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Quantummachine learning is among the most exciting potential applications of quantum computing.
However, the vulnerability of quantum information to environmental noises and the consequent high
cost for realizing fault tolerance has impeded the quantum models from learning complex datasets.
Here, we introduce AdaBoost.Q, a quantum adaptation of the classical adaptive boosting (AdaBoost)
algorithm designed to enhance learning capabilities of quantum classifiers. Based on the probabilistic
nature of quantum measurement, the algorithm improves the prediction accuracy by refining the
attention mechanism during the adaptive training and combination of quantum classifiers. We
experimentally demonstrate the versatility of our approach on a programmable superconducting
processor, where we observe notable performance enhancements across various quantum machine
learning models, including quantum neural networks and quantum convolutional neural networks.
With AdaBoost.Q, we achieve an accuracy above 86% for a ten-class classification task over 10,000
test samples, andanaccuracyof 100% for aquantum feature recognition task over 1564 test samples.
Our results demonstrate a foundational tool for advancing quantum machine learning towards
practical applications, which has broad applicability to both the current noisy and the future fault-
tolerant quantum devices.

The intersection between machine learning and quantum computing gives
rise to thefield of quantummachine learning that has attracted considerable
attention. With the exponentially large Hilbert space, a quantum computer
promises to offer representational power for recognizing complex data
patterns that are challenging to recognize classically1–7. Recently, the power
of quantum learning models has been extensively studied in terms of
quantum neural network (QNN) and quantum convolutional neural net-
work (QCNN)8–14, and, with the rapid advances of quantum technologies
across various physical platforms15–19, supported by a growing number of
experiments20–24. A crucial step towards practical applications is to test the
quantum learning models on large-scale datasets. However, handling

extensive datasets presents significant challenges, necessitating the devel-
opment of additional methods to enhance the performance of learning
models. Ensemble learning is one such method, which leverages the power
of joint decision and has achieved dramatic success in improving the
accuracy of classical machine learning models over the last three
decades25–29. It is thus natural to contemplate the implementation of
ensemble strategies in a quantum setting.

To date, research on quantum ensemble methods can be broadly
divided into two categories depending on whether the base learners are
implemented in a quantum superposition or not. A coherent superposition
of base learners promises to speed up the ensemble learning procedure30–37,
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which, however, is generally not feasible for near-term quantum devices, as
it relies on subroutines that are only viable in fault-tolerant quantum
computing regimes. On the other hand, classical ensemble methods have
been explored to improve the performance of quantum classifiers from the
perspective of error mitigation and resource savings38–40, which can be well
suited for current noisy quantum devices. However, directly applying
classical ensemble techniques to quantum systems overlooks the unique
properties of quantum classifiers. This naturally raises the following ques-
tion: Can we harness the strengths of quantum classifiers to enhance
ensemble methods while maintaining compatibility with the limitations of
near-term quantum hardware?

In thiswork,we take a step forwardbypresenting aquantumversionof
the adaptive boosting (AdaBoost) ensemble algorithm, dubbed Ada-
Boost.Q. Our method uses the statistic information generated by quantum
classifiers to improve the efficiency of AdaBoost algorithm by refining the
attention mechanism during the adaptive training procedure. Using a
superconducting quantum processor, we demonstrate the effectiveness of
AdaBoost.Q in enhancing the performance of quantum models through
two supervised learning experiments. In the first experiment, we perform a
ten-class classification task on theMNIST handwritten digits dataset41 with
a ten-qubit QNN classifier. By employing AdaBoost.Q, we improve the
testing accuracy from 80% to above 86% over the full-size MNIST test
dataset. Additionally, numerical simulations comparing AdaBoost.Q with
the conventional AdaBoost.M1 algorithm42 (used in refs. 38,39) reveal the
superior performance of our approach. The second experiment aims to
classify three quantumphases of a spin chainmodel with a 15-qubit QCNN
classifier. We show that the performance of the QCNN classifier can be
significantly improved by AdaBoost.Q, with the testing accuracy enhanced
from 77% to 100% over 1564 test samples. Our results provide a widely
applicable method for pushing quantum machine learning towards prac-
tical applications.

