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Abstract

:

In modern materials research, nanotechnology will play a game-changing role, with nanoarchitectonics as an overarching integrator of the field and artificial intelligence hastening its progress as a super-accelerator. We would like to discuss how this schema can be utilized in the context of specific applications, with exemplification using disease diagnosis. In this paper, we focus on early, noninvasive disease diagnosis as a target application. In particular, recent trends in chemosensing in the detection of cancer and Parkinson’s disease are reviewed. The concept has been gaining traction as dynamic volatile metabolite profiles have been increasingly associated with disease onset, making them promising diagnostic tools in early stages of disease. We also discuss advances in nanoarchitectonic chemosensors, which are theoretically ideal form factors for diagnostic chemosensing devices. Last but not least, we shine the spotlight on the rise to prominence and emergent contributions of artificial intelligence (AI) in recent works, which have elucidated a strong synergy between chemosensing and AI. The powerful combination of nanoarchitectonic chemosensors and AI could challenge our current notions of disease diagnosis. Disease diagnosis and detection of emerging viruses are important challenges facing society. The parallel development of advanced functional materials for sensing is necessary to support and enable AI methodologies in making technological leaps in applications. The material and structural formative technologies of nanoarchitectonics are critical in meeting these challenges.
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1. Introduction


Advances in materials science such as the development of nanotechnology provide the means to solve a variety of problems in energy [1,2,3,4,5,6,7,8,9,10,11,12,13,14,15], the environment [16,17,18,19,20,21,22,23,24,25,26,27,28,29,30,31], and medicine [32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48]. More specifically, advances in nanotechnology have made it possible to observe small structures, analyze their properties, and manipulate structures at fundamental levels [49,50,51,52,53,54,55,56,57,58,59]. Using materials science principles, functional materials with higher performance and specificity are now being developed through the creation of groups of materials with ever more precise internal nanostructures. The overarching concept that encompasses systematizing the body of knowledge about these materials and facilitating new developments is nanoarchitectonics [60,61]. Nanoarchitectonics emerged as a post-nanotechnological concept [62]. Richard Feynman founded the concept of nanotechnology in the mid-20th century [63,64], and Masakazu Aono proposed nanoarchitectonics at the beginning of the 21st century [65,66]. Nanoarchitectonics integrates nanotechnology with other fields of materials science. It is the architecting of functional material groups from atoms, molecules, and nanomaterials [67,68,69]. Since all materials are made of atoms and molecules, this methodology theoretically applies in the creation of all materials. It may be likened to the theory of everything in physics [70] and may be considered the method for everything in materials science [71].



When developing new materials for a purpose, it is crucial to sift through the breadth of established knowledge for a method that is suitable and effective. Until now, scientists have achieved this through experience, intuition, and honed literature searches. In recent years, however, artificial intelligence (AI) technologies have advanced remarkably; machine learning (ML) [72,73,74,75,76,77,78,79] and materials informatics [80,81,82,83,84,85,86,87] now demonstrate considerable potential to support the work of scientists, on the premise of large amounts of accumulated data. This may give nanoarchitectonics, which aims to integrate many kinds of materials and diverