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METHOD, SYSTEM, AND COMPUTER PROGRAM PRODUCT FOR ENSEMBLE 

LEARNING WITH REJECTION 
 

CROSS REFERENCE TO RELATED APPLICATION 

[0001] The present application is related to United States Patent Provisional 

Application Serial No. 63/503,294, filed May 19, 2023, the disclosure of which is 

hereby incorporated by reference in its entirety. 

 

BACKGROUND 

1. Technical Field 

[0002] This disclosure relates generally to ensemble learning and, in non-limiting 

embodiments or aspects, to methods, systems, and computer program products for 

ensemble learning with rejection to improve the performance and credibility of 

classification tasks. 

 

2. Technical Considerations 

[0003] Recent studies have found that selective ensemble learning (e.g., dynamic 

ensemble selection, etc.) shows better predictive performance for classification tasks 

as compared to traditional static ensemble learning. However, there are some 

limitations of available methods which affect practical implementation, such as high 

computational cost and/or restrictions in baseline machine learning model ranking and 

aggregation, especially for class-imbalanced data. Also, existing methods may make 

predictions for all data without measuring model credibility regarding different feature 

patterns. 

 

SUMMARY 

[0004] Accordingly, provided are improved methods, systems, and computer 

program products for ensemble learning. 

[0005] According to non-limiting embodiments or aspects, provided is a method, 

including: (i) for each baseline machine learning model of a set of baseline machine 

learning models, with at least one processor: training that baseline machine learning 

model based on a plurality of first training samples, wherein the plurality of first training 

samples includes a plurality of different data types, and wherein training that baseline 

machine learning model generates a plurality of first predictions for the plurality of first 
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training samples; generating, for that baseline machine learning model, based on the 

plurality of first predictions for the plurality of first training samples, a rejection region 

associated with at least one data type of the plurality of different data types; and 

processing, with that baseline machine learning model, a subset of second training 

samples of a plurality of second training samples outside the rejection region of that 

baseline machine learning model, to generate a subset of second predictions for the 

subset of second training samples of the plurality of second training samples outside 

the rejection region of that baseline machine learning model, wherein a baseline model 

predictive performance metric for that baseline machine learning model is determined 

based on the subset of second predictions of that baseline machine learning model, 

and wherein the plurality of second training samples is associated with a plurality of 

rejection flags for that baseline machine learning model, wherein each rejection flag 

of the plurality of rejection flags indicates whether a corresponding second sample of 

the plurality of second samples is within the rejection region of that baseline machine 

learning model; (ii) generating, with the at least one processor, a global rejection 

region associated with one or more data types of the plurality of different data types 

based on the rejection region associated with each baseline machine learning model; 

(iii) training, with the at least one processor, an ensemble machine learning model 

ensembled based on the set of baseline machine learning models, based on (a) a 

further subset of second training samples of the plurality of second training samples 

outside the global rejection region, (b) the plurality of rejection flags for the plurality of 

second samples associated with each baseline machine learning model, and (c) the 

subset of second predictions for the subset of second training samples generated for 

each baseline machine learning model, wherein training the ensemble machine 

learning model generates a subset of ensemble predictions for the further subset of 

second training samples of the plurality of second training samples outside the global 

rejection region, and wherein an ensemble model predictive performance metric is 

determined based on the subset of ensemble predictions;  (iv) updating, with the at 

least one processor, based on the baseline model predictive performance metric for 

each baseline machine learning model, the set of baseline machine learning models; 

and (v) repeating, with the at least one processor, (i) – (iv) until there is a single 

baseline machine learning model in the set of baseline machine learning models or at 

least one of the ensemble model predictive performance metric satisfies a threshold 

ensemble model predictive performance, a ratio of the plurality of second training 
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samples outside the global rejection region satisfies a threshold ratio, or any 

combination thereof. 

[0006] In some non-limiting embodiments or aspects, for each baseline machine 

learning model of the set of baseline machine learning models, generating, for that 

baseline machine learning model, based on the plurality of first predictions for the 

plurality of first training samples, the rejection region associated with the at least one 

data type of the plurality of different data types includes optimizing an objective 

function defined according to the following equation: 

   𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

   with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

   and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0007] In some non-limiting embodiments or aspects, an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a Grid 

search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0008] In some non-limiting embodiments or aspects, for each baseline machine 

learning model of the set of baseline machine learning models, the plurality of second 

training samples is associated with a plurality of distance measures, wherein each 

distance measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein training, with the at least one 

processor, the ensemble machine learning model is further based on (d) the plurality 

of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

[0009] In some non-limiting embodiments or aspects, each baseline machine 

learning model of the set of baseline machine learning models includes a multi-class 

classification model for predicting one of a number of classes q, where q is more than 
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two classes, and wherein the rejection region of each baseline machine learning model 

includes a number q – 1 bounds defining the rejection region. 

[0010] In some non-limiting embodiments or aspects, a meta-model is used to 

ensemble the set of baseline machine learning models into the ensemble machine 

learning model. 

[0011] In some non-limiting embodiments or aspects, the method further includes: 

(vi) obtaining, with the at least one processor, a current sample; (vii) determining, with 

the at least one processor, whether the current sample is within the global rejection 

region; (viii) in response to determining that the current sample is outside the global 

rejection region, automatically processing, with the at least one processor, using the 

ensemble machine learning model, the current sample to generate a current prediction 

for the current sample; and (ix) in response to determining that the current sample is 

within the global rejection region, automatically flagging, with the at least one 

processor, the current sample as unable to receive a credible prediction from the 

ensemble classifier.   

[0012] According to some non-limiting embodiments or aspects, provided is a 

system, including: at least one processor configured to: (i) for each baseline machine 

learning model of a set of baseline machine learning models: train that baseline 

machine learning model based on a plurality of first training samples, wherein the 

plurality of first training samples includes a plurality of different data types, and wherein 

training that baseline machine learning model generates a plurality of first predictions 

for the plurality of first training samples; generate, for that baseline machine learning 

model, based on the plurality of first predictions for the plurality of first training samples, 

a rejection region associated with at least one data type of the plurality of different data 

types; and process, with that baseline machine learning model, a subset of second 

training samples of a plurality of second training samples outside the rejection region 

of that baseline machine learning model, to generate a subset of second predictions 

for the subset of second training samples of the plurality of second training samples 

outside the rejection region of that baseline machine learning model, wherein a 

baseline model predictive performance metric for that baseline machine learning 

model is determined based on the subset of second predictions of that baseline 

machine learning model, and wherein the plurality of second training samples is 

associated with a plurality of rejection flags for that baseline machine learning model, 

wherein each rejection flag of the plurality of rejection flags indicates whether a 
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corresponding second sample of the plurality of second samples is within the rejection 

region of that baseline machine learning model; (ii) generate a global rejection region 

associated with one or more data types of the plurality of different data types based 

on the rejection region associated with each baseline machine learning model; (iii) 

train an ensemble machine learning model ensembled based on the set of baseline 

machine learning models, based on (a) a further subset of second training samples of 

the plurality of second training samples outside the global rejection region, (b) the 

plurality of rejection flags for the plurality of second samples associated with each 

baseline machine learning model, and (c) the subset of second predictions for the 

subset of second training samples generated for each baseline machine learning 

model, wherein training the ensemble machine learning model generates a subset of 

ensemble predictions for the further subset of second training samples of the plurality 

of second training samples outside the global rejection region, and wherein an 

ensemble model predictive performance metric is determined based on the subset of 

ensemble predictions;  (iv) update, based on the baseline model predictive 

performance metric for each baseline machine learning model, the set of baseline 

machine learning models; and (v) repeat (i) – (iv) until there is a single baseline 

machine learning model in the set of baseline machine learning models or at least one 

of the ensemble model predictive performance metric satisfies a threshold ensemble 

model predictive performance, a ratio of the plurality of second training samples 

outside the global rejection region satisfies a threshold ratio, or any combination 

thereof. 

[0013] In some non-limiting embodiments or aspects, the at least one processor is 

configured to, for each baseline machine learning model of the set of baseline machine 

learning models, generate, for that baseline machine learning model, based on the 

plurality of first predictions for the plurality of first training samples, the rejection region 

associated with the at least one data type of the plurality of different data types by 

optimizing an objective function defined according to the following equation: 

   𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

   with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

   and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 
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samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0014] In some non-limiting embodiments or aspects, an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a Grid 

search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0015] In some non-limiting embodiments or aspects, for each baseline machine 

learning model of the set of baseline machine learning models, the plurality of second 

training samples is associated with a plurality of distance measures, wherein each 

distance measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein the at least one processor is 

further configured to train the ensemble machine learning model based on (d) the 

plurality of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

[0016] In some non-limiting embodiments or aspects, each baseline machine 

learning model of the set of baseline machine learning models includes a multi-class 

classification model for predicting one of a number of classes q, where q is more than 

two classes, and wherein the rejection region of each baseline machine learning model 

includes a number q – 1 bounds defining the rejection region. 

[0017] In some non-limiting embodiments or aspects, a meta-model is used to 

ensemble the set of baseline machine learning models into the ensemble machine 

learning model. 

[0018] In some non-limiting embodiments or aspects, the at least one processor is 

further configured to: (vi ) obtain a current sample; (vii) determine whether the current 

sample is within the global rejection region; (viii) in response to determining that the 

current sample is outside the global rejection region, automatically process, using the 

ensemble machine learning model, the current sample to generate a current prediction 

for the current sample; and (ix) in response to determining that the current sample is 

within the global rejection region, automatically flag, the current sample as unable to 

receive a credible prediction from the ensemble classifier.   
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[0019] According to some non-limiting embodiments or aspects, provided is a 

computer program product including at least one non-transitory computer-readable 

medium including program instructions that, when executed by at least one processor, 

cause the at least one processor to: (i) for each baseline machine learning model of a 

set of baseline machine learning models: train that baseline machine learning model 

based on a plurality of first training samples, wherein the plurality of first training 

samples includes a plurality of different data types, and wherein training that baseline 

machine learning model generates a plurality of first predictions for the plurality of first 

training samples; generate, for that baseline machine learning model, based on the 

plurality of first predictions for the plurality of first training samples, a rejection region 

associated with at least one data type of the plurality of different data types; and 

process, with that baseline machine learning model, a subset of second training 

samples of a plurality of second training samples outside the rejection region of that 

baseline machine learning model, to generate a subset of second predictions for the 

subset of second training samples of the plurality of second training samples outside 

the rejection region of that baseline machine learning model, wherein a baseline model 

predictive performance metric for that baseline machine learning model is determined 

based on the subset of second predictions of that baseline machine learning model, 

and wherein the plurality of second training samples is associated with a plurality of 

rejection flags for that baseline machine learning model, wherein each rejection flag 

of the plurality of rejection flags indicates whether a corresponding second sample of 

the plurality of second samples is within the rejection region of that baseline machine 

learning model; (ii) generate a global rejection region associated with one or more data 

types of the plurality of different data types based on the rejection region associated 

with each baseline machine learning model; (iii) train an ensemble machine learning 

model ensembled based on the set of baseline machine learning models, based on 

(a) a further subset of second training samples of the plurality of second training 

samples outside the global rejection region, (b) the plurality of rejection flags for the 

plurality of second samples associated with each baseline machine learning model, 

and (c) the subset of second predictions for the subset of second training samples 

generated for each baseline machine learning model, wherein training the ensemble 

machine learning model generates a subset of ensemble predictions for the further 

subset of second training samples of the plurality of second training samples outside 

the global rejection region, and wherein an ensemble model predictive performance 
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metric is determined based on the subset of ensemble predictions; (iv) update, based 

on the baseline model predictive performance metric for each baseline machine 

learning model, the set of baseline machine learning models; and (v) repeat (i) – (iv) 

until there is a single baseline machine learning model in the set of baseline machine 

learning models or at least one of the ensemble model predictive performance metric 

satisfies a threshold ensemble model predictive performance, a ratio of the plurality of 

second training samples outside the global rejection region satisfies a threshold ratio, 

or any combination thereof. 

[0020] In some non-limiting embodiments or aspects, the program instructions, 

when executed by the at least one processor, cause the at least one processor to, for 

each baseline machine learning model of the set of baseline machine learning models, 

generate, for that baseline machine learning model, based on the plurality of first 

predictions for the plurality of first training samples, the rejection region associated 

with the at least one data type of the plurality of different data types by optimizing an 

objective function defined according to the following equation: 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

    and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0021] In some non-limiting embodiments or aspects, an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a Grid 

search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0022] In some non-limiting embodiments or aspects, for each baseline machine 

learning model of the set of baseline machine learning models, the plurality of second 

training samples is associated with a plurality of distance measures, wherein each 

distance measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 
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that baseline machine learning model, and wherein the program instructions, when 

executed by the at least one processor, further cause the at least one processor to 

train the ensemble machine learning model based on (d) the plurality of distance 

measures for the plurality of second samples associated with each baseline machine 

learning model. 

[0023] In some non-limiting embodiments or aspects, a meta-model is used to 

ensemble the set of baseline machine learning models into the ensemble machine 

learning model. 