Framework and experimental setup
It is a commonhuman practice to aggregate andweigh different opinions to
make a complex decision. The ensemble methodology extends this idea to
the world of machine learning, aiming to construct a highly accurate clas-
sifier (referred to as a “strong” classifier) by combining multiple “weak”

classifiers, each of whichmay only slightly outperform a random guess. The
AdaBoost algorithm is among the most prominent ensemble methods to
generate a strong classifier25,26,28. It works by training the weak classifiers
sequentially on the same training set. At the core of theAdaBoost algorithm
is an attentionmechanism, where more attention is paid to data points that
were previously misclassified when training the subsequent classifier. The
level of attention paid is determined by a sample weight that is assigned to
each training point. After the training procedure, eachweak classifier is also
assigned a weight for scoring its importance in forming the strong classifier.
In the AdaBoost.Q algorithm, we extract these weights based on the prob-
abilistic nature of the quantum classifiers.

We consider quantum classifiers that are built with parameterized
quantumcircuits. For a supervisedK-class classification task, the training set
consists of pairs of datasets, fxi; yigNi¼1, where xi represents the data sample,
yi indexes the corresponding class label, andN is the training size.To classify
the data samples, we selectm qubits, withm≥ dlog2Ke, from the quantum
classifier and measure them in the computational basis, which can be
described by a set of basis projectors fΠjg2

m�1
j¼0

known as the projection-
valuedmeasures (PVM).Wedivide thePVMequally intoK groups,with the
kth group containing projectors indexed from k⌊2m/K⌋ to (k+ 1)⌊2m/K⌋−
1, while discarding the last 2m − K⌊2m/K⌋ projectors. The data sample is
classified as the kth class if the measured state is located in the kth group.

According to Born’s rule, for an input sample xi, the probability of
measuring the basis state in the kth group is
Pkðxi; θÞ ¼

Pðkþ1Þb2m=Kc�1
j¼kb2m=Kc Trðρðxi; θÞΠjÞ, where ρ(xi, θ) denotes the

reduced density matrix of themmeasured qubits of the quantum classifier
parameterized by θ. The corresponding predicted label of the quantum
classifier is obtained as ~yi ¼ argmax

k
Pkðxi; θÞ. Note that the probability

Pðxi; θÞ ¼ max
k

Pkðxi; θÞ naturally characterizes the confidence of the
prediction.

Using the probability information, we establish a refined criterion for
calculating theweights of the data samples and classifiers following the spirit
of the real AdaBoost algorithm26,43. Specifically, we initialize all the sample
weights to be 1/N when training the first classifier. During the iterative
training of the subsequent classifiers, the sample weights are updated
according to

wlþ1;i ¼
wl;i

Zlþ1
exp½Pðxi; θ�l Þ � ð1� 2δ~yl;iyi Þ�; ð1Þ

where i indexes the samples, l indexes the weak classifiers, θ�l is the optimal
parameter for the lth classifier, δ denotes the Kronecker delta, and Zlþ1 ¼PN

i¼1 wl;i exp½Pðxi; θ�l Þ � ð1� 2δ~yl;iyi Þ� is the normalizing factor. The loss
function of the lth classifier is given by Ll ¼

PB
b¼1

Ll;b, with B denoting the
batch size and

Ll;b ¼ �wl;b ln ½Pyb
ðxb; θÞ�: ð2Þ

After training the lth classifier, we calculate its weight as

αl ¼ ln
clP true

l

P false
l

; ð3Þ

where P true
l ¼ P

iwl;iPðxi; θ�l Þδ~yl;iyi and
P false

l ¼ P
iwl;iPðxi; θ�l Þð1� δ~yl;iyi Þ. The additional parameter cl, which

takes the value of unity by default, can be slightly tuned to optimize the
training accuracy in practice. The ensemble classifier is constructed by
combining all the trainedweak classifiers (also referred to as base classifiers),
which classifies xi according to

