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Abstract
Background: The accuracy of breast cancer (BC) screening based on conventional ultrasound imaging
examination largely depends on the experience of clinicians. Further, the effectiveness of BC screening and
diagnosis in primary hospitals need to be improved. This study aimed to establish and evaluate the
usefulness of a simple, practical, and easy-to-promote machine learning model based on ultrasound
imaging features for diagnosing BC.

Methods: Logistic regression, random forest, extra trees, support vector, multilayer perceptron, and XG boost
models were developed. The modeling data set was divided into a training set and test set in a 75%:25%
ratio, and these were used to establish the models and test their performance, respectively. The validation
data set of primary hospitals was used for external validation of the model. The area under the receiver
operating characteristic curve (AUC) was used as the main evaluation index, and pathological biopsy was
used as the gold standard for evaluating each model. Diagnostic capability was also compared with those
of clinicians.

Results: Among the six models, the logistic model showed superior capability, with an AUC of 0.771 and
0.906 in the test and validation sets, respectively, and Brier scores of 0.18 and 0.165. The AUC of the logistic
model in tertiary class A hospitals and primary hospitals was 0.875 and 0.921, respectively. The AUCs of the
clinician diagnosis and the logistic model were 0.913 and 0.906. Their AUCs in the tertiary class A hospitals
were 0.890 and 0.875, respectively, and were 0.924 and 0.921 in primary hospitals, respectively.

Conclusions: The logistic regression model has better overall performance in primary hospitals, and the
logistic regression model can be further extended to the basic level. A more balanced clinical prediction
model can be further established on the premise of improving accuracy to assist clinicians in decision
making and improve diagnosis.

Trial Registration: http://www.clinicaltrials.gov. ClinicalTrials.gov ID: NCT03080623.

Background
Breast cancer (BC) is the most common malignancy among women worldwide [1–3]. However, the exact
cause of BC is yet to be fully understood. BC screening for early diagnosis is crucial for improving treatment
e�cacy and survival [4]. Many previous studies have con�rmed that early detection signi�cantly increases
the probability of survival by preventing metastasis [5]. In Beijing, the primary method of BC screening is
breast ultrasound imaging examination. However, given that the accuracy of conventional ultrasound
imaging is highly dependent on the clinicians’ expertise and experience, the results of BC screening and
diagnosis in primary hospitals are suboptimal [6]. Therefore, a model for diagnosing breast lesions based
on the characteristics of large samples of ultrasound images may be helpful for lowering subjectivity and
improving the accuracy of screening. Currently, only a logistic regression model is used for establishing
diagnostic models for manual interpretation of ultrasound �ndings. The evaluation model is often veri�ed
by internal veri�cation, which may overestimate the performance of the models [7–9].

http://www.clinicaltrials.gov/
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Subjects And Methods
Aims

This study aimed to establish a simple, practical, and easy-to-promote clinical model for BC diagnosis and
evaluate its usefulness in primary hospitals. Towards this goal, we screened out meaningful predictors
based on the data collected by tertiary class A hospitals and established diagnostic models. Population
data, including from primary hospitals, were used as an external veri�cation data set to validate the
effectiveness of the model and explore its applicability and clinical potential.

Data sets

The modeling data set was a cumulative collection of data from 1345 patients admitted to Beijing Cancer
Hospital between November 2010 and May 2016. Data on ultrasound �ndings and histopathological
diagnosis were collected. Ultrasound was performed using a SomoV automatic breast ultrasound system
from the U-system. The probe frequency was 10 MHz, and the probe size was 15 cm×17 cm×5 cm. The
maximum diameter of the ultrasound image of the lesion was less than 2 cm. Two-dimensional images
were collected, and the coronal image was reconstructed. After re-evaluation by professional cliniciansfrom
Beijing People’s Hospital, the cases with consistent �ndings were selected as the �nal modeling data set. In
total, data from 1125 patients were included; of them, 732 patients had malignant tumors.

