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Abstract

Background and Aim: Machine learning is an important branch and supporting
technology of artificial intelligence, we established four machine learning model for
the drug sensitivity of Klebsiella pneumoniae to imipenem based on matrix-assisted
laser desorption ionization time-of-flight mass spectrometry (MALDI-TOF-MS) and
compared their diagnostic effect.

Methods: The data of MALDI-TOF-MS and imipenem sensitivity of 174 cases of K.
pneumoniae isolated from clinical specimens in the laboratory of microbiology
department of Tianjin Haihe Hospital from 2019 January to 2020 December were
collected. The mass spectrometry and imipenem sensitivity of 70 cases of imipenem-
sensitive and 70 resistant cases were randomly selected to establish the training set
model, 17 cases of sensitive and 17 cases of resistant cases were randomly selected
to establish the test set model. Mass spectral peak data were subjected to
orthogonal partial least squares discriminant analysis (OPLS-DA), the training set
data model was established by machine learning least absolute shrinkage and
selection operator (LASSO) algorithm, logistic regression (LR) algorithm, support
vector machines (SVM) algorithm, neural network (NN) algorithm, the area under the
curve (AUC) and confusion matrix of training set and test set model were calculated
and selected by Grid search and 3-fold Cross-validation respectively, the accuracy of
the prediction model was verified by test set confusion matrix.

Results: The R%Y and Q* of OPLS-DA were 0.546 and 0.0178. The AUC of the best
training set and test set models were 0.9726 and 0.9100, 1.0000 and 0.8581,
0.8462 and 0.6263, 1.0000 and 0.7180 evaluated by LASSO, LR, SVM and NN
model respectively. The accuracy of the LASSO, LR, SVM and NN model were 87%,
79%, 62%, and 68% in test set, respectively.
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1 | INTRODUCTION

Klebsiella pneumoniae is one of the common clinical pathogens that
can cause infection of the respiratory tract, urinary tract, abdominal
cavity and other areas, resulting in sepsis, multiorgan dysfunction and
even death.>? In recent years, the drug resistance of K. pneumoniae
has become increasingly serious due to the widespread application of
antibacterial drugs and irrational used, which affecting the clinical
anti-infection treatment effect and causing harm to the health and
life of patients.® Specifically, anti-infective therapy should be
performed clinically as early as possible according to the susceptibil-
ity of K. pneumoniae to reduce the case fatality rate in patients with
severe or acute infection. At present, it need to conduct susceptibility
analysis after the bacterial isolate has been identified by mass
spectrometry. At same time, clinical empiric anti-infective therapy
has deficiencies such as poor treatment effect and risk of drug
resistance.

Machine learning has become an important direction for intelligent
laboratory medicine. It is important to obtain clinical value in the
diagnosis, classification, efficacy evaluation, and prognosis prediction from
abundant medicine data with high dimensionality and redundance. In
recent years, machine learning which is an important branch and
supporting technology of artificial intelligence via building models and
predict new samples through data analysis, has become a hot spot in
medicine research fields. Traditional machine learning algorithms are
mainly east absolute shrinkage and selection operator (LASSO), logistic
regression (LR), support vector machines (SVM), neural network (NN), and
so on. Therefore, machine learning technology is becoming a powerful
tool for high-precision predictive analysis and auxiliary clinical diagnosis,
which can replace subjective judgment by establishing prediction results
given by complex digital models and improve patient diagnostic results,
which has shown great potential and is a development trend of assisting
clinical decision-making technology.*

Imipenem is a carbapenem antibacterial drug with a good therapeutic
effect on K. pneumoniae, however, the resistance of K. pneumoniae to
imipern has increased year by year, resulting the great difficulties to
clinical experience.>® This study is proposed to establish a prediction
model of K. pneumoniae to imipenem drug sensitivity by LASSO, LR, SVM,
and NN machine learning algorithms based on matrix-assisted laser
desorption/ionization time-of-flight mass (MALDI-TOF MS) spectrometry,
and compare the diagnostic efficacy of different algorithms to explore the

potential clinically assisted decision support methods.