~yi ¼ argmax
k

X
l

αlPkðxi; θ�l Þ: ð4Þ

The workflow of AdaBoost.Q is illustrated in Fig. 1 and the pseudocode is
summarized in Methods. In the conventional AdaBoost.M1 algorithm (see
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Fig. 1 | Schematic diagram of AdaBoost.Q.The algorithm is designed to generate a
strong quantum classifier (right) by combining multiple weak quantum classifiers
(middle). Each weak quantum classifier takes the same training data as an input, and
it outputs the classification result of each data sample along with a probability P,
which characterizes the confidence of the prediction. The weak quantum classifiers
are trained iteratively, using reweighted versions of the training set, with the weights
depending on the correctness of the predictions and finely tuned by the output
probabilities of the previous classifier. This allows the subsequent quantum classi-
fiers to focus on samples that were not well classified previously. The sample weights
for the first classifier are assigned evenly among the training set.
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Supplementary Sec. I), sample weights are determined exclusively by the
correctness of the classification results—specifically, all misclassified sam-
ples have their weights increased uniformly. By incorporating classification
probabilities as a measure of confidence into the weight calculation, our
algorithm enables more precise reweighting of data samples. This refine-
ment allows for a more nuanced adjustment of sample weights, which can
enhance the overall performance of the ensemble model.

We experimentally demonstrate the effectiveness of our approach
on a fully programmable superconducting quantum processor17. The
qubits on the processor are of the frequency-tunable transmon type,
which are arranged in an 11 × 11 square lattice, with the neighboring
qubits connected by tunable couplers. For the ten-class classification of
the MNIST dataset, we select 20 qubits to construct two copies of a ten-
qubit QNN classifier, which run in parallel to accelerate training. For the
quantum data classification task, we build a QCNN classifier with a
carefully designed one-dimensional (1D) chain consisting of 15 qubits.
All the classifiers are essentially variational quantum circuits compiled
into the native gate sets, i.e., the parameterized single-qubit gates and
two-qubit CZ gates between neighboring qubits. Themedian Pauli error
rates of the parallel single- and two-qubit gates, characterized with the
simultaneous cross-entropy benchmarking technique, are around 5 ×
10−4 and 6 × 10−3, respectively. See Supplementary Sec. IIA for details on
device and gate performances.

Ensemble learning with QNN
As a first demonstration, we apply ourmethod to improve the performance
of QNN-based classifiers, which have been intensively studied in recent
years10,44–46. We focus on a ten-class classification task with the MNIST
handwritten digit dataset, which is widely used in benchmarking machine
learningmodels. This taskhadbeen challenging for quantumhardware, and
itwasnotuntil recently that an experimental testing accuracyof around62%
over 500 test samples was reported23.We construct theQNNwith a shallow
circuit consisting of ten qubits, which contains three layers of single-qubit
gates to encode 30 trainable parameters and two layers of CNOT gates to
entangle all qubits (see Supplementary Section IIC for details about the
circuit design). The training dataset contains 3600 28×28-pixel images (360
for eachdigit) selected fromtheMNISTdataset. Toencode the classical data,
we adapt the encoding scheme from the end-to-end learning framework47.
Specifically, we first vectorize the image data and then transform it to an
array of rotational angles xwith a transformmatrixW, following which we
encode them into the single-qubit rotation of the QNN circuit alternatively

with the trainable parameters θ (Fig. 2a). BothW and θ are trained simul-
taneously to minimize the loss function during the learning procedure. To
reduce the runtime, we further parallelize quantum computing by con-
structing and running two copies of the QNN simultaneously on the
processor.

The training procedure of a single QNN classifier is exemplified in Fig.
2c, where the loss function converges to about 0.007 after 840 training steps.
At the end of the training procedure, we input all 10,000 samples of the
MNIST test dataset to the trained classifier, obtaining an overall testing
accuracy around 80.5%, which is consistent with the training accuracy,
verifying the generalizability of the trained QNN model. See Methods for
details about the training procedure.

With the performance of the base QNN classifier established, we
proceed to AdaBoost.Q. In Fig. 3a, we plot the testing accuracies of the
ensemble QNN classifiers during the implementation of AdaBoost.Q. A
notable increase of the accuracy is observed, from 80.5% to 86.7% over
the first two iterations, after which the accuracy saturates. The obser-
vation is consistent with the weight calculated for each base classifier,
which dramatically drops to near zero for the fourth base classifier (Fig.
3b). In Fig. 3c, we compare the classification results with and without
usingAdaBoost.Q, observing an improvement of testing accuracy for the
ensemble classifier across almost all digits. To assess the intrinsic per-
formance of AdaBoost.Q, we conduct numerical simulation to compare
our method with the conventional AdaBoost.M1 algorithm42. The
ensemble classifiers are constructed using four base classifiers, each
employing the same QNN circuit structure as utilized in the experiment.
We record the accuracy improvements of the ensemble classifier over a
single classifier with randomly initialized parameters across 500 trials.
As depicted in Fig. 3d, our method achieves an average accuracy
improvement of 5%, aligning with the experimental results and sur-
passing AdaBoost.M1, which attains only a 1.6% average accuracy
improvement. The results highlight the efficiency gains achieved
through the refined attention mechanism of AdaBoost.Q. See Supple-
mentary Section I for details of the numerical simulation and the Ada-
Boost.M1 algorithm.