The external veri�cation data set was from �ve centers, namely, Beijing Cancer Hospital, Beijing People’s
Hospital, Fourth Hospital of Hebei Medical University, Beijing Shunyi District Maternity and Child Health
Hospital, and Beijing Haidian District Maternity and Child Health Hospital. The data were cumulatively
collected from August 2017 to December 2019 and comprised pathological results of 1981 biopsy (n=1094)
or follow-up (n=890) cases. After data cleaning, 1965 cases were included in the veri�cation data set.

The dependent variable of the machine model was the diagnosis result (benign or malignant) of biopsy
cases with pathological biopsy classi�cation or follow-up cases with disease classi�cation.

The independent variable was the expert group and modeling working group classi�cation from Peking
University Cancer Hospital and Peking University People’s Hospital. This working group extracted and
clari�ed the de�nitions of ultrasound imaging terminology based on the interpretation of ultrasound images
in a blinded manner. We have previously published relevant literature [10] using the full model strategy,
logistic model strategy, and random forest model strategy to screen independent variables and establish
models.

The external validation data set comprised only part of the screening independent variables that need to be
validated based on the previous models. The identi�able information of the boundary was classi�ed into 4
features when the boundary was not identi�able. The speci�c variable assignments are shown in Table 2.

Methods
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The data set was divided into a modeling data set and an external veri�cation dataset. We selected 75% of
the samples from the modeling data set as the training set. The variable selection, one-hot encoding, and
basic model were assembled into a pipeline, which was placed enter the grid search, using the 10-fold cross
validation technique. In this technique, the data set was divided into 10 folds, and each fold was used for
internal veri�cation. The remaining 90% was used for the training of the development model. The
hyperparameter adjustment was used for establishing the model. Otherwise, we validated the models with
the remaining 25% of the samples and external validation data sets. Cross-validation and hyperparameter
adjustments for internal validation are considered robust methods of model evaluation before external
validation on a separate data set. This could maximize the potential performance of machine learning
models [11-15].

We validated each model through an external veri�cation data set. The discriminative capability of each
model was validated using the area under the receiver operating characteristic (ROC) curve. Meanwhile, the
Brier score was calculated to quantify the calibration degree of the model, and a calibration degree scatter
diagram was created thereafter. We then evaluated the consistency of the actual observations and models
according to the comparison between the scattered point distribution and the reference line.

The veri�cation data were strati�ed according to primary hospitals (the Fourth Hospital of Hebei Medical
University, Beijing Shunyi District Maternity and Child Health Hospital, and Beijing Haidian District Maternity
and Child Health Hospital) and Beijing tertiary class A hospitals (Beijing Tumor Hospital and Beijing People’s
Hospital) to compare between each model and the results determined by clinicians.

Statistical analysis

Raw data were cleaned using SAS v.9.4(SAS Institute, Cary, NC) and a single factor analysis was performed.
The categorical independent and dependent variables were evaluated using chi-square test. The veri�cation
process was mainly based on the third-party “Sklearn” library of Python (version 0.22.2.post1). The area
under the AUCwas calculated to assess the model discrimination. The AUC value ranges from 0.5 to 1, and
the closer the AUC is to 1, the better the discriminative capability of the model. An AUC of 0.5 indicates that
the model is not predictive and has no practical application. We evaluated the model calibration using the
Brier score and calibration curve. The Brier score is calculated using the formula (Y-p)2, where Y is the
actually observed outcome variable (0 or 1), and p is the predicted probability based on the prediction
model. The Brier score ranges from 0 to 0.25, and the smaller the score, the better the calibration of the
model. A Brier score of 0.25 indicates that the model has no predictive capability [16-17].

Results
Basic information

The modeling data set included data from 732 cases of malignant tumors (65.07%) and 393 cases of
benign tumors (34.93%). Meanwhile, the validation data set included data from 498 cases of malignant
tumors (25.34%) and 1467 cases of benign tumors (74.66%). With respect to clinician �ndings in the
validation data set, 1354 follow-up cases (68.91%) and 611 biopsy cases (31.09%) were determined to be
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malignant, respectively. Pathological examination of the biopsy cases revealed 498 malignant tumors
(45.69%) and 592 benign tumors (54.31%). All follow-up cases were benign tumors (100%) on pathological
examination. Comparison of the predictive variables between the modeling data set and validation data set
showed a signi�cant difference in the distribution of these predictors (P<0.001, Table 3).