[0024] In some non-limiting embodiments or aspects, the program instructions, 

when executed by the at least one processor, further cause the at least one processor 

to: (vi ) obtain a current sample; (vii) determine whether the current sample is within 

the global rejection region; (viii) in response to determining that the current sample is 

outside the global rejection region, automatically process, using the ensemble 

machine learning model, the current sample to generate a current prediction for the 

current sample; and (ix) in response to determining that the current sample is within 

the global rejection region, automatically flag, the current sample as unable to receive 

a credible prediction from the ensemble classifier.  

[0025] Further non-limiting embodiments or aspects are set forth in the following 

numbered clauses: 

[0026] Clause 1. A method, comprising: (i) for each baseline machine learning 

model of a set of baseline machine learning models, with at least one processor: 

training that baseline machine learning model based on a plurality of first training 

samples, wherein the plurality of first training samples includes a plurality of different 

data types, and wherein training that baseline machine learning model generates a 

plurality of first predictions for the plurality of first training samples; generating, for that 

baseline machine learning model, based on the plurality of first predictions for the 

plurality of first training samples, a rejection region associated with at least one data 

type of the plurality of different data types; and processing, with that baseline machine 

learning model, a subset of second training samples of a plurality of second training 

samples outside the rejection region of that baseline machine learning model, to 

generate a subset of second predictions for the subset of second training samples of 

the plurality of second training samples outside the rejection region of that baseline 

machine learning model, wherein a baseline model predictive performance metric for 

that baseline machine learning model is determined based on the subset of second 
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predictions of that baseline machine learning model, and wherein the plurality of 

second training samples is associated with a plurality of rejection flags for that baseline 

machine learning model, wherein each rejection flag of the plurality of rejection flags 

indicates whether a corresponding second sample of the plurality of second samples 

is within the rejection region of that baseline machine learning model; (ii) generating, 

with the at least one processor, a global rejection region associated with one or more 

data types of the plurality of different data types based on the rejection region 

associated with each baseline machine learning model; (iii) training, with the at least 

one processor, an ensemble machine learning model ensembled based on the set of 

baseline machine learning models, based on (a) a further subset of second training 

samples of the plurality of second training samples outside the global rejection region, 

(b) the plurality of rejection flags for the plurality of second samples associated with 

each baseline machine learning model, and (c) the subset of second predictions for 

the subset of second training samples generated for each baseline machine learning 

model, wherein training the ensemble machine learning model generates a subset of 

ensemble predictions for the further subset of second training samples of the plurality 

of second training samples outside the global rejection region, and wherein an 

ensemble model predictive performance metric is determined based on the subset of 

ensemble predictions; (iv) updating, with the at least one processor, based on the 

baseline model predictive performance metric for each baseline machine learning 

model, the set of baseline machine learning models; and (v) repeating, with the at least 

one processor, (i) – (iv) until there is a single baseline machine learning model in the 

set of baseline machine learning models or at least one of the ensemble model 

predictive performance metric satisfies a threshold ensemble model predictive 

performance, a ratio of the plurality of second training samples outside the global 

rejection region satisfies a threshold ratio, or any combination thereof. 

[0027] Clause 2. The method of clause 1, wherein, for each baseline machine 

learning model of the set of baseline machine learning models, generating, for that 

baseline machine learning model, based on the plurality of first predictions for the 

plurality of first training samples, the rejection region associated with the at least one 

data type of the plurality of different data types includes optimizing an objective 

function defined according to the following equation: 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 
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    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

    and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0028] Clause 3. The method of clause 1 or 2, wherein an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a Grid 

search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0029] Clause 4. The method of any of clauses 1-3, wherein, for each baseline 

machine learning model of the set of baseline machine learning models, the plurality 

of second training samples is associated with a plurality of distance measures, wherein 

each distance measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein training, with the at least one 

processor, the ensemble machine learning model is further based on (d) the plurality 

of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

[0030] Clause 5. The method of any of clauses 1-4, wherein each baseline machine 

learning model of the set of baseline machine learning models includes a multi-class 

classification model for predicting one of a number of classes q, where q is more than 

two classes, and wherein the rejection region of each baseline machine learning model 

includes a number q – 1 bounds defining the rejection region. 

[0031] Clause 6. The method of any of clauses 1-5, wherein a meta-model is used 

to ensemble the set of baseline machine learning models into the ensemble machine 

learning model. 

[0032] Clause 7. The method of any of clauses 1-7, further comprising: (vi) 

obtaining, with the at least one processor, a current sample; (vii) determining, with the 

at least one processor, whether the current sample is within the global rejection region; 

(viii) in response to determining that the current sample is outside the global rejection 
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region, automatically processing, with the at least one processor, using the ensemble 

machine learning model, the current sample to generate a current prediction for the 

current sample; and (ix) in response to determining that the current sample is within 

the global rejection region, automatically flagging, with the at least one processor, the 

current sample as unable to receive a credible prediction from the ensemble classifier.   

[0033] Clause 8. A system, comprising: at least one processor configured to: (i) for 

each baseline machine learning model of a set of baseline machine learning models: 

train that baseline machine learning model based on a plurality of first training 

samples, wherein the plurality of first training samples includes a plurality of different 

data types, and wherein training that baseline machine learning model generates a 

plurality of first predictions for the plurality of first training samples; generate, for that 

baseline machine learning model, based on the plurality of first predictions for the 

plurality of first training samples, a rejection region associated with at least one data 

type of the plurality of different data types; and process, with that baseline machine 

learning model, a subset of second training samples of a plurality of second training 

samples outside the rejection region of that baseline machine learning model, to 

generate a subset of second predictions for the subset of second training samples of 

the plurality of second training samples outside the rejection region of that baseline 

machine learning model, wherein a baseline model predictive performance metric for 

that baseline machine learning model is determined based on the subset of second 

predictions of that baseline machine learning model, and wherein the plurality of 

second training samples is associated with a plurality of rejection flags for that baseline 

machine learning model, wherein each rejection flag of the plurality of rejection flags 

indicates whether a corresponding second sample of the plurality of second samples 

is within the rejection region of that baseline machine learning model; (ii) generate a 

global rejection region associated with one or more data types of the plurality of 

different data types based on the rejection region associated with each baseline 

machine learning model; (iii) train an ensemble machine learning model ensembled 

based on the set of baseline machine learning models, based on (a) a further subset 

of second training samples of the plurality of second training samples outside the 

global rejection region, (b) the plurality of rejection flags for the plurality of second 

samples associated with each baseline machine learning model, and (c) the subset of 

second predictions for the subset of second training samples generated for each 

baseline machine learning model, wherein training the ensemble machine learning 
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model generates a subset of ensemble predictions for the further subset of second 

training samples of the plurality of second training samples outside the global rejection 

region, and wherein an ensemble model predictive performance metric is determined 

based on the subset of ensemble predictions; (iv) update, based on the baseline model 

predictive performance metric for each baseline machine learning model, the set of 

baseline machine learning models; and (v) repeat (i) – (iv) until there is a single 

baseline machine learning model in the set of baseline machine learning models or at 

least one of the ensemble model predictive performance metric satisfies a threshold 

ensemble model predictive performance, a ratio of the plurality of second training 

samples outside the global rejection region satisfies a threshold ratio, or any 

combination thereof. 

[0034] Clause 9. The system of clause 8, wherein the at least one processor is 

configured to, for each baseline machine learning model of the set of baseline machine 

learning models, generate, for that baseline machine learning model, based on the 

plurality of first predictions for the plurality of first training samples, the rejection region 

associated with the at least one data type of the plurality of different data types by 

optimizing an objective function defined according to the following equation: 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

    and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0035] Clause 10. The system of clause 8 or 9, wherein an optimal solution of 𝑡௟௕ 

is obtained using at last one of the following searching or optimization algorithms: a 

Grid search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0036] Clause 11. The system of any of clauses 8-10, wherein, for each baseline 

machine learning model of the set of baseline machine learning models, the plurality 

of second training samples is associated with a plurality of distance measures, wherein 
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each distance measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein the at least one processor is 

further configured to train the ensemble machine learning model based on (d) the 

plurality of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

[0037] Clause 12. The system of any of clauses 8-11, wherein each baseline 

machine learning model of the set of baseline machine learning models includes a 

multi-class classification model for predicting one of a number of classes q, where q is 

more than two classes, and wherein the rejection region of each baseline machine 

learning model includes a number q – 1 bounds defining the rejection region. 

[0038] Clause 13. The system of any of clauses 8-12, wherein a meta-model is 

used to ensemble the set of baseline machine learning models into the ensemble 

machine learning model. 

[0039] Clause 14. The system of any of clauses 8-13, wherein the at least one 

processor is further configured to: (vi ) obtain a current sample; (vii) determine whether 

the current sample is within the global rejection region; (viii) in response to determining 

that the current sample is outside the global rejection region, automatically process, 

using the ensemble machine learning model, the current sample to generate a current 

prediction for the current sample; and (ix) in response to determining that the current 

sample is within the global rejection region, automatically flag, the current sample as 

unable to receive a credible prediction from the ensemble classifier.   

[0040] Clause 15. A computer program product comprising at least one non-

transitory computer-readable medium including program instructions that, when 

executed by at least one processor, cause the at least one processor to: (i) for each 

baseline machine learning model of a set of baseline machine learning models: train 

that baseline machine learning model based on a plurality of first training samples, 

wherein the plurality of first training samples includes a plurality of different data types, 

and wherein training that baseline machine learning model generates a plurality of first 

predictions for the plurality of first training samples; generate, for that baseline 

machine learning model, based on the plurality of first predictions for the plurality of 

first training samples, a rejection region associated with at least one data type of the 

plurality of different data types; and process, with that baseline machine learning 

model, a subset of second training samples of a plurality of second training samples 



 

15 
 

outside the rejection region of that baseline machine learning model, to generate a 

subset of second predictions for the subset of second training samples of the plurality 

of second training samples outside the rejection region of that baseline machine 

learning model, wherein a baseline model predictive performance metric for that 

baseline machine learning model is determined based on the subset of second 

predictions of that baseline machine learning model, and wherein the plurality of 

second training samples is associated with a plurality of rejection flags for that baseline 

machine learning model, wherein each rejection flag of the plurality of rejection flags 

indicates whether a corresponding second sample of the plurality of second samples 

is within the rejection region of that baseline machine learning model; (ii) generate a 

global rejection region associated with one or more data types of the plurality of 

different data types based on the rejection region associated with each baseline 

machine learning model; (iii) train an ensemble machine learning model ensembled 

based on the set of baseline machine learning models, based on (a) a further subset 

of second training samples of the plurality of second training samples outside the 

global rejection region, (b) the plurality of rejection flags for the plurality of second 

samples associated with each baseline machine learning model, and (c) the subset of 

second predictions for the subset of second training samples generated for each 

baseline machine learning model, wherein training the ensemble machine learning 

model generates a subset of ensemble predictions for the further subset of second 

training samples of the plurality of second training samples outside the global rejection 

region, and wherein an ensemble model predictive performance metric is determined 

based on the subset of ensemble predictions; (iv) update, based on the baseline model 

predictive performance metric for each baseline machine learning model, the set of 

baseline machine learning models; and (v) repeat (i) – (iv) until there is a single 

baseline machine learning model in the set of baseline machine learning models or at 

least one of the ensemble model predictive performance metric satisfies a threshold 

ensemble model predictive performance, a ratio of the plurality of second training 

samples outside the global rejection region satisfies a threshold ratio, or any 

combination thereof. 

[0041] Clause 16. The computer program product of clause 15, wherein the 

program instructions, when executed by the at least one processor, cause the at least 

one processor to, for each baseline machine learning model of the set of baseline 

machine learning models, generate, for that baseline machine learning model, based 
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on the plurality of first predictions for the plurality of first training samples, the rejection 

region associated with the at least one data type of the plurality of different data types 

by optimizing an objective function defined according to the following equation: 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

    and any other constraints of interest; 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio 

limit for that baseline machine learning model. 

[0042] Clause 17. The computer program product of clause 15 or 16, wherein an 

optimal solution of 𝑡௟௕ is obtained using at last one of the following searching or 

optimization algorithms: a Grid search, a Bayesian optimization, a Simulated 

annealing, a Genetic algorithm, a Particle swarm optimization, or any combination 

thereof. 

[0043] Clause 18. The computer program product of any of clauses 15-17, wherein, 

for each baseline machine learning model of the set of baseline machine learning 

models, the plurality of second training samples is associated with a plurality of 

distance measures, wherein each distance measure of the plurality of distance 

measures indicates a distance of a corresponding second sample from at least one 

boundary of the rejection region of that baseline machine learning model, and wherein 

the program instructions, when executed by the at least one processor, further cause 

the at least one processor to train the ensemble machine learning model based on (d) 

the plurality of distance measures for the plurality of second samples associated with 

each baseline machine learning model. 

[0044] Clause 19. The computer program product of any of clauses 15-18, wherein 

a meta-model is used to ensemble the set of baseline machine learning models into 

the ensemble machine learning model. 

[0045] Clause 20. The computer program product of any of clauses 15-19, wherein 

the program instructions, when executed by the at least one processor, further cause 

the at least one processor to: (vi ) obtain a current sample; (vii) determine whether the 
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current sample is within the global rejection region; (viii) in response to determining 

that the current sample is outside the global rejection region, automatically process, 

using the ensemble machine learning model, the current sample to generate a current 

prediction for the current sample; and (ix) in response to determining that the current 

sample is within the global rejection region, automatically flag, the current sample as 

unable to receive a credible prediction from the ensemble classifier.   