Ensemble learning with QCNN
Todemonstrate the versatility ofAdaBoost.Q,we further apply it toQCNN-
based classifiers. The task is to classify the ground states of a cluster-Ising
Hamiltonian48, which can either belong to a symmetry-protected topolo-
gical (SPT) phase, a paramagnetic (PM) phase, or an Ising phase (See

Fig. 2 | Ten-class classification of the MNIST dataset with QNN. a Experimental
setup. The training set is composed of 3600 MNIST handwritten digit images, each
with a size of 28 × 28 pixels. An image is transformed into a 30-dimensional vector x
using a trainable matrixW for further quantum encoding. At each training step, we
select a batch of 30 images to train the classifier, which is split evenly into two sub-
batches, denoted here by x and x0 , and fed to two copies of the QNN in parallel. Each
copy is constructed with a ten-qubit chain selected from the quantum processor.
b The two QNN circuits, each of which is composed of three layers of single-qubit
gates followed by two layers of CNOT gates. The rotation angles of single-qubit gates

are used to encode the data vector and trainable parameters θ. HereRx andRz denote
the single-qubit rotation gates around the x- and z-axis, respectively. c Loss function
(top) and accuracy for the test and training sets (bottom) at each training step. The
training is carried out for 7 epochs, with each epoch consisting of 120 training steps
as separated by the dashed lines. After each epoch, the QNN is monitored with 1000
images randomly selected from theMNIST test set (orange circle dots). At the end of
the training, we measure the test accuracy over the whole MNIST test set containing
10,000 images (red square dot).
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Methods). Previous studies12,21 have revealed the advantages of QCNN over
the directmeasurement of the string order parameter in identifying the SPT
phase. Here, we consider a more complex task, i.e., the classification of all
three phases.

The QCNN circuit is implemented on a 1D chain of 15 qubits on
our device. QCNN can achieve an exponential reduction of trainable
parameters compared with the generic QNN circuit12, at the cost of
involving long-range two-qubit gates along the chain. We circumvent
this challenge by carefully designing the topology of the selected 1D
chain, such that all necessary two-qubit gates can be directly imple-
mented, as shown in Fig. 4a. A QCNN classifier is typically composed
of convolutional, pooling, and fully connected layers. In our experi-
ment, we construct the convolutional layer with two layers of con-
volutional kernels applied in a translationally invariant way. Each
convolutional kernel is a parameterized two-qubit U(4) unitary49. A
pooling layer applies parallel controlled-X (CNOT) gates and then
discards the control qubits. After performing the convolutional and
pooling layers for three rounds, we implement a CZ gate on the
remaining two qubits as the fully connected layer. The two qubits are
then readout to obtain the classification results.

We use variational quantum circuits to prepare approximate ground
states for constructing the training and test datasets. The quantum data can
be directly input into the QCNN circuit as initial states.Within the reach of
variational quantum circuits, our training (test) dataset consists of 2204
(1564) points spanning the phase diagram of the cluster-Ising model, with
the experimentally measured string order parameters shown in Fig. 4b. To
examine the generalization of the QCNN classifier, we extend to the para-
meter regime in generating the test samples (red box in Fig. 4b). See
Methods and Supplementary Section IIB for more details about the gen-
eration of training and test sets.

In Fig. 4c–e, we show the performance of AdaBoost.Q. For a single
QCNN classifier, we find that the testing accuracy for the three-class clas-
sification task is limited to around 80%. A detailed analysis of the classifi-
cation results reveals that the states in the SPT phase are most likely to be
misclassified (Fig. 4e, top panel). By tuning the weights of the training states
(Fig. 4c), the second classifier achieves a remarkable increase in the testing
accuracy, reaching a value of 93%, with most of the misclassified samples

located in the Ising phase (Fig. 4e,middle panel). Finally, by combining only
two base classifiers, the ensemble classifier achieves a testing accuracy of
100% on the whole test set (Fig. 4e, bottom panel), demonstrating the high
efficiency of our algorithm.