Comparison between benign and malignant tumors

Univariate analysis of the independent variables in the validation data set identi�ed seven predictors,
namely, direction, margin blur, margin angulation, margin microlobulation, margin burr, posterior echoes, and
surrounding tissue edema. Further, their distribution was signi�cant different between the benign and
malignant groups (P<0.001).

Discriminative capability of the machine learning models

The degree of discrimination was used to evaluate the discriminative and ranking capabilities of the model,
which indicate the model’s capability to distinguish between individuals with end-point events and
individuals without end-point events [18]. In the internal veri�cation, there were no signi�cant differences in
the results of several models after hyperparameter adjustment. The multilayer perceptron model performed
best, with an AUC (95% CI) of 0.782 (0.724-0.835). In the external veri�cation, the logistic regression model
performed best after hyperparameter adjustment, with an AUC (95% CI) of 0.906 (0.892-0.921). The
performance of the model in the veri�cation set was generally better than that in the test set. The indicators
of each model are shown in Table 5, and the ROC curves are shown in Figure 1.

Calibration of the machine learning models

Compared with discrimination, calibration pays more attention to the accuracy of the absolute risk
prediction value of the model, that is, the consistency between the probability of the outcome predicted by
the model and the probability of the actual outcome [18]. In the internal veri�cation, the Brier scores of the
logistic regression, random forest, extra trees, support vector, multilayer perceptron, and XG boost were
0.181, 0.189, 0.196, 0.199, 0.177, and 0.179, respectively. In the external veri�cation, logistic regression,
random forest, extra trees, support vector, multilayer perceptron, and XG boost were 0.165, 0.163, 0.170,
0.178, 0.146, and 0.161, respectively. The calibration curves are shown in Figure 2.

Comparison of outcomes between clinician and models

We compared the predicted outcome of the models with the results determined by clinicians according to
the center strati�cation (Table 6). Overall, clinician diagnosis showed a higher accuracy than model
diagnosis. The model had an accuracy of 0.906; sensitivity, 0.928; speci�city, 0.898; and AUC, 0.913. The
accuracy of clinician diagnosis in primary hospitals was 0.929; the AUC was 0.924; and the sensitivity and
speci�city were 0.918 and 0.930, respectively. The accuracy of clinician diagnosis in the tertiary class A
hospitals was 0.880; the AUC was 0.849; and the sensitivity and speci�city were 0.932 and 0.898. When
comparing clinician diagnosis between primary and tertiary class A hospitals, the sensitivity was higher in
the tertiary class A hospitals, while the accuracy, speci�city, and AUC were lower than those in the primary
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hospitals. Further, we found that each model had a better predictive performance among patients in primary
hospitals than those in tertiary class A hospitals (AUC: 0.921 vs. 0.875, Table 7).

Discussion
Based on our previous study that initially identi�ed 27 independent variables [10], we selected 7 independent
variables, namely, direction, margins blur, margins angulation, margins microlobulation, margins burr,
posterior echoes, and surrounding tissue edema, in this study to develop six machine learning models for BC
diagnosis. The logistic model showed superior performance, with an ROC of 0.771 and 0.906 in the test set
and the validation set and Brier scores of 0.18 and 0.165, respectively. As such, we recommend using a
logistic regression model �tted with ultrasound imaging features for BC diagnosis, particularly in primary
hospitals.

Logistic regression can identify important predictors of BC using odds ratios and generate con�dence
intervals that provide additional information for decision-making [19]. In our logistic regression model, tumor
margins burr and the direction of tumor growth had a relatively large impact on the judgment of benign and
malignant tumors. The odds ratio (OR) were 3.267 (2.013–5.303) and 4.281 (3.098–5.917), respectively.
This is consistent with the �ndings reported by Chhatwal et al. [20] that the most important predictors
associated with BC as identi�ed by this model were spiculated mass margins. In the current study, the OR
value represents the ratio of the risk of malignant BC based on the existence and absence of a certain
ultrasound feature. The greater the OR value (OR > 1), the greater the risk of malignancy in the presence of
the feature. Direction of tumor growth, non-identi�able and burr at the margins, and edema of the
surrounding tissue showed the highest OR values, indicating that non-parallel growth, non-identi�able
margins burr, and edema of the surrounding tissue are the most important factors for predicting malignant
BC. This is consistent with the �ndings of previous studies. Nianan [21] reported that non-parallel growth
and irregular morphology are the most important predictors of BC in the new version of the BI-RADS. Some
studies have also shown that axillary lymphadenopathy is indicative of the probability of metastasis in BC
[22–23].