Conclusion: The LASSO prediction model of K. pneumoniae sensitivity to imipenem

established in this study has a high accuracy rate and has potential clinical decision

artificial intelligence, imipenem, Klebsiella pneumoniae, machine learning

2 | METHODS

2.1 | Study participants

The nonrepetitive samples of 174 patient with K. pneumoniae
infection in Tianjin Haihe Hospital from 2019 January to 2020
December were collected and patient's characteristic were shown in
Table 1. The present study was approved by the Medical Ethics
Committee of Tianjin Haihe Hospital, was performed according to the
principles of the Declaration of Helsinki (2019HHKT-016) and all
patients provided written informed consent before participation in
the study. All waste materials were well sterilized before disposing to

the Environment.

2.2 | Bacteria isolation collection and identification

2.2.1 | Bacteria isolation preparation
All sample were inoculated on MacConkey agar plates, and individual

colonies were isolated after 24 h of incubation at 37°C.

2.2.2 | MALDI-TOF MS assay

Individual colony was selected and transfer to MALDI-TOF MS target
plate with 1 uL of a-cyano-4-hydroxycynnamic acid-matrix solution
(HCCA; Bruker Daltonik) and dried at room temperature. The
acquisition and analysis of mass spectrum data were carried out by
Microflex LT spectrometer (Bruker Daltonik) with a linear positive
mode covering the molecular weight range of 2 to 20kDa, laser
frequency of 60 Hz and 240 shots in several points with a pulsed
nitrogen laser (A = 337 nm). The mass spectrum identification scores
22.0 was considered as high confidence identification. Three

replicates for every isolate were performed.

2.2.3 | Drug sensitive assay

Imipenem resistance was analyzed by minimum inhibitory concentra-
tion (MIC) method and VITEK-2 compact system (BioMerieux), £1 ug/
mL is defined as sensitive and 24 pug/mL is defined as resistance based



ZENG ET AL. : 3of 7
Health Science Reports ope,.Amss_Wl LEY
TABLE 1 Demography of study participants. to avoid interference caused by personnel, environment and reagent
Characteristics n (%) factors.
Age
<21 1(06) 2.3 | Machine learning
21-30 4 (2.3)
31-40 11 (6.3) 2.3.1 | Data filtering
41-50 15 (8.6)
According to the drug sensitivity distribution of imipenem bacterial
51-60 28 (16.1) isolates, 70 cases of pneumonia Kraber resistant bacterial isolates and
>60 115 (66.1) 70 cases of sensitive bacterial isolates were randomly selected from
Median age 67 174 samples as training sets, and 17 cases of resistant bacterial isolates
Age range 18-88 and 17 cases of sensitive bacterial isolates were randomly selected as
test sets, and the mass spectrometry data peaks of the above bacterial
gty isolates were preprocessed according to the following steps.
Male 123 (70.7)
Female 51 (29.3)
Imipenem sensitive 2.3.2 | Data preprocessing
Sensitive 87 (50) The mass-to-charge ratio (m/z) data of mass spectrometry is
Resistance 87 (50) standardized and normalized, the starting m/z value is set to
Sample type 1962DA, the ending m/z value is 19998DA, the resampling number
Srsmdie-alEslkr Hveme 13 (7.5) is 15000, the Gaussian filtering algorithm is used for data smoothing,
the o value is set to 1, the White Top Hat algorithm is used for
Blood 9 (5.2) . . . . . .
baseline correction, the baseline correction window value is set to 5,
Pleural fluid 2(12) and the mass spectral peak m/z is processed by equal-distance
Pus 7 (4.0) binning. The signal processing function in the Python 3.8.8 software
Gaaraliian 2(1.1) (www.python.org) scipy package was used for mass spectrometry
peak extraction, and finally 3457 mass spectrometry peaks were
Sputum 130 (74.7) .
extracted from the mass spectrometry analysis results of each
Urine 11 (6.3)

on Clinical and Laboratory Standards Institute (CLSI). Three replicates
for every isolate were performed.

2.2.4 | Data quality control

K. pneumoniae ATCC700603 was as extended spectrum beta-
lactamases (ESBLs) positivity control bacterial isolate, Klebsiella
Pneumoniae (ATCC BAA-1706), Escherichia coli ATCC25922 and
ATCC8739 was as ESBLs negative control bacterial isolates, which
obtained from American Type Culture Collection (ATCC). MALDI-
TOF-MS and drug sensitive analysis was operated by experienced
operator, each bacterial isolate is repeatedly tested three times.
MALDI-TOF-MS was calibrated by E. coli ATCC8739 every month.
The positive control K. pneumoniae ATCC700603 and ESBLs negative
control E. coli ATCC25922 are used for quality control monitoring for
drug sensitive assay very week. Daily monitoring of laboratory
temperature and humidity environments is carried out, reagents such

as mass spectrometry matrix and drug sensitive reagent are examined

bacterial isolate, and the above mass spectrometry peaks were used

as parameters to participate in the model construction.