Conclusion and discussion
We utilize the statistical property of quantum classifiers to enhance the
performance of the AdaBoost algorithm by refining its core weight-
update rule. We validate the efficacy of our approach through a pro-
totypical ten-class classification task on the MNIST handwritten digit
dataset, observing a significant improvement in testing accuracy. To
the best of our knowledge, this represents the first experimental
benchmark of a quantum classifier on the full-size MNIST test set,
although the achieved testing accuracy of 86.7% remains modest
compared to the classical benchmark of approximately 99%. To attain
competitive accuracy, further advancements in quantum learning
models—particularly in terms of system size and circuit structure—are
necessary. In this context, AdaBoost.Q can alleviate the accuracy
requirements for individual quantum classifiers. The resource effi-
ciency of AdaBoost.Q compared with improving the performance of a
single classifier is discussed in Supplementary Section IID.

On the other hand, quantum learning models operating on quantum
data present a more promising route towards achieving a quantum
advantage8–13. Our method also demonstrates its utility in this direction, as
evidenced by the results of the second task. While our results showcase the
promise of this approach, we note that a comprehensive exploration of
quantumadvantage in quantummachine learning constitutes a distinct and
significant research direction. A definitive demonstration of such advantage
will likely require further advances in both algorithmic design and hardware
capabilities, buildingupon the foundational insights providedby studies like
those in ref. 6–10,20.

A caveat regarding the future use of AdaBoost.Q is its suscept-
ibility to overfitting, particularly in the presence of noisy data, which is
commonly observed within the AdaBoost algorithm family due to their
iterative nature. To mitigate such risk, strategies such as early
stopping50, learning rate adjustment51, and data cleaning52 can be
applied. For example, one canmonitor the performance on a validation

Fig. 3 | Experimental implementation of Ada-
Boost.Q. a Testing accuracy of the ensemble clas-
sifiers composed of L base classifiers, with L = 1 to 4.
The error bars are obtained as the standard devia-
tions from bootstrapping (resampled 1000 times
from the original data sets). The accuracy is esti-
mated based on the whole MNIST test set. b The
experimental weight αl and adjustment parameter cl
of each base classifier l. c Comparison of the classi-
fication performance on the whole MNIST test set
with single and ensemble classifiers, where the
accuracy of classifying each digit is displayed.
d Comparison of the performance between the
conventional AdaBoost.M1 and AdaBoost.Q with
numerical simulation considering the same task,
where both ensemble classifiers are composed of
four base classifiers. The simulation is performed
500 times each. The histogram of the accuracy
improvement, Ae − As with Ae and As being the
testing accuracy of the ensemble and single classi-
fiers, is plotted, with the average values denoted by
the dashed lines.
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set and stop training when the validation error starts to increase, even if
the training error continues to decrease. This prevents the model from
over-adapting to noise. Our approach is broadly compatible with
various quantum learning models and can be implemented across
different physical platforms, both in the current noisy intermediate-
scale quantum era and the coming fault-tolerant quantum era, which
we anticipate would benefit the future exploration of quantum learning
advantages.

Methods
Data generation
The training and test sets used for the ten-class classification task originate
from the MNIST handwritten digits dataset. To accelerate the training
procedure, we use the k-means algorithm53 to select 3600 representative
images from the MNIST training dataset to form the training set. Specifi-
cally, we use KMeans function of the scikit-learn package54 to divide each
number into 360 clusters.We select one image fromeach cluster to form ten
numbers totalling 3600 images. During the clustering process of KMeans,
we perform 180 random initial centroids and select the case the clustering
with the best inertia. The test set is constructed with all 10,000 images from
the MNIST test dataset. During the training procedure, we also randomly
select 1000 images, with 100 for each digit, from the test set to monitor the
testing accuracy.