[0046] These and other features and characteristics of the present disclosure, as 

well as the methods of operation and functions of the related elements of structures 

and the combination of parts and economies of manufacture, will become more 

apparent upon consideration of the following description and the appended claims with 

reference to the accompanying drawings, all of which form a part of this specification, 

wherein like reference numerals designate corresponding parts in the various figures. 

It is to be expressly understood, however, that the drawings are for the purpose of 

illustration and description only and are not intended as a definition of the limits of the 

disclosed subject matter. 

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0047] Additional advantages and details are explained in greater detail below with 

reference to the non-limiting, exemplary embodiments that are illustrated in the 

accompanying schematic figures, in which: 

[0048] FIG. 1 is a schematic diagram of an electronic payment processing network, 

according to some non-limiting embodiments or aspects; 

[0049] FIG. 2 is a schematic diagram of example components of one or more 

devices of FIG. 1, according to some non-limiting embodiments or aspects 

[0050] FIGS. 3A and 3B are a flow diagram of a method for ensemble learning, 

according to some non-limiting embodiments or aspects;  

[0051] FIG. 4 shows a process of typical dynamic ensemble selection (DES) 

approaches at an inference stage; 

[0052] FIG. 5 is a flow diagram showing a logic behind classifier-based rejection 

and confidence-based rejection; 

[0053] FIG. 6 is a graph showing how a rejection region is decided using example 

scores for a binary classification; 

[0054] FIG. 7 is a graph illustrating a relationship between base and global rejection 

regions; 
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[0055] FIG. 8 illustrates example input features for meta-modeling, according to 

non-limiting embodiments or aspects of the present disclosure; 

[0056] FIG. 9 illustrates a backward baseline machine learning model selection 

process for ensemble learning, according to non-limiting embodiments or aspects of 

the present disclosure; 

[0057] FIG. 10 illustrates an example relationship between ensemble machine 

learning model performance, global acceptance ratio, and a number of baseline 

machine learning models; 

[0058] FIG. 11 is a table including a description of experiment datasets; 

[0059] FIG. 12 is a table including a performance of different models on class-

imbalanced datasets; 

[0060] FIG. 13 is a table including a performance of different models on class-

balanced data; 

[0061] FIG. 14 is a table including a performance of different numbers of baseline 

machine learning models; and 

[0062] FIG. 15 is a table including a contribution of different types of features, 

according to non-limiting embodiments or aspects of the present disclosure. 

 

DETAILED DESCRIPTION 

[0063] For purposes of the description hereinafter, the terms “end,” “upper,” 

“lower,” “right,” “left,” “vertical,” “horizontal,” “top,” “bottom,” “lateral,” “longitudinal,” and 

derivatives thereof shall relate to the embodiments as they are oriented in the drawing 

figures. However, it is to be understood that the present disclosure may assume 

various alternative variations and step sequences, except where expressly specified 

to the contrary. It is also to be understood that the specific devices and processes 

illustrated in the attached drawings, and described in the following specification, are 

simply exemplary and non-limiting embodiments or aspects of the disclosed subject 

matter. Hence, specific dimensions and other physical characteristics related to the 

embodiments or aspects disclosed herein are not to be considered as limiting. 

[0064] Some non-limiting embodiments or aspects are described herein in 

connection with thresholds. As used herein, satisfying a threshold may refer to a value 

being greater than the threshold, more than the threshold, higher than the threshold, 

greater than or equal to the threshold, less than the threshold, fewer than the 
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threshold, lower than the threshold, less than or equal to the threshold, equal to the 

threshold, etc. 

[0065] No aspect, component, element, structure, act, step, function, instruction, 

and/or the like used herein should be construed as critical or essential unless explicitly 

described as such. Also, as used herein, the articles “a” and “an” are intended to 

include one or more items and may be used interchangeably with “one or more” and 

“at least one.” Furthermore, as used herein, the term “set” is intended to include one 

or more items (e.g., related items, unrelated items, a combination of related and 

unrelated items, and/or the like) and may be used interchangeably with “one or more” 

or “at least one.” Where only one item is intended, the term “one” or similar language 

is used. Also, as used herein, the terms “has,” “have,” “having,” or the like are intended 

to be open-ended terms. Further, the phrase “based on” is intended to mean “based 

at least partially on” unless explicitly stated otherwise. In addition, reference to an 

action being “based on” a condition may refer to the action being “in response to” the 

condition. For example, the phrases “based on” and “in response to” may, in some 

non-limiting embodiments or aspects, refer to a condition for automatically triggering 

an action (e.g., a specific operation of an electronic device, such as a computing 

device, a processor, and/or the like). 

[0066] As used herein, the term “communication” may refer to the reception, 

receipt, transmission, transfer, provision, and/or the like of data (e.g., information, 

signals, messages, instructions, commands, and/or the like). For one unit (e.g., a 

device, a system, a component of a device or system, combinations thereof, and/or 

the like) to be in communication with another unit means that the one unit is able to 

directly or indirectly receive information from and/or transmit information to the other 

unit. This may refer to a direct or indirect connection (e.g., a direct communication 

connection, an indirect communication connection, and/or the like) that is wired and/or 

wireless in nature. Additionally, two units may be in communication with each other 

even though the information transmitted may be modified, processed, relayed, and/or 

routed between the first and second unit. For example, a first unit may be in 

communication with a second unit even though the first unit passively receives 

information and does not actively transmit information to the second unit. As another 

example, a first unit may be in communication with a second unit if at least one 

intermediary unit processes information received from the first unit and communicates 

the processed information to the second unit. In some non-limiting embodiments or 
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aspects, a message may refer to a network packet (e.g., a data packet and/or the like) 

that includes data. It will be appreciated that numerous other arrangements are 

possible. 

[0067] As used herein, the term “computing device” may refer to one or more 

electronic devices configured to process data. A computing device may, in some 

examples, include the necessary components to receive, process, and output data, 

such as a processor, a display, a memory, an input device, a network interface, and/or 

the like. A computing device may be a mobile device. As an example, a mobile device 

may include a cellular phone (e.g., a smartphone or standard cellular phone), a 

portable computer, a wearable device (e.g., watches, glasses, lenses, clothing, and/or 

the like), a personal digital assistant (PDA), and/or other like devices. A computing 

device may also be a desktop computer or other form of non-mobile computer. 

[0068] As used herein, the term “server” may refer to or include one or more 

computing devices that are operated by or facilitate communication and processing 

for multiple parties in a network environment, such as the Internet, although it will be 

appreciated that communication may be facilitated over one or more public or private 

network environments and that various other arrangements are possible. Further, 

multiple computing devices (e.g., servers, point-of-sale (POS) devices, mobile 

devices, etc.) directly or indirectly communicating in the network environment may 

constitute a “system.”  

[0069] As used herein, the term “system” may refer to one or more computing 

devices or combinations of computing devices (e.g., processors, servers, client 

devices, software applications, components of such, and/or the like). Reference to “a 

device,” “a server,” “a processor,” and/or the like, as used herein, may refer to a 

previously-recited device, server, or processor that is recited as performing a previous 

step or function, a different device, server, or processor, and/or a combination of 

devices, servers, and/or processors. For example, as used in the specification and the 

claims, a first device, a first server, or a first processor that is recited as performing a 

first step or a first function may refer to the same or different device, server, or 

processor recited as performing a second step or a second function. 

[0070] As used herein, the term “real-time” refers to performance of a task or tasks 

during another process or before another process is completed. For example, a real-

time inference may be an inference that is obtained from a model before a payment 

transaction is authorized, completed, and/or the like. 
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[0071] Ensemble learning integrates the advantages of multiple baseline machine 

learning models and is widely used in classification tasks. Traditional approaches 

consider all the baseline machine learning models in the ensemble and use the same 

structure for the classification of every sample, which is referred as static ensemble. 

However, the appropriate base classifiers for different samples are usually different, 

due to the varying data patterns.  Past studies have shown that a selective ensemble 

process usually provides better predictive performance compared to static ensemble. 

One of the most popular families for selective ensemble learning is called dynamic 

selection (DS). Instead of using all baseline machine learning models, DS takes one 

or a few models based on some competence measures, and performs ensemble using 

the selected classifier(s) only. 

[0072] A number of DS approaches have been developed in the literature. Early 

studies aimed to find the best single classifier from the candidate pools for each new 

sample, which are referred as dynamic classifier selection (DCS).  There are mainly 

two limitations of DCS: 1) there can be more than one model performing well for a 

given sample, so it is not necessary to select only one base classifier, and 2) selecting 

a single model may cause a high local sensitivity, especially when data are imbalanced 

or have a skewed feature distribution. Later studies addressed the issues by choosing 

multiple models with good performance for ensemble. This type of approach is referred 

as dynamic ensemble selection (DES).  The different DES methods use distinct 

algorithms to measure the competence level of each base classifier for a given 

sample. The competence level typically depends on the accuracy of each model’s 

prediction on the neighbors of the target sample. Once a number of base classifiers 

are selected according to the measured competence levels, a final prediction is made 

by aggregating the outputs from these models. 

[0073] The DES approaches have shown their advantages with respect to 

predictive accuracy in past studies. However, there are three issues which can limit 

the application of these approaches in practice. First, the time and space complexity 

of popular DES approaches are high, and therefore, it would be challenging to deploy 

them for large-volume or real-time classification tasks (e.g., real-time payment risk 

evaluation, etc.). The complexity mainly comes from the neighbor sample searching 

step, which needs to store all the training/validation data in space, and to sort the 

distances between the target sample and the training/validation data. Also, ranking the 

performance of all the base classifiers takes extra time, especially when there are 
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many candidate models. This computational complexity issue has drawn attention in 

a few latest studies. Second, the ensemble method is typically limited to voting or 

weighted average after finding the most competent base classifiers.  This is because 

the baseline machine learning model combination varies sample by sample. It is 

difficult to use more flexible ensemble options such as stacking classifiers, on top of 

the changing baseline machine learning model combinations. Third, the DES 

approaches typically select competent baseline machine learning models according 

to their accuracy on certain training or validation samples. However, accuracy is not 

always a good measure for ranking models, especially when data are class-

imbalanced and the costs of false positive versus false negative predictions are 

different. Some studies (e.g., DES-MI, etc.) tried weighting or re-sampling different 

classes when measuring model competence levels. Still, there is a need for a more 

flexible option that allows easy integration of any popular evaluation metrics (e.g., 

Precision-Recall, F1 score, etc.) in the selective ensemble process. 

[0074] Non-limiting embodiments or aspects of the present disclosure provide 

methods, systems, and computer program products for ensemble learning that (i) for 

each baseline machine learning model of a set of baseline machine learning models, 

with at least one processor: train that baseline machine learning model based on a 

plurality of first training samples, wherein the plurality of first training samples includes 

a plurality of different data types, and wherein training that baseline machine learning 

model generates a plurality of first predictions for the plurality of first training samples; 

generate for that baseline machine learning model, based on the plurality of first 

predictions for the plurality of first training samples, a rejection region associated with 

at least one data type of the plurality of different data types; and process, with that 

baseline machine learning model, a subset of second training samples of a plurality of 

second training samples outside the rejection region of that baseline machine learning 

model, to generate a subset of second predictions for the subset of second training 

samples of the plurality of second training samples outside the rejection region of that 

baseline machine learning model, wherein a baseline model predictive performance 

metric for that baseline machine learning model is determined based on the subset of 

second predictions of that baseline machine learning model, and wherein the plurality 

of second training samples is associated with a plurality of rejection flags for that 

baseline machine learning model, wherein each rejection flag of the plurality of 

rejection flags indicates whether a corresponding second sample of the plurality of 
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second samples is within the rejection region of that baseline machine learning model; 

(ii) generate a global rejection region associated with one or more data types of the 

plurality of different data types based on the rejection region associated with each 

baseline machine learning model; (iii) train an ensemble machine learning model 

ensembled based on the set of baseline machine learning models, based on (a) a 

further subset of second training samples of the plurality of second training samples 

outside the global rejection region, (b) the plurality of rejection flags for the plurality of 

second samples associated with each baseline machine learning model, (c) the subset 

of second predictions for the subset of second training samples generated for each 

baseline machine learning model, wherein training the ensemble machine learning 

model generates a subset of ensemble predictions for the further subset of second 

training samples of the plurality of second training samples outside the global rejection 

region, and wherein an ensemble model predictive performance metric is determined 

based on the subset of ensemble predictions and/or (d) the plurality of distance 

measures for the plurality of second samples associated with each baseline machine 

learning model, and provide, as output,, the subset of ensemble predictions; (iv) 

update, based on the baseline model predictive performance metric for each baseline 

machine learning model, the set of baseline machine learning models; and (v) repeat 

(i) – (iv) until there is a single baseline machine learning model in the set of baseline 

machine learning models or at least one of the ensemble model predictive 

performance metric satisfies a threshold ensemble model predictive performance, a 

ratio of the plurality of second training samples outside the global rejection region 

satisfies a threshold ratio, or any combination thereof. 

[0075] In this way, non-limiting embodiments or aspects of the present disclosure 

provide a new selective ensemble learning approach that addresses the above 

limitations of existing DES approaches. Non-limiting embodiments or aspects of the 

present disclosure consider the concept of “classification with rejection” into ensemble 

learning. Classification with rejection was initially proposed to handle scenarios where 

wrong predictions lead to much worse consequences than making no predictions. 

