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Abstract

:

Point-of-care screening tools are essential to expedite patient care and decrease reliance on slow diagnostic tools (e.g., microbial cultures) to identify pathogens and their associated antibiotic resistance. Analysis of volatile organic compounds (VOC) emitted from biological media has seen increased attention in recent years as a potential non-invasive diagnostic procedure. This work explores the use of solid phase micro-extraction (SPME) and ambient plasma ionization mass spectrometry (MS) to rapidly acquire VOC signatures of bacteria and fungi. The MS spectrum of each pathogen goes through a preprocessing and feature extraction pipeline. Various supervised and unsupervised machine learning (ML) classification algorithms are trained and evaluated on the extracted feature set. These are able to classify the type of pathogen as bacteria or fungi with high accuracy, while marked progress is also made in identifying specific strains of bacteria. This study presents a new approach for the identification of pathogens from VOC signatures collected using SPME and ambient ionization MS by training classifiers on just a few samples of data. This ambient plasma ionization and ML approach is robust, rapid, precise, and can potentially be used as a non-invasive clinical diagnostic tool for point-of-care applications.
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1. Introduction


Timely and accurate detection of pathogens in the human body can play a critical role in the early detection of infection, greatly improving prognosis and recovery [1]. Conventional methods for the identification of bacteria and other pathogens are either very slow, such as microbial culturing, or require highly specialized equipment and expert knowledge, such as molecular identification [2,3]. At present, there is a need for rapid, sensitive, low-cost, and non-invasive screening tools that can be deployed as point-of-care (POC) devices [4]. These POC tools employed in the proximity of patient care are essential to expedite patient care and decrease reliance on slower diagnostic techniques to identify pathogens and their associated antibiotic resistance [4]. Many efforts are underway to develop new point-of-care tools such as Raman spectroscopy and gas chromatography [5,6,7].



Volatile organic compounds are a diverse family of organics that microbial pathogens produce as a result of their metabolic activity [8]. Studies have shown that the VOC profiles emitted by microbes vary with species, environmental conditions, and ambient factors [9]. Identification of pathogens through their VOC profiles by mass spectrometry (MS) has seen extensive research [1,2,10,11]. These studies have analyzed VOCs emissions in exhaled breath, blood, and urine, and have been successful in demonstrating the diagnostic potential of bacterial VOC profiling [12,13,14]. Exhaled breath analysis (EBA) has been extensively studied for disease monitoring [15,16]. Skin VOC sampling and analysis have also picked up pace, and various studies have shown its effectiveness in identifying biomarkers for physiological processes [17,18,19]. The work proposed in this study builds on this premise and presents a method for identifying a pathogen based on its VOC profile.



Human skin hosts a unique microbiome. The perfusion of gases from the skin through surface capillaries makes it an important source of emission of VOCs from the human body [20]. Recently, there have been studies that analyze VOCs collected from the skin to determine surface acidity [17], identify biomarkers of physiological reactions [18], and detect the presence of certain diseases [19]. The field of VOC sensing to detect and monitor the diversity of human disease has thus far been limited by an absence of POC technologies leveraging machine learning (ML) based diagnostic VOC signatures. Fitzgerald et al. [1] have shown that it is possible to discriminate between bacterial strains from VOC profiles obtained through headspace SPME gas chromatography MS; however, this technique relies on lengthy separations that make it practical.



The most common method for VOC profiling is via multivariate analysis, such as principal component analysis [21,22]. In recent years, applications of machine learning (ML) and artificial intelligence have shown great promise in advancing the field of healthcare and critical care [23]. ML models are able to identify physiomarkers that help in early detection of sepsis [24] and predict life-threatening conditions such as acute respiratory distress syndrome (ARDS) using ICU data [25] and gene expression signatures [26]. A major area of research currently is early and accurate detection of infections from microbial VOCs and several statistical and machine learning methods have been successfully developed to this end [4,27]. There are works that demonstrate the use of ML for VOC screening via gas identification using ”e-nose” metal-oxide sensors [28,29]. Palma et. al. show that supervised learning can be successfully used to classify microbial strains using meta-information about their VOC profiles [30]. Other works add to this by showing that SPME and gas chromatography mass spectrometry can be used to sample VOC signatures, which can be used to create VOC profiles for classification [31,32,33]. In this work, we use signal processing and ML techniques to develop a rapid, robust and end-to-end Python pipeline for classifying a pathogen as bacteria or fungi, using the raw MS spectrum.



