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Background: Rapid detection of carbapenem-resistant Klebsiella pneumoniae (CRKP) is essential for specific antimicrobial therapy.
Machine learning techniques combined with matrix-assisted laser desorption/ionization time-of-flight mass spectrometry (MALDI-
TOF MS) can be used as a rapid, reliable, sensitive, and low-cost species identification method.
Methods: Clinically collected K. pneumoniae were subjected to MALDI-TOF MS analysis. A random forest (RF) algorithm and non-
linear support vector machine (SVM) were used to construct the RF, SVM, and dimension reduction (SVM-K) models, and their
performance was assessed for accuracy, sensitivity, specificity, and area under the subject worker curve (AUC).
Results: The RF, SVM and SVM-K models showed good classification performance with 0.88, 0.88, and 0.91 accuracy, 0.82, 0.85,
and 0.89 sensitivity, 0.93, 0.92, and 0.94 specificity with an AUC of 0.9013, 0.9298, and 0.9356, respectively. For the SVM-K model,
the optimal dimension reduction was 105 to 153, and the average accuracy was >0.9. The top 10 peak features of significance
according to the RF algorithm with 6515 Da appeared in 56.8% of CRKP isolates and 5.3% of CSKP isolates, which indicated the best
classification performance.
Conclusion: The three RF, SVM, and SVM-K models showed excellent classification performance differentiating the CRKP from
CSKP; the SVM-K model was the best. Data analysis with machine learning combined with MALDI-TOF MS can be employed as
a rapid and inexpensive alternative to existing detection methods.
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Introduction
Klebsiella pneumoniae is commonly encountered opportunistic gram-negative bacterium that causes higher morbidity
and mortality.1 With the widespread use of broad-spectrum antimicrobials such as lactamides and aminoglycosides,
bacteria are prone to become multi-drug resistant by producing β-lactamases and cephalosporinases. Worldwide,
treatment of carbapenem resistance K. pneumoniae (CRKP) has become a serious challenge. The resistance mechanism
of CRKP involves the absence of membrane porins OmpK35 and OmpK36 and the production of broad-spectrum
lactamases (ESBLs) or carbapenases.2 The emergence of CRKP greatly limits the selection of antimicrobial therapy,
often resulting in poor outcomes.3

Meanwhile, antimicrobial drug susceptibility tests are time-consuming and expensive. A longer bacterial resistance
testing cycle further aggravates the problem of carbapenem resistance. Therefore, developing rapid and reliable detection
methods for the pathogenic bacteria resistant to antibiotics is crucial for the accurate and timely treatment. In the past few
decades, matrix-assisted laser-resolved ionization time-of-flight mass spectrometry (MALDI-TOF MS), with resistance
testing potential, has been widely used for rapid species identification of clinical microbes. It is faster, precise, and cost-
effective than conventional microbial identification tests.4
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Previous studies used direct analysis of characteristic hydrolysis peaks to rapidly detect drug resistance and
classification in the MALDI-TOF MS mass spectrometry data acquired from enzyme-mediated antimicrobial
hydrolysis.5 However, the method is complicated and requires an additional 3–4 h time. Meanwhile, for species
identification, MALDI-TOF MS only depends on a few features, such as m/z and peak height, making it a fast and
effective method. Though, the mass spectrum data information yet remains largely unutilized. Related studies discovered
that extraneous variables could be removed to change the expression of MS data using machine learning to fully utilize
the obscured information in mass spectrum data. By using intelligent data analysis, machine learning can maximize the
mining of the information encoded in these mass spectra, exceeding most other methods.

Several studies used machine learning algorithms to make full use of MALDI-TOF MS data for species identification
and simplified antimicrobial resistance assays.6 With self-supervised learning and continuously refining processes,
machine learning can deeply mine the non-linear correlations in the data. It can swiftly evaluate drug resistance by
detecting differences in strain mass spectrometry data. For example, Mather et al7 used the SVM (support vector
machine) algorithm to select some characteristic bacterial peaks and build a classification model to successfully
differentiate vancomycin-intermediate S. aureus (VISA) from vancomycin-sensitive S. aureus (VSSA). Therefore, this
study aimed to construct RF, SVM, and SVM-K (RBF; radial basis function kernel) models to distinguish CRKP from
CSKP (carbapenem sensitive K. pneumoniae).

