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A B S T R A C T

The integration of quantum computing (QC) into predictive modeling represents a transformative advancement 
in machine learning, providing substantial improvements over traditional methods. This study compares classical 
Echo State Networks (ESN) with quantum Echo State Networks (qESN) for time-series forecasting, emphasizing 
the concept of a metabolic avatar—a dynamic data-driven model of individual metabolic processes. Utilizing 
time-series data from six distinct users, we assessed both models’ precision and adaptability through Root Mean 
Squared Error (RMSE).

Our results demonstrate consistent superiority of qESN over classical ESN, highlighted by a 30% RMSE 
reduction during cross-validation (CV). Notably, qESN showed remarkable stability and accuracy even with 
limited training data, underscoring its effectiveness in data-sparse scenarios. Furthermore, we examined model 
performance in datasets containing outliers. QESN significantly outperformed classical ESN, achieving approx
imately 76% lower RMSE in CV and about 55% lower RMSE in walk-forward validation (WFV). This demon
strates qESN’s enhanced robustness and reduced susceptibility to overfitting.

Crucially, our findings highlight the Quantum Metabolic Avatar’s (QMA) profound potential for personalized 
predictive analytics, essential for applications in personalized healthcare and customized wellness programs. The 
study strongly supports integrating quantum algorithms into predictive modeling, marking a pivotal advance
ment towards highly personalized and dynamic metabolic avatars.

1. Introduction

In the rapidly evolving landscape of quantum computing (QC), the 
integration of machine learning algorithms presents a transformative 
opportunity to tackle challenges that have long persisted in modeling 
temporal dynamics (Biamonte et al., 2017). One promising development 
in this direction is the emergence of quantum Echo State Networks 
(qESN) (Liu et al., 2020), a class of models that leverage a reservoir 
based on a quantum register to process sequential information effi
ciently. The appeal of qESNs lies in their ability to utilize quantum 

superposition, entanglement, and the naturally high-dimensional 
structure of quantum state spaces to encode and retain temporal 
dependencies—capabilities that are often limited or computationally 
expensive in classical models.

At the conceptual core of qESNs is the framework of Quantum 
Reservoir Computing (QRC) (Fujii and Nakajima, 2021:; Suzuki et al., 
2022), which enables the encoding of input time series into the dy
namics of a quantum system with fading memory. This fading memory, 
an essential feature for many forecasting tasks where past information 
influences future states, is inherently present in quantum systems due to 
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the time evolution of their state vectors. As such, QRC—and by exten
sion qESNs—offer a means to capture both short- and long-range de
pendencies without the need for backpropagation or circuit 
optimization. These properties are especially attractive for applications 
that demand fast inference with minimal training, such as in embedded 
or personalized health systems.

Compared to other quantum neural models that require variational 
parameters and circuit training, qESNs stand out for their structural 
simplicity and computational efficiency. Their internal dynamics are 
fixed and disordered, eliminating the need to optimize quantum gates or 
layers during training. Remarkably, it has been shown that a qESN with 
as few as 5 qubits can match or even exceed the memory capacity of a 
classical Echo State Network with 500 nodes (Fujii and Nakajima, 2017; 
Molteni et al., 2023). This efficiency, combined with the exponential 
state-space growth intrinsic to quantum systems, makes qESNs ideal for 
scenarios in which classical models struggle—particularly under data 
scarcity or high noise conditions. Recent variants of the ESN architec
ture, such as those incorporating multiple delayed outputs (Yao et al., 
2022) or fractional-integer orders (Yao et al., 2024), have attempted to 
address memory and prediction limitations in complex temporal tasks. 
However, unlike qESN, these models still rely on large state spaces, 
manual tuning of hyperparameters, or increased architectural 
complexity. In contrast, qESNs exploit quantum-enhanced dynamics to 
encode richer temporal dependencies without increasing the model 
complexity, offering a potentially more scalable and generalizable so
lution for noisy or data-scarce regimes.

One of the most persistent limitations in classical time-series 
modeling lies in the reliance on large, clean datasets. However, many 
real-world applications—including personalized health monitor
ing—are characterized by incomplete, sparse, or irregular data. These 
conditions can hinder the generalization ability of classical networks, 
often resulting in overfitting and unstable predictions. In this context, 
QC offers an alternative route. Several recent studies have demonstrated 
that quantum machine learning models are capable of learning effec
tively from limited datasets (Kobayashi et al., 2022), often showing 
enhanced resilience against data corruption and outliers compared to 
classical counterparts (Caro et al., 2022; Abeltino et al., 2023; Abeltino 
et al., 2022). These properties make qESNs particularly suitable for 
biomedical time-series forecasting, where sensor noise, variability 
among individuals, and missing values are common.