In this work, solid phase micro-extraction (SPME) and direct analysis in real time (DART) ambient plasma ionization MS were used to collect VOC sample data from microbial cultures followed by automatic feature extraction and learning techniques for VOC profiling. VOC fingerprints have been shown for fungi with DART alone [34] and SPME-DART has been previously reported for the analysis of VOC in samples such as grapes [35] and museum pieces [36]. This study involves using SPME to collect VOCs accumulated in the gas space above the agar slant in a sealed tube, known as the headspace. The SPME blades were then transported to be rapidly processed by DART and high-resolution MS. The VOC samples were profiled as bacteria or fungi and further analyzed to identify individual strains of bacteria. This method has the potential to improve patient care by rapidly identifying human pathogens at the POC by future applications in skin VOC sampling. High-resolution MS was used in this initial discovery phase and could potentially be replaced by portable MS instruments coupled to DART in POC settings to reduce cost.




2. Results and Discussions


2.1. Classification of Pathogens as Bacteria or Fungi Based on VOC Signatures


The MS samples were sent through a blank correction, smoothing, and peak detection pipeline to obtain a binary feature matrix with 1’s indicating peak locations. Principal Component Anaysis (PCA) was performed on this binary feature matrix, before the supervised learning stage. Unsupervised K-means clustering on PCA-transformed data (Figure 1) showed that all fungi were correctly clustered together, but some bacterial samples were assigned to the fungi cluster. The fact that an unsupervised clustering algorithm could identify underlying structure and pattern in the data that can be leveraged to broadly identify the two pathogen types laid a promising premise for further experiments with supervised learning algorithms. The support vector machine binary classifier, K nearest neighbor classifier, and a logistic regression classifier could differentiate between bacterial and fungal pathogens with high accuracy. Decision tree classifiers provided interpretability in terms of identifying salient features that can help distinguish between bacteria and fungi with high accuracy (Figure 2c). Results for the performance of these supervised learning algorithms on the original binary feature matrix as well as the PCA-transformed dataset are listed in Table 1.



Training the classifiers directly on the binary feature matrix obtained after peak detection helped determine exactly which m/z values the classifier algorithms were used to discriminate between bacteria and fungi. This pipeline involved less feature engineering and led to more interpretable results. Random forest classifiers performed significantly better when trained on the original binary feature matrix. It was also easier to visualize the salient peak locations that had maximum discriminatory importance. Each ML model was compared to each other using receiver operating characteristic curves (ROC) and precision–recall (PRC) curves. ROC curves display the sensitivity (true positive rate) and specificity (1-false positive rate) tradeoff of a classifier. PRC plots the precision (positive prediction power) vs. recall (sensitivity). ROC and PRC results for supervised learning algorithms are shown in Figure 3. The area under the curve (AUC) can be treated as an estimate of how well a model performs. All the ML approaches were verified by 3-fold cross-validation. It can be seen that random forest classifiers trained on the binary feature matrix had the best AUC, while SVM performed well on the PCA feature matrix. Logistic regression performed consistently well on both datasets, as can also be verified from Table 1.




2.2. Classifying Individual Bacterial Strains


The dataset consisted of 10 strains of bacteria, with three samples per strain. The training set consisted of two samples per strain, while the third sample was placed in the test set. Even with this limited data set, the decision tree classifiers were able to classify 4 out of the 10 strains in the test set accurately, while the SVM classifier was able to classify 5 out of the 10 strains correctly. Two samples in the training set for each class limited variability introduced by the up-sampling with SMOTE to train the learning models and avoid bias. Further work with larger sample sets needs to be conducted to expand the dataset and validate the proposed method. The observed results show the potential of this data processing workflow in pathogen identification. Certain strains of bacteria were consistently classified correctly with a high degree of confidence by all the trained classifiers. Interpreting the features of discriminatory importance from the decision tree classifiers trained on the normalized and blank corrected MS data could help determine the peaks used for discriminating Proteus mirabilis from the other strains of bacteria highlighted in Figure 4.




2.3. Discussions


While many reports have used data analytics, dimensionality reduction, and clustering techniques to study mass spectra and identify useful markers, very few have focused on the use of supervised ML algorithms for VOC profiling. One reason for this lack of success is the lack of sufficient data to effectively train these supervised learning algorithms. In this study, we used the synthetic minority oversampling technique (SMOTE) [37] to artificially up-sample data by populating each class in the training set with convex combinations of existing data points, ensuring that the new data points retain similar characteristics. Our artificial upsampling and learning pipeline that makes it possible to train machine learning algorithms on a few samples of SPME-DART-MS data, with high precision. Most previous work [30,31,32,33] rely on an intermediate step of peak detection and identification of VOCs using the NIST05 mass spectral library. In our work, an end-to-end pipeline is developed using python, which takes the raw MS data as input and automatically performs background subtraction, peak detection, feature identification, and classification.



Further analyzing the salient discriminatory features that were used for classification shows that the ML algorithms are able to automatically identify peak locations in the MS data that have discriminatory importance. Corresponding VOCs can be identified using this information. This works marks progress in the field of data analytics and processing for metabolite detection and identification, as it not only describes a fully automated method to discriminate between pathogens using VOC signatures but also provides insight into the salient discriminatory features of the VOC signatures so that the results can be interpreted in a biological and chemical context.



