
Page 1/16

The Study of the Association between Immune
Monitoring and Pneumonia in Kidney Transplant
Recipients Through Machine Learning Models
Bo Peng 

Central South University
Hang Gong 

Central South University
Han Tian 

The Hong Kong University of Science and Technology
Quan Zhuang 

Central South University
Junhui Li 

Central South University
Ke Cheng 

Central South University
Yingzi Ming  (  myz_china@aliyun.com )

Central South University https://orcid.org/0000-0002-3004-4405

Research

Keywords: Immune monitoring, Kidney transplant, Machine learning, Pneumonia, Immunosuppression

Posted Date: May 4th, 2020

DOI: https://doi.org/10.21203/rs.3.rs-15932/v2

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published on September 29th, 2020. See the published
version at https://doi.org/10.1186/s12967-020-02542-2.

https://doi.org/10.21203/rs.3.rs-15932/v2
mailto:myz_china@aliyun.com
https://orcid.org/0000-0002-3004-4405
https://doi.org/10.21203/rs.3.rs-15932/v2
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s12967-020-02542-2


Page 2/16

Abstract
Background: Kidney transplantation is the optimal treatment to cure the patients with end-stage renal
disease (ESRD). However, the infectious complication, especially pneumonia, is the main cause of
mortality in the early stage. Immune monitoring by relevant biomarkers provides direct evidence of
immune status. We aimed to study the association between immune monitoring and pneumonia in
kidney transplant patients through machine learning models.

Methods: A total of 146 patients receiving the immune monitoring panel in our center, including 46
pneumonia recipients and 100 stable recipients, were retrospectively reviewed to develop the models. All
the models were validated by external data containing 10 pneumonia recipients and 32 stable recipients.
The immune monitoring panel consisted of the percentages and absolute cell counts of CD3+CD4+ T
cells, CD3+CD8+ T cells, CD19+ B cells and natural killer (NK) cells, and median �uorescence intensity
(MFI) of human leukocyte antigen (HLA)-DR on monocytes and CD64 on neutrophils. The machine
learning models of support vector machine (SVM), logistic regression (LR), multi-layer perceptron (MLP)
and random forest (RF) were applied for analysis.

Results: The pneumonia and stable groups showed signi�cant difference in cell counts of each
subpopulation and MFI of monocyte HLA-DR and neutrophil CD64. The SVM model by monocyte HLA-DR
(MFI), neutrophil CD64 (MFI), CD8+ T cells (cells/μl), NK cells (cell/μl) and TBNK (T cells, B cells and NK
cells, cells/μl) had the best performance with the average area under the curve (AUC) of 0.940. The RF
model best predicted the patients who would progress into severe pneumonia, with the average AUC of
0.760. All the models had good performance validated by external data.

Conclusions: The immune monitoring panel was tightly associated with pneumonia in kidney transplant
recipients. The models developed by machine learning techniques identi�ed patients at risk and predicted
the prognosis. Based on the results of immune monitoring, better individualized therapy might be
achieved.

Background
Kidney transplantation is the optimal treatment to cure the patients with end-stage renal disease (ESRD)
[1]. Novel immunosuppressive drugs improve the prognosis of kidney transplantation and minimize the
side effects, but infection, especially pneumonia, remains one of the main challenges in the early stage
after kidney transplantation[2-4]. Over immunosuppression signi�cantly impairs host immunity, leading
to increased risk of infection. Currently, the routine surveillance in clinic is therapeutic drug monitoring[5,
6]. However, this strategy is quite restrictive and only provides indirect evidence of patient immune
response. The high inter- and intra-patient variability and the de�ciency of limited sampling strategies
used in therapeutic drug monitoring increase the risk of graft failure[5, 7]. In contrast, the immune
monitoring could provide direct information on patient response to immunosuppressive drugs or
pathogens, thus contributing to better individualized therapy and long-term prognosis[8-10].
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In recent years, a quantity of immune biomarkers has been found to diagnose or predict infection in solid
organ transplant recipients, making them as parameters for immune monitoring. These include cell
counts of lymphocytes, CD4+ T cells, CD8+ T cells and natural killer (NK) cells, CD4/CD8 ratio, molecule
expression on speci�c cells such as human leukocyte antigen (HLA)-DR on monocytes, CD64 on
neutrophils and programmed cell death protein 1 (PD-1) on lymphocytes, immunoglobulins,
complements, soluble CD30 and immune cell response to stimuli[11-13]. However, in majority of these
studies, parameters are usually analyzed separately, or patients are simply classi�ed by scoring
according to the parameters. Single parameter without exact weight could not re�ect the immune status
accurately. Without comprehensive analysis by appropriate statistical methods, the e�cacy of these
parameters may not be ideal.

