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Abstract

Quantum computing consists of a set of techniques based on the principles of
quantum mechanics. Historically, quantum computing has been built around
qubit systems featuring two discrete levels. However, qudit systems involving
multiple levels appear to provide a promising solutions to certain difficulties
related to noise and information capacity in quantum computing. This study
investigate these advantages by extending the quantum approaches of market
basket analysis (MBA) on qudit systems. Furthermore, we propose a novel
method utilising an adaptive comparator that requires fewer quantum resources
in assessing the minimum support threshold, made possible by qudit systems.
The proposed quantum MBA method was simulated on an 8-level system for a
database containing 9 items and 64 transactions. The experiment results show
that the proposed method can perform MBA on the same database using 78,125%
less quantum resources compared to existing methods. All simulations conducted
in this study utilize the Cirq framework.

Keywords: Quantum Computing, Qudit Systems, Market Basket Analysis, Grover
Search Algorithm, Dicke States
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1 Introduction

Market Basket Analysis (MBA) is a data mining methodology to identify pat-
terns of co-occurrence among items in transactional datasets, revealing relationships
between products that are frequently purchased together [1]. MBA provides insights
into customer purchasing behaviours, facilitating informed decision-making in various
domains. For instance, in retail and e-commerce, MBA is instrumental in optimizing
store layouts, designing targeted marketing campaigns, and developing recommenda-
tion systems to enhance cross-selling and up-selling strategies. MBA is also used in
domains such as fraud detection to uncover patterns indicative of fraudulent activi-
ties [2], and in healthcare to analyse patient data and optimize medical services [3].
Furthermore, MBA extends to sectors like telecommunications and energy, where it
aids in customer behaviour analysis, service optimization, and resource allocation [4].
This wide-ranging applicability underscores MBA’s versatility in addressing sector-
specific challenges beyond its traditional retail context. Regardless of the domain,
various methods have been developed to make MBA analysis more accurate and
resource-efficient.

The AIS algorithm [5] is one of the first methods proposed for MBA. It requires
multiple scans of the database to identify sufficiently large item sets. During the initial
scan, 1-item itemsets are generated and their support counts are computed. Sets below
a predefined threshold are discarded, while those above are retained as candidates.
Subsequent scans expand candidate sets incrementally (e.g., to 2-item sets), checking
support values at each level. The process continues iteratively for k-itemsets until all
frequent patterns are discovered.

Building on AIS, the Apriori algorithm [6] introduces a pruning technique that
removes candidate itemsets with infrequent subsets before support counting. Both AIS
and Apriori require repeated full-database scans, which creates significant time and
memory challenges for large datasets [7, 8]. Various enhancements to Apriori have been
proposed, including reduced database traversals [9–12], improved pruning strategies
[13–15], and techniques for simultaneously mining frequent itemsets [16, 17].

Another prominent method is the FP-Growth algorithm [18], which constructs
a compact FP-tree to represent frequent patterns and avoids candidate generation
altogether. It requires only a single database scan but introduces its own scalability
issues, particularly in memory usage and parallelization. Redundant nodes and sparse
entries can further degrade its efficiency when applied to dense datasets.

AIS, Apriori, and FP-Growth represent the most widely studied classical algo-
rithms for MBA. Despite substantial progress in algorithmic optimizations, par-
allelism, and hardware performance, classical approaches still face fundamental
limitations regarding processing time, scalability, and memory consumption [19, 20].
In this context, quantum computing presents a promising paradigm, especially when
dealing with big data challenges, by utilising the exponential expansion of the Hilbert
space and enabling parallel evaluation of enormous solution spaces [21, 22].

Several quantum approaches have been explored for MBA. One approach uses
Quantum Phase Estimation (QPE) [23] to encode transaction data in a superposition
state, requiring 2nm + 1 qubits for n items and m transactions [24, 25]. Another
method, proposed by Alasow et al. [26], builds upon Grover’s Search algorithm [27]
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using quantum counters [28] and comparators [29] applied to Dicke states [30]. This
approach demonstrated a reduction in required qubits (e.g., 19 qubits instead of 81)
while maintaining performance for small datasets.