For the quantum phase recognition task, the quantum dataset consists
of ground states of the cluster-Ising Hamiltonian:

H ¼ �
XN�2

i¼1

ZiXiþ1Ziþ2 � h1
XN
i¼1

Xi � h2
XN�1

i¼1

XiXiþ1; ð5Þ

where N = 15 in our system. Xi;Zi

� �
are the Pauli operators acting on the

ith spin. Depending on the choice of the twomodel parameters {h1, h2}, the
ground states can belong to either the SPT phase, the PMphase, or the Ising
phase. The SPT phase can be distinguished by measuring the string order
parameter:

S ¼ Z1X2X4:::X12X14Z15; ð6Þ

as shown in Fig. 4b. To construct the training (test) set, we select 2, 204 (1,
564) ground states in the parameter regimes of h1∈ [0, 1) (h1∈ [0, 1.2]) and
h2 ∈ (− 2.3, 1.6], respectively. For a given {h1, h2}, we use a variational
quantum circuit (VQC) to prepare the corresponding ground state. The
circuit is trained on a classical computer before being deployed on the
quantum processor (See Supplementary Section IIB for details on the
training procedure).

Algorithms for quantum ensemble learning
The AdaBoost.Q algorithm proposed in this work is shown in Algorithm 1.

Fig. 4 | Ensemble learning of quantumdata withQCNN. a Structure of the QCNN
circuit, which consists of three alternating convolutional (Ci) and pooling (Pi) layers,
followed by a fully-connected (FC) layer. Each convolutional layer contains two
layers of convolutional kernels, each of which consists of seven single-qubit gates
with 15 variational parameters and three two-qubit CNOT gates. We apply the
convolutional kernels in a translationally invariant way, resulting in a total of 45
variational parameters. The pooling layer applies a layer of two-qubit CNOT gates
and then passes the target qubits to the subsequent layer, thus reducing the qubit
number by half. After three rounds of pooling, we are left with two qubits, on which
we apply aCZgate as a fully connected layer. The twoqubits are thenmeasured in the
computational basis for the classification task. bThe experimentallymeasured string
order parameters 〈S〉 for the quantum states in the training and test sets, respectively.
Each quantum state is the ground state of a cluster-Ising Hamiltonian with 15 spins,

which has two parameters h1 and h2 (seeMethods). The states can be approximately
prepared with variational quantum circuits and directly input into the QCNN
classifier. The test set is generated in a parameter regime larger than that for the
training set, and we highlight their difference with the red box. c Histogram of the
sample weights for training the second QCNN base classifiers. The weights for the
quantum states in different phases are plotted separately. The dashed line represents
the initial weight that is assigned to all data samples when training the first base
classifier. dTesting accuracy of the first (blue) and the second (yellow) base classifier
at each epoch. e Classification results of the first (top), second (middle), and
ensemble (bottom) classifiers on the test set. The classifier weights are 1.78 and 3.26,
respectively.
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Algorithm 1. AdaBoost.Q

Training the QNN classifier
We train the QNN classifier with epochs. At each epoch, we first shuffle the
training set and then divide it evenly into 120 batches, with each batch

containing 30 images. During the training procedure, we iterate through the
120 batches of dataset for each epoch, and train the QNN classifier for 7
epochs. To encode an image sample xi, we first flatten it into a 784-
dimensional vector vi, which is then divided by 255

2 and transformed into a
30-dimensional vector xi by a trainable matrix W. The data vector xi is
encoded together with the trainable parameter θ into the QNN circuit, as
shown in Fig. 2b.We initialize θ andW by randomly sampling each of their
element from the Gaussian distribution N π; π

3

� �2� �
and N π

60 ;
π
180

� �2� �
,

respectively. W and θ are trained by using the gradient based Adam
optimizer55, with the gradient experimentally measured by using the para-
meter shift rule56. The updating rules for W and θ are detailed in
Algorithm 2.

Algorithm 2. Updating rules forW and θ.

Training the QCNN classifier
The training procedure of theQCNN classifier is similar to that of theQNN
classifier. Each QCNN classifier is trained for 5 epochs. At each epoch, the
training set is shuffled and divided into 76 batches, with each batch con-
taining 29 quantum states. The quantumstates can be directly input into the
QCNN classifier. The trainable parameter θ is initialized by randomly
generating each of its element in a range of [− π, π). The gradient of the loss
function with respect to θ is evaluated by using the finite differencemethod,
with the updating rules detailed in Algorithm 3. The robustness of the finite
difference method used here is illustrated in Supplementary Section IIE.
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Algorithm 3. Updating rules for θ

Data availability
The data presented in the figures and that support the other findings of this
study are available on Github: https://github.com/wuyaoz/Data-for-
Ensemble-learning.
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