Such scenarios are quite common in practice (e.g., in evaluating transaction risk with 

high payment amount, in diagnosis of critical disease, etc.) Non-limiting embodiments 

or aspects of the present disclosure define a rejection region for each baseline 

machine learning model according to the model performance regarding different data 

patterns. Instead of using accuracy only, any common evaluation metrics can be easily 
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adopted at this step. Each derived rejection region represents a group of data where 

the corresponding baseline machine learning model has low credibility. A global 

rejection region is then developed, where no baseline machine learning models can 

provide credible predictions for samples within the global rejection region. This global 

rejection region enables non-limiting embodiments or aspects of the present 

disclosure to avoid risky predictions on highly unconfident sample patterns. Non-

limiting embodiments or aspects of the present disclosure further consider data 

beyond the global rejection region for ensemble machine learning modeling. 

Specifically, non-limiting embodiments or aspects of the present disclosure use two 

types of rejection-related measures, and build a meta-model on top of the two types 

of rejection-related measures for final predictions. These new measures capture 1) the 

rejection status of each baseline machine learning model, and 2) the uncertainty in the 

rejection region derivation. The meta-model can be any classifier, or any 

voting/bagging algorithm. In this way, non-limiting embodiments or aspects of the 

present disclosure enable the ensemble machine learning model to learn how to use 

the base classifiers regarding different data patterns, which avoids the complexity in 

ranking baseline machine learning models and also the restrictions in output 

aggregation. 

[0076] Accordingly, non-limiting embodiments or aspects of the present disclosure 

(i) enable a new selective ensemble approach with rejection option, which significantly 

reduces the space and time complexity needed for making predictions (a main 

limitation of popular DES approaches); (ii) enable any common evaluation metrics to 

be used for baseline machine learning model competence measure, instead of 

accuracy only that are used in popular DES approaches, which may be particularly 

useful for cases like imbalanced data classification, where the costs of false positive 

and false negative are usually different; (iii)  develop a global rejection region which 

indicates if an ensemble machine learning model can make credible predictions on 

given samples, rather than providing classification scores only; (iv) and generate two 

types of rejection-related measures for ensemble machine learning modeling, which 

quantify the competence level of each baseline machine learning model for any given 

sample; and/or (v) provide a meta-model that provides higher flexibility for baseline 

machine learning model aggregation. 

[0077] Referring now to FIG. 1, FIG. 1 shows an electronic payment processing 

network 100 according to non-limiting embodiments or aspects. The payment 
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processing network may be used in conjunction with the systems and methods 

described herein. It will be appreciated that the particular arrangement of electronic 

payment processing network 100 shown is for example purposes only, and that 

various arrangements are possible.  Transaction processing system 101 (e.g., a 

transaction handler) is shown to be in communication with one or more issuer systems 

(e.g., such as issuer system 106) and one or more acquirer systems (e.g., such as 

acquirer system 108). Although only a single issuer system 106 and single acquirer 

system 108 are shown, it will be appreciated that transaction processing system 101 

may be in communication with a plurality of issuer systems and/or acquirer systems. 

In some embodiments, transaction processing system 101 may also operate as an 

issuer system such that both transaction processing system 101 and issuer system 

106 are a single system and/or controlled by a single entity. 

[0078] In some non-limiting embodiments or aspects, transaction processing 

system 101 may communicate with merchant system 104 directly through a public or 

private network connection. Additionally or alternatively, transaction processing 

system 101 may communicate with merchant system 104 through payment gateway 

102 and/or acquirer system 108. In some non-limiting embodiments or aspects, an 

acquirer system 1108 associated with merchant system 104 may operate as payment 

gateway 102 to facilitate the communication of transaction requests from merchant 

system 104 to transaction processing system 101. Merchant system 104 may 

communicate with payment gateway 102 through a public or private network 

connection. For example, a merchant system 104 that includes a physical POS device 

may communicate with payment gateway 102 through a public or private network to 

conduct card-present transactions. As another example, a merchant system 104 that 

includes a server (e.g., a web server) may communicate with payment gateway 102 

through a public or private network, such as a public Internet connection, to conduct 

card-not-present transactions.  

[0079] In some non-limiting embodiments or aspects, transaction processing 

system 101, after receiving a transaction request from merchant system 104 that 

identifies an account identifier of a payor (e.g., such as an account holder) associated 

with an issued payment device 110, may generate an authorization request message 

to be communicated to the issuer system 106 that issued the payment device 110 

and/or account identifier. Issuer system 106 may then approve or decline the 

authorization request and, based on the approval or denial, generate an authorization 
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response message that is communicated to transaction processing system 101. 

Transaction processing system 101 may communicate an approval or denial to 

merchant system 104. When issuer system 106 approves the authorization request 

message, it may then clear and settle the payment transaction between the issuer 

system 106 and acquirer system 108. 

[0080] The number and arrangement of systems and devices shown in FIG. 1 are 

provided as an example. There may be additional systems and/or devices, fewer 

systems and/or devices, different systems and/or devices, and/or differently arranged 

systems and/or devices than those shown in FIG. 1. Furthermore, two or more systems 

or devices shown in FIG. 1 may be implemented within a single system or device, or 

a single system or device shown in FIG. 1 may be implemented as multiple, distributed 

systems or devices. Additionally or alternatively, a set of systems (e.g., one or more 

systems) or a set of devices (e.g., one or more devices) of system 100 may perform 

one or more functions described as being performed by another set of systems or 

another set of devices of system 100. 

[0081] Referring now to FIG. 2, shown is a diagram of example components of a 

device 200 according to non-limiting embodiments. Device 200 may correspond to 

transaction processing system 101, payment gateway 102, merchant system 104, 

issuer system 106, acquirer system 108, and/or consumer device 110, as an example. 

In some non-limiting embodiments, such systems or devices may include at least one 

device 200 and/or at least one component of device 200. The number and 

arrangement of components shown are provided as an example. In some non-limiting 

embodiments, device 200 may include additional components, fewer components, 

different components, or differently arranged components than those shown. 

Additionally, or alternatively, a set of components (e.g., one or more components) of 

device 200 may perform one or more functions described as being performed by 

another set of components of device 200. 

[0082] As shown in FIG. 2, device 200 may include a bus 202, a processor 204, 

memory 206, a storage component 208, an input component 210, an output 

component 212, and a communication interface 214. Bus 202 may include a 

component that permits communication among the components of device 200. In 

some non-limiting embodiments, processor 204 may be implemented in hardware, 

firmware, or a combination of hardware and software. For example, processor 204 

may include a processor (e.g., a central processing unit (CPU), a graphics processing 
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unit (GPU), an accelerated processing unit (APU), etc.), a microprocessor, a digital 

signal processor (DSP), and/or any processing component (e.g., a field-programmable 

gate array (FPGA), an application-specific integrated circuit (ASIC), etc.) that can be 

programmed to perform a function. Memory 206 may include random access memory 

(RAM), read only memory (ROM), and/or another type of dynamic or static storage 

device (e.g., flash memory, magnetic memory, optical memory, etc.) that stores 

information and/or instructions for use by processor 204. 

[0083] With continued reference to FIG. 2, storage component 208 may store 

information and/or software related to the operation and use of device 200. For 

example, storage component 208 may include a hard disk (e.g., a magnetic disk, an 

optical disk, a magneto-optic disk, a solid-state disk, etc.) and/or another type of 

computer-readable medium. Input component 210 may include a component that 

permits device 200 to receive information, such as via user input (e.g., a touch screen 

display, a keyboard, a keypad, a mouse, a button, a switch, a microphone, etc.). 

Additionally, or alternatively, input component 210 may include a sensor for sensing 

information (e.g., a global positioning system (GPS) component, an accelerometer, a 

gyroscope, an actuator, etc.). Output component 212 may include a component that 

provides output information from device 200 (e.g., a display, a speaker, one or more 

light-emitting diodes (LEDs), etc.). Communication interface 214 may include a 

transceiver-like component (e.g., a transceiver, a separate receiver and transmitter, 

etc.) that enables device 200 to communicate with other devices, such as via a wired 

connection, a wireless connection, or a combination of wired and wireless 

connections. Communication interface 214 may permit device 200 to receive 

information from another device and/or provide information to another device. For 

example, communication interface 214 may include an Ethernet interface, an optical 

interface, a coaxial interface, an infrared interface, a radio frequency (RF) interface, a 

universal serial bus (USB) interface, a Wi-Fi® interface, a cellular network interface, 

and/or the like. 

[0084] Device 200 may perform one or more processes described herein. Device 

200 may perform these processes based on processor 204 executing software 

instructions stored by a computer-readable medium, such as memory 206 and/or 

storage component 208. A computer-readable medium may include any non-transitory 

memory device. A memory device includes memory space located inside of a single 

physical storage device or memory space spread across multiple physical storage 
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devices. Software instructions may be read into memory 206 and/or storage 

component 208 from another computer-readable medium or from another device via 

communication interface 214. When executed, software instructions stored in memory 

206 and/or storage component 208 may cause processor 204 to perform one or more 

processes described herein. Additionally, or alternatively, hardwired circuitry may be 

used in place of or in combination with software instructions to perform one or more 

processes described herein. Thus, embodiments described herein are not limited to 

any specific combination of hardware circuitry and software. The term “configured to,” 

as used herein, may refer to an arrangement of software, device(s), and/or hardware 

for performing and/or enabling one or more functions (e.g., actions, processes, steps 

of a process, and/or the like). For example, “a processor configured to” may refer to a 

processor that executes software instructions (e.g., program code) that cause the 

processor to perform one or more functions. 

[0085] Dynamic Ensemble Selection (DES) aims to find the most competent 

baseline machine learning models from all the candidates for each sample to be 

classified.  Referring now to FIG. 4, FIG. 4 shows a process of typical DES approaches 

at the inference stage. Common DES approaches start by defining a local region 

around the target sample to be predicted (e.g., neighbors from training or validation 

data, etc.). Different algorithms are then used in defining and ranking the competence 

levels of the base classifiers. 

[0086] Consider C = [𝐶1, ..., 𝐶𝑀] as 𝑀 base classifiers, (𝑥𝑖 ,𝑦𝑖 ) as the features and 

label of the 𝑖th sample from the training or validation set (𝑖 = 1,. . . ,𝑁 where N is the 

sample size), and 𝑥𝑡𝑒𝑠𝑡, 𝑗 as the features of the 𝑗th sample 𝑠𝑡𝑒𝑠𝑡, 𝑗 to be predicted. The 

first step in common DES approaches is to find neighbor samples of 𝑠𝑡𝑒𝑠𝑡, 𝑗. Methods 

such as K-nearest oracle-Eliminate (KNORA-E), K-nearest oracle-Union (KNORA-U), 

diversity enhanced KNN-based selection (DES-KNN) decide the neighbor samples 

based on similarity of feature values (e.g., distances between 𝑥𝑡𝑒𝑠𝑡, 𝑗 and [𝑥1, . . . , 𝑥𝑁 

]). Methods such as K-nearest Output Profiles (KNOP) perform the neighbor searching 

based on similarity of decisions from the baseline machine learning models. 

Alternatively, probabilistic approaches, such as Randomized Reference Classifier 

(RRC) and Kullback-Leibler divergence-based selection (DES-KL), use a kernel 

function (e.g., Gaussian or Exponential kernel, etc.) to quantify the distances between 

𝑠𝑡𝑒𝑠𝑡, 𝑗 and the training or validation samples. Besides the different options for defining 
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neighbors using sample-level measures, a few studies have tried to reduce the 

computational burden with cluster level neighbor searching, for example, K-means 

based selection and fuzzy hyper-box based selection. As a trade-off of reduced 

computational costs, past studies noted that outputs from cluster-level selections may 

be less precise than sample-level neighbor selections. 

[0087] Denoting s = [𝑠1, . . . , 𝑠𝐾] as the selected neighbor samples above, the next 

step of DES is to measure and rank the competence level of each baseline machine 

learning model in C using s. Again, multiple algorithms have been proposed at this 

step. Probabilistic approaches (e.g., RRC, DES-KL, etc.) estimate the probability of 

making an accurate prediction from each baseline machine learning model on 𝑠𝑡𝑒𝑠𝑡, 𝑗, 

based on the models’ performance on s weighted by a pre-defined kernel function. 

KNOP, KNORA-E, KNORA-U, and variants of these methods measure the 

competence of baseline machine learning models based on the number of accurate 

predictions made from each model on the samples in s. Also, similarity-based weights 

may be considered in the accuracy measure when ranking model competence, to 

capture the pattern difference between each sample in s and the target point 𝑠𝑡𝑒𝑠𝑡, 𝑗. 

Meta-learning ensemble selection (META-DES) builds a separate learner to rank the 

competence levels of the baseline machine learning models. Features considered in 

the learner include both the accuracy of each baseline machine learning model on the 

neighbors s, and the level of disagreement of the baseline machine learning models 

on predicting s. Entropy measures (e.g., cross entropy of the prediction from each 

baseline machine learning model, etc.) are also used for quantifying baseline machine 

learning model competence. The entropy measures consider the same contribution of 

every class and may be inappropriate for class-imbalanced ensemble selection. 