Quantum solutions in this domain remain limited in terms of scalability. Notably,
existing study [26] rely on generic quantum comparators, which cause the required
number of qubits to grow exponentially with the number of encoded elements—leading
to serious scalability challenges in practical implementations. To address these limi-
tations, we propose a novel method based on qudit systems. By extending Grover’s
Search algorithm, Dicke states and quantum comparator into d-level system, pro-
posed method reduces quantum resource requirements while retaining algorithmic
fidelity. Our proposed method also further reduces the required quantum resources by
incorporating an adaptive comparator specific to qudit systems instead of a generic
comparator for efficient itemset evaluation.

This paper consists of 6 sections. Section-1 presents classical and quantum
algorithms proposed for MBA to date. Section-2 covers an overview of quantum com-
putation with qudit systems. Also, this section provides details of adaptive quantum
comparator on qudit systems. Section-3 presents the proposed quantum method of
market basket analysis on qudit systems. Section-4 provides an experiment, while
Section-5 includes our findings. The final section is reserved to evaluate the practical
importance of the findings obtained.

2 Overview

This section provides insights about qudit systems (aligned with the motivation of
this work) due to the limited literature compared to qubits, followed by the Grover
Search Algorithm analysis on such systems.

Qudit systems are occasionally described in the literature as high-dimensional
computation. In this paper, the terms "qudit systems" and "qudits" will be used
interchangeably. When a dimension necessitates specification, we will use the term
"d-level" or "d-level system".

2.1 Qudits

To assist readers unfamiliar with quantum computing on qudit systems, it is impor-
tant to note that while qubits encode binary states |0⟩ and |1⟩, quantum digits –
qudits operate on d-level system, where each qudit can exist in a superposition of
d-orthonormal basis states:

d|ψ⟩ = α0|0⟩+ α1|1⟩+ · · ·+ αd−1|d− 1⟩, (1)

where αi ∈ C and
∑d−1

i |αi|2 = 1, as required by the normalization condition in
quantum mechanics. One can then perform quantum computation using a series of
operations that act on a valid quantum state. Such operations are more commonly
known as quantum gates. Quantum gates applicable to a qudit can be computed using
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the following general unitary transformations.

dUpq =

d−1
∑

v=0

ei
2π

d
vp|(v + q) mod d⟩⟨v|, p, q ∈ [0, d− 1] (2)

The transformations given with Equation 2, also known as Weyl operators [31]. These
enable the computation of qudit system equivalents of quantum gates on typically
used in qubits. With using Equation 2, the following matrices for the X(NOT) gate
and the Phase gate on 3-level system:

3
U01 = X =





0 0 1
1 0 0
0 1 0



 ,
3
U02 = X2 =





0 1 0
0 0 1
1 0 0



 , (3)

3
U10 = P =





1 0 0
0 ω 0
0 0 ω2



 ,
3
U20 = P 2 =





1 0 0
0 ω2 0
0 0 ω4



 , (4)

where ω = ei
2π

d , can be calculated as an illustration. In addition to those gates, the
effect of the Hadamard gate, which creates the equal amplitude superposition state
commonly utilized in quantum computing, on a single qudit can be observed as follows:

dH|j⟩ =
1√
d

d−1
∑

v=0

ωjv |v⟩. (5)

2.2 Quantum Resource

A qubits, or qudits, is an abstract concept that enables the development of algorithms
irrespective of the physical architecture of quantum computing hardware. The differ-
ence between qubits and qudits lies in the number of discrete d-level bases accessible
for analysis of the underlying hardware. In a photonic quantum computer, a photon
with degrees of freedom d = 2 has polarisation restricted to {|V ⟩, |H⟩, corresponding
to the computational bases |0⟩, |1⟩. In a qudit system, a single photon can be asso-
ciated to the d-level computational basis |0⟩, |1⟩, . . . , |d− 1⟩. In this paper, the term
"quantum resource" is used as the minimum number of particles required for quantum
algorithms or methods to operate at a selected d-level system. Some studies examined
such methodologies to enable comparison between systems of different dimensions or
levels [32–34].