Compared with traditional methods, the machine learning techniques have advantages on big data
processing. They have high power and accuracy, and can deal with numerous parameters
simultaneously. Recently, these techniques have been used in therapeutic drug monitoring[14], and to
predict the prognosis of chronic kidney disease[15]. Our group also reported the application of machine
learning models to predict tacrolimus stable dose in kidney transplant recipients[16]. The application of
machine learning techniques in immune monitoring is promising, which may help us better understand
the complexity of immune system[17].

In this study, we retrospectively analyzed the kidney transplant recipients who underwent the immune
monitoring panel in our center, and developed machine learning models to study the association between
the immune monitoring results and pneumonia in kidney transplant recipients.

Methods
Study design

This was a retrospective, case-control study to evaluate the association between the immune monitoring
panel and pneumonia in kidney transplant recipients. Both inpatients and outpatients who underwent the
test of the immune monitoring panel from November 1st, 2017 to December 31st, 2019 in the
Transplantation Center, The Third Xiangya Hospital, Central South University were enrolled to develop the
machine learning models. Subsequently, the models were validated by the external data containing
patients who received the test from January 1st, 2020 to March 31st, 2020 in our center. The excluded
criteria included 1) age less than 18 years old or more than 65 years old; 2) non-solid organ transplant
patients or other transplant recipients; 3) multiple transplants; 4) less than or equal to 3 months post
kidney transplant; 5) rejection, tumor or other infection; 6) rituximab administration. All patients who were
not excluded were enrolled. The study was approved by the Institutional Review Board of Third Xiangya
Hospital, Central South University (No. 2019-S448).

Patients
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All the kidney transplant recipients received the allografts from donation after citizen’s death (DCD) or
from close family members after 2012. All the transplants performed in our center were approved by the
DCD Ethics Committee of the Third Xiangya Hospital, Central South University. The allograft was
attributed by the China Organ Transplant Response System. Anti-thymocyte globulin (ATG) (1.00 mg/kg
daily for 3 days) or basiliximab (20mg at day 0 and 4) was used for induction treatment, and the
standard triple immunosuppressive regimen including calcineurin inhibitor (CNI), mycophenolate mofetil
(MMF) and corticosteroid was given as maintenance regimen. Pneumonia was diagnosed based on
clinical symptoms, positive laboratory test results and signi�cant imaging �ndings. Severe pneumonia
was de�ned according to the previous publication (supplement table 1)[18]. Because kidney transplant
recipients had worse renal function compared with general population, one minor criterion of which blood
urea nitrogen (BUN) was more than or equal to 20 mg/dL was increased to 40 mg/dL instead. Patients
who met more than or equal to one major criterion, or more than or equal to three minor criteria were
classi�ed into severe pneumonia.

Timing for receiving the immune monitoring test

All the patients received the immune monitoring test after kidney transplantation. For stable patients, they
received the test at regular follow-up. Usually, they had the test every 3 to 6 months during the �rst year
after transplantation, and then might extend to once a year.

For pneumonia patients, they received the immune monitoring test when diagnosed with pneumonia. The
test was performed as a clinical routine when the pneumonia patient was admitted to hospital. Some
patients received several tests, and only the result of the �rst test was recorded.

Immune monitoring panel

The immune monitoring test consisted of two panels. One panel was BD Multitest 6-color TBNK reagent
with BD Trucount tubes, which identi�ed the percentages and absolute counts of CD3+CD4+ T cells,
CD3+CD8+ T cells, CD19+ B cells and NK cells. This panel was performed according to the manufacture’s
instruction and analyzed by BD FACSCanto clinical software (BD Biosciences, San Jose, CA, USA).
Another panel detected the median �uorescence intensity (MFI) of HLA-DR on monocytes and CD64 on
neutrophils. It consisted of the following �uorochrome-conjugated monoclonal antibodies: anti-CD45-
PerCP (peridinin-chlorophyll-protein, clone HI30, Biolend), anti-CD14-APC-Cy7 (allophycocyanin and
cyanine dye 7, clone HCD14, Biolend), anti-HLA-DR-APC (allophycocyanin, clone L243, BD Biosciences)
and anti-CD64-PE (phycoerythrin, clone 10.1, BD Biosciences). Brie�y, 50 ml whole blood from the
identical EDTA anticoagulation tube was used for detection. After erythrolysis, cells and monoclonal
antibodies were incubated in dark for 15 minutes. After washing and resuspending, samples were
detected using BD FACSDiva software. Both panels were performed using BD FACSCanto II.