[0088] Denoting C𝑡𝑒𝑠𝑡, 𝑗  = [𝐶௧௘௦௧,௝
ଵ , …, 𝐶௧௘௦௧,௝

௄ ] as the K baseline machine learning 

models selected for sample 𝑠𝑡𝑒𝑠𝑡, 𝑗 after competence ranking, ensemble predictions can 

be made by aggregating the outputs from C𝑡𝑒𝑠𝑡, 𝑗 using either weighted majority vote (if 

outputs are hard classifications) or weighted average score (if outputs are soft 

classifications). Taking soft classifications as an example, the predictions from typical 

DES approaches on 𝑠𝑡𝑒𝑠𝑡, 𝑗 may be formulated according to the following Equation (1): 

        (1) 
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Where 𝑝௧௘௦௧,௝
஽ாௌ  represents the classification score (e.g., a scalar for binary classification, 

etc.), and 𝑤𝑘 is the weight of baseline machine learning model k, usually decided 

based on the competence measure (e.g., higher weights for baseline machine learning 

models with higher competence rankings, etc.). The special case 𝑤𝑘 = 1 corresponds 

to the mean of all the based model outputs. 

[0089] Limitations of existing DES approaches following the three stages reviewed 

herein are now summarized. At the neighbor selection stage, existing DES 

approaches need to find the sample points most similar to the target sample 𝑠𝑡𝑒𝑠𝑡, 𝑗, 

which requires a calculation and ranking of similarity between 𝑠𝑡𝑒𝑠𝑡, 𝑗 and training or 

validation samples. The computational cost can be huge when the sample space or 

feature dimension is large. At the baseline machine learning model competence 

ranking stage, extra time cost is needed to measure and rank the competence levels 

of the baseline machine learning models for every new sample 𝑠𝑡𝑒𝑠𝑡, 𝑗. Besides, only 

accuracy is used to rank the competence level using the neighbor samples, so the 

resulting model combination for next step ensemble may be sub-optimal (e.g., 

especially for imbalanced data classifications, etc.). At the output aggregation stage, 

only voting or weighted average is used in existing approaches. It is difficult to apply 

more flexible ensemble techniques on varying baseline machine learning model 

combinations. In practice, computational efficiency and flexibility are useful when 

deploying classification models. Non-limiting embodiments or aspects of the present 

disclosure provide a more efficient and flexible solution for selective ensemble 

learning, which includes the concept of classification with rejection introduced herein. 

[0090] Rejection is an option that improves the credibility of a developed model. 

Instead of providing a class or classification scores for every sample, a classifier with 

rejection option first judges whether the model can provide a confident prediction for 

the sample or not. Only if the model has sufficient confidence, is a prediction provided. 

The rejected samples are those associated with low model performance, and 

therefore, may be handled by other methods. There are two approaches for deriving 

a rejection region of a model, namely classifier-based rejection and confidence-based 

rejection. Referring now to FIG. 5, FIG. 5 is a flow diagram showing a logic behind 

classifier-based rejection and confidence-based rejection.  A difference between 

classifier-based rejection and confidence-based rejection is whether the rejection 
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region is decided during the training process of a classifier or derived using the outputs 

from a trained classifier. 

[0091] Classifier-based rejection considers “rejection” as a possible output besides 

the regular classes when training a classification model. A modified loss function with 

rejection loss integrated is used to train such a classifier. The training process learns 

what samples the model should reject, such that the total loss across all the considered 

samples is minimized. For an arbitrary training sample 𝑠𝑛, a general loss 𝐿𝑛 can be 

defined according to Equation (2): 

        (2) 

where 𝑞𝑛 is the hard classification from a given model; 𝑙𝑇 is the loss for a correct 

prediction, usually set as 0; 𝑙𝐹 is the loss for an incorrect prediction, usually set as a 

positive value; and 𝑙𝑅 is the loss of rejecting 𝑠𝑛 from decision makings, satisfying 𝑙𝑇 < 

𝑙𝑅 < 𝑙𝐹 , such that a cost of making a wrong prediction is higher than giving no 

predictions. There are a few variants of the general loss 𝐿𝑛 described herein. For 

example, a cost-sensitive loss is such that rejecting different classes (e.g., minority vs 

majority class of an imbalanced dataset, etc.) is associated with different costs. An 

advantage of classifier-based rejection is that the class prediction and 

rejection/acceptance decision may be obtained within one learning process. However, 

the loss 𝑙𝑅 may be carefully designed and tuned, as some metrics can be sensitive to 

the value of the loss 𝑙𝑅 (e.g., rejection ratio, model performance, etc.). 

[0092] A confidence-based rejection approach trains a classifier without 

considering any rejection related loss. The rejection region is decided via a rejector, 

based on the classification score, which reflects the confidence of a classifier on a 

given sample. A general decision making process for a rejector may be defined 

according to the following Equation (3): 

        (3) 

where 𝑅 is a range of scores to be rejected from making predictions (i.e., the rejection 

region); and 𝐼(𝑃𝑛) is a class decision function using the score 𝑃𝑛. The rejection region 

𝑅 may be defined based on the classifier’s predictive performance.  
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[0093] Referring now to FIG. 6, FIG. 6 is a graph showing how a rejection region 𝑅 

is decided using example scores for a binary classification. As shown in FIG. 6, the 

classifier has low confidence for intermediate-score samples, and high confidence for 

low-score or high-score samples. The classifier’s predictive performance of the low-

confidence region is be much lower than the high-confidence region. A rejector may 

reject samples with scores in between a certain range, based on the change of 

predictive performance after rejecting these samples, and the rejection ratio.  For 

example, the rejection region [𝑡𝑙𝑏, 𝑡𝑢𝑏] may be obtained by optimizing an objective 

function defined according to the following Equation (4): 

     (4) 

where 𝜖𝑙𝑒𝑓𝑡 and 𝜖𝑟𝑖𝑔ℎ𝑡 represent the inaccuracy rates for samples whose scores are 

smaller than 𝑡𝑙𝑏 or higher than 𝑡𝑢𝑏, respectively; 𝜏𝑙𝑒𝑓𝑡 and 𝜏𝑟𝑖𝑔ℎ𝑡 are the tolerant 

inaccuracy rates correspondingly.  Equation (4) finds a smallest score range to reject, 

given a bottom-line accuracy after rejection. Several other options which define the 

rejection region with a similar goal (e.g., reaching a promising predictive performance 

after rejecting a small number of unconfident samples, etc.) can be found in existing 

literature.  Note that the model confidence discussed in this section is different from 

the confidence of a classification score or probability. For the latter case, measures 

such as confidence interval can be used to capture the uncertainty in decision making. 

The rejection region, however, is derived using point estimates of classification scores. 

[0094] Referring now to FIGS. 3A and 3B, shown is a flow diagram for a method 

300 for ensemble learning, according to some non-limiting embodiments or aspects. 

The steps shown in FIG. 3 are for example purposes only. It will be appreciated that 

additional, fewer, different, and/or a different order of steps may be used in some non-

limiting embodiments or aspects. In some non-limiting embodiments or aspects, a step 

may be automatically performed in response to performance and/or completion of a 

prior step.  

[0095] As shown in FIG. 3A, at step 302, method 300 includes, for each baseline 

machine learning model of a set of baseline machine learning models, training that 

baseline machine learning model based on a plurality of first training samples.  For 

example, transaction processing system 101 may, for each baseline machine learning 

model of a set of baseline machine learning models, train that baseline machine 
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learning model based on a plurality of first training samples.  The plurality of first 

training samples may include a plurality of different data types.  Training that baseline 

machine learning model may generate a plurality of first predictions for the plurality of 

first training samples. For example, each baseline machine learning model may be 

trained using machine learning or other artificial intelligence techniques to accept, as 

input, the plurality of first training samples (e.g., feature representations associated 

with the plurality of first training samples, etc.) and provide, as output, the plurality of 

first predictions for the plurality of first training samples. 

[0096] In some non-limiting embodiments or aspects, the plurality of first training 

samples may include a plurality of payment transactions, such as payment 

transactions configured to be processed in electronic payment processing network 

100.  As an example, a payment transaction may include transaction parameters 

and/or features associated with the payment transaction.   

[0097] Transacting parameters and/or features (e.g., categorical features, 

numerical features, local features, graph features or embeddings, etc.) associated with 

a payment transaction may include may include transaction parameters of the 

transaction, features determined based thereon (e.g., using feature engineering, etc.), 

and/or the like, such as an account identifier (e.g., a PAN, etc.), a transaction amount, 

a transaction date and/or time, a type of products and/or services associated with the 

transaction, a conversion rate of currency, a type of currency, a merchant type, a 

merchant name, a merchant location, and/or the like.  However, non-limiting 

embodiments or aspects are not limited thereto, and transaction parameters and/or 

features of a transaction may include any data including any type of parameters 

associated with any type of transaction. 

[0098] As shown in FIG. 3A, at step 304, method 300 includes, for each baseline 

machine learning model of a set of baseline machine learning models, generating, for 

that baseline machine learning model, based on the plurality of first predictions for the 

plurality of first training samples, a rejection region associated with at least one data 

type of the plurality of different data types. For example, transaction processing system 

101 may, for each baseline machine learning model of a set of baseline machine 

learning models, generate, for that baseline machine learning model, based on the 

plurality of first predictions for the plurality of first training samples, a rejection region 

associated with at least one data type of the plurality of different data types. 
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[0099] Non-limiting embodiments or aspects of the present disclosure provide a 

selective ensemble learning with rejection approach for binary classification.  Non-

limiting embodiments or aspects of the present disclosure may define a rejection 

region for each base classifier, generate a global rejection region, and incorporate 

rejection/acceptance status into ensemble machine learning modeling.   

[0100] For each baseline machine learning model of the set of baseline machine 

learning models, transaction processing system 101 may generate, for that baseline 

machine learning model, based on the plurality of first predictions for the plurality of 

first training samples, the rejection region associated with the at least one data type of 

the plurality of different data types by optimizing an objective function defined 

according to the following Equation (5): 

      (5) 

where 𝑡𝑙𝑏 is a lower bound of the rejection region; 𝑇𝑎𝑐𝑐 is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region (e.g., an interested 

model performance evaluation metric, calculated using data within the acceptance 

region, etc.); 𝑁𝑟𝑒𝑗 is a number of the plurality of first samples rejected with scores in 

the rejection region (e.g., the number of samples being rejected etc.); 𝑁 is number of 

the plurality of first samples in total; and 𝑎% is a user-defined rejection ratio limit for 

that baseline machine learning model.  

[0101] There may be only one parameter 𝑡𝑙𝑏 to be calculated, as the upper bound 

of rejection region 𝑡𝑢𝑏 may be fixed given a certain value of 𝑡𝑙𝑏 and the rejection ratio 

𝑎%. Therefore, the optimal solution of 𝑡𝑙𝑏 can be easily obtained using a searching or 

an optimization algorithm. As noted in existing studies on classification with rejection, 

the performance after rejection (i.e., 𝑇𝑎𝑐𝑐) typically increases with 𝑎%. This is because 

the more uncertain samples removed from decision makings, the higher confidence 

(and consequently better performance) the classifier has on the remaining samples. 

This hyper-parameter 𝑎% is related with both the performance of the ensemble 

machine learning model and the global rejection ratio introduced herein. Non-limiting 

embodiments or aspects of the present disclosure may test different values of 𝑎% and 
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decide 𝑎% by checking how the key metrics change with different choices. Popular 

hyper-parameter tuning methods may also be applied. 

[0102] In some non-limiting embodiments or aspects, an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a Grid 

search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

[0103] Once the optimal value of 𝑡𝑙𝑏 for each base classifier is obtained, non-limiting 

embodiments or aspects of the present disclosure may obtain the rejection region of 

each classifier. Different from traditional classification with rejection methods that stop 

at this step, non-limiting embodiments or aspect of the present disclosure move define 

global rejection and acceptance regions as described herein, which may be used for 

the ensemble machine learning modeling. 

[0104] As shown in FIG. 3A, at step 306, method 300 includes, for each baseline 

machine learning model of a set of baseline machine learning models, processing, 

with that baseline machine learning model, a subset of second training samples of a 

plurality of second training samples outside the rejection region of that baseline 

machine learning model, to generate a subset of second predictions for the subset of 

second training samples of the plurality of second training samples outside the 

rejection region of that baseline machine learning model.  For example, transaction 

processing system 101 may, for each baseline machine learning model of a set of 

baseline machine learning models, processing, with that baseline machine learning 

model, a subset of second training samples of a plurality of second training samples 

outside the rejection region of that baseline machine learning model, to generate a 

subset of second predictions for the subset of second training samples of the plurality 

of second training samples outside the rejection region of that baseline machine 

learning model.  A baseline model predictive performance metric for that baseline 

machine learning model may be determined based on the subset of second 

predictions of that baseline machine learning model.  The plurality of second training 

samples may be associated with a plurality of rejection flags for that baseline machine 

learning model.  Each rejection flag of the plurality of rejection flags may indicate 

whether a corresponding second sample of the plurality of second samples is within 

the rejection region of that baseline machine learning model. 
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[0105] In some non-limiting embodiments or aspects, the plurality of second 

training samples may include a plurality of payment transactions, such as payment 

transactions configured to be processed in electronic payment processing network 

100.  As an example, a payment transaction may include transaction parameters 

and/or features associated with the payment transaction.   