The average AUC of models in the test set was 0.741 ± 0.052, and the average AUC in the validation set was
0.880 ± 0.025. The overall performance of the model in the validation set was better than that in the test set.
Compared with internal veri�cation, external veri�cation is more concerned with model transportability and
generalizability [24–26]. Thus, we believe that the predictive model can be applied generally across
population samples and has good promotion signi�cance.

When compared with clinician diagnosis, the logistic regression model showed lower accuracy (0.906 vs.
0.772) and AUC (0.913 vs. 0.906). When model performance was evaluated by type of hospital (tertiary
class A hospitals and primary hospitals), the model performed better in primary hospitals than in tertiary
class A hospitals. This may be due to the different distribution of benign and malignant tumors in both
groups. The proportion of benign tumor patients was signi�cantly higher in primary hospitals (n = 892,
85.93%) than that in tertiary class A hospitals (n = 575, 62.02%). For complex malignant tumors, predictions
based on models alone is more likely to be biased. In primary hospitals, the accuracy of clinician diagnosis
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was higher than that of the logistic model (0.929 vs. 0.806), and the AUC of clinician diagnosis was also
slightly higher (0.913 vs. 0.906). Similarly, the accuracy of clinician diagnosis in tertiary class A hospitals
was higher than that of the logistic model (0.880 vs. 0.734). The AUC of clinician diagnosis was also
slightly higher than that of the logistic model (0.890 vs. 0.875). The high sensitivity of clinician diagnosis in
tertiary class A hospitals indicates that clinicians have a greater probability of accurately diagnosing
malignant tumors, and the possibility of missed diagnosis is lower. Meanwhile, the high speci�city of
clinician diagnosis in primary hospitals indicates that clinicians in these hospitals can accurately diagnosis
benign tumors, and the possibility of misdiagnosis is lower. Although there was no signi�cant difference in
AUC between the models and clinician diagnosis, the accuracy was markedly different. This may be caused
by the imbalance in the distribution of samples between the malignant group and the benign group.
Subsequent studies should validate the usefulness of the model by using equally distributed samples,
particularly in primary hospital population alone. This will ultimately help establish the use of the model in
primary hospitals.

Our models enable the prediction of BC and can thus be used by clinicians to make appropriate patient
management decisions. As shown in Fig. 3, the predictive capability of the models ranged from 0.2 to 0.4.
We analyzed the model prediction probabilities according to 1%, 2%, 5%, 10%, 50%, 90%, 95%, 98%, and 99%
and applied the logistic model in the clinic for preliminary evaluation of BC. If the predicted probability was
lower than 1% of the population (corresponding to a predicted probability of 0.2158926), it is highly likely
that patients do not have to undergo pathological biopsy. Malignancy can be largely ruled out, and the
patient can undergo regular follow-up. When the predicted probability is higher than 90% of the population
(corresponding to a predicted probability of 0.8769365), it is highly indicative of malignant lesions, and
clinicians are required to intervene. Patients should immediately undergo a pathological biopsy to con�rm
malignancy. For patients whose predicted probabilities are in between these values, a short-term follow-up
(within 1 year, preferably 3 to 6 months) can be recommended [27]. The clinicians can further use the
models to assist in decision-making according to the follow-up outcomes. However, the cut-off value of the
predictive probability needs to be veri�ed and calculated in studies with a larger sample size to improve the
accuracy.

This study has some limitations. First, this study was mainly an external veri�cation of the previous model.
The independent variable in the model population is different from the veri�cation population, which may
cause a selection bias. Second, this study did not modify and improve the model because of the imbalance
in the distribution of the predictor variables and classi�cation, and thus the model has low accuracy. Future
studies should take measures to account for accuracy in the modeling process. Third, this study did not
collect demographic information and baseline data of the patients, and it was di�cult to balance the patient
baseline in the pre-modeling stage. This may have affected the performance of the model and introduced
confounding factors. Further studies are needed to improve model accuracy and to establish a more
balanced clinical prediction model that can be used not only during diagnosis, but also at follow-up.