Model building
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Four machine learning models including support vector machine (SVM), logistic regression (LR), multi-
layer perceptron (MLP) and random forest (RF) were applied in this research. SVM, LR, MLP and RF were
applied to study the association between immune monitoring panel and pneumonia in kidney transplant
recipients. We adopted k-fold cross validation (k = 5) to �nd the optimal hyperparameters, and to estimate
and compare the performance of different machine learning models. Generally, eligible patients were
randomly and averagely divided into �ve subgroups. Four subgroups were used as the “derivation cohort”
to develop the algorithm, and the remaining subgroup was used as the “validation cohort” to test the
performance. After �ve rounds of training/validation rotation, the average sensitivity, speci�city, positive
predictive value (PPV), negative predictive value (NPV) and area under the curve (AUC) were calculated.
The �nal algorithms were derived from the whole data of patients for developing models. Subsequently,
the algorithms were validated by the external data.

The function of SVM model was (x) = SIGN (b0 + bmxm). When the result was 1, it was classi�ed into the
pneumonia group; when the result was -1, it was classi�ed into the stable group. The function of LR
model was (x) = SIGMOID (b0 + bmxm). When the result was more than 0.5, it was classi�ed into the
pneumonia group; when the result was less than or equal to 0.5, it was classi�ed into the stable group. As
one of most common arti�cial neural networks widely used in machine learning tasks, the MLP model
could be regarded as a logistic regression classi�er with transformed features through several non-linear
neural network layers. The RF model adopted ensemble learning technique by using multiple decision tree
classi�ers together to predict the result. A total of ten trees were developed. Each tree was presented with
a different part of the dataset for training. The �nal prediction result was obtained through majority
voting.

These machine learning models were also applied to predict the prognosis of pneumonia. Pneumonia
patients were classi�ed into mild group and severe group. Similar strategy was adopted as described
above. After �ve rounds of training/validation rotation, the average sensitivity, speci�city, PPV, NPV and
AUC were calculated.

All the machine learning models were built using the programming language Python 3.6 and its machine
learning library scikit-learn.

Statistical analysis

Continuous data were presented as the mean ± standard deviation (SD), and were compared using
Student’s t-test, Welch’s t-test or the Mann-Whitney U test, where appropriate. Categorical data were
compared using Pearson’s chi-squared (c2) test or Fisher’s exact test, where appropriate. The performance
of the models was assessed by calculating the area under the curve (AUC) of the receiver operating
characteristic (ROC) curve. Statistical analysis was performed using SPSS version 22.0 (SPSS, Inc.,
Chicago, IL, USA). A P-value of < 0.05 was considered to be statistically signi�cant.

Results
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Basic characteristics

A total of 328 kidney transplant recipients underwent 955 tests of the immune monitoring panel from
November 1st, 2017 to December 31st, 2019 in our center. A sizable part of the them were perioperative
patients. Because the induction treatment had a signi�cant impact on lymphocytes, only the patients
more than or equal to three months post kidney transplantation were enrolled. The study �ow was shown
in �gure 1.

46 eligible pneumonia patients underwent the immune monitoring test during the �rst week after
admission to hospital. The average time from admission to test was 2.20 ± 2.08 days (2 patients received
the test 7 days after admission and most cases received the �rst test within 3 days). Because they
received the test when diagnosed with pneumonia, the average time from transplantation to receiving the
test was the same as the time from transplantation to developing pneumonia, namely 14.67 ± 15.24
months. Among them, 29 cases (63.0%) were between 3 months and 12 months post transplantation,
and 17 (37.0%) cases developed into severe pneumonia. As control, 100 eligible stable kidney transplant
recipients with the data of 100 tests were randomly selected. The average time from transplantation to
receiving the test was 10.33 ± 8.47 months.