In this study, we propose the Quantum Metabolic Avatar (QMA), a 
novel application of qESN-based modeling to forecast weight changes in 
response to nutritional intake. QMA is a quantum-enhanced evolution of 
the Personalized Metabolic Avatar (PMA) (Abeltino et al., 2023; Abel
tino et al., 2022; Bianchetti et al., 2022), a deep learning-based model 
built on Gated Recurrent Units (GRUs), previously designed to learn the 
metabolic response of individuals to macronutrient composition and 
energy balance. While PMA provided promising results in digital 
nutrition applications, its performance was limited when trained on 
sparse or noisy datasets. QMA addresses this limitation by leveraging the 
memory capacity and noise resilience of qESNs, enabling accurate pre
dictions even when user-specific data are scarce or affected by 
irregularities.

The rationale for adopting qESNs instead of other quantum neural 
models lies in their architectural and computational advantages. Unlike 
parameterized quantum circuits or quantum perceptrons, qESNs require 
no circuit training and exhibit stable internal dynamics due to their fixed 
structure. This not only reduces the computational burden but also 
makes qESNs compatible with current Noisy Intermediate-Scale Quan
tum (NISQ) hardware. Their design aligns naturally with temporal 
forecasting tasks and offers improved robustness, generalization, and 
interpretability.

Throughout this work, we investigate how QMA performs under 
various conditions, including different lengths of training data, the 
presence of noise and outliers, and both cross-validation and walk- 
forward validation schemes. By comparing qESNs with their classical 

counterparts in these realistic settings, we aim to demonstrate that 
quantum-enhanced models can offer tangible benefits in biomedical 
forecasting—where adaptability, personalization, and resilience are 
essential. Ultimately, QMA provides not only a new tool for digital 
health modeling but also a compelling demonstration of how quantum 
computing can extend the boundaries of what is feasible with conven
tional machine learning.

2. Methods

2.1. Data Preparation and preprocessing

The dataset employed in this study was derived from six individual 
users monitored over variable time spans (ranging from 140 to 300 
days), using our custom-built digital health interface, the ArMOnIApp 
(Bianchetti et al., 2022). This platform integrates self-reported dietary 
logs, structured food databases, and automatic measurements from 
wearable devices, including smart bands and smart scales (Table S1).

For each user, five time series were acquired on a daily basis: 

• Energy Balance (EB), in kilocalories (kcal), computed as intake 
minus estimated expenditure,

• Weight, in kilograms (kg), measured via Bluetooth-enabled smart 
scales,

• Carbohydrate Intake, in grams (g),
• Protein Intake, in grams (g),
• Fat Intake, in grams (g).

These five features formed the input space for each time window 
used in prediction. Specifically, a 7-day look-back window was applied, 
resulting in a 35-dimensional input vector (5 variables × 7 days). The 
target variable for prediction was the body weight measured 7 days after 
the last input value (i.e., w(t + 7)).

Prior to modeling, the dataset underwent several preprocessing 
steps: 

• Missing Value Handling: Days with incomplete logs were flagged and 
excluded from training. Time windows containing any null values 
were dropped to avoid interpolation bias. On average, this resulted in 
the exclusion of 8–12 % of total samples per user.

• Outlier Detection: Physiological plausibility filters were applied to 
eliminate data entries with implausible weight values (e.g., >180 kg 
or < 40 kg) or extreme dietary logs (e.g., >8000 kcal/day). Addi
tional experiments were conducted including controlled insertion of 
outliers to test model robustness (see section 3.3).

• Normalization: Each time series was normalized within-subject using 
z-score standardization:

• zi =
xi − μ

σ

• where μ and σ are the mean and standard deviation of the specific 
variable across that user’s time series. This per-subject normalization 
preserves intra-individual variation while ensuring numerical sta
bility across input ranges.

• Temporal Windowing: The final dataset was constructed by sliding a 
window of 7 days across the time series, generating overlapping 
input–output pairs with stride 1. Only complete windows with valid 
prediction labels (i.e., no missing w(t + 7)) were retained.

For further information refer to our previous studies (Abeltino et al., 
2023; Abeltino et al., 2022; Abeltino et al., 2025).