[0106] As shown in FIG. 3A, at step 308, method 300 includes generating a global 

rejection region associated with one or more data types of the plurality of different data 

types based on the rejection region associated with each baseline machine learning 

model.  For example, transaction processing system 101 may generate a global 

rejection region associated with one or more data types of the plurality of different data 

types based on the rejection region associated with each baseline machine learning 

model. 

[0107] Denoting 𝑅1,. . . ,𝑅𝑀 as the rejection regions of the 𝑀 base classifiers, non-

limiting embodiments or aspect of the present disclosure define a global rejection 

region 𝑅𝐺 as the intersection of all the baseline machine learning model rejection 

regions. The 𝑅𝐺 represents the types of data where no baseline machine learning 

model would include in decision makings. If a new sample to be predicted falls within 

𝑅𝐺, the baseline machine learning models all have low confidence in making 

predictions on it. As a result, such sample may be handled by other methods to avoid 

any biased performance measure. Oppositely, if a sample falls into the complement 

region of 𝑅𝐺, i.e., 𝐴𝐺, there is at least one baseline machine learning model considering 

this sample in the decision making. 𝐴𝐺 is thus referred to as a global acceptance 

region. 

[0108] Compared to the rejection region from one base classifier, 𝑅𝐺 returns a 

significantly reduced rejection ratio (e.g., equivalently an increased global acceptance 

ratio, etc.). Referring now to FIG. 7, FIG. 7 is a graph illustrating a relationship between 

base and global rejection regions, including the relationship between 𝑅𝐺 and the 

baseline machine learning models’ rejection regions using three base classifiers as an 

example.  Non-limiting embodiments or aspects of the present disclosure provide an 

intelligent way to ensemble the baseline machine learning models considering the 

individual rejection/acceptance status, such that the final model may have a much 

higher coverage, while possessing a global credibility measure (i.e., 𝐴𝐺 and 𝑅𝐺) for 

samples to be predicted besides assigning a classification score. 
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[0109] As shown in FIG. 3A, at step 310, method 300 includes training an ensemble 

machine learning model ensembled based on the set of baseline machine learning 

models, based on (a) a further subset of second training samples of the plurality of 

second training samples outside the global rejection region, (b) the plurality of rejection 

flags for the plurality of second samples associated with each baseline machine 

learning model, and (c) the subset of second predictions for the subset of second 

training samples generated for each baseline machine learning model.  For example, 

transaction processing system 101 may train an ensemble machine learning model 

ensembled based on the set of baseline machine learning models, based on (a) a 

further subset of second training samples of the plurality of second training samples 

outside the global rejection region, (b) the plurality of rejection flags for the plurality of 

second samples associated with each baseline machine learning model, and (c) the 

subset of second predictions for the subset of second training samples generated for 

each baseline machine learning model.  Training the ensemble machine learning 

model may generate a subset of ensemble predictions for the further subset of second 

training samples of the plurality of second training samples outside the global rejection 

region.  An ensemble machine learning model predictive performance metric may be 

determined based on the subset of ensemble predictions. For example, the ensemble 

machine learning model may be trained using machine learning or other artificial 

intelligence techniques to accept, as input, a) a further subset of second training 

samples of the plurality of second training samples outside the global rejection region, 

(b) the plurality of rejection flags for the plurality of second samples associated with 

each baseline machine learning model, (c) the subset of second predictions for the 

subset of second training samples generated for each baseline machine learning 

model, and/or (d) the plurality of distance measures for the plurality of second samples 

associated with each baseline machine learning model, and provide, as output,, the 

subset of ensemble predictions. 

[0110] In some non-limiting embodiments or aspects, for each baseline machine 

learning model of the set of baseline machine learning models, the plurality of second 

training samples is associated with a plurality of distance measures, and each distance 

measure of the plurality of distance measures indicates a distance of a corresponding 

second sample from at least one boundary of the rejection region of that baseline 

machine learning model.  In such an example, transaction processing system 101 may 

training of the ensemble machine learning model may be further based on (d) the 
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plurality of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

[0111] As described herein, an issue of existing DES approaches is the lack of 

flexibility in aggregating baseline machine learning model outputs. To address this 

issue, non-limiting embodiments or aspects of the present disclosure may use a meta-

model for ensemble while considering rejection-based features as inputs, non-limiting 

embodiments or aspects of the present disclosure provide two types of new features 

to capture the rejection status of each base learner, including: 1) rejection flag, and 2) 

distance to rejection boundary. For an arbitrary sample 𝑠𝑛, the rejection flag feature 

may be defined as according to the following Equation (6): 

        (6) 

where 𝑚 = 1, ..., 𝑀 (i.e., one flag for each baseline machine learning model). This 

feature indicates if the sample is within the local rejection region of a candidate model 

considered for ensemble. This is a hard boundary separating samples into two clusters 

for each baseline machine learning model. To capture the uncertainties in the 

separation (e.g., samples out of the rejection region but very close to the boundary 

may be associated with a low predictive confidence), non-limiting embodiments or 

aspects of the present disclosure may provide another type of features as defined 

according to the following Equation (7): 

     (7) 

where feature 𝑑𝑚 is a distance measure which shows how far the sample is towards 

the rejection boundary, in the space of classification score. 

[0112] Using meta-model as an ensemble method enables non-limiting 

embodiments or aspects of the present disclosure to include different kinds of features 

in the ensemble learning process (which is unavailable in most DES approaches).  

FIG. 8 illustrates example input features for meta-modeling, according to non-limiting 

embodiments or aspects of the present disclosure.  In addition to the two types of 

rejection-related features introduced herein, non-limiting embodiments or aspects of 

the present disclosure may consider the base classification scores and/or the raw 
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features. Note that feature selection can be easily performed before and during the 

ensemble machine learning model training, which is the same as developing any 

traditional classification models. Therefore, non-limiting embodiments or aspects of 

the present disclosure can always start with a comprehensive set of features for 

ensemble meta-modeling. 

[0113] As shown in FIG. 3A, at step 312, method 300 includes updating based on 

the baseline model predictive performance metric for each baseline machine learning 

model, the set of baseline machine learning models.  For example, transaction 

processing system 101 may update, based on the baseline model predictive 

performance metric for each baseline machine learning model, the set of baseline 

machine learning models.  As an example, transaction processing system 101 may 

remove a baseline machine learning model with a lowest or worst baseline model 

predictive performance metric from the set of baseline machine learning models. 

[0114] Non-limiting embodiments or aspects of the present disclose may decide 

which and how many baseline machine learning models to consider for the ensemble 

learning. Like the baseline machine learning model rejection ratio 𝑎%, there may be 

two useful metrics dependent on this decision, including the ensemble machine 

learning model performance, and the global rejection or acceptance ratio. Non-limiting 

embodiments or aspects of the present disclose may use a step-wise backward (or 

forward) baseline machine learning model selection process to optimize the 

candidates for ensemble. Referring now to FIG. 9, FIG. 9 illustrates a backward 

baseline machine learning model selection process for ensemble learning, according 

to non-limiting embodiments or aspects of the present disclosure.  As shown in FIG. 

9, starting from using all the 𝑀 candidate base classifiers, non-limiting embodiments 

or aspects of the present disclosure may train an ensemble machine learning model 

and measure the predictive performance and the global acceptance ratio. Non-limiting 

embodiments or aspects of the present disclosure may remove the baseline machine 

learning model with the worst performance after its rejection, train an ensemble 

machine learning model using the remaining base classifiers, and measure the same 

metrics. Non-limiting embodiments or aspects of the present disclosure may repeat 

the process until 1) only 1 baseline machine learning model is left, or 2) the predictive 

performance or global acceptance ratio goes below a tolerant or threshold level. 

Alternatively, non-limiting embodiments or aspects of the present disclosure can 
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perform a forward selection in a similar way but keep adding baseline machine 

learning models from 1 to 𝑀.  

[0115] As shown in FIG. 3B, at step 314, method 300 includes determining whether 

there is a single baseline machine learning model in the set of baseline machine 

learning models or at least one of the ensemble machine learning model predictive 

performance metric satisfies a threshold ensemble machine learning model predictive 

performance, a ratio of the plurality of second training samples outside the global 

rejection region satisfies a threshold ratio, or any combination thereof.  For example, 

transaction processing system 101 may determine whether there is a single baseline 

machine learning model in the set of baseline machine learning models or at least one 

of the ensemble machine learning model predictive performance metric satisfies a 

threshold ensemble machine learning model predictive performance, a ratio of the 

plurality of second training samples outside the global rejection region satisfies a 

threshold ratio, or any combination thereof.  As an example, transaction processing 

system 101 may return processing to step 302 of method 300 in response to 

determining that there is a single baseline machine learning model in the set of 

baseline machine learning models or at least one of the ensemble machine learning 

model predictive performance metric satisfies a threshold ensemble machine learning 

model predictive performance, a ratio of the plurality of second training samples 

outside the global rejection region satisfies a threshold ratio, or any combination 

thereof.  As an example, transaction processing system 101 may proceed processing 

to step 316 of method 300 in response to determining that there is not a single baseline 

machine learning model in the set of baseline machine learning models or at least one 

of the ensemble machine learning model predictive performance metric satisfies a 

threshold ensemble machine learning model predictive performance, a ratio of the 

plurality of second training samples outside the global rejection region satisfies a 

threshold ratio, or any combination thereof.  In such an example, transaction 

processing system 101 may repeating steps 302 through 312 of method 300 until there 

is a single baseline machine learning model in the set of baseline machine learning 

models or at least one of the ensemble machine learning model predictive 

performance metric satisfies a threshold ensemble machine learning model predictive 

performance, a ratio of the plurality of second training samples outside the global 

rejection region satisfies a threshold ratio, or any combination thereof. 
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[0116] FIG. 10 illustrates an example relationship between ensemble machine 

learning model performance, global acceptance ratio, and a number of baseline 

machine learning models.  This relationship may be used to decide a final number of 

base classifiers. Given a tolerant level of performance and acceptance ratio, the 

shaded area in FIG. 10 may indicate what and how many baseline machine learning 

models should be used. If multiple options are available, a decision can be made by 

prioritizing either the performance or the model coverage, or take more metrics into 

consideration.  Performance of the developed meta-model can be evaluated in the 

same way as for any popular classification models.  

[0117] As shown in FIG. 3B, at step 316, method 300 includes obtaining a current 

sample.  For example, transaction processing system 101 may obtain a current 

sample.  As an example, the current sample may include a current transaction.  For 

example, transaction processing system 101 may receive a current payment 

transaction currently being processed in electronic payment processing network 100.  

As an example, transaction processing system 101 may receive transaction 

parameters and/or features associated with the current payment transaction.   

[0118] As shown in FIG. 3B, at step 318, method 300 includes determining whether 

the current sample is within the global rejection region.  For example, transaction 

processing system 101 may determine whether the current sample is within the global 

rejection region.  As an example, in response to determining that the current sample 

is outside the global rejection region, transaction processing system 101 may proceed 

processing to step 320 of method 300.  As an example, in response to determining 

that the current sample is within the global rejection region, transaction processing 

system 101 may proceed processing to step 322 of method 300.   

[0119] As shown in FIG. 3B, at step 320, method 300 includes, in response to 

determining that the current sample is outside the global rejection region, automatically 

processing, using the ensemble machine learning model, the current sample to 

generate a current prediction for the current sample.  For example, transaction 

processing system 101 may, in response to determining that the current sample is 

outside the global rejection region, automatically process, using the ensemble 

machine learning model, the current sample to generate a current prediction for the 

current sample.  As an example, transaction processing system 101 may, in response 

to determining that the current payment transaction is outside the global rejection 

region, automatically process the current payment transaction to generate an 
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authorization or a denial of the current payment transaction in payment processing 

network 100. 

[0120] As shown in FIG. 3B, at step 322, method 300 includes, in response to 

determining that the current sample is within the global rejection region, automatically 

flagging the current sample as unable to receive a credible prediction from the 

ensemble classifier.  For example, transaction processing system 101 may, in 

response to determining that the current sample is within the global rejection region, 

automatically flag the current sample as unable to receive a credible prediction from 

the ensemble classifier.  As an example, transaction processing system 101 may, in 

response to determining that the current payment transaction is within the global 

rejection region, automatically flag the current payment transaction as unable to 

receive a credible prediction from the ensemble classifier.  In such an example, 

transaction processing system 101 may, in response to flagging the current payment 

transaction, automatically process, using a different machine learning model than the 

ensemble machine learning model, the current payment transaction to generate an 

authorization or a denial of the current payment transaction in payment processing 

network 100. 

[0121] Experiments 

[0122] This section compares non-limiting embodiments or aspects of the present 

disclosure against DES methods using a number of datasets. Experiments on non-

limiting embodiments or aspects of the present disclosure apply the different 

approaches in the modeling of twelve binary classification datasets from OpenML and 

UCI Machine Learning Repository, in which six datasets are highly imbalanced 

(minority class ratio in between 0.002 and 0.087), and the other 6 datasets are more 

balanced. Referring now to FIG. 11, which is a table including a description of the 

experiment datasets, the table of FIG. 11 lists the basic information of the datasets, 

including the source, the sample size and feature dimension, the minority class ratio, 

and the definition of each class. For the Activity Monitor and MNIST datasets, a PCA 

is performed first to reduce the feature size, and the returned PCA features account 

for 80% variability of the raw inputs. The PCA operation is to speed up the modeling 

process, which does not impact how non-limiting embodiments or the present 

disclosure or any compared DES approach works. 