2.3 Encoding on Qudits

One of the advantages of the qudits systems is to encode multiple d-ary value within
a single quantum resource, allowing a single qudit to store log2d bits of classical
information. For example in base encoding:

• A qubit (d=2) encodes 1 bit,
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• A qutrit (d=3) encodes approximately 1.58 bits,
• An 8-level qudit (d=8) encodes 3 bits.

Thus, using n qudits each with d-level, the total Hilbert space dimension becomes
Hqudit = dn. In comparison, for n qubits, this space is limited to: Hqubit = 2n. This
exponential expansion of the state space means that more complex data structures
(e.g., itemsets in MBA) can be represented using fewer physical quantum elements.
This is particularly advantageous for applications like market basket analysis, where
representing all item combinations or large transaction sets becomes computationally
infeasible in traditional qubit system encodings. Readers are encouraged to look at the
research conducted by Wack et al., which provides comprehensive analysis of coding
in qudit systems [35].

Moreover, qudit systems can potentially reduce circuit depth and quantum gate
count, since operations that require multiple gates in qubit systems (e.g., multi-valued
logic, multi-level comparisons) can be encoded more efficiently using a smaller number
of qudit-based operations. In our implementation, we utilize 7 qudits with 8-level,
resulting in a Hilbert space of size 87 = 2, 097, 152 bits for encoding. To achieve
the same resolution in a qubit systems, at least 21 qubits would be needed, since
221 = 2, 097, 152. This illustrates the advantage of making the qudit systems approach
more practical and scalable for larger datasets.

2.4 Theoretical Analysis of Grover on Qudits

Grover’s Search Algorithm, originally formulated for binary qubit systems, can be
extended to operate within a qudit systems to exploit the capabilities of quantum
computing. In such systems, the number of possible basis states increases exponentially
with both the d-level and the number of qudits n, resulting in a total search space size
of dn.

The core principle of Grover’s algorithm is amplitude amplification, where the prob-
ability amplitude of target (marked) states is increased iteratively. In the traditional
qubit version, the success probability after R iterations is expressed as:

P = sin2((2r + 1)θ), (6)

where θ = arcsin(
√

(M/N)), with M being the number of solutions, and N = 2n the
search space size. In a d-level system, this is generalized to N = dn. When considering
a single marked item (M = 1), the angle becomes:

θ = arcsin(1/
√
dn). (7)

Consequently, the optimal number of iterations R to maximize the success probability
is approximately:

R ≈ π

4
×
√
dn (8)

This analysis reveals a key advantage: for fixed n, increasing the d-level results in a
larger state space, allowing broader encoding capacity without increasing the number
of physical quantum elements.
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Readers are encouraged to examine the research [36] on the quantum circuit of the
Grover Search Algorithm on qudit systems, including its implementation, examples,
operator matrix transformations, and more comprehensive theoretical analysis.

2.5 Adaptive Comparator

The quantum circuit model exhibits a structure identical to the fundamental com-
ponents seen in digital electronics. For instance, fundamental operations like AND,
NOT, and OR are represented by X and CNOT gates in a circuit to express binary
digital logical operations. Likewise, complex structures such as MULTIPLIER, SWAP,
COUNTER, and COMPARE are also present in the circuit model. Indeed, quantum
computing encompasses far more than mere digital arithmetic processes; nonetheless,
quantum algorithms include them to some extent. This section explains the mapping
of the binary notion that executes these operations in the proposed adaptive quantum
comparator within qudit systems, as opposed to qubit.