2.2. Echo state network models

Two distinct models were developed: the classic ESN and its quan
tum implementation (qESN).
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2.2.1. Classic Echo state network (ESN)
The classic ESN (Cui et al., 2012; Ma et al., 2016) was implemented 

using a network of interconnected nodes, forming a reservoir (Fig. 1).
Two critical hyperparameters, namely the ‘spectral radius’ and 

‘reservoir size’, were utilized in its implementation. This model har
nesses the reservoir’s nonlinear transformation capabilities to map input 
data into a higher-dimensional space. Subsequently, a linear readout 
layer is employed to facilitate predictions.

When applied to a classical time series prediction scenario, an ESN 
operates on a sequence of historical data comprising inputs and their 
corresponding outputs. The primary objective for the ESN is to 
comprehend the relationship between past inputs and outputs. By 
learning from this historical context, the ESN aims to predict future 
outputs within the time series. qESN is composed by three main blocks: 

• Input: The inputs consist of a sequence of values, such as past time 
measurements or time-related features. These inputs are represented 
as a vector. In our specific application, we incorporate 5 time series 
data sets (EB, Weight, Carbohydrates, Proteins and Fats), each 
reflecting a 7-day retrospective analysis. Consequently, our input is 
represented as a vector containing 5x7 = 35 elements.

• Output: The outputs are values corresponding to future measure
ments or future predictions we want to make. These are also repre
sented as a vector. In our application we have only one output 
(Weight).

• Operation: The ESN comprises an input layer, a reservoir (or hidden 
layer), and an output layer. During training, inputs are fed into the 
input layer and propagated through the reservoir via randomly 
weighted connections. The state of the reservoir is updated based on 
the inputs and its previous state. Subsequently, a learning algorithm 
is used to adapt the weights between the reservoir and the output 
layer so that the ESN can approximate the relationship between the 
inputs and the desired outputs.

Mathematically, the update of the reservoir state can be represented 
as: 

x(t) = f(Winu(t)+Wresx(t − 1))

where: 

– x(t) is the state of the reservoir at time t.
– f is a nonlinear activation function (typically a hyperbolic tangent).

– Win is the input weight matrix.
– u(t) is the input vector at time t
– Wres is the reservoir weight matrix.

2.2.2. Quantum Echo state Network
The qESN extends the classical ESN paradigm by integrating quan

tum computing principles. It uses amplitude encoding to map classical 
input vectors into quantum states, which are subsequently processed 
through a quantum circuit to extract dynamic features. A classical 
readout layer—implemented as a linear regression model—is then used 
to perform the final prediction.

As in the classical case, the qESN is composed of three main com
ponents: an input layer, a reservoir (implemented as a quantum circuit), 
and an output layer. Inputs consist of sequences of temporal values that 
are encoded into quantum states. Outputs represent the predicted future 
values, as in the classical case.

The reservoir performs the core computation through the evolution 
of quantum states, according to the following steps: 

1. Input Vector Expansion: The input vector is expanded into a poly
nomial representation to increase dimensionality, matching the 
number of required quantum amplitudes.

2. Quantum Reservoir Amplitude Encoding: The expanded and 
normalized input vector is then used to initialize the quantum state 
across the qubit register. Normalization is essential to ensure the 
quantum state conforms to the unit-norm condition.

3. Quantum Circuit Execution: The quantum circuit is executed using a 
quantum simulator. During execution, measurements are performed 
on all qubits to extract probability amplitudes from the quantum 
reservoir.

4. Probability Processing: Measurement results are processed to calcu
late the probability distribution over the computational basis, 
reflecting the quantum system’s final state.

5. Quantum Feature Vector Construction: By repeating the process 
across input samples, a quantum feature vector is generated for each 
instance. These vectors encode the temporal structure of the input 
sequence in a non-classical representation.

To define the quantum reservoir used in our qESN implementation, 
we designed a fixed-depth, parameterized quantum circuit capable of 
processing amplitude-encoded inputs over multiple qubits. In this study, 
we used a 4-qubit register, which offers a balance between representa
tional capacity and simulation efficiency on classical hardware. Each 
input, originally consisting of 35 features (7-day window × 5 variables), 
was first expanded to 66 dimensions using a second-degree polynomial 
expansion, and then normalized for amplitude encoding.