To realize the goal of effective point-of-care diagnostics, it is necessary to develop rapid, robust, and precise methods for the detection and diagnosis of these infectious diseases [4]. This study describes a proof-of-principle method for pathogen identification via VOC profiling using DART-SPME samples as a quick and accurate tool for detection of infection. The novelty of this work lies in using SPME and DART ambient plasma ionization MS to rapidly acquire VOC signatures of bacteria and fungi from human skin, designing a data preprocessing pipeline for the MS data using SMOTE to tackle class imbalance, and training ML algorithms successfully in a low-data regime to achieve a precision of 0.92 for identifying bacteria and a precision of 0.72 for identifying fungi.



The results show that supervised classifiers, trained on as few as 40 samples of data, are able to differentiate between the two classes of pathogens with an accuracy close to 90%. With access to more data, it will likely be possible to extend the capabilities of this model such that it can identify the type of pathogen and the specific strains of bacteria and fungi. For this proof-of-principle study, we have limited our analysis to PCA followed by supervised classification. The advantage of PCA is that it is quick, stable, and able to retain interpretability in terms of identifying the peak locations in the MS data that have discriminatory importance. A possible direction for future work would be to explore other classes of multivariate analysis, in particular, Bray–Curtis dissimilarity with NMDS (non-metric multidimensional scaling), which performs well on sparse data. It would be interesting to see whether it can improve the identification of specific bacteria and fungi strains.



Another limitation of this study was the lack of access to an external VOC database to compare the accurate masses to. This could be used to perform structural elucidation on discriminatory features. For the purpose of this study, the pathogen VOC signatures were collected in a controlled laboratory environment. Future work would entail shifting to real-world settings and sampling pathogen VOCs directly from the skin surface of patients.





3. Materials and Methods


3.1. Sample Preparation


Ten species of human pathogenic bacteria and three fungi were incubated at 37    ∘  C overnight on tryptic soy agar slants and sabouraud agar slants, respectively. Visible streaks of microbial growth were observed on the agar surface. A tryptic soy agar and a sabouraud agar slant with no microbes were used as a blank reference headspace. Each species of bacteria and fungus used in this study is listed in Table 2. SPME of the slant headspace was conducted using coated blade spray (CBS) blades with a hydrophilic-lipophilic coating (Restek; Bellefont, PA, USA). Prior to headspace collection, blades were washed with high purity liquid chromatography MS-grade methanol from Fisher Scientific (Hampton, NH, USA) and air dried. Three SPME blades were inserted and sealed into each of the 15 slants in this study. Each set of blades in the sealed slant was incubated at room temperature for 5 min. Blades were then removed after incubation and immediately stored in individual microcentrifuge tubes until processing.




3.2. Ambient Plasma Ionization Mass Spectrometry


VOCs collected on SPME blades were desorbed and ionized by a DART simplified voltage and pressure (SVP) ambient plasma ionization source from Ionsense (Saugus, MA, USA). DART operates through a combined thermal desorption and metastable-induced chemical ionization mechanism. A full description of the DART operation can be found elsewhere [15]. Ultrahigh-purity helium from Airgas (Atlanta, GA, USA) was used to sustain the DART plasma which was heated to 200    ∘  C by the DART’s resistive element. The DART source was coupled to a Waters (Milford, MA, USA) Synapt G2-S via Ionsense’s VAPUR interface for discovery and method optimization experiments. DART-MS experiments were conducted with a 1 s scan time in time-of-flight-only sensitivity mode. The acquisition range was 50–700 m/z in positive ion mode. The Synapt’s ion source inlet temperature was set to 100    ∘  C. The sample cone and source offset were set to 30 V and 50 V, respectively. The Restek CBS blades were placed between the DART plasma stream and the mass spectrometer inlet as shown in Figure 2a. Briefly, a coated blade was removed from the microcentrifuge tube, mounted to a linear rail attached to the VAPUR interface, and then slid into position between the DART plasma exit and the mass spectrometer atmospheric pressure inlet. The flat nature of the CBS substrate ensured that the fluid dynamics were favorable for effective ion injection [38]. After desorption of VOCs from the blade by DART for 60 s, the blade was retracted and a new blade was mounted on the rail for conducting the next analysis.




3.3. Data Preprocessing


The data processing pipeline is illustrated in Figure 2b. First, mass spectra were normalized by subtracting the mean and dividing by the absolute maximum. Next, linear interpolation was applied to the pathogen data to align the m/z axis with the blank spectra for computation. The blank was then subtracted from the pathogen data. The blank-subtracted pathogen spectra were then smoothed by a mean filter. Adaptive thresholding was applied to windows of 50 m/z to gather peak locations. These peak locations were encoded into a binary feature matrix that indicated whether a peak was present in a given m/z interval. The data processing and subsequent classification were conducted using Python in the Jupyter Notebook environment. All code is shared in a publicly available GitHub Repository.