The previous study utilizes generalized quantum comparator circuit for comparing
the counter value to minimum support value [26]. The generalized quantum compara-
tor requires a total of 3s + 1 qubits to compare an s-bit value, including s qubits for
comparisons, s ancilla qubits, and 1 output qubit. However, in an MBA problem, the
minimum support value for comparison is predetermined and constant, resulting in a
rather special scenario. In the specialized comparator (or adaptive as we call it), the
bits with the same indices are sequentially compared while evaluating the s-bit counter
value and the s-bit support value, both represented in d-base. In every comparison, a
multi-value controlled dX gate is added to circuit for execution on the output qudit.
If the output qudit’s eigenvalue is non-zero, it indicates that the counter exceeds the
support value.

Fig. 1: Adaptive comparator quantum circuit that evaluate s-digit values of x > y in
d-level system.

Figure 1 illustrates the x > y adaptive comparison on the d-level quantum circuit.
Here, x = {x1, x2, . . . , xs} and y = {y1, y2, . . . , ys} represent s-digit values. In the ini-
tial step, a controlled gate dX with control values set to MV1 is added between the x1
qudit and the out qudit to evaluate the condition x1 > y1. The MV1 value set consists
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of {y1, y1 + 1, . . . , d− 1}, with the condition that x1 is greater than or equal to y1. If
x1 exceeds y1, then x > y will already be established. However, the case in which x1
equals y1 requires evaluation of x2 > y2. In the second step, a controlled gate dX with
control values set to MV2 is added between the x2 qudit and the out qudit to evaluate
the condition x2 > y2. However, since this step also requires the x1 = y1 condition to
be met, the MV2 value set must be {y1} for the x1 qudit and {y2, y1 + 2, ...d− 1} for
the x2 qudit. Within s steps, the quantum evaluation of x > y is performed by adding
s multi-value controlled dX gates to the quantum circuit. If any of the controlled dX
gates satisfy the condition, the inequality x > y will be verified. When all conditions
are met, it will be known that x = y + 1. In this case, the out qudit will be in the |s⟩
state. Therefore, the chosen d-level system must satisfy d > s to ensure that the state
of the out qudit does not revert back to |0⟩.

3 Qudit Approach on MBA

This study generalizes the Grover Search algorithm, a component of the previous
approach [26], to d-level and replaces the general quantum comparator circuit with
a adaptive comparator to further reduce the number of qudits. To proof of out pro-
posed method, let G(T, I) represent a database as shown in Table 1, comprising the
transaction set T , which is a subset of the itemset I.

Table 1: G(T, I) Database, consist of n trans-
actions and m items.

Transactions Items

T1 T0 Items ⊆ {I1, I2, I3, . . . , Im}
T2 T1 Items ⊆ {I1, I2, I3, . . . , Im}
T3 T2 Items ⊆ {I1, I2, I3, . . . , Im}
...

...
Tn Tn Items ⊆ {I1, I2, I3, . . . , Im}

Initially, a truth table for the items associated with each item must be constructed,
as demonstrated in Table 2.

Table 2: Truth table of transactions and items for G(T, I) dataset.
(TIij ∈ {0, 1})

I1 I2 I3 . . . Im

T1 TI11 TI12 TI13 . . . T I1m
T2 TI21 TI22 TI23 . . . T I2m
T3 TI31 TI32 TI33 . . . T I3m
...

...
...

...
. . .

...
Tn TIn1 TIn2 TIn3 . . . T Inm
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Table 2 checks the existence of corresponding items within each transaction. If a
transaction Ti includes item Ij , then TIij equals 1; otherwise TIij equals 0. These
transactions will be encoded into the quantum circuit using Dicke states. Thus, all
transactions must contain minimum support items at maximum. Algorithm 1 presents
the pseudo-code for the procedure that generates new transactions containing a min-
imum support of items, rather than transactions with a surplus of minimum support
items. With the algorithm, a new database G′(T ′, I) can be generated.