The main architectural and operational parameters of the quantum 
reservoir are: 

• Number of qubits: 4
• Encoding scheme: Amplitude encoding with input normalization
• Input expansion: Polynomial basis of degree 2 (resulting in 66 input 

dimensions)
• Circuit depth: 3 layers
• Entanglement scheme: Controlled-RY gates connecting all adjacent 

qubits at each layer
• Rotation gates: Parametric RX and RZ rotations applied to each 

qubit, derived from the input vector
• Measurement: Full measurement in the computational basis, result

ing in a 16-dimensional output vector (24 basis states)
• Quantum features: The 16-dimensional probability vector serves as 

the quantum feature representation

The quantum circuit was implemented using Qiskit (v0.45.1) and 
executed on a statevector simulator to ensure reproducibility and scal
ability across experiments. All circuit parameters, including gate 

Fig. 1. ESN framework. The ESN comprises three primary components: input 
(u), internal state (x), and output (y). The input serves as the network’s entry 
point for data or information to be processed. The internal state represents the 
network’s memory, retaining past information and influencing the network’s 
responses to current inputs. Finally, the output generates the network’s 
response or prediction based on the processed information from the internal 
state. ESNs utilize this framework to effectively analyze temporal sequences, 
leveraging past information stored in the internal state to produce accurate 
predictions or outputs.
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configuration and entanglement topology, were kept fixed across users 
to maintain experimental consistency.

A schematic representation of the circuit is provided in Supplemen
tary Section S2 – Fig. S1, where the initialization, entanglement, and 
measurement phases are visually depicted.

Finally, the output probability vector is passed to a classical readout 
function—typically a linear regression model—which maps quantum 
features to the predicted outcome.

The quantum reservoir evolution can be formally described as: 

|Ψ(t) >= U(t)|Ψ(t − 1) >

where: 

– |Ψ(t) > is the quantum state at time t.
– U(t) is the unitary operator representing the quantum operations at 

time t.

This equation signifies the update of the quantum state |Ψ(t) > based 
on the operator U(t) applied to the previous state |Ψ(t − 1) >, describing 
the flow of information through time within the qESN.

2.3. Model training and validation

Both models underwent rigorous training and validation processes:

2.3.1. Training
The models were trained on a subset of the data. For the classic ESN, 

this involved updating the reservoir states and computing the output 
weights. The qESN’s training involved processing data through quantum 
circuits and employing classical readout. To isolate and assess the 
contribution of the reservoir dynamics, both the classical ESN and the 
qESN employed a simple linear regression as their readout layer. This 
choice was based on the need to evaluate the internal memory and 
transformation capabilities of the reservoir, independent of additional 
nonlinearity introduced by the readout function. While more complex 
readouts could potentially improve overall performance, they would 
confound the comparative evaluation of the reservoir’s intrinsic pro
cessing power. The purpose of this study was to investigate whether 
quantum reservoirs alone could provide better representation and 
generalization, particularly under noisy and low-data conditions. 
Therefore, keeping the readout structure deliberately simple allowed us 
to attribute performance differences solely to the reservoir, making the 
comparison between ESN and qESN both more interpretable and 
rigorous. A broader benchmarking against classical predictors—such as 
GRU, LSTM, SARIMAX, and Transformer-based architectures—has been 
addressed in a previous study (Abeltino et al., 2023), where we evalu
ated the forecasting performance of the Personalized Metabolic Avatar 
using state-of-the-art time-series models. This prior work focused on 
classical model architectures, allowing the current study to specifically 
isolate and quantify the quantum advantage in reservoir dynamics. 
Future work will explore alternative readouts and optimization strate
gies to enhance predictive power in production settings, where 

reservoir-readout co-design can be fully exploited.

2.3.2. Validation
The performance of both models was evaluated using Root Mean 

Squared Error (RMSE) as the metric. We employed Time Series Cross- 
Validation (CV) and Walk-Forward Validation (WFV) methods to 
assess the models’ predictive capabilities over unseen data. This 
approach allowed for a robust assessment of the models in a temporal 
data context.

2.3.2.1. Cross-Validation.

– Description: CV partitions available data into multiple folds. The 
model is trained on a subset of data (e.g., ’k-1′ folds) and evaluated 
on the remaining fold. This process iterates ’k’ times, rotating the 
evaluation fold. It allows the model to be trained and tested on 
different subsets, offering a comprehensive evaluation. In our 
application, we performed validation using five distinct data subsets, 
each progressively increasing in length.

– Utility: This technique effectively utilizes all available data for both 
training and evaluation, mitigates overfitting risks, and provides a 
realistic estimation of the model’s performance on new, unseen data.

– Validity: CV is considered a valid technique as it assesses the model’s 
performance on data that was not used during training, ensuring a 
more accurate estimation of the model’s generalization to new data.