Since the dataset was limited to 39 samples and heavily imbalanced towards the bacterial class, an artificial up-sampling technique called synthetic minority oversampling technique (SMOTE) [37] was utilized to generate a new up-sampled training set for the class with the lowest number of objects. This ensures ML models are more robust and have better predictive abilities. The new data points were created by SMOTE through random convex combinations of existing data points in feature space. This approach is useful while training ML algorithms in low-data or imbalanced class scenarios. The open-source imbalanced-learn library’s implementation of SMOTE [39] was used to up-sample this dataset. Figure 5 shows Principal Component Analysis (PCA) on (a) original VOC data, and (b) the dataset after SMOTE up-sampling.




3.4. Machine Learning Classification Algorithms


The primary objective of this work was to automatically classify a pathogen as bacteria or fungi using its VOC mass spectrum. Automatic identification of specific bacterial strains was explored as a secondary objective. The preliminary dataset consisted of 39 data points. Each data point corresponded to the binary feature vector obtained after peak detection. A train:test ratio of 7:3 was used to split the data, and the training set was populated using SMOTE. The final unsampled dataset consisted of 84 train cases (42 bacteria and 42 fungi) and 36 test cases (18 bacteria and 18 fungi). Principal component analysis (PCA) was applied on this up-sampled dataset. The top 15 principal components were used as input into the ML models. This number was decided by analyzing the elbow plot of explained variance ratio to the number of components. Five different ML classification algorithms were trained and tested for the classification task, implemented using Python’s scikit-learn library. These five ML algorithms included:




	
Logistic Regression with ’L2’ regularization (Ridge Regression): This is a simple linear classification model that achieves good performance for linearly separable classes. A binary classifier was implemented with the stochastic average gradient (SAG) solver and regularized with an ‘L2’ prior.



	
Logistic Regression with ’L1’ regularization (Lasso Regression): This is also a linear model that promotes sparsity in the learnable parameters that are can be seen as weights for each variable. The classifier was implemented with the stochastic average gradient (SAG) solver and regularized with an ‘L1’ prior.



	
Decision Trees and Random Forests: The decision tree algorithm learns to predict the class of a given input by a series of simple decision rules that are inferred from the training data. Random forests are ensemble classifiers that train multitudes of decision trees on different subsets of features, each being trained on a bootstrapped subset of the training data. A random forest classifier was also trained on the PCA-transformed data, as well as on the binary feature matrix. A huge advantage of these methods is that they help identify subsets of input variables that may be most or least relevant to the problem. In our case, we can see the exact peak locations that were of discriminatory importance to the classifier (Figure 2b).



	
Support Vector Machines (SVM): A support vector machine classifier works by finding a classification boundary that best separates the data points in the training set. It is not limited to finding a linear model and is able to find optimal separation in higher dimensional subspaces. An SVM classifier was trained on both the PCA-transformed data, as well as the binary feature matrix. A 5-fold cross-validation-based grid search was used to choose between linear kernels, radial basis function (rbf) kernels, and sigmoid kernels, as well as to choose the optimal hyperparameters.



	
K-Nearest Neighbors (KNN): The K-nearest neighbors algorithm classifies a new data point by simply considering the class of a certain k number of data points in the training set that lie closest to it in the feature space, and then choosing the most frequently occurring class label. A KNN classifier was trained using 8 nearest neighbors, this being determined using a 5-fold cross-validation-based grid search.








The methods listed above are supervised learning methods, i.e., the algorithm uses knowledge of class labels of data points in the training set to learn parameters or rules for predicting the class of a new, unlabeled data point. We also experiment with K-means clustering, an unsupervised learning algorithm, which clusters data points that are most similar (according to a set of salient features that are learned by the algorithm). The algorithm attempts to find structure or patterns in the data without using explicit data labels (bacteria/fungi). Results of the clustering are depicted in Figure 1.





4. Conclusions


This study presents a new approach to identify pathogens from volatile organic compound (VOC) signatures collected from the skin, that is robust, rapid, and precise, and can potentially be used as a non-invasive clinical diagnostic tool for point-of-care applications.







Author Contributions


Conceptualization, R.K., F.M.F., C.L.Q., J.M.L., A.E. and J.K.F.; methodology, R.K., F.M.F., C.L.Q., S.C.Z. and M.A.; investigation and formal analysis, R.K, C.L.Q., S.C.Z. and M.A.; supervision, R.K., F.M.F. and C.L.Q.; visualization and writing, M.A. and S.C.Z.; review and editing, R.K., F.M.F., C.L.Q., J.M.L. and A.E. All authors have read and agreed to the published version of the manuscript.




Funding


R Kamaleswaran was supported by the National Institutes of Health under Award Numbers R01GM139967 and UL1TR002378.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The data presented in this study are publicly available at https://github.com/rkamaleswaran/VOCpath (accessed on 6 March 2022).