[0123] For each experiment, the data is randomly split into three groups: 50% for 

training the base classifiers, 25% for training the ensemble machine learning models, 
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and 25% for testing. Different samples are used for training the base classifiers and 

the ensemble machine learning models to avoid overfitting. Next, six different base 

classifiers are trained, including two random forest models (RF1 and RF2), two 

gradient boosting models (GBM1 and GBM2), and two multi-layer perceptron models 

(MLP1 and MLP2). For each algorithm (i.e., random forest, gradient boosting, and 

multilayer perceptron), the corresponding two models are built using different portions 

of the base classifier training samples. Specifically, shuffle the training data is shuffled 

and the first 60% samples is used to train RF1, GBM1, and MLP1, and the last 60% 

samples is used to train RF2, GBM2, and MLP2. This portion of samples (i.e., 60% for 

each) is found to be big enough to provide stable results for the experiments. Note 

that other sampling strategies can be applied as well. A purpose of using 60% random 

samples is to enhance the sample-level diversity of the developed base learners. 

[0124] To perform selective ensemble machine learning modeling, the rejection 

region of each base classifier is first derived. As discussed herein, the baseline 

machine learning model rejection ratio a% can be tuned considering the global 

acceptance/rejection ratio and the ensemble machine learning model performance. 

a%=10% may be considered to search the optimal value of 𝑡𝑙𝑏 using Equation (5). A 

few different options may be tested (i.e., [2%, 5%, 10%, 15%, and 20%]) and this 

a%=10% provides a good balance between performance and acceptance ratio for the 

different experiment datasets. The best algorithm among random forest, gradient 

boosting, and multi-layer perceptron is then used as the meta-model for each 

experiment. Input variables for meta-model training include the raw features, the base 

classification scores, and the derived rejection-related features. Note that some 

features can be unimportant in the initial meta-model, and the final feature list is tuned 

based on the feature importance scores. Also, a backward selection is performed to 

check how the meta-model performance and global acceptance/rejection ratio vary 

with different base classifier combinations. With respect to the baseline machine 

learning model performance evaluation, Area Under Precision-Recall Curve (PR-

AUC) is considered for the 6 imbalanced datasets, and Area Under ROC Curve (AUC) 

is considered for the 6 balanced datasets. 

[0125] For comparison purpose, eight different DES models are built, and their 

performance on the test samples in each experiment is measured. The DES models 

considered here include: DES-KNN, KNOP, DESP, DESMI, KNORA-U, KNORA-E, 

META-DES, and RRC. Key hyperparameters (e.g., number of neighbors for 
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competence measure, etc.) of these models are tuned using the same evaluation 

criterion as used for non-limiting embodiments of the present disclosure. 

[0126] Each of the predictive performance and the inference time of different 

models is compared. For the six imbalanced datasets, the PR-AUC and the best F1 

score from each model is calculated. For the balanced datasets, the AUC and the 

highest accuracy is calculated. The inference time is measured on a machine with 

2.3GHz 8-Core processor and 32GB memory.  Referring now to FIG. 12, which is a 

table including a performance of different models on the class-imbalanced datasets, 

and FIG. 13, which is a table including a performance of different models on the class-

balanced data, the table of FIG. 12 and the table of FIG. 13 list these metrics from 

different models, for imbalanced and balanced datasets, respectively (best value in 

bold). Both mean values and standard deviations of the metrics are provided. 

Regarding non-limiting embodiments or the present disclosure, The metric values on 

data in the acceptance region are provided (i.e., Proposed:Acp), as well on the full test 

data (i.e., Proposed: All), which enables checking how the performance changes after 

introducing the global rejection/acceptance measure, which is a component of non-

limiting embodiments or the present disclosure. Since the result of non-limiting 

embodiments or the present disclosure varies by the number of candidate base 

classifiers (equivalently the global rejection/acceptance ratio), the tables in FIGS. 11 

and 12 show the outputs with all six base learners included (except for the Water 

Quality dataset where only the top four models are selected as MLP1 and MLP2 show 

much worse performance than the others). The returned global rejection ratio varies 

between 0 and 0.04 across different datasets, while lower than 0.01 in most cases. To 

validate that the decision on rejection is reasonable, the tables in FIGS. 11 and 12 

also show the best performance from the base classifiers on the rejected samples 

(bottom row in each table). 

[0127] There are four notable findings from the results in the tables of FIGS. 11 

and 12. First, the inference time of non-limiting embodiments or aspects of the present 

disclosure is much lower than the one needed for different DES approaches. For 

example, the mean inference time of the Land Cover dataset varies between 57 and 

73 seconds using the current DES approaches, while only about 1.3 seconds using 

non-limiting embodiments or aspects of the present disclosure. In practice, the sample 

size or feature dimension may be much higher than the tested numbers here. The 

reduced computational cost may thus be more significant in those scenarios. Second, 
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the performance of base classifiers on rejected samples (bottom row in each table of 

FIGS. 11 and 12) is much worse than different models’ performance on the accepted 

samples. This validates that the decision on global rejection/acceptance is reasonable. 

Such decision helps users avoid the cost of misleading predictions on highly 

unconfident samples. Third, non-limiting embodiments or aspects of the present 

disclosure show promising predictive performance for all the datasets (both class-

imbalanced and class-balanced). Even applying non-limiting embodiments or aspects 

of the present disclosure on full test data with rejected samples included (i.e., 

Proposed: All), the performance is still comparable to the 8 DES approaches, but with 

a much lower cost. If we consider the nature of non-limiting embodiments or aspects 

of the present disclosure and apply the model on accepted samples only (i.e., 

Proposed: Acp), the performance is much better in almost all the experiments. Last, 

the lift of performance from Proposed: Acp is more significant in class imbalanced 

experiments. One reason is non-limiting embodiments or aspects of the present 

disclosure may define local rejections for the six imbalanced datasets using PR-AUC, 

while the compared DES approaches can only use accuracy-related measures in 

baseline machine learning model ranking. 

[0128] The outputs of non-limiting embodiments or aspects of the present 

disclosure are compared with different numbers of baseline machine learning models.  

Referring now to FIG. 14, which is a table including a performance of different numbers 

of baseline machine learning models, taking the Payment Risk dataset as an example, 

the table of FIG. 14 shows how different metrics vary with the number of base learners 

for ensemble. As a comparison, the best metric values from the eight DES models are 

listed. First, the inference time of all different options in non-limiting embodiments or 

aspects of the present disclosure is four-to-five times lower than the best number from 

the compared DES models (i.e., DESMI). The PR-AUC and F1 score, even with the 

smallest rejection ratio (i.e., 0.001), is better than the highest values from the 

considered DES models. When comparing the performance of non-limiting 

embodiments or aspects of the present disclosure with different options, the 

performance overall decreases with the global rejection ratio decreasing. 

[0129] Similar findings are obtained in the other experiments, especially the drop 

of performance with rejection ratio decreasing. Such drop is mainly due to the fact that 

more relatively low-confidence samples are considered in the decision-making 

process, when more base classifiers are included in meta-modeling. The meta-model 
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performance on samples being accepted by only one or a few base classifiers can be 

lower than those being accepted by all base classifiers. However, it is noted that the 

performance change also depends on many other factors, e.g., diversity and quality 

of the base classifiers, label distribution of rejected samples, etc. 

[0130] Referring now to FIG. 15, which is a table including a contribution of different 

types of features, according to non-limiting embodiments or aspects of the present 

disclosure, FIG. 15 shows the contributions of three types of features (i.e., raw 

features, base classification scores, and rejection-related measures) in non-limiting 

embodiments or aspects of the present disclosure. The contributions are represented 

by feature importance scores obtained from the permutation-based approach. FIG. 15 

shows that the rejection-related measures are important in most experiments. 

Meanwhile, the contributions of three types of features vary heavily across different 

datasets. For example, raw features contribute most for the Payment Risk ensemble 

machine learning modeling, but almost make no contribution for the Network Attack 

modeling, which implies that considering a variety of features as ensemble inputs at 

the beginning matters. Such flexibility is unavailable in the reviewed DES approaches 

which work on the base classification scores only. 

[0131] Accordingly, non-limiting embodiments or aspects of the present disclosure 

provide a selective ensemble learning with rejection approach for binary classification. 

Compared against the existing methods, non-limiting embodiments or aspects of the 

present disclosure are computationally more efficient, as non-limiting embodiments or 

aspects of the present disclosure avoid the space and time complexity in defining 

neighbors and ranking base learners for each sample. By introducing a global rejection 

region, non-limiting embodiments or aspects of the present disclosure reduce the risk 

of making wrong predictions on highly unconfident data patterns. Using a meta-model 

for ensemble, non-limiting embodiments or aspects of the present disclosure provide 

higher flexibility for baseline machine learning model aggregation and enable a trade-

off between model performance and coverage. Experiments show that non-limiting 

embodiments or aspects of the present disclosure significantly reduce the inference 

time, while providing promising results and reasonable rejection decisions. Non-

limiting embodiments or aspects of the present disclosure can be extended to multi-

class modeling, which may include the derivation of baseline machine learning model 

rejection regions, and the optimization of more boundary parameters. At the inference 

stage, there is no extra cost compared to binary classification, which implies that even 
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for multi-class tasks the computational cost may be much lower than the computational 

cost from existing approaches.  For example, each baseline machine learning model 

of the set of baseline machine learning models may include a multi-class classification 

model for predicting one of a number of classes q, where q is more than two classes, 

and wherein the rejection region of each baseline machine learning model includes a 

number q – 1 bounds defining the rejection region. 

[0132] Aspects described include artificial intelligence or other operations whereby 

the system processes inputs and generates outputs with apparent intelligence. The 

artificial intelligence may be implemented in whole or in part by a model. A model may 

be implemented as a machine learning model. The learning may be supervised, 

unsupervised, reinforced, or a hybrid learning whereby multiple learning techniques 

are employed to generate the model. The learning may be performed as part of 

training. Training the model may include obtaining a set of training data and adjusting 

characteristics of the model to obtain a desired model output. For example, three 

characteristics may be associated with a desired item location. In such instance, the 

training may include receiving the three characteristics as inputs to the model and 

adjusting the characteristics of the model such that for each set of three 

characteristics, the output device state matches the desired device state associated 

with the historical data. 

[0133] In some implementations, the training may be dynamic. For example, the 

system may update the model using a set of events. The detectable properties from 

the events may be used to adjust the model. 

[0134] The model may be an equation, artificial neural network, recurrent neural 

network, convolutional neural network, decision tree, or other machine-readable 

artificial intelligence structure. The characteristics of the structure available for 

adjusting during training may vary based on the model selected. For example, if a 

neural network is the selected model, characteristics may include input elements, 

network layers, node density, node activation thresholds, weights between nodes, 

input or output value weights, or the like. If the model is implemented as an equation 

(e.g., regression), the characteristics may include weights for the input parameters, 

thresholds, or limits for evaluating an output value, or criterion for selecting from a set 

of equations. 

[0135] Once a model is trained, retraining may be included to refine or update the 

model to reflect additional data or specific operational conditions. The retraining may 
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be based on one or more signals detected by a device described herein or as part of 

a method described herein. Upon detection of the designated signals, the system may 

activate a training process to adjust the model as described. 

[0136] Further examples of machine learning and modeling features which may be 

included in the embodiments discussed above are described in “A survey of machine 

learning for big data processing” by Qiu et al. in EURASIP Journal on Advances in 

Signal Processing (2016) which is hereby incorporated by reference in its entirety. 