Algorithm 1 sequentially checks all transactions for the number of items. Transac-
tions with an item count below the minimum support(ms) value are eliminated. When
a transaction’s item count exceeds the ms threshold, new subsets of the transaction’s
elements are generated, each containing the ms quantity of items. Thus, there will be
no transaction in the database that contains more or less than the ms value.

Algorithm 1 Transform Transactions Based on Minimum Support Value

1: Set ms ← minimum support
2: Initialize G ← [T0, T1, T2, . . . , Tt]
3: Initialize G’ as an empty database
4:

5: for each transaction in G do
6: if length of transaction ≤ ms then
7: Append transaction to G’

8: else
9: Initialize new transaction T’ as an empty item list

10: Initialize indices ← list of integers from 0 to ms - 1
11: while True do
12: Set current_combination← items in transaction at positions specified

by indices

13: Append current_combination to T’

14: for i from ms - 1 to 0 (inclusive) do
15: if indices[i] ̸= i + length of transaction - ms then
16: break the for loop
17: end if
18: end for
19: if the for loop did not break then then
20: break the while loop
21: end if
22: Increment indices[i] by 1
23: for j from i+ 1 to ms - 1 (inclusive) do
24: Set indices[j] ← indices[j − 1] + 1
25: end for
26: end while
27: Append T’ to G’

28: end if
29: end for
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The new number of transactions n′ in the new G′(T ′, I) database, generated from
Algorithm 1, can be calculated as follows.

n′ =
n
∑

v=1

f(length Tv) (9)

f(x) =











0 if x < ms

1 if x = ms
(

x

ms

)

if x > ms

(10)

Upon the revision of Table 2 with the new database, |Dms
n′ ⟩ Dicke state;

|Dms
m ⟩ = |T ′I11 T

′I12 . . . T
′I1m⟩ + |T ′I21 T

′I22 . . . T
′I2m⟩ +

|T ′I31 T
′I32 . . . T

′I3m⟩ + |T ′I41 T
′I42 . . . T

′I4m⟩ +
...

...

|T ′In′1 T
′In′2 . . . T

′In′m⟩,

(11)

can be calculated. The quantum circuit begins by initializing this |Dms
s ⟩ quantum

state in solving market basket analysis using quantum computing. Then, the quantum
circuit proceeds with the execution of the Grover Search algorithm.

Fig. 2: Oracle Circuit for MBA implementation on qudit systems. The k+ l+2 qudit
circuit includes an n′ counter and a compare block.

Figure 2 illustrates the Oracle circuit of the Grover Algorithm necessary for MBA
implementation. The circuit has total k + l + 2 qudits: k = ⌈logd 2m⌉ qudits for the
registers denoted by d|ri⟩, l = ⌈logd n′⌉ qudits allocated for the counter denoted by

d|rc⟩, one d|out⟩ qudit for comparing counters, and one d|cnt⟩ control qudit. The circuit
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possesses n’ blocks that trigger the counter based on the control values Vi of the register
qudits. Here, the multi-value control set Vi equals Vi = {T ′Ii1, T

′Ii2, . . . , T
′Iim}

in d-base. The circuit concludes with an adaptive quantum comparator previously
described in Section 2.5.

4 Experiment

In order to illustrate the quantum solution of the MBA problem, a database that
consists of 9 items and 64 transactions was constructed by random sampling. A section
of the database is given in Table 3 below. The database is imported similarly to Table
2. For simplicity, all 64 transactions in this experiment are designed to contain exactly
5 items. The transaction count was set at 64 in 8-level to eliminate padding, while the
item count was set at 9 to ensure to perform simulations on the classical computer.
Also, since 8 is an integer power of 2, calculating the matrix of gates on 8-level system
is easier.