Acknowledgments


The following reagent was obtained through BEI Resources, NIAID, NIH as part of the Human Microbiome Project: Enterococcus faecium, Strain 513, HM-959. The following reagent was obtained through BEI Resources, NIAID, NIH: Klebsiella aerogenes, Strain UCI 15, NR-48555. The following reagent was obtained through BEI Resources, NIAID, NIH: Candida albicans, Strain 23B, NR-29340. All reagents with a “CDC” strain number were provided by the CDC & FDA Antibiotic Resistance Isolate Bank.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Fitzgerald, S.; Duffy, E.; Holland, L.; Morrin, A. Multi-strain volatile profiling of pathogenic and commensal cutaneous bacteria. Sci. Rep. 2020, 10, 17971. [Google Scholar] [CrossRef] [PubMed]

	



Tait, E.; Perry, J.D.; Stanforth, S.P.; Dean, J.R. Identification of volatile organic compounds produced by bacteria using HS-SPME-GC-MS. J. Chromatogr. Sci. 2014, 52, 363–373. [Google Scholar] [CrossRef] [PubMed]

	



Reali, S.; Najib, E.Y.; Balázs, K.E.T.; Tan, A.C.H.; Váradi, L.; Hibbs, D.E.; Groundwater, P.W. Novel diagnostics for point-of-care bacterial detection and identification. RSC Adv. 2019, 9, 21486–21497. [Google Scholar] [CrossRef]

	



Wang, C.; Liu, M.; Wang, Z.; Li, S.; Deng, Y.; He, N. Point-of-care diagnostics for infectious diseases: From methods to devices. Nano Today 2021, 37, 101092. [Google Scholar] [CrossRef]

	



Leong, S.X.; Leong, Y.X.; Tan, E.X.; Sim, H.Y.F.; Koh, C.S.L.; Lee, Y.H.; Chong, C.; Ng, L.S.; Chen, J.R.T.; Pang, D.W.C.; et al. Noninvasive and Point-of-Care Surface-Enhanced Raman Scattering (SERS)-Based Breathalyzer for Mass Screening of Coronavirus Disease 2019 (COVID-19) under 5 min. ACS Nano 2022, 16, 2629–2639. [Google Scholar] [CrossRef] [PubMed]

	



McGuire, N.D.; Ewen, R.; de Lacy Costello, B.; Garner, C.E.; Probert, C.; Vaughan, K.; Ratcliffe, N.M. Towards point of care testing for C. difficile infection by volatile profiling, using the combination of a short multi-capillary gas chromatography column with metal oxide sensor detection. Meas. Sci. Technol. 2014, 25, 065108. [Google Scholar] [CrossRef] [PubMed]

	



McNerney, R.; Daley, P. Towards a point-of-care test for active tuberculosis: Obstacles and opportunities. Nat. Rev. Microbiol. 2011, 9, 204–213. [Google Scholar]

	



Korpi, A.; Järnberg, J.; Pasanen, A.L. Microbial volatile organic compounds. Crit. Rev. Toxicol. 2009, 39, 139–193. [Google Scholar] [CrossRef]

	



Misztal, P.K.; Lymperopoulou, D.S.; Adams, R.I.; Scott, R.A.; Lindow, S.E.; Bruns, T.; Taylor, J.W.; Uehling, J.; Bonito, G.; Vilgalys, R.; et al. Emission Factors of Microbial Volatile Organic Compounds from Environmental Bacteria and Fungi. Environ. Sci. Technol. 2018, 52, 8272–8282. [Google Scholar] [CrossRef]

	



Steppert, I.; Schönfelder, J.; Schultz, C.; Kuhlmeier, D. Rapid in vitro differentiation of bacteria by ion mobility spectrometry. Appl. Microbiol. Biotechnol. 2021, 105, 4297–4307. [Google Scholar] [CrossRef]

	



Dailey, A.; Saha, J.; Zaidi, F.; Abdirahman, H.; Haymond, A.; Alem, F.; Hakami, R.; Couch, R. VOC fingerprints: Metabolomic signatures of biothreat agents with and without antibiotic resistance. Sci. Rep. 2020, 10, 11746. [Google Scholar] [CrossRef] [PubMed]

	



Kunze-Szikszay, N.; Euler, M.; Perl, T. Identification of volatile compounds from bacteria by spectrometric methods in medicine diagnostic and other areas: Current state and perspectives. Appl. Microbiol. Biotechnol. 2021, 105, 6245–6255. [Google Scholar] [CrossRef] [PubMed]

	



Neerincx, A.H.; Geurts, B.P.; van Loon, J.; Tiemes, V.; Jansen, J.J.; Harren, F.J.M.; Kluijtmans, L.A.J.; Merkus, P.J.F.M.; Cristescu, S.M.; Buydens, L.M.C.; et al. Detection of Staphylococcus aureus in cystic fibrosis patients using breath VOC profiles. J. Breath Res. 2016, 10, 046014. [Google Scholar] [CrossRef] [PubMed]