[0137] Although embodiments have been described in detail for the purpose of 

illustration, it is to be understood that such detail is solely for that purpose and that the 

disclosure is not limited to the disclosed embodiments or aspects, but, on the contrary, 

is intended to cover modifications and equivalent arrangements that are within the 

spirit and scope of the appended claims. For example, it is to be understood that the 

present disclosure contemplates that, to the extent possible, one or more features of 

any embodiment or aspect can be combined with one or more features of any other 

embodiment or aspect. 
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WHAT IS CLAIMED IS: 

 

  1. A method, comprising: 

  (i) for each baseline machine learning model of a set of baseline 

machine learning models, with at least one processor: 

training that baseline machine learning model based on a 

plurality of first training samples, wherein the plurality of first training 

samples includes a plurality of different data types, and wherein 

training that baseline machine learning model generates a plurality of 

first predictions for the plurality of first training samples; 

generating, for that baseline machine learning model, 

based on the plurality of first predictions for the plurality of first training 

samples, a rejection region associated with at least one data type of 

the plurality of different data types; and 

processing, with that baseline machine learning model, a 

subset of second training samples of a plurality of second training 

samples outside the rejection region of that baseline machine learning 

model, to generate a subset of second predictions for the subset of 

second training samples of the plurality of second training samples 

outside the rejection region of that baseline machine learning model, 

wherein a baseline model predictive performance metric for that 

baseline machine learning model is determined based on the subset of 

second predictions of that baseline machine learning model, and 

wherein the plurality of second training samples is associated with a 

plurality of rejection flags for that baseline machine learning model, 

wherein each rejection flag of the plurality of rejection flags indicates 

whether a corresponding second sample of the plurality of second 

samples is within the rejection region of that baseline machine learning 

model; 

(ii) generating, with the at least one processor, a global rejection region 

associated with one or more data types of the plurality of different data types based 

on the rejection region associated with each baseline machine learning model; 

(iii) training, with the at least one processor, an ensemble machine 

learning model ensembled based on the set of baseline machine learning models, 
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based on (a) a further subset of second training samples of the plurality of second 

training samples outside the global rejection region, (b) the plurality of rejection flags 

for the plurality of second samples associated with each baseline machine learning 

model, and (c) the subset of second predictions for the subset of second training 

samples generated for each baseline machine learning model, wherein training the 

ensemble machine learning model generates a subset of ensemble predictions for 

the further subset of second training samples of the plurality of second training 

samples outside the global rejection region, and wherein an ensemble model 

predictive performance metric is determined based on the subset of ensemble 

predictions; 

 (iv) updating, with the at least one processor, based on the baseline 

model predictive performance metric for each baseline machine learning model, the 

set of baseline machine learning models; and 

  (v) repeating, with the at least one processor, (i) – (iv) until there is a 

single baseline machine learning model in the set of baseline machine learning 

models or at least one of the ensemble model predictive performance metric satisfies 

a threshold ensemble model predictive performance, a ratio of the plurality of second 

training samples outside the global rejection region satisfies a threshold ratio, or any 

combination thereof. 

 

  2. The method of claim 1, wherein, for each baseline machine learning 

model of the set of baseline machine learning models, generating, for that baseline 

machine learning model, based on the plurality of first predictions for the plurality of 

first training samples, the rejection region associated with the at least one data type 

of the plurality of different data types includes optimizing an objective function 

defined according to the following equation: 

 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

and any other constraints of interest; 

 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 
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samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection 

ratio limit for that baseline machine learning model. 

 

  3. The method of claim 2, wherein an optimal solution of 𝑡௟௕ is obtained 

using at last one of the following searching or optimization algorithms: a Grid search, 

a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a Particle 

swarm optimization, or any combination thereof. 

 

  4. The method of claim 1, wherein, for each baseline machine learning 

model of the set of baseline machine learning models, the plurality of second training 

samples is associated with a plurality of distance measures, wherein each distance 

measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein training, with the at least one 

processor, the ensemble machine learning model is further based on (d) the plurality 

of distance measures for the plurality of second samples associated with each 

baseline machine learning model. 

 

  5. The method of claim 1, wherein each baseline machine learning 

model of the set of baseline machine learning models includes a multi-class 

classification model for predicting one of a number of classes q, where q is more 

than two classes, and wherein the rejection region of each baseline machine 

learning model includes a number q – 1 bounds defining the rejection region. 

 

  6. The method of claim 1, wherein a meta-model is used to ensemble 

the set of baseline machine learning models into the ensemble machine learning 

model. 

 

  7. The method of claim 1, further comprising: 

  (vi) obtaining, with the at least one processor, a current sample; 
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  (vii) determining, with the at least one processor, whether the current 

sample is within the global rejection region; 

  (viii) in response to determining that the current sample is outside the 

global rejection region, automatically processing, with the at least one processor, 

using the ensemble machine learning model, the current sample to generate a 

current prediction for the current sample; and 

  (ix) in response to determining that the current sample is within the 

global rejection region, automatically flagging, with the at least one processor, the 

current sample as unable to receive a credible prediction from the ensemble 

classifier.   

 

  8. A system, comprising: 

  at least one processor configured to: 

  (i) for each baseline machine learning model of a set of baseline 

machine learning models: 

train that baseline machine learning model based on a 

plurality of first training samples, wherein the plurality of first training 

samples includes a plurality of different data types, and wherein 

training that baseline machine learning model generates a plurality of 

first predictions for the plurality of first training samples; 

generate, for that baseline machine learning model, 

based on the plurality of first predictions for the plurality of first training 

samples, a rejection region associated with at least one data type of 

the plurality of different data types; and 

process, with that baseline machine learning model, a 

subset of second training samples of a plurality of second training 

samples outside the rejection region of that baseline machine learning 

model, to generate a subset of second predictions for the subset of 

second training samples of the plurality of second training samples 

outside the rejection region of that baseline machine learning model, 

wherein a baseline model predictive performance metric for that 

baseline machine learning model is determined based on the subset of 

second predictions of that baseline machine learning model, and 

wherein the plurality of second training samples is associated with a 
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plurality of rejection flags for that baseline machine learning model, 

wherein each rejection flag of the plurality of rejection flags indicates 

whether a corresponding second sample of the plurality of second 

samples is within the rejection region of that baseline machine learning 

model; 

(ii) generate a global rejection region associated with one or more data 

types of the plurality of different data types based on the rejection region associated 

with each baseline machine learning model; 

(iii) train an ensemble machine learning model ensembled based on 

the set of baseline machine learning models, based on (a) a further subset of second 

training samples of the plurality of second training samples outside the global 

rejection region, (b) the plurality of rejection flags for the plurality of second samples 

associated with each baseline machine learning model, and (c) the subset of second 

predictions for the subset of second training samples generated for each baseline 

machine learning model, wherein training the ensemble machine learning model 

generates a subset of ensemble predictions for the further subset of second training 

samples of the plurality of second training samples outside the global rejection 

region, and wherein an ensemble model predictive performance metric is determined 

based on the subset of ensemble predictions; 

 (iv) update, based on the baseline model predictive performance 

metric for each baseline machine learning model, the set of baseline machine 

learning models; and 

  (v) repeat (i) – (iv) until there is a single baseline machine learning 

model in the set of baseline machine learning models or at least one of the ensemble 

model predictive performance metric satisfies a threshold ensemble model predictive 

performance, a ratio of the plurality of second training samples outside the global 

rejection region satisfies a threshold ratio, or any combination thereof. 

 

  9. The system of claim 8, wherein the at least one processor is 

configured to, for each baseline machine learning model of the set of baseline 

machine learning models, generate, for that baseline machine learning model, based 

on the plurality of first predictions for the plurality of first training samples, the 

rejection region associated with the at least one data type of the plurality of different 



 

54 
 

data types by optimizing an objective function defined according to the following 

equation: 

 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

and any other constraints of interest; 

 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection 

ratio limit for that baseline machine learning model. 

 

  10. The system of claim 9, wherein an optimal solution of 𝑡௟௕ is 

obtained using at last one of the following searching or optimization algorithms: a 

Grid search, a Bayesian optimization, a Simulated annealing, a Genetic algorithm, a 

Particle swarm optimization, or any combination thereof. 

 

  11. The system of claim 8, wherein, for each baseline machine learning 

model of the set of baseline machine learning models, the plurality of second training 

samples is associated with a plurality of distance measures, wherein each distance 

measure of the plurality of distance measures indicates a distance of a 

corresponding second sample from at least one boundary of the rejection region of 

that baseline machine learning model, and wherein the at least one processor is 

further configured to train the ensemble machine learning model based on (d) the 

plurality of distance measures for the plurality of second samples associated with 

each baseline machine learning model. 

 

  12. The system of claim 8, wherein each baseline machine learning 

model of the set of baseline machine learning models includes a multi-class 

classification model for predicting one of a number of classes q, where q is more 
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than two classes, and wherein the rejection region of each baseline machine 

learning model includes a number q – 1 bounds defining the rejection region. 

 

  13. The system of claim 8, wherein a meta-model is used to ensemble 

the set of baseline machine learning models into the ensemble machine learning 

model. 

 

  14. The system of claim 8, wherein the at least one processor is further 

configured to: 

  (vi ) obtain a current sample; 

  (vii) determine whether the current sample is within the global rejection 

region; 

  (viii) in response to determining that the current sample is outside the 

global rejection region, automatically process, using the ensemble machine learning 

model, the current sample to generate a current prediction for the current sample; 

and 

  (ix) in response to determining that the current sample is within the 

global rejection region, automatically flag, the current sample as unable to receive a 

credible prediction from the ensemble classifier.   

 

  15. A computer program product comprising at least one non-transitory 

computer-readable medium including program instructions that, when executed by at 

least one processor, cause the at least one processor to: 

  (i) for each baseline machine learning model of a set of baseline 

machine learning models: 

train that baseline machine learning model based on a 

plurality of first training samples, wherein the plurality of first training 

samples includes a plurality of different data types, and wherein 

training that baseline machine learning model generates a plurality of 

first predictions for the plurality of first training samples; 

generate, for that baseline machine learning model, 

based on the plurality of first predictions for the plurality of first training 

samples, a rejection region associated with at least one data type of 

the plurality of different data types; and 
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process, with that baseline machine learning model, a 

subset of second training samples of a plurality of second training 

samples outside the rejection region of that baseline machine learning 

model, to generate a subset of second predictions for the subset of 

second training samples of the plurality of second training samples 

outside the rejection region of that baseline machine learning model, 

wherein a baseline model predictive performance metric for that 

baseline machine learning model is determined based on the subset of 

second predictions of that baseline machine learning model, and 

wherein the plurality of second training samples is associated with a 

plurality of rejection flags for that baseline machine learning model, 

wherein each rejection flag of the plurality of rejection flags indicates 

whether a corresponding second sample of the plurality of second 

samples is within the rejection region of that baseline machine learning 

model; 

(ii) generate a global rejection region associated with one or more data 

types of the plurality of different data types based on the rejection region associated 

with each baseline machine learning model; 

(iii) train an ensemble machine learning model ensembled based on 

the set of baseline machine learning models, based on (a) a further subset of second 

training samples of the plurality of second training samples outside the global 

rejection region, (b) the plurality of rejection flags for the plurality of second samples 

associated with each baseline machine learning model, and (c) the subset of second 

predictions for the subset of second training samples generated for each baseline 

machine learning model, wherein training the ensemble machine learning model 

generates a subset of ensemble predictions for the further subset of second training 

samples of the plurality of second training samples outside the global rejection 

region, and wherein an ensemble model predictive performance metric is determined 

based on the subset of ensemble predictions; 

 (iv) update, based on the baseline model predictive performance 

metric for each baseline machine learning model, the set of baseline machine 

learning models; and 

  (v) repeat (i) – (iv) until there is a single baseline machine learning 

model in the set of baseline machine learning models or at least one of the ensemble 
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model predictive performance metric satisfies a threshold ensemble model predictive 

performance, a ratio of the plurality of second training samples outside the global 

rejection region satisfies a threshold ratio, or any combination thereof. 

 

  16. The computer program product of claim 15, wherein the program 

instructions, when executed by the at least one processor, cause the at least one 

processor to, for each baseline machine learning model of the set of baseline 

machine learning models, generate, for that baseline machine learning model, based 

on the plurality of first predictions for the plurality of first training samples, the 

rejection region associated with the at least one data type of the plurality of different 

data types by optimizing an objective function defined according to the following 

equation: 

 

    𝑎𝑟𝑔𝑚𝑎𝑥(௧೗್) 𝑇௔௖௖(𝑡௟௕) 

    with 0 < 𝑡௟௕ < 1;  
ேೝ೐ೕ

ே
≤ 𝑎%; 

and any other constraints of interest; 

 

where 𝑡௟௕ is a lower bound of the rejection region; 𝑇௔௖௖ is a model performance 

evaluation metric of that baseline machine learning model calculated using first 

samples of the plurality of samples outside the rejection region; 𝑁௥௘௝ is a number of 

the plurality of first samples rejected with scores within the rejection region; 𝑁 is a 

number of the plurality of first samples in total; and 𝑎% is a user-defined rejection 

ratio limit for that baseline machine learning model. 

 

  17. The computer program product of claim 16, wherein an optimal 

solution of 𝑡௟௕ is obtained using at last one of the following searching or optimization 

algorithms: a Grid search, a Bayesian optimization, a Simulated annealing, a Genetic 

algorithm, a Particle swarm optimization, or any combination thereof. 

 

  18. The computer program product of claim 15, wherein, for each 

baseline machine learning model of the set of baseline machine learning models, the 

plurality of second training samples is associated with a plurality of distance 

measures, wherein each distance measure of the plurality of distance measures 
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indicates a distance of a corresponding second sample from at least one boundary 

of the rejection region of that baseline machine learning model, and wherein the 

program instructions, when executed by the at least one processor, further cause the 

at least one processor to train the ensemble machine learning model based on (d) 

the plurality of distance measures for the plurality of second samples associated with 

each baseline machine learning model. 

 

  19. The computer program product of claim 15, wherein a meta-model 

is used to ensemble the set of baseline machine learning models into the ensemble 

machine learning model. 

 

  20. The computer program product of claim 15, wherein the program 

instructions, when executed by the at least one processor, further cause the at least 

one processor to: 

  (vi ) obtain a current sample; 

  (vii) determine whether the current sample is within the global rejection 

region; 

  (viii) in response to determining that the current sample is outside the 

global rejection region, automatically process, using the ensemble machine learning 

model, the current sample to generate a current prediction for the current sample; 

and 

  (ix) in response to determining that the current sample is within the 

global rejection region, automatically flag, the current sample as unable to receive a 

credible prediction from the ensemble classifier.    