The clinical characteristics of the pneumonia group and the stable group showed no signi�cant
difference in age, gender, donor source, time since transplant and CNI regimen. Obviously, the stable
group had a better allograft function than the pneumonia group. Because 16 patients in the pneumonia
group received transplants in other hospitals, the induction treatment was not available. As a result, the
induction treatment showed signi�cant difference in these two groups. The details were shown in table 1.

Similarly, patients receiving the immune monitoring test from January 1st, 2020 to March 31st, 2020 were
collected as external data for validation. 110 patients received 174 tests, but after exclusion, 10
pneumonia patients and 32 stable patients were enrolled. The characteristics of these patients were
shown in supplement table 2.

Immune status characterized by the panel

Compared with the stable group, the pneumonia group showed poor immune status, which was
characterized by signi�cant lower cell counts of total T cells (CD3+ T cells), T cell subsets (CD4+ T cells
and CD8+ T cells), B cells and NK cells (table 2). Although the percentages of total T cells and NK cells
showed statistical difference, they were not clinically signi�cant (pneumonia versus stable, 76.79 ±
11.71versus 73.35 ± 10.28 for total T cells, P = 0.015; 12.78 ± 8.81 versus 17.11 ± 9.68 for NK cells, P =
0.003). The percentages of T cell subsets and B cells showed no signi�cant difference. Notably, the
CD4/CD8 ratio, which was reported as an immune biomarker, also showed no signi�cant difference
(pneumonia versus stable, 1.21 ± 0.61versus 1.12 ± 0.59, P = 0.320).

The remaining two parameters also provided meaningful information. The expression of HLA-DR on
monocytes was signi�cantly lower in the pneumonia group (931.17 ± 671.15 versus 1392.53 ± 764.37, P
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< 0.001), while the expression of CD64 on neutrophils were much higher in the pneumonia group (589.20
± 605.44 versus 101.11 ± 54.08, P < 0.001).

Machine learning models based on immune monitoring

To study whether the parameters of the immune monitoring panel were associated with pneumonia in
kidney transplant recipients, univariate LR was performed to assess each parameter (supplement table
3). Several parameters including monocyte HLA-DR, neutrophil CD64 and cell counts of T cells, B cells
and NK cells showed signi�cance, but the performance was not ideal (data not shown).

To improve the performance, machine learning models including SVM, LR, MLP and RF were developed
as described in the methods. After �ve rounds of training/validation rotation, the average sensitivity,
speci�city, PPV, NPV and AUC of these modes were shown in table 3. All the models had good results with
AUC (�gure 2), of which the SVM model had the highest AUC of 0.940. Notably, the SVM model also had
good clinical practicality, with sensitivity of 81.7%, speci�city of 92.0%, PPV of 83.6% and NPV of 91.3%.
Monocyte HLA-DR (MFI), neutrophil CD64 (MFI), CD8+ T cells (cells/μl), NK cells (cell/μl) and TBNK (T
cells, B cells and NK cells, cells/μl) were selected to build the SVM and LR models. The parameter
coe�cients were shown in table 4. The MLP model, as one of the techniques of arti�cial neural network
(ANN), calculated the probability of each category. The average AUC was 0.923, and the sensitivity,
speci�city, PPV and NPV were 71.8%, 92.0%, 82.7% and 87.9%, respectively. As an example, one tree of
the RF model was shown in �gure 3. A total of ten trees were developed. The �nal result was obtained
through majority voting from the ten trees. The average AUC was 0.895, and the sensitivity, speci�city,
PPV and NPV were 73.6%, 95.0%, 88.0% and 89.2%, respectively.

Compared with mild pneumonia, severe pneumonia had a worse impact on allograft and patient survival.
Among the 46 pneumonia patients, 17 cases progressed to severe pneumonia. Three patients died with
functioning allografts, and one patient lost allograft. All of them were from the severe pneumonia group.
Because all pneumonia patients received the immune monitoring tests early after admission (2.20 ± 2.08
days from admission to test), we also studied whether the result of the immune monitoring panel could
predict the prognosis of pneumonia. The comparison between the two groups was shown in table 5. Only
the cell count of NK cells showed signi�cance (135.60 ± 108.79 versus 59.28 ± 39.50, P = 0.027); the mild
pneumonia group had higher monocyte HLA-DR, but not statistically signi�cant (1068.59 ± 758.07 versus
696.76 ± 410.57, P = 0.127).