2.3.2.2. Walk-Forward Validation.

– Description: WFV simulates real-world model use by iteratively 
training on historical data up to a certain point and then testing on 
the subsequent data point. This process continues, allowing the 
model to adapt continually to new data.

– Utility: Particularly suitable for time series problems, this method 
assesses the model’s ability to adapt to new data over time. It eval
uates the model’s stability and effectiveness in a dynamic context.

– Validity: WFV is considered valid as it evaluates the model’s per
formance at each subsequent time step on unseen data, mimicking 
real-world model usage in evolving temporal scenarios.

2.4. Computational complexity

The computational complexity of the two models was analyzed in 
terms of memory usage, training time, and inference cost. For the clas
sical ESN, the main computational cost arises from updating the reser
voir states at each timestep and computing the linear regression weights. 
Given a reservoir of size N and an input of dimension ddd, the state 
update scales as O(N⋅d), and training the readout via ridge regression 
scales as O(N2⋅T), where T is the number of training samples.

In contrast, the qESN uses a quantum reservoir implemented via a 
simulated quantum circuit. The cost is driven by: 

• the number of qubits Q (4 in our case),
• the circuit depth (fixed to 3 layers),
• and the number of shots used to estimate measurement probabilities 

(set to 1024).

The complexity of simulating a quantum circuit grows exponentially 
with the number of qubits (O(2Q)), making the simulation cost for 4- 
qubit systems manageable. However, training the qESN is computa
tionally efficient, as it only requires classical linear regression on the 
quantum-generated features. Notably, no gradient-based optimization 

Table 1 
RMSE comparison for classic and qESN for single prediction, CV, and WFV. Mean 
average values are displayed alongside their respective standard deviations 
(SD).

User 
number

RMSE 
Classic CV

RMSE 
Quantum CV

RMSE 
Classic WFV

RMSE 
Quantum WFV

0 1.12 ± 0.44 0.70 ± 0.15 0.54 0.57
1 1.62 ± 1.10 0.79 ± 0.12 0.64 0.74
2 1.08 ± 0.88 0.64 ± 0.19 0.42 0.49
3 0.86 ± 0.20 0.72 ± 0.14 0.54 0.62
4 1.15 ± 0.38 0.81 ± 0.19 0.72 0.68
5 1.22 ± 0.55 1.15 ± 0.49 0.72 1.02
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or backpropagation is needed, significantly reducing model complexity. 2.5. Performance evaluation

The models’ performance underwent comprehensive evaluation by 
comparing the RMSE across both CV and WFV techniques. This 

Fig. 2. CV predictions for ESN and qESN models across six users. Each user’s predictions are represented by five plots, reflecting predictions for the five temporal 
blocks within the CV.
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meticulous comparison aimed to gauge the predictive accuracy and 
robustness of the models across varying temporal data contexts.

Following the RMSE comparison, we conducted t-tests to statistically 
ascertain differences between the predictive capabilities of the two 
models. This statistical analysis provided deeper insights into whether 
any significant disparities existed in the models’ performance metrics. 
The t-tests were instrumental in quantifying and establishing the sta
tistical significance of observed differences in predictive performance. 
Our validation process included confirming both normality (Shapiro- 
Wilk test) and homoscedasticity (Levene test) assumptions necessary for 
conducting a t-test.

2.6. Implementation Considerations

The implementation was carried out using Python, with libraries 
such as NumPy (version 1.23.5), Pandas (version 1.5.3), Matplotlib 
(version 3.7.1), and Qiskit (version 0.45.1). These tools provided the 
necessary functionalities for data manipulation, model development, 
and QC simulations.

3. Results

Our comprehensive evaluation of ESN across six distinct user time- 
series datasets has yielded insightful findings, particularly when con
trasting the performance of classic ESNs with qESNs. In Table 1, a 
summary of the results evaluated for each method (CV and WFV) is 
reported.

During CV, the qESN exhibited superior performance compared to 
the classic model, showcasing an average RMSE reduction of 31.8 %, 
corresponding to a delta RMSE of 0.37 (average classic RMSE = 1.18 ±
0.23, average quantum RMSE = 0.80 ± 0.17). Conversely, in WFV, 
contrasting outcomes were observed. The classic model demonstrated 
an average RMSE of 0.60 ± 0.12, slightly better than the qESN one 
(average RMSE of 0.69 ± 0.17), resulting in an RMSE reduction of 15 % 
for the classic model in this scenario. To further investigate these in
sights, we carried out a deeper analysis.