Table 3: A head and tail section of the database used in the experiment.
I0 I1 I2 I3 I4 I5 I6 I7 I8

T0 1 0 1 0 0 1 0 1 1
T1 1 0 1 1 0 1 0 0 1
T2 0 0 1 0 1 1 1 0 1
T3 1 0 1 0 1 0 1 0 1
T4 1 1 0 1 0 1 0 1 0
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

T59 0 1 0 1 0 1 1 1 0
T60 1 1 0 0 1 1 0 1 0
T61 0 0 1 1 0 1 1 0 1
T62 0 0 1 0 1 1 1 0 1
T63 1 0 1 0 1 0 1 0 1

If the database transactions contain varying quantities of items, then Algorithm 1
must be executed. Algorithm 1 guarantees that all transactions contain no more than
ms items. However, it derives new transactions from the database.

Figure 3 presents the quantum circuit designed to simulate the experiment. Figure
3a illustrates that this application requires 2 register qudit denoted as

8
|r⟩, a counter

controller qudit denoted as
8
|cnd⟩, 2 counter qudit denoted as d|c⟩, and a

8
|out⟩ qudit.

The quantum circuit of the stated experiment start with encoding the previously
obtained

8
|D9

5
⟩ state into a 3-register qudits in 8-level system. Then, the Oracle oper-

ator designated for the experiment database is integrated into the circuit. Grover’s
Diffusion component is applied solely when the

8
|out⟩ qudit is not equal to the |0⟩ state.

The Oracle operator must be reiterated at least 4 times in conjunction with Diffusion.
The minimum number of iterations can be determined using the R ≤ ⌈π

4

√

N/M⌉
equation. In the experiment, the quantity of Dicke states is prepared to match the
number of transactions n′, N = 64. In the classical solution, the collection of items
surpassing the minimum support threshold is M = 3. At the final stage of the circuit,
the register qudits are measured.
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Fig. 3: Implementation of proposed method for 9 item, 64 transaction database in
8-level. a-) Full circuit of implementation using 7 qudits. b-) Adaptive comparator
circuit for ms = 5 in the Oracle part.

Figure 3b illustrates the adaptive comparator with a minimum support value of 5
at the end of the Oracle operator. The figure illustrates that if c1 digit exceeds 1, the
counter will beyond the minimum support threshold. However, if the value of c1 digit
is 0, then the condition that c2 exceeds 4 (ms− 1) must be checked. The comparator
circuit is generated by a selected value for ms as seen in the figure.

Fig. 4: Simulation result of the experiment on Cirq[37]. Results indicate the most
likely measurement outcomes are

8
|346⟩,

8
|455⟩ and

8
|646⟩. Probabilities lower than

0.0005 are not included.
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Post-Processing of Results. Grover’s algorithm leans more deterministic in
terms of the probabilistic distribution of measurement results. While the sought ele-
ments obtain peak probability values in the results, the unsought– unwanted elements
have very low probabilistic values. Despite the quantum circuit in this study starting
with the Dicke state rather than an equal superposition, the Grover algorithm still
gives results with a similar trend. While the sought elements denote the most com-
monly occurring elements in this study, it is essential to interpret the numeric values
of measured states. To achieve this, it is necessary to first convert the highest proba-
bility measurement values obtained to base-2 strings. The length of the binary array
from the conversion will be equal to the number of elements. Similarly, the number of
bits with a value of ”1” in this bit array will equal ms. The indices of these bits with
a value of ”1” will be the same as the indices of the ordered elements in the database.

The experiment circuit simulation result is given in Figure 4. The figure shows
that the highest values of measurement probabilities of 0.146, 0.149 and 0.148 were
obtained for

8
|346⟩,

8
|455⟩ and

8
|646⟩, respectively. According to post-processing, the

obtained measurement results are first converted to the base-2 string equivalent values
of 3468 = 0111001102 4558 = 1001011012 and 6468 = 1101001102. Then, when the
indices of "1" in these bit arrays are mapped to the same index as the elements, the
following 5-element element lists are obtained: {I1, I2, I3, I6, I7}, {I0, I3, I5, I6, I8}
and {I0, I1, I3, I6, I7}. These sets are the most repeated items on all transactions.

5 Results

Our proposed quantum MBA method has an advantage over previous methods in
terms of usage of quantum resource. The comparisons among approaches or methods
are given in Table 4.