The machine learning models were used to predict the prognosis based on the immune monitoring panel,
and the results were shown in supplement table 4. The limited data had a negative impact on the
effectiveness. The AUCs of SVM, LR, MLP and RF models were 0.600, 0.672, 0.716 and 0.760,
respectively. Among them, the RF model had the best performance. A ten-tree RF model was developed,
and one tree of the �nal algorithm was shown (�gure 4a). Similarly, after �ve rounds of
training/validation rotation, the average sensitivity, speci�city, PPV and NPV of the RF model were 53.3%,
80.0%, 68.0% and 75.3%, respectively (ROC curve shown in �gure 4b).
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Validation by external data

To further con�rm the association between the immune monitoring test and pneumonia in kidney
transplant recipients, the machine learning models were validated by the external data, which contained
10 pneumonia patients and 32 stable patients. All the models had good performance, with accuracy over
80%. The SVM model had the highest AUC of 0.945, and the sensitivity, speci�city, PPV, NPV and
accuracy were 90.0%, 81.3%, 60.0%, 96.3% and 83.3%, respectively. The details of other models were
shown in supplement table 5.

Discussion
This study successfully provided a novel strategy to evaluate the signi�cance of immune monitoring in
kidney transplant recipients by machine learning models. Based on the results of immune monitoring
panel, the SVM model best identi�ed the kidney transplant recipients at risk of pneumonia, and the RF
model best predicted the patients who would progress to severe pneumonia. All the models were
validated by the external data, and showed good performance. The results of immune monitoring panel
might contribute to better individualized therapy, including immunosuppressive drug adjustment and
immunostimulant treatment.

Compared with traditional methods, the machine learning techniques could process multidimensional
parameters simultaneously, and were not limited by data distribution[14]. Feature selection and
parameter �tting were performed on training set, and evaluation of model performance was through
validation set. Therefore, it had the ability of self-evolution by adjusting their structures when
encountering errors[17]. The models could have better performance if more data obtained, making them
promising in big data analysis. The immune system was exactly a very complicated network, and
multiple parameters were needed to re�ect the full picture of immune status. Therefore, the machine
learning technique could be a powerful tool in analysis of immune monitoring.

The immune monitoring panel in this study consisted of the parameters that were relatively convenient
and practical to obtain clinically. These included the percentages and absolute number of TBNK, HLA-DR
on monocytes and CD64 on neutrophils. In our study, patients were not analyzed by ATG and non-ATG
groups due to the �aw of data from patients receiving transplantation out of our center. Because of the
low ATG routine dose (1.00 mg/kg for 3 days) used in China, patients usually had lymphocyte
reconstitution in three months (unpublished data). Therefore, we only enrolled patients more than three
months post transplantation. Compared with the stable group, the pneumonia group had a much lower
level of TBNK cell counts (including the respective subpopulations), lower expression of HLA-DR on
monocytes but higher expression of CD64 on neutrophils. Fernández-Ruiz and colleagues reported that
low TBNK cell counts in kidney transplant recipients predicted post-transplant opportunistic infection, and
found that CD8+ T cells less than 100 cells/μl and CD4+ T cells less than 50 cells/μl at month 1 were the
most valuable predictive parameters for non-ATG and ATG groups, respectively[2]. Luo and colleagues
also reported a lower cell counts and impaired function of CD4+ T cells, CD8+ T cells and NK cells in
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kidney transplant recipients with infection[19]. After analysis of machine learning models in our study, the
cell counts of CD8+ T cells, NK cells and total TBNK were selected as parameters for SVM and LR model
building, showing their importance in immune monitoring. The weight of these parameters was
determined by the coe�cients, which should be more accurate and reasonable than simple scoring[20,
21]. Notably, the percentages of TBNK subpopulations, including CD4/CD8 ratio, did not show
signi�cance. Similar result of CD4/CD8 ratio was observed in solid organ transplant patients, which
showed poor diagnostic performance in infectious complications[22]. However, the inverted CD4/CD8
ratio (less than 1.0) was regarded as one of the parameters that de�ned immune risk phenotype in ESRD
patients[21].