	



Zetola, N.M.; Modongo, C.; Matsiri, O.; Tamuhla, T.; Mbongwe, B.; Matlhagela, K.; Sepako, E.; Catini, A.; Sirugo, G.; Martinelli, E.; et al. Diagnosis of pulmonary tuberculosis and assessment of treatment response through analyses of volatile compound patterns in exhaled breath samples. J. Infect. 2017, 74, 367–376. [Google Scholar] [CrossRef] [PubMed]

	



Cody, R.B.; Laramée, J.A.; Durst, H.D. Versatile new ion source for the analysis of materials in open air under ambient conditions. Anal. Chem. 2005, 77, 2297–2302. [Google Scholar] [CrossRef] [PubMed]

	



Smolinska, A.; Hauschild, A.C.; Fijten, R.; Dallinga, J.; Baumbach, J.; Van Schooten, F. Current breathomics—A review on data pre-processing techniques and machine learning in metabolomics breath analysis. J. Breath Res. 2014, 8, 027105. [Google Scholar] [CrossRef]

	



Shetewi, T.; Finnegan, M.; Fitzgerald, S.; Xu, S.; Duffy, E.; Morrin, A. Investigation of the relationship between skin-emitted volatile fatty acids and skin surface acidity in healthy participants—A pilot study. J. Breath Res. 2021, 15, 037101. [Google Scholar] [CrossRef]

	



Vishinkin, R.; Busool, R.; Mansour, E.; Fish, F.; Esmail, A.; Kumar, P.; Gharaa, A.; Cancilla, J.C.; Torrecilla, J.S.; Skenders, G.; et al. Profiles of Volatile Biomarkers Detect Tuberculosis from Skin. Adv. Sci. 2021, 8, 2100235. [Google Scholar] [CrossRef]

	



Zamkah, A.; Hui, T.; Andrews, S.; Dey, N.; Shi, F.; Sherratt, R.S. Identification of suitable biomarkers for stress and emotion detection for future personal affective wearable sensors. Biosensors 2020, 10, 40. [Google Scholar] [CrossRef]

	



Nylander-French, L.A.; Beauchamp, J.D.; Pleil, J.D. Volatile emissions from skin. InBreathborne Biomarkers and the Human Volatilome; Elsevier: Amsterdam, The Netherlands, 2020; pp. 409–423. [Google Scholar] [CrossRef]

	



Nizio, K.; Perrault, K.; Troobnikoff, A.; Ueland, M.; Shoma, S.; Iredell, J.; Middleton, P.; Forbes, S. In vitro volatile organic compound profiling using GC× GC-TOFMS to differentiate bacteria associated with lung infections: A proof-of-concept study. J. Breath Res. 2016, 10, 026008. [Google Scholar] [CrossRef]

	



Kusano, M.; Mendez, E.; Furton, K.G. Comparison of the volatile organic compounds from different biological specimens for profiling potential. J. Forensic Sci. 2013, 58, 29–39. [Google Scholar] [CrossRef]

	



Rajpurkar, P.; Chen, E.; Banerjee, O.; Topol, E.J. AI in health and medicine. Nat. Med. 2022, 28, 31–38. [Google Scholar] [CrossRef]

	



Mohammed, A.; Wyk, F.V.; Chinthala, L.K.; Khojandi, A.; Davis, R.L.; Coopersmith, C.M.; Kamaleswaran, R. Temporal Differential Expression of Physiomarkers Predicts Sepsis in Critically Ill Adults. Shock 2021, 56, 58–64. [Google Scholar] [CrossRef]

	



Singhal, L.; Garg, Y.; Yang, P.; Tabaie, A.; Wong, A.I.; Mohammed, A.; Chinthala, L.; Kadaria, D.; Sodhi, A.; Holder, A.L.; et al. eARDS: A multi-center validation of an interpretable machine learning algorithm of early onset Acute Respiratory Distress Syndrome (ARDS) among critically ill adults with COVID-19. PLoS ONE 2021, 16, e0257056. [Google Scholar] [CrossRef]

	



Grunwell, J.R.; Rad, M.G.; Stephenson, S.T.; Mohammad, A.F.; Opolka, C.; Fitzpatrick, A.M.; Kamaleswaran, R. Machine Learning–Based Discovery of a Gene Expression Signature in Pediatric Acute Respiratory Distress Syndrome. Crit. Care Explor. 2021, 3, e0431. [Google Scholar] [CrossRef]

	



Yan, S.; Wang, S.; Qiu, J.; Li, M.; Li, D.; Xu, D.; Li, D.; Liu, Q. Raman spectroscopy combined with machine learning for rapid detection of food-borne pathogens at the single-cell level. Talanta 2021, 226, 122195. [Google Scholar] [CrossRef]

	