Table 4: Comparison of the number of quantum resources used in the MBA quantum
solution with our proposed method in this study and the previous studies.

Method Quantum Resources

Previous method [24] (2-level) 1152

Previous method [26] (2-level) 32

Previous method [26] on qudits (8-level) 11

Our proposed method (8-level) 7

Also, Table 4 indicates that, if the previous method [26] were extended to qudit systems
without any algorithm changes, 11 qudits would be required. Thanks to the adaptive
comparator, the same comparison can be done using 1 qudit instead of 5 qudits. The
reason for this is that when a qudit has more capacity to hold data than the threshold
value, then comparison can be made with only a few controlled gates.
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(a) (b)

Fig. 5: Comparison of the classical data preparation process with Algorithm 1 in
terms of runtime. (a) Performance of the algorithm over time (sec.) in terms of number
of transactions and number of items. (b) Performance of the algorithm over time in
terms of maximum transaction length and minimum support threshold.

An additional matter that deserves discussion in the results section is the classical
performance of Algorithm 1. Numerous studies in the literature using classical-
quantum hybrid components fail to assess the performance of the classical part in
their analyses. However, as we consider these analyses crucial for the execution of
quantum algorithms, the possibility of the classical data preparation part outlined
in Algorithm 1 should be assessed as well. Algorithm 1 comprises four parameters
that impact classical performance: the amount of transactions, the quantity of items,
the maximum transaction length, and the minimum support threshold. The parame-
ters were examined independently in relation to time performances of the algorithm.
Figure 5a illustrates that the amount of transactions and the quantity of items in the
database were evaluated up to 10,000. It was noted that at these circumstances, Algo-
rithm 1 was resolved in a maximum of 0.68 seconds. This leads to a convergence to
a line characterised by a time complexity of O(n), as depicted in the figure. Corre-
spondingly, the analytical results for the maximum transaction length and minimum
support threshold parameters are presented in Figure 5b. This results, presented on a
logarithmic scale, indicates that the algorithm’s time complexity for these values lies
between O(n2) and O(n3). In a practical or real world MBA scenario, given that the
minimum support value is intended to be minimal (e.g., identifying which three prod-
ucts a customer purchased together) and the transaction lengths are relatively short
(e.g., the total number of products a customer bought), we believe that Algorithm 1
can be executed on current computers within in a reasonably short time.

6 Conclusion

While the proposed method in this study has been proven accurate for quantum com-
putation with qudits, unfortunately, it has not been tested on a quantum computer.
This is primarily due to the limited analysis capabilities of current quantum comput-
ers on such systems. Furthermore, although the quantum gates used in this study are
generalized, it remains an open question whether a future quantum computer capable
of analysis could utilize these standards on qudits. Indeed, many studies in the current
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literature mostly analyse qudit systems analytically, avoiding a one-to-one compari-
son with traditional quantum computation. Still, this study contributes to this limited
literature by demonstrating the potential of quantum computation with qudits as an
efficient and resource-optimized approach to address challenges in MBA.

In this study, adaptive comparator circuit used in the proposed method in order to
reduce the number of required quantum resources. But this comparator is valid only if
the value being assessed remains constant throughout the given problem. When seen
in this way, it may be regarded as highly constrained. Nonetheless, there exist exten-
sive classical and quantum algorithms, as well as analytical techniques, that require
comparison with a constant value, exemplified by MBA in this study. Consequently, we
believe that this comparator can be merged with other algorithms to address similar
situations.

The results emphasize that quantum computing with qudits significantly min-
imizes the exponential growth of quantum resource requirements and improves
computational efficiency when dealing with large datasets. Experimental results vali-
dated by simulations in the Cirq framework confirm the feasibility and effectiveness
of the proposed method. Within its limitations, this work could contribute to the
continued advancement of quantum computing in data mining by providing a scal-
able, resource-efficient solution, leading to broader applications in big data analysis
and beyond.
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