Monocyte HLA-DR and neutrophil CD64 were also important parameters in the models. Decreased
expression of HLA-DR on monocyte was regarded as an unquestionable marker of monocyte anergy,
which correlated with low cytokine release in response to bacterial challenges and reduced antigen
presenting ability[11]. The clinical signi�cance of monocyte HLA-DR has been veri�ed in sepsis, and low
monocyte HLA-DR expression was suggested as an indication for immunostimulant therapy[23]. In
kidney transplant recipients, the expression of monocyte HLA-DR showed a signi�cant decrease two
weeks after transplantation compared with that before transplantation[24]. Monocyte HLA-DR also
showed great difference between septic and non-septic groups after lung transplantation without
modulating T cell reconstitution[25]. All these evidences proved that over immunosuppression not only
impaired adaptive immunity, but also innate immunity.

The neutrophil CD64, on the contrary, remained low expression in the stable group. Once stimulated by
in�ammatory cytokines like interferon-γ (IFN-γ), a rapid and signi�cant increase of expression of CD64
could be detected on neutrophils in 4 to 6 hours, making it a sensitive indication of systematic
in�ammation[26]. Importantly, immunosuppression treatment did not alter this characteristic. CD64 index
even showed a better diagnostic performance of infectious complications than C reactive protein (CRP)
or white blood cells in solid organ transplant patients[22]. Our study provided further evidence of clinical
signi�cance of neutrophil CD64 in kidney transplant recipients with pneumonia.

It must be noted that the algorithms derived from our study could not be utilized directly in other centers.
It was because that the MFI of HLA-DR and CD64 in the models was relative value, which was determined
not only by the expression intensity, but also by the setting of �ow cytometer and the antibodies chosen.
Only the MFI of �uorochrome PE, which had a �xed �uorochrome to antibody ratio, could be converted
into absolute value of antibodies bound per cell (AB/C), making it possible for lab-to-lab
standardization[11]. Another choice was using the internal reference microspheres, just like the
commercial kit of Leuko64 (Trillium Diagnostics LCC, Meine, USA) to determine the CD64 index[22, 27].
Because this was not available in our center, MFI was directly used in the models. Nevertheless, the
methodology to develop the models by machine learning could be adopted. Moreover, other valuable
parameters, such as the concentration of immunoglobulins[28, 29] or complements[30, 31], could also be
added to further improve the models[17].
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Because this was a retrospective study, there were some limitations. The time point for the test of
immune monitoring panel was not �xed, and the kinetic follow-up of immune monitoring was not
available. The �aw of clinical data, including the de�nite etiological evidence, limited further strati�cation
analysis. For machine learning techniques, the number of cases was relatively small. Further big data
analysis or prospective cohort study was needed.

Conclusions
This study established machine learning models to con�rm the association between immune monitoring
and pneumonia in kidney transplant patients. The SVM model consisted of monocyte HLA-DR (MFI),
neutrophil CD64 (MFI), CD8+ T cells (cells/μl), NK cells (cell/μl) and TBNK (cells/μl) best identi�ed
patients at risk of pneumonia. The RF model predicted the prognosis of pneumonia. In the era of big data,
comprehensive analysis based on multi-dimensional parameters was an effective method to deeply
understand the complexity of diseases. The machine learning technique provided a good choice, which
was promising in data analysis and contributed to better individualized therapy.
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Figure 1

The study �ow and criteria of exclusion. 46 pneumonia and 100 stable kidney transplant recipients were
�nally enrolled for analysis. KT, kidney transplant. BR, blood routine. PCT, procalcitonin. CT, computed
tomography.
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Figure 2

The ROC curves and average AUC of the machine learning models. K-fold cross validation (k = 5) was
used to estimate and compare the performance of different machine learning models. After �ve rounds of
training/validation rotation, the average AUC was calculated. (a) The support vector machine (SVM)
model. (b) The logistic regression (LR) model. (c) The multi-layer perceptron (MLP) model. (d) The
random forest (RF) model. ROC curve, receiver operating characteristic curve. AUC, area under the curve.
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Figure 3

A one-tree example of random forest (RF) model. A total of ten trees were developed and one of them was
shown in the �gure. The �nal result was obtained through majority voting from ten trees.

Figure 4

The random forest (RF) model to predict the prognosis of pneumonia in kidney transplant recipients. (a)
A one-tree example of the ten trees. (b) The average AUC of RF model. AUC, area under the curve.
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