In conclusion, of the six machine learning models, the logistic regression model showed the highest
predictive capability and generalizability, indicating its potential for application in primary hospitals. The
model showed similar predictive performance to clinicians. Further, it had better predictive capability in
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primary hospitals than in tertiary class A hospitals model. Collectively, these �ndings indicate that the model
can help clinicians in distinguishing between benign and malignant breast tumors.

List Of Abbreviations
AUC, area under the receiver operating characteristic curve

BC, breast cancer

OR, odds ratio
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Tables
Table 1

AUC of the independent variable screening strategy models
Strategies Logistic regression (95% CI) Random forest (95% CI)

Full models 0.7812(0.7325–0.8298) 0. 7878(0.7392–0.8365)

Logistic 0.7727 (0.7227–0.8227) 0. 7757 (0.7258–0.8255)

Random forest 0.7880 (0.7395–0.8364) 0. 7868 (0.7377–0.8359)
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Table 2
Variable assignment

Variable Name Value

Breast left/right zyc 0-left,1-right

Direction FX 0- parallel,1-unparallel

Margins blur bqxcd1 0-identi�able, 1-non-identi�able but no blur, 2-non‐identi�able and
blurred

Margins angulation bqxcd2 0-identi�able, 1-non-identi�able but no angulation, 2-non‐identi�able
and angled

Margins
microlobulation

bqxcd3 0-identi�able, 1-non-identi�able but no microlobulation, 2-non‐
identi�able and microlobulated

Margins burr bqxcd4 0-identi�able, 1-non-identi�able but no burr, 2-non‐identi�able and burr

Posterior echoes hfhs 0-no change, 1-enhanced, 2- attenuated(include mixed)

Surrounding tissue
edema

shuiz 0-no, 1-yes

Benign vs.
malignant

end 0- benign, 1-malignant

Clinicians biras 0-benign tendency (follow-up), 1- malignant tendency (biopsy)

Biopsy results path 0- benign,1-malignant

Follow-up results path3 0- benign,1-malignant



Page 13/20

Table 3
Comparison between the modeling data set and the validation data set

Variable   Modeling data set
(n = 1125)

Validation data set
(n = 1965)

χ2 P

Zyc left n(%) 0 (0.00%) 942 (47.94%) - -

  right n(%) 0(0.00%) 1023(52.06%)    

FX Parallel 826 (73.42%) 1566 (79.69%) 16.096 0.000

  Unparallel 299 (26.58%) 399 (20.31%)    

Bqxcd1 Identi�able 160 (14.22%) 1074 (54.66%) 609.309 0.000

  Non-identi�able but no
blur

80(7.11%) 240(12.21%)    

  Non-identi�able and
blurred

885 (78.67%) 651 (33.13%)    

Bqxcd2 Identi�able 160 (14.22%) 1073 (54.61%) 504.371 0.000

  Non-identi�able but no
angulation

525 (46.67%) 401 (20.41%)    

  Non-identi�able and
angled

440 (39.11%) 491 (24.99%)    

Bqxcd3 Identi�able 160 (14.22%) 1073 (54.61%) 629.396 0.000

  Non-identi�able but no
microlobulation

363 (32.27%) 574 (29.21%)    

  Non-identi�able and
microlobulated

602 (53.51%) 318 (16.18%)    

Bqxcd4 Identi�able 160 (14.22%) 1074 (54.66%) 497.430 0.000

  Non-identi�able but no
burr

720 (64.00%) 717 (36.49%)    

  Non-identi�able and burr 245 (21.78%) 174 (8.85%)    

hfhs No change 687 (61.07%) 1549 (78.83%) 114.225 0.000

  Enhanced 198 (17.60%) 204 (10.38%)    

  Attenuated (including
mixed)

240 (21.33%) 212 (10.79%)    

shuiz No 1079 (95.91%) 1823 (92.77%) 12.326 0.000

  Yes 46 (4.09%) 142 (7.23%)    

End Benign 393 (34.93%) 1467 (74.66%) 471.132 0.000

The values are presented in n (%).
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Variable   Modeling data set
(n = 1125)

Validation data set
(n = 1965)

χ2 P

  Malignant 732 (65.07%) 498 (25.34%)    

The values are presented in n (%).