Materials and Methods
Bacterial Strains
CRKP, n= 95 and CSKP, n=76, a total of 171 isolates were randomly collected from the First Affiliated Hospital of Anhui
Medical University from January 2020 to December 2021. All strains were obtained from Hefei City, China. All strains were
inoculated on Colombian blood agar plates, and individual colonies were isolated after 18–24 h of incubation at 35 °C.
Carbapenem resistance tests were performed using the disk diffusion method and VITEK-2 compact system (BioMerieux,
France). The isolates used in this study were resistant to imipenem, meropenem, or ertapenem. All species had
a “carbapenemase” phenotype expressed through the Advanced Expert System (AES) of the VITEK 2 system. Resistant
(R) and sensitive (S) isolates were interpreted following the Clinical Laboratory Standards Association of Standards (CLSI).8

Analysis of MALDI-TOF MS
Well-growing individual colonies were selected and evenly applied to the MALDI-TOF MS target plate with 1 µL of
CHCA (-cyanogen-4-hydroxycinnamic acid) and dried at room temperature. E. coli ATCC8739 of the VITEK-MS
system was used as the quality control strain. Spectrums were obtained in the RUO mode using the MALDI-TOF MS
instrument (BioMerieux, France) with a laser frequency of 75 Hz, 100 shots, and a 2000 to 20,000 Da mass-charge ratio.
The collected spectra were analyzed through the SARAMIS software. The most original data were processed without
baseline correction and denoising.

Feature Selection
The peak data of CRKP and CSKP strains were exported to Microsoft Excel from the SARAMIS software. Feature
peaks were selected for all recorded spectral peak data, considering the polarisation formed during instrument
acquisition, as reported by Pena et al.9 To unify the small polarisation generated by the spectrum and facilitate
subsequent data processing and model construction, similar peaks (tolerance ± 3Da) were grouped to balance their
differences. These corrected peaks were sorted for importance by the RF algorithm. A set of peaks obtained
simultaneously during data processing is known as “housekeeping peaks” for their presence in almost all the spectrum
of K. pneumoniae. The peaks present in at least 70% of the MS data were deemed the housekeeping peaks for the
classification of CRKP and CSKP.
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Development of Predictive Models
Figure 1 shows the detailed flow of the model construction, and we constructed the corresponding classification model
through the data collected by MALDI-TOF MS combined with the random forest algorithm and the support vector
machine algorithm.

Large probabilistic optimal solutions for important parameters like the number of decision trees and maximum depth
were used in the RF model to determine the SVM model’s cost parameter (C). The random forest and SVM models were
built through scikit_learn (https://scikit-learn.org/stable/index.html), providing pre-packaged machine learning SVM
tools in a Python environment. The SVM model used a radial basis function kernel to optimize data processing
performance.

Not all of the peak features used by the model had classification power. Therefore, a dimensionality reduction of the
data was applied. According to the peak feature importance ranking, K features were selected to input the SVM model.
Firstly, K selected all peak features to construct the dimensionality reduction model. Subsequently, each model
construction removed the last ranked features and continued until all features were removed. The dimensionality
reduction model was run 100 times/cycle to obtain the average accuracy as the output. Figure 2 shows the effect of
data dimensionality reduction on the average accuracy of the model. Finally, the SVM-K model was constructed based on

Figure 1 Flow chart showing the construction of RF, SVM, and SVM-K models.

Figure 2 Top 10 peaks as per importance and intergroup proportion.
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the feature dimension reduction range with the highest average accuracy. This new model was compared with the
previous model based on the original data to explore the impact of data dimensionality reduction on the model
classification performance. All the three classification models (RF, SVM, and SVM-K) underwent 10-fold cross-
validation

Model Evaluation
The models were evaluated for accuracy, specificity, sensitivity, and area under the subject working characteristic curve
(AUC). Meanwhile, the effect of dimension reduction on the model performance was investigated based on the change in
average accuracy.

