score are resumed in Tables 4 and 5, respectively. The gained information regarding a proper selection of HCC tissues 
allows us to restrict our focus on just C23, C31 and C33 among the eight communities discussed in Sect. 3. In Figs. 8 and 
9 we can verify that variational PQCs advantage could be partially confirmed in the considered eight communities by 
looking at AUC, but F1 score underlines a comparable selection of positive cases with classical counterparts in most genes 
communities, a behavior which is explained given the imbalanced training set.

Table 5   Independent set classification F
1
 score for each gene community considering 90% of the training set and averaged over 20 random 

cuts
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Fig. 8   Independent set classification AUC for the eight gene communities showing the best performances of PQCs with respect to classical 
algorithms
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