Table 4
Comparison between the benign and malignant groups in the validation set

Variable   Benign (n = 
1467)

Malignant (n = 
498)

χ2 P-
value

Zyc Left 1352(92.16%) 214(42.97%) 555.895 0.000

  Right 115(7.84%) 284(57.03%)    

FX Parallel 1040(70.89%) 34(6.83%) 656.956 0.000

  Unparallel 152 (10.36%) 88 (17.67%)    

Bqxcd1 Identi�able 275 (18.75%) 376 (75.50%)    

  Non-identi�able but no blur 1040 (70.89%) 33 (6.63%) 657.869 0.000

  Non-identi�able and blurred 232 (15.81%) 169 (33.94%)    

Bqxcd2 Identi�able 195 (13.29%) 296 (59.44%)    

  Non-identi�able but no
angulation

1040 (70.89%) 33 (6.63%) 679.549 0.000

  Non-identi�able and angled 323 (22.02%) 251 (50.40%)    

Bqxcd3 Identi�able 104 (7.09%) 214 (42.97%)    

  Non-identi�able but no
microlobulation

1040 (70.89%) 34 (6.83%) 808.091 0.000

  Non-identi�able and
microlobulated

415 (28.29%) 302 (60.64%)    

Bqxcd4 Identi�able 12 (0.82%) 162 (32.53%)    

  Non-identi�able but no burr 1271 (86.64%) 278 (55.82%) 231.661 0.000

  Non-identi�able and burr 116 (7.91%) 88 (17.67%)    

hfhs No change 80 (5.45%) 132 (26.51%)    

  Enhanced 1440 (98.16%) 383 (76.91%) 250.462 0.000

  Attenuated (include mixed) 27 (1.84%) 115 (23.09%)    

The values are presented in n (%)
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Table 5
Performance evaluation of the different models

Model Accuracy Precision
class 1

Recall class
1

AUC of
ROC

AUC of
PRC

F1
score

Test set (calibration model)

Logistic
Regression

0.720 0.734 0.891 0.771 0.846 0.805

Random forest 0.727 0.755 0.858 0.747 0.812 0.803

Extra trees 0.723 0.754 0.852 0.746 0.820 0.800

Support vector 0.709 0.717 0.913 0.638 0.736 0.803

Multilayer
Perceptron

0.738 0.756 0.880 0.775 0.838 0.813

XG Boost 0.713 0.730 0.885 0.769 0.839 0.800

Validation set (calibration model)

Logistic
Regression

0.772 0.528 0.936 0.906 0.794 0.675

Random forest 0.814 0.598 0.813 0.865 0.735 0.689

Extra trees 0.813 0.597 0.807 0.855 0.709 0.687

Support vector 0.768 0.524 0.936 0.852 0.632 0.671

Multilayer
Perceptron

0.818 0.596 0.869 0.901 0.792 0.708

XG Boost 0.781 0.542 0.876 0.898 0.776 0.669
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Table 6
Comparison between clinician diagnosis and gold standard diagnosis

Clinicians Gold standard Total

Benign Malignant

All validation set Benign 1318 36 1354

  Malignant 149 462 611

  Total 1467 498 1965

Primary hospitals Benign 830 12 842

  Malignant 62 134 196

  Total 892 146 1038

Tertiary class A hospitals Benign 488 24 512

  Malignant 87 328 415

  Total 575 352 927
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Table 7
Comparison between clinician and model diagnosis