Data Availability
The raw data supporting the conclusions of this manuscript are available upon request from the corresponding author.

Results
MALDI-TOF MS and Relevant Features
CRKP and CSKP were identified using MALDI-TOF MS (BioMerieux, France); 171 K. pneumoniae strains were
successfully identified. Based on SARAMIS software and feature selection, 211 peak features were obtained, including
47 housekeeping peaks. Figure 3 shows the top 10 importance peak features and their proportion among different groups
according to the RF algorithm. The SVM-K dimension reduction model was constructed based on the K optimal feature
selection. The final optimal K dimension reduction ranged between 105 and 153.

Performance of the Models
Figure 4 shows the evaluation performance of the 3 classification models, including accuracy, sensitivity, and specificity.
The optimized RF, SVM, and SVM-K models showed good classification performance. Among them, the SVM-K model
with the best results for accuracy (0.91), sensitivity (0.89), and specificity (0.94) exhibited overall best classification
performance. The accuracy of RF and SVM models was 0.88. The sensitivity of the SVM model was slightly higher
(0.85), while the specificity (0.92) was slightly lower than the RF model. The relative performance of the model was
difficult to distinguish direct from the boxplots. Therefore, a more intuitive comparison of the models’ performances was

Figure 3 A plot of accuracy fluctuations in model construction by continuously removing the lowest-ranked features. For the range 105–153, the model accuracy was >0.9.
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made using the area under the subject worker curve (AUC). Figure 5 shows AUC plots of the 3 classification models.
The SVM-K model revealed the best classification performance (AUC=0.9356); the SVM model (AUC=0.9298) slightly
outperformed the RF model (AUC=0.9013).

Figure 4 Box plots showing the accuracy, sensitivity, and specificity of the three classification models; RF (accuracy 0.88, sensitivity 0.82, specificity 0.93), SVM (accuracy
0.88, sensitivity 0.85, specificity 0.92), and SVM-K (accuracy 0.91, sensitivity 0.89, specificity 0.94).

Figure 5 AUC plots of the 3 classification models.
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Discussion
CRKP is a serious threat to public health. With the limited and poor efficacy of antimicrobials, the mortality rate of
CRKP patients is much higher than that of CSKP infections.10–12 Also, CRKP-infected patients need longer hospital
stays and face a higher economic burden.13 Therefore, rapid drug resistance testing methods are urgently needed.

Traditional drug resistance tests require a drug sensitivity test after bacterial culture isolation, which is time-
consuming and costly. In this study, the total mass spectrometric data of CRKP and CSKP were directly classified by
MALDI-TOF MS using the RF and SVM algorithms. Strains were cultured for 18–24 h following the regular
microbiology laboratory practice. This method can detect carbapenem resistance with a daily laboratory strain identifica-
tion system saving time without the need for additional drug susceptibility tests. Other rapid resistance detection
methods, including the disappearance and appearance of characteristic antimicrobials hydrolysis peaks based on MALDI-
TOF MS data, also demonstrated good results.14 However, that approach requires additional culture time after bacterial
isolation.

Furthermore, the method cannot detect the mechanisms of carbapenem resistance beyond carbapenemases, such as
changes in pore exchange and outflow pump system. Complex resistance mechanisms lead to the K. pneumoniae resistant
phenotype. However, there may not be a beta-lactamase or carbapenemase within the bacteria. Therefore, the hydrolysis
of antimicrobials does not necessarily occur during the co-culture of CRKP, and no corresponding change in related
antimicrobials hydrolysis peak was found in the MALDI-TOF MS data increasing false-negative rate. Most recent studies
investigated the relevant resistance genes before K. pneumoniae were co-cultured with related antimicrobials to address
this problem. This increases the accuracy of the experimental results but is unrealistic for routine laboratory testing. In
contrast, the present study classified data based on drug resistance phenotype and later performed direct analysis using
machine learning algorithms. This approach does not consider the specific resistance mechanisms of K. pneumoniae and
is more suitable for routine laboratory tests.