3.1. Comparative RMSE scores for cross-validation

To evaluate the performance of both models, a CV procedure was 
conducted, as elaborated in the preceding section (par. 2.3.2.1). The 
findings, detailed in Table 1, underscore the superior performance of the 
quantum model (qESN) over its classical counterpart. At each block, the 
training dataset size is incremented, starting from 20 % of the total 
dataset in the first block and reaching 100 % in the final block, 
increasing by 20 % at each step. Visual inspection of individual pre
dictions for each user across various blocks (refer to Fig. 2) distinctly 
showcases the comparative underperformance of the ESN, particularly 
noticeable when the training dataset is limited (first three blocks).

Fig. 2 illustrates the CV predictions for both ESN and qESN across 
user segments. Notably, the ESN exhibits substantial prediction fluctu
ations during the initial blocks, whereas qESN demonstrates greater 
stability in these circumstances. This pattern is further illustrated in 
Fig. S2, which presents the averaged RMSE across users for the 5 blocks.

Analysis of the ESN’s performance (Table 2) reveals heightened 
variability and inferior outcomes during the early blocks compared to 
qESN.

Consequently, a detailed assessment was undertaken to ascertain 
discrepancies between the models across each block. To achieve this, a t- 
test was conducted for individual blocks. The results depicted in Fig. 3
affirm the superiority of qESN, especially when confronted with smaller 
training datasets.

Notably, as the volume of training data increases, the performance 
gap between the two models diminishes, rendering their performances 
comparable.

3.2. Comparative RMSE scores for walk-forward validation

To comprehensively assess the performance of the two models, we 
conducted WFV, a methodology particularly beneficial when working 
with temporal data to evaluate model performance in a realistic and 
dynamic context akin to real-world scenarios (par 2.3.2.2). As shown in 
Table 1, the initial results suggested comparable performance between 
the classical and quantum models, a trend further confirmed in Fig. 4, 
highlighting an advantage for the classical model.

To substantiate this observation, we employed a t-test on the two 
models (see Fig. S3), which confirmed that there is no significant dif
ference between them (p-value > 0.05).

3.3. Comparative RMSE scores with outliers

During the data cleaning phase, apart from handling null values, we 
also managed potential outliers. Specifically, for User 2, out-of-scale 
data points were present in the weight time series. During the 

Table 2 
Mean RMSE and SD values averaged across 6 users for each of the 5 blocks in the 
CV process.

Blocks RMSE Classic CV RMSE Quantum CV

1 1.20 ± 0.22 0.79 ± 0.24
2 2.21 ± 0.89 0.94 ± 0.52
3 0.98 ± 0.19 0.72 ± 0.12
4 0.77 ± 0.18 0.74 ± 0.18
5 0.71 ± 0.30 0.81 ± 0.18

Fig. 3. The figure shows 5 boxplots, each corresponding to a CV block. Each block corresponds to different training data availability: 20%, 40%, 60%, 80%, and 
100%. These plots represent the performance of the classic and quantum models. In the first three plots, “*” denotes a significant difference between the two 
distributions, indicating a substantial distinction between the classic and quantum model performances.
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Fig. 4. WFV results illustrating predictions for 6 users using the classic ESN and qESN models.
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evaluation phase, outliers’ management was not considered, leading to 
unexpected outcomes, as depicted in Fig. 5.

The ESN exhibited considerable challenges, particularly in Block 1 
(Fig. 5). The predictions in this block displayed extreme and implausible 
values, fluctuating between 150 and − 25 kg. These predictions notably 
deviated from the expected range reflected in the actual output, 

suggesting potential overfitting issues. Conversely, such indications 
were absent in the qESN’s performance. Consequently, we proceeded to 
analyze the responses of both models when the initial datasets incor
porated 8 outliers for each user (reproducing what was observed in the 
real case of User 2) (Fig. S4).

Executing CV across five blocks (Fig. 6), as previously conducted, 
revealed notably different results compared to the prior case.

Indeed, in this instance, the qESN outperformed the ESN in both 
scenarios (Table 3), demonstrating statistical disparities between the 
two models for each block (Fig. 7).

A similar trend was observed in the WFV, with the qESN consistently 
exhibiting superior average performance (Fig. 8).

In Fig. 8 it is shown the prediction made for 6 users, the RMSE is 
averaging reduced far over the 50 % (average classic RMSE = 3.37 ±
1.32, average quantum RMSE = 1.51 ± 0.58), confirming that quantum 
improve performance with respect the classic also in the WFV.

Fig. 5. CV outcomes for User 2, showcasing predictions throughout the 5 validation blocks without outliers’ management.