Huang, Y.; Doh, I.J.; Bae, E. Design and validation of a portable machine learning-based electronic nose. Sensors 2021, 21, 3923. [Google Scholar] [CrossRef]

	



Liao, Y.H.; Shih, C.H.; Abbod, M.F.; Shieh, J.S.; Hsiao, Y.J. Development of an E-nose system using machine learning methods to predict ventilator-associated pneumonia. Microsyst. Technol. 2022, 28, 341–351. [Google Scholar] [CrossRef]

	



Palma, S.I.; Traguedo, A.P.; Porteira, A.R.; Frias, M.J.; Gamboa, H.; Roque, A.C. Machine learning for the meta-analyses of microbial pathogens’ volatile signatures. Sci. Rep. 2018, 8, 3360. [Google Scholar] [CrossRef]

	



Vitense, P.; Kasbohm, E.; Klassen, A.; Gierschner, P.; Trefz, P.; Weber, M.; Miekisch, W.; Schubert, J.K.; Möbius, P.; Reinhold, P.; et al. Detection of Mycobacterium avium ssp. paratuberculosis in Cultures From Fecal and Tissue Samples Using VOC Analysis and Machine Learning Tools. Front. Vet. Sci. 2021, 8, 53. [Google Scholar] [CrossRef]

	



Monedeiro, F.; Monedeiro-Milanowski, M.; Zmysłowski, H.; Martinis, B.S.D.; Buszewski, B. Evaluation of salivary VOC profile composition directed towards oral cancer and oral lesion assessment. Clin. Oral Investig. 2021, 25, 4415–4430. [Google Scholar] [CrossRef]

	



Capitain, C.; Weller, P. Non-Targeted Screening Approaches for Profiling of Volatile Organic Compounds Based on Gas Chromatography-Ion Mobility Spectroscopy (GC-IMS) and Machine Learning. Molecules 2021, 26, 5457. [Google Scholar] [CrossRef]

	



Busman, M.; Roberts, E.; Proctor, R.H.; Maragos, C.M. Volatile Organic Compound Profile Fingerprints Using DART–MS Shows Species-Specific Patterns in Fusarium Mycotoxin Producing Fungi. J. Fungi 2021, 8, 3. [Google Scholar] [CrossRef]

	



Jastrzembski, J.A.; Bee, M.Y.; Sacks, G.L. Trace-Level Volatile Quantitation by Direct Analysis in Real Time Mass Spectrometry following Headspace Extraction: Optimization and Validation in Grapes. J. Agric. Food Chem. 2017, 65, 9353–9359. [Google Scholar] [CrossRef]

	



Alvarez-Martin, A.; George, J.; Kaplan, E.; Osmond, L.; Bright, L.; Newsome, G.A.; Kaczkowski, R.; Vanmeert, F.; Kavich, G.; Heald, S. Identifying VOCs in exhibition cases and efflorescence on museum objects exhibited at Smithsonian’s National Museum of the American Indian-New York. Herit. Sci. 2020, 8, 115. [Google Scholar] [CrossRef]

	



Chawla, N.V.; Bowyer, K.W.; Hall, L.O.; Kegelmeyer, W.P. SMOTE: Synthetic Minority Over-sampling Technique. arXiv 2011, arXiv:1106.1813. [Google Scholar] [CrossRef]

	



Curtis, M.; Keelor, J.D.; Jones, C.M.; Pittman, J.J.; Jones, P.R.; Sparkman, O.D.; Fernández, F.M. Schlieren visualization of fluid dynamics effects in direct analysis in real time mass spectrometry. Rapid Commun. Mass Spectrom. 2015, 29, 431–439. [Google Scholar] [CrossRef]

	



Lemaître, G.; Nogueira, F.; char, C.K.A. Imbalanced-learn: A Python Toolbox to Tackle the Curse of Imbalanced Datasets in Machine Learning. J. Mach. Learn. Res. 2017, 18, 559–563. [Google Scholar]








[image: Metabolites 12 00232 g001 550] 