2.3.3 | Clustering

All mass spectrometry peak intensity and m/z data of bacterial isolate
were selected and orthogonal partial least squares discriminant
analysis (OPLS-DA) was performed using MetaboAnalyst 5.0 soft-
ware (https://www.metaboanalyst.ca).

2.3.4 | Data modeling and accuracy verification

The mass spectrometry peak data of the training set was selected and
the LASSO, LR, SVM and NN algorithm models were obtained by the
Python 3.8.8 software Scikit-learn machine learning package accord-
ing to the following formula (Figure 1), and the cut off for calculating
the probability of sensitivity or resistance was >0.6 to defined as
sensitive or resistant. The above-mentioned optimal model was
screened and area under curve (AUC) was by analyzed by Grid search

and 3-fold Cross-validation. The confusion matrix of training set and
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FIGURE 1 The formula of machine learning. HL, hidden layer; IL, input layer; LASSO, least absolute shrinkage and selection operator; LR,

logistic regression; NN, neural network; SVM, support vector machines.

test set was established using the Python 3.8.8 software Scikit-learn
machine learning package. The drug sensitivity, drug resistance and

total accuracy was calculated, respectively.

3 | RESULTS
3.1 | Clustering analysis of imipernem-resistant
and sensitive bacterial isolates of K. pneumoniae

The MALDI-TOF-MS data of imipenem resistant bacterial isolates (R
group) and imipenem sensitive bacterial isolates (S group) was analyzed
by OPLS-DA analysis (Figure 2), the results show that R?Y and Q* of
OPLS-DA analysis are 0.546 and 0.0178, respectively, indicating that
the poorer the fitting accuracy for imipenem sensitive model of K.
pneumoniae. Therefore, we need to established a new mass spectrome-

try analysis model to distinguish imipenem sensitivity and resistance.

3.2 | Diagnostic efficiency of imipenem drug
sensitive training set and test set

The LASSO, LR, SVM, and NN algorithms were all selected by grid
search algorithm and 3-fold cross-validation to select the optimal
model. The lambda value of the selected LASSO model is 0.195, the
SVM kernel function is Gaussian core, NN has 2 hidden layers, the
first layer has 64 neurons, the second layer has 32 neurons, using
RelLU (rectified linear unit) activation function, Adam (adaptive
momentum) algorithm optimization parameters, cross entropy as
the loss function. The imipenem drug sensitive training set and test
set AUC of the LASSO, LR, SVM, and NN algorithms are 0.9726 and
0.9100, 1.0000 and 0.8581, 0.8462 and 0.6263, 1.0000 and 0.7180,
respectively (Figure 3).

3.3 | Algorithm verification

The confusion matrix of the training set and the test set is
established, and the training set of the imipenem drug sensitive
prediction model (LASSO, LR, SVM, and NN algorithms) was verified

Scores Plot
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40
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0
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FIGURE 2 The OPLS-DA analysis of imipenem resistant and
sensitive of Kleborgs pneumoniae. R, imipenem resistance; S,
imipenem sensitive.

by the test set, and the prediction accuracy and drug sensitivity/

resistance prediction accuracy are shown in Figures 4 and 5.

4 | DISCUSSION
K. pneumoniae is a conditioned pathogen of Enterobacter in the
intestines and respiratory tracts of normal people, which can lead to
severe infections such as intracranial infection, sepsis, septic
pulmonary embolism and so on, even threat the life of patients. It
requires more than 48h to cultured bacterial isolate and mass
spectrometry identification before obtain microbial drug sensitivity
results, resulting in worsening patient's condition.

Previous research has focused on the analysis of microbial drug

sensitive through methods such as cluster analysis. However, this
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FIGURE 3 The ROC analysis of train and test set for imipenem sensitive of Kleborgs pneumoniae. (A) Least absolute shrinkage and selection
operator algorithm, (B) logistic regression algorithm, (C) support vector machines algorithm, (D) neural network algorithm.
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FIGURE 4 The confusion matrix of imipenem sensitive of Kleborgs pneumoniae in train set and test set. (A) Least absolute shrinkage and

selection operator algorithm, (B) logistic regression algorithm, (C) support vector machines algorithm, (D) neural network algorithm.

study also found that the OPLS-DA analysis was not suitable for
prediction to drug sensitive analysis of K. pneumoniae imipenem, which
may be related to the complexity of mass spectrometry information.