Fig. 6. CV results showcasing the impact of added outliers across three users. Each user’s predictions are depicted through five plots, illustrating predictions made for 
the five temporal blocks within the CV.

Table 3 
Average RMSEs for the 5 blocks of the CV.

Blocks RMSE Classic CV RMSE Quantum CV

1 7.84 ± 3.53 3.44 ± 1.62
2 22.96 ± 16.08 2.63 ± 1.71
3 8.01 ± 6.08 1.91 ± 0.99
4 4.32 ± 1.66 1.72 ± 0.63
5 2.96 ± 0.94 1.35 ± 0.69
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A t-test confirmed statistically the differences observed (Fig. 9), it is 
noteworthy how the situation has reversed, indicating favorable in
dicators for the qESN over the classical model in this context.

4. Discussion

The prevalence of obesity and cardiovascular disease remains a 
critical global health concern largely shaped by dietary habits (Fruh, 
2017). The integration of digital health technologies such as wearables 
and smartphones has facilitated the development of the “Digital Twin”, a 
digital representation of the human body (Ahmadi-Assalemi et al., 
2020). Through our dedicated interface (e.g., the ArMOnIApp, as 
described in section 2.1), we acquired unique data, forming the foun
dation of the PMA, a model designed to provide customized insights, 
including individualized responses to dietary adjustments (Abeltino 
et al., 2023; Abeltino et al., 2022). The clinical significance of the PMA 
lies in its ability to offer personalized understandings of individual 
metabolism, thereby promoting healthier lifestyles.

Quantum implementation presents promising prospects in advancing 
the PMA, potentially amplifying its precision and predictive capabilities. 
This advancement could lead to more accurate and tailored recom
mendations for individuals’ dietary and physical activity responses. The 
discernible superiority of the qESN over the classic ESN aligns seam
lessly with the burgeoning literature advocating for the integration of 
quantum algorithms. This integration consistently enhances computa
tional efficiency and augments predictive accuracy.

Drawing from the pioneering work by Fujii and Nakajima (2017) 
(Fujii and Nakajima, 2017), which initially introduced the concept of 
QRC, our qESN model unveils an augmented memory capacity. This 
feature proves pivotal for tasks mandating the retention and processing 
of historical information to forecast future states accurately.

The study’s revelations bring to the fore the nuanced performance 
disparities between the qESN and the classic ESN across diverse sce
narios. While both models demonstrate comparable proficiency under 
ideal circumstances, the quantum model distinctly outshines its classical 
counterpart when trained on limited data. Indeed, qESN showed a more 
suitable response in real applications where data availability is 
restricted. For the first three blocks of the CV, with training set lengths of 
70 ± 11, 140 ± 22, and 210 ± 34 days respectively, the qESN showed an 
RMSE reduction over the classical model of 34.85 ± 12.80 %, 50.60 ±
28.23 %, and 25.64 ± 11.49 % (Table 2). These findings validate the 
efficacy of quantum algorithms in managing data scarcity, providing a 
compelling advantage in time series forecasting under constrained 
conditions.

Moreover, the qESN’s resilience to outliers, a salient facet empha
sized in this study, significantly contributes to its consistent superior 
performance across multifaceted contexts. Notably, the model’s 
robustness against outliers not only augments predictive accuracy but 

also amplifies its efficacy in scenarios where classical models encounter 
setbacks due to data irregularities. In two test conditions, one without 
and one with artificially introduced outliers, the improvement brought 
by qESN compared to the classical version increased from 32 % to 76 %. 
This was due both to a substantial degradation in ESN performance and 
to the stability of qESN, which experienced a moderate RMSE deterio
ration (51.16 ± 25.36 %) compared to the more pronounced decline in 
the classical ESN (70.56 ± 31.87 %).

Furthermore, the integration of these findings into the WFV analysis 
substantiates the quantum model’s superiority, especially in scenarios 
affected by data outliers. The WFV highlighted a shift from a slight 
classical advantage (approximately 15 % improvement) in clean data to 
a clear quantum advantage (55 % improvement) in the presence of 
outliers. As observed in the CV, this inversion is driven by the qESN’s 
capacity to maintain stable performance in the presence of noise (RMSE 
decrease of 47.02 ± 23.09 %) compared to the higher sensitivity of the 
classical ESN (RMSE increase of 78.66 ± 10.33 %). This holistic vali
dation underscores the adaptability and continual learning potential of 
quantum machine learning models in dynamic real-time forecasting 
settings, accentuating their paramount significance in applications 
requiring adaptation to evolving data streams. Importantly, our study 
employed a linear regression readout for both models to ensure that 
performance differences could be attributed solely to the reservoir ar
chitecture. While more complex optimizers might enhance predictive 
accuracy, our choice supports a clean comparison of the information 
processing capabilities intrinsic to quantum versus classical reservoirs. 
This minimal design further reinforces the potential of qESN as a 
lightweight, interpretable model in data-constrained environments.