Figure 1. (a) Feature vectors corresponding to each pathogen as data points in the transformed feature space after k-means clustering for two clusters. The colored shaded regions cover all the points that were clustered together and the red and green differentiate between the two clusters. We can see that there is some inherent separability between bacteria (red data points) and fungi (green data points) in this transformed feature space. (b) This plot shows the variability of salient peak locations in each cluster. The clustering algorithm is able to automatically identify peak locations that are commonly seen in one pathogen type, and not seen in the other. 
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Figure 2. Study overview for identification of pathogens from skin VOCs. (a) Summary diagram of the SPME-DART-MS procedure. SPME blades are incubated in the headspace of the agar slant with the microbes. The blades are then removed and placed in between the plasma stream of the DART plasma ionization source and the ambient pressure interface of the mass spectrometer. VOC adhered to the SPME blade are desorbed and ionized by DART. Then, the ionized VOC enter the ambient pressure interface of the mass spectrometer for measurement to produce a signature. (b) Process flow diagram for MS data preprocessing, peak detection, and ML. The mass spectra of the pathogen and blank were first min-max normalized. Linear interpolation was applied to the pathogen data to match the m/z sampling frequency of the blank to facilitate the blank subtraction step. The pathogen mass spectra were then smoothed by a mean filter, after which adaptive thresholding was applied to windows of 50 m/z intervals to obtain peak locations. These are encoded into a binary feature matrix that indicates whether a peak is present in a unit m/z interval or not. A PCA transform on this matrix was used as the input to our ML classification algorithms. (c) Interpretation of the decision tree trained on the binary feature matrix in terms of feature importance. This figure shows the distribution of bacteria and fungi samples with respect to the peak locations of most discriminatory importance (100 m/z, 377 m/z, 147 m/z). 
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Figure 3. Receiver operating characteristic curves (ROC) depict the tradeoff between true positives vs. false positives for each algorithm (traces rising closer to the top left are better). The precision–recall curves (PRC) show the tradeoff between true positive vs precision in positive predictions for each algorithm (traces closer to the top right are better). This figure displays the ROC and PRC curves for classifiers trained on the binary feature matrix as well as the feature matrix after PCA, respectively. 
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Figure 4. Detected VOCs at m/z 478.3883, m/z 592.2332, and m/z 666.2437 for all 3 samples of Proteus mirabilis (CDC-0029). 
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Figure 5. Principal component analysis on (a) original VOC data, and on (b) the dataset after SMOTE upsampling. SMOTE is a dataset upsampling technique that was used in this study to add artificial datapoints generated via random convex combinations of existing data points in the feature space. This is useful while training ML algorithms on class-imbalanced datasets and low-data regimes. In our study, the bacteria class (Class 0) had 30 samples and the fungi class (Class 1) had 9 samples. SMOTE was used to combat the limited dataset and class imbalance issues to train our ML algorithms with lesser bias. 
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Table 1. Results of binary classification (bacteria vs. fungi) for the five supervised ML algorithms (averaged over 3-folds) on the binary feature matrix and the PCA-transformed data. The numbers in bold mark the highest values for each metric. It can be observed that decision tree classifiers trained on the binary feature matrix perform well, with highest overall accuracy, f-score, and AUC.
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Classifier

	
Dataset

	
Accuracy

	
F-Score

	
Area under the ROC Curve (AUC)

	
Class Bacteria

	
Class Fungi




	

	
Precision

	
Sensitivity

	
Precision

	
Sensitivity

	

	

	

	






	
Logistic Regression

	
Binary Features

	
0.846

	
0.748

	
0.865

	
0.903

	
0.899

	
0.639

	
0.667




	

	
PCA Features

	
0.846

	
0.843

	
0.775

	
0.853

	
0.970

	
0.833

	
0.444




	
Logistic Regression with Lasso

	
Binary Features

	
0.795

	
0.753

	
0.921

	
0.928

	
0.870

	
0.633

	
0.722




	

	
PCA Features

	
0.795

	
0.742

	
0.827

	
0.895

	
0.870

	
0.633

	
0.639




	
K-Nearest Neighbors

	
Binary Features

	
0.821

	
0.782

	
0.743

	
0.886

	
0.903

	
0.700

	
0.583




	

	
PCA Features

	
0.820

	
0.812

	
0.752

	
0.886

	
0.936

	
0.750

	
0.583




	
Support Vector Machines

	
Binary Features

	
0.795

	
0.657

	
0.805

	
0.870

	
0.862

	
0.528

	
0.583




	

	
PCA Features

	
0.821

	
0.670

	
0.734

	
0.842

	
0.899

	
0.556

	
0.444




	
Random Forest Classifier

	
Binary Features

	
0.872

	
0.937

	
0.951

	
0.881

	
0.982

	
0.980

	
0.555




	

	
PCA Features

	
0.744

	
0.570

	
0.779

	
0.794

	
0.903

	
0.444

	
0.194
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Table 2. This table lists the specific bacteria and fungus species evaluated using SPME-DART-MS in this study.
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	Pathogen
	Strain





	
	Staphylococcus aureus (LAC)



	
	Staphylococcus aureus (UAMS-1)



	
	Staphylococcus epidermidis (NRS-101)



	
	Acinetobacter baumannii (CDC-0033)



	Bacteria
	Klebsiella pneumoniae (CDC-0004)



	
	Pseudomonas aeruginosa (PA01)



	
	Klebsiella aerogenes (NR-48555)



	
	Enterococcus faecium ( HM-959 )



	
	Escherichia coli (CDC-0346)



	
	Proteus mirabilis (CDC-0029)



	
	Candida albicans ( NR-29340 )



	Fungi
	Candida glabrata (CDC-0314)



	
	Malassezia fufur (ATCC-12078)
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