With the increasing volume of medical data, high-dimensional
data is difficult to be processed by traditional statistical models, and
machine learning can establish efficient and accurate mathematical
models based on big data, changing the traditional clinical path, and
provide patients with the best possible treatment.

Machine learning technology has broad clinical application
prospects, such as CT and MRI image intelligent recognition, drug

78 In terms of

metabolism based on gut microbiota and so on.
microbial identification, Mortier and colleagues and Feucherolles and
colleagues try to bacterial isolate identification and Campylobacter
diversity analysis based on MALDI-TOF combines machine learning.
Tran and colleagues and Deulofeu and colleagues studied the

machine learning model for intelligent diagnosis of the novel
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FIGURE 5 The accuracy and positive rate of different algorithm in imipenem sensitive and resistance of Kleborgs pneumoniae. (A) Train set;
(B) test set. LASSO, least absolute shrinkage and selection operator; LR, logistic regression; NN, neural network; SVM, support vector machines.

coronavirus pneumonia (COVID-19) based on mass spectrometry
data.”"12

At present, there are also some studies on the application of
machine learning techniques to the drug sensitive analysis of K.
pneumoniae, such as Lu and colleagues and Liu and colleagues, which
based on Raman spectroscopy and whole genome sequencing
technology,*>'* however Raman spectroscopy and whole genome
sequencing technology have not yet been used as routine techniques
for microbial identification.

There also was a study about rapid detection of carbapenem-
resistant K. pneumoniae using machine learning and MALDI-TOF MS
Platform by Wang et al.¥> RF, SVM and SVM-K (radial basis function
kernel) model to distinguish carbapenem sensitive and resistant K.
pneumoniae, indicating a best AUC 0.9356 and accuracy 0.91 by
SVM-K model with peak dimensionality reduction in train set.

In this study, all of 3457 mass spectrometry peaks information
were extracted as parameters to participate in model construction for
more complex machine learning algorithm analysis. The LASSO, LR,
SVM and NN algorithms were applied to imipenem sensitivity for K.
pneumoniae based MALDI-TOF-MS data by Python software, and
optimal model was selected by Grid search algorithm and 3-fold
cross-verification. It was found that the training set ACU of LASSO,
LR, and NN algorithms could nearly reach 1.0000, but the test set of
LASSO algorithm had a highest AUC.

We also found that the accuracy of LASSO, LR, SVM, and NN
algorithm were 94%, 100%, 83%, and 100% in training sets,
respectively, meanwhile, the accuracy of LASSO, LR, SVM, and NN
algorithm were 82%, 79%, 62%, and 68% in test set, respectively.
Compared with Raman spectroscopy-based machine learning models
based on the study of Lu et al.*® The LASSO algorithm in this study
has a well accuracy, but the SVM algorithm has a lower accuracy in
test set. Compared with Wang et al.*> there was a better AUC and
accuracy of LASSO algorithm in train set. Through the comparison of

the diagnostic efficiency of the above algorithms, it is found LASSO
may be an more ideal predictive model algorithm with better AUC
and accuracy.

5 | CONCLUSION

In this study, we established an inexpensive and well-accuracy
machine learning model based on the existing conventional applica-
tion of MALDI-TOF-MS technology to predict the drug sensitivity of
K. pneumoniae to imipenem, to assist clinical antimicrobial application
decision-making.

This study is an exploration on the prediction of drug sensitivity
of imipenem for K. pneumoniae using machine learning methods,
demonstrating the potential of artificial intelligence in the field of
microbial resistance identification. However, multicenter big data
studies need to be established to further improve overall accuracy to
drive clinical application. At same time, it is still an early stage of
exploration for the application of artificial intelligence diagnostic
methods such as machine learning to the clinical diagnosis, but there
will be a broad application prospects for integration of clinical
expertise and big data analysis. Moreover, there would be many
preparations before the clinical application based machine learning
model, for example, it was need to established specialized machine
learning model for every common bacterial due to the different
characteristics and prediction effect for different bacterial, mean-
while, the accuracy need be improved and so on.
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