Model Accuracy Precision
class 1

Recall
class
1

AUC
of
ROC

AUC
of
PRC

F1
score

Threshold FPR TPR

Full validation set

Clinicians 0.906 0.756 0.927 0.913 0.851 0.833 - - -

Logistic
regression

0.772 0.528 0.936 0.906 0.794 0.675 0.571 0.181 0.829

Random
forest

0.814 0.598 0.813 0.865 0.735 0.689 0.491 0.185 0.815

Extra trees 0.813 0.597 0.807 0.855 0.709 0.687 0.505 0.185 0.807

Support
vector

0.768 0.524 0.936 0.852 0.632 0.671 0.71 0.206 0.793

Multilayer
perceptron

0.818 0.596 0.869 0.901 0.792 0.708 0.573 0.187 0.827

XG boost 0.781 0.542 0.876 0.898 0.776 0.669 0.557 0.183 0.817

Primary hospitals

Clinicians 0.929 0.683 0.918 0.924 0.807 0.784 - - -

Logistic
regression

0.806 0.416 0.932 0.921 0.768 0.575 0.566 0.146 0.836

Random
forest

0.884 0.560 0.829 0.910 0.725 0.669 0.48 0.115 0.877

Extra trees 0.885 0.562 0.836 0.904 0.703 0.672 0.505 0.107 0.836

Support
vector

0.804 0.413 0.932 0.887 0.560 0.573 0.702 0.204 0.836

Multilayer
perceptron

0.882 0.549 0.884 0.923 0.779 0.677 0.52 0.119 0.884

XG boost 0.829 0.447 0.904 0.926 0.767 0.599 0.537 0.118 0.884

Tertiary class A hospitals

Clinicians 0.880 0.790 0.932 0.890 0.874 0.855 - - -

Logistic
regression

0.734 0.595 0.938 0.875 0.818 0.728 0.627 0.209 0.787

Random
forest

0.736 0.616 0.807 0.814 0.750 0.699 0.565 0.285 0.764

Extra trees 0.732 0.614 0.795 0.802 0.722 0.693 0.567 0.285 0.753
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Figures

Model Accuracy Precision
class 1

Recall
class
1

AUC
of
ROC

AUC
of
PRC

F1
score

Threshold FPR TPR

Support
vector

0.727 0.588 0.938 0.787 0.665 0.723 0.733 0.297 0.705

Multilayer
perceptron

0.746 0.619 0.864 0.861 0.803 0.721 0.601 0.207 0.767

XG boost 0.726 0.596 0.864 0.854 0.787 0.705 0.587 0.205 0.756

Table 8
Performance of the logistic regression model

  B SE OR 95% CI P β

fx 1.454 0.165 4.281 3.098–5.917 < 0.001 0.322239

bqxcd1 0.235 0.143 1.265 0.956–1.674 0.100 0.118155

bqxcd2 0.334 0.142 1.396 1.058–1.844 0.019 0.155041

bqxcd3 0.716 0.154 2.047 1.513–2.768 < 0.001 0.295653

bqxcd4 1.184 0.247 3.267 2.013–5.303 < 0.001 0.425586

hfhs 0.340 0.101 1.405 1.152–1.714 0.001 0.123337

shuiz 1.193 0.269 3.298 1.947–5.586 < 0.001 0.170345

Table 9
Predicted probability of different proportions of people by model

  Logistic
regression

Random
forest

Extra trees SVC MLP
classi�er

XGB
classi�er

1% 0.2158926 0.0870467 0 0.2690289 0.1223317 0.1271728

2% 0.2481656 0.2063348 0.1830000 0.2690872 0.1924786 0.2399745

5% 0.2953400 0.2432472 0.2500000 0.2691355 0.2032477 0.2851146

10% 0.2953400 0.2826738 0.2857143 0.2691355 0.2580033 0.2999176

50% 0.2953400 0.2826738 0.2857143 0.2691355 0.2580033 0.2999176

90% 0.8769365 0.8999733 0.9291429 0.7422661 0.8754747 0.8494976

95% 0.9327307 0.9831579 1 0.7428197 0.9669854 0.9255747

98% 0.9648594 1 1 0.7554798 0.9834885 0.9730366

99% 0.9675776 1 1 0.7882681 0.9877369 0.9751260
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Figure 1

ROC plots of the calibrated model in the test set (A) and validation set (B).

Figure 2

Calibration plots of the calibrated model in the test set (A) and validation set (B).
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Figure 3

Probability distribution by model.