As shown in Figure 2, the top 10 peaks of importance and their share in both CRKP and CSKP. Among these, the
peaks of the highest importance at 6515 Da appeared in 56.8% of the CRKP isolates and 5.3% of the CSKP isolates.
However, previous studies indicated that CRKP and CSKP peaks at 7705.009 Da were significantly different, appearing
at 80.4% in CRKP isolates and 2.2% in CSKP isolates.16 The 7705.009 Da peaks in our experiment appeared in 95.8% of
CRKP isolates and 69.7% of CSKP isolates; the difference was not significantly higher. This could be due to the different
preliminary data processing methods of the two studies. They processed the data directly via the mass-up (http://sing.ei.
uvigo.es/mass-up) software, which may fail to correct the peak misalignment. The MALDI-TOF mass spectrometer
inevitably causes polarisation during K. pneumoniae data acquisition, leading to subtle alterations in mass spectrometry
data.

For instance, in this study, the peak polarisation at 6515 Da ranged between 6512 and 6518 Da. The tolerance peaks
(± 3 Da) were grouped to balance these differences, and the features were selected manually for stable and accurate
results.9 Further studies with more strains are required to determine whether relevant characteristic peaks such as 6515
Da can be a potential biomarker. The model constructed in this study based on MALDI-TOF MS data can be equally
applied to other classification problems to detect other resistance.

Forty-seven peaks were common in almost all spectra, called the K. pneumoniae housekeeping peaks. These
housekeeping peaks are not helpful for the model’s classification performance and will drag them down. The dimension
reduction processing of the total data significantly improved the model’s classification performance. Previous studies
applied visual examination methods, PCA, and Lasso regression for dimension reduction of MALDI-TOF MS data.9,15

We used the feature elimination dimension reduction mode for the models’ performance analysis. The dimensionality
reduction model SVM-K runs once per cycle to remove the last importance-ranked feature until all features get removed.
Figure 3 shows the change in accuracy obtained during constant dimensionality reduction. For the dimensionality
reduction range 105–153, the SVM-K model achieved an accuracy of >0.90, indicating the best classification perfor-
mance. Notably, dimension reduction >153 times reduced the model accuracy. This indicated that too much lowering of
data dimension reduction is not always better as some hidden important information may also be lost, which could be
unfavorable for classification model building by data mining.
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In several previously reported studies, the model was passed cross-validation (5-fold, 10-fold) to avoid
overfitting.15,16 In the present study, 10-fold cross-validation was used to improve the model stability. The final results
of accuracy, sensitivity, and specificity of the models were an average of 100 times run on a 10-fold cross-validation
basis, which greatly improved the data stability.

All three classification models constructed in this study showed good classification performance with an average
accuracy of >0.88. The SVM-K model after dimension reduction showed the best performance with an average accuracy
of 0.91. Although the model classification performance is excellent, its universality needs further study. Due to limited
capital, time, complex data acquisition, and analysis, we could not conduct external data validation to assess the
universality of our model. Many other studies could not verify external data.9,15,16 Since most data analysis in these
studies was performed by the marketed (company provided) software, such as file analysis and ClinProTools, re-analysis
and external validation of data becomes quite difficult.17,18

Our CRKP and CRSP identification methods are simple, rapid, economical, and suitable for conventional laboratory
diagnosis. In addition, K. pneumoniae made 100 shots on the instrument, and the data stability was very reliable. These
advantages make it possible to incorporate this approach into clinical practice without changing the current protocol.
However, since we only evaluated the classification performance of CRKP and CSKP, other bacteria and antimicrobial
agents need to be tested for the universality of the method.

Conclusion
This study demonstrates that machine learning algorithms combined with the MALDI-TOF MS platform can rapidly
distinguish between CRKP and CSKP isolates. This method is quick, accurate, and provides valuable information. The
carbapenem resistance can be directly predicted based on the MALDI-TOF MS data.
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