From a translational perspective, the Quantum Metabolic Avatar 
(QMA) offers substantial potential in clinical and health-technology 
domains. Its ability to model personalized metabolic responses using 
minimal and potentially noisy data renders it particularly suitable for 
deployment in mobile health (mHealth) environments, including 
wearable-based monitoring platforms. In these scenarios, the light
weight structure and training-free inference of qESNs enable near-real- 
time prediction and adaptability, which are essential in guiding di
etary and behavioral interventions. Furthermore, in research on rare 
metabolic disorders or early-phase interventions where large datasets 
are often unavailable, the demonstrated generalization capacity of 
qESNs provides a pragmatic advantage for modeling and decision sup
port. This approach aligns with the broader vision of digital twins in 
precision medicine, offering scalable and individualized modeling tools 
that operate effectively even in underdetermined conditions.

However, the study does acknowledge certain limitations. The 
intricate nature and nascent stage of quantum algorithms imply that 
several practical challenges persist. The existing hardware constraints of 
quantum processors may limit the scalability and direct deployment of 
the approach in current clinical settings. A further limitation of both 

Fig. 7. The figure displays 5 boxplots, each pertaining to a CV block incorporating outliers. These plots illustrate the performance of both classic and quantum 
models. In the initial three plots, the symbol “*” denotes a significant difference between the two distributions, highlighting a substantial disparity between the 
classic and quantum model performances.
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QMA and PMA lies in their individual-centric design, which does not yet 
support generalized inference across multiple users. To address this, we 
recently developed the Generalized Metabolic Avatar (GMA) (Abeltino 
et al., 2025) a classical ensemble-based model that incorporates de
mographic parameters to forecast weight changes without requiring 
personalized historical data. Given the promising results obtained with 
the QMA, we foresee an extension of the GMA into its quantum version, 
potentially combining the generalization capacity of GMA with the 
quantum-enhanced robustness and memory of qESN-based 

architectures.

5. Conclusion

Our research contributes significantly to the emerging evidence 
supporting the prowess of quantum machine learning, particularly 
qESNs, in surpassing classical algorithms for specific tasks. As the field 
continues to mature and quantum hardware advances in accessibility 
and power, we anticipate that the advantages observed in this study will 

Fig. 8. WFV results illustrating predictions for 6 users using the classic ESN and qESN models.
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accentuate further. This trajectory positions quantum machine learning 
to revolutionize diverse fields by offering heightened predictive capa
bilities and innovative applications. Another crucial facet of ongoing 
research entails unraveling the intricate interplay between the net
work’s memory capacity and its hyperparameters. This investigation 
stands pivotal in realizing the full potential of qESN, particularly in 
optimizing their efficacy for specific applications. Moreover, the domain 
grapples with the intricate task of deploying these networks on Noisy 
Intermediate-Scale Quantum (NISQ) computers (Cheng et al., 2023) a 
significant barrier that demands resolution to render quantum machine 
learning a feasible reality.

These outcomes pave the way for new applications across diverse 
fields, such as analyzing metabolism-related data like nutrigenomics or 
the microbiome (Bianchetti et al., 2023; Abeltino et al., 2024) offering 
insights into micro and macro-reactions within our metabolism. In the 
realm of developing algorithms to detect time series data related to 
human body responses—such as heart rate (Serantoni et al., 2022; Dong 
et al., 2013) innovative analyses like chewing patterns (Riente et al., 
2023), QC can catalyze new developments by addressing common 
challenges prevalent in these applications. Building upon these findings, 
QC will play an essential role in new crafting models capable of esti
mating the likelihood of encountering specific pathologies, such as those 
associated with type 2 diabetes (Bianchetti et al., 2023; Bianchetti et al., 
2023; Bianchetti et al., 2022; Bianchetti et al., 2022).

In conclusion, the current study sets the stage for the promising 
future of quantum machine learning in unraveling complexities across 
diverse disciplines. The anticipated advancements in quantum algo
rithms and hardware stand poised to catalyze transformative break
throughs, facilitating a deeper understanding of intricate biological 
mechanisms, and fostering precision medicine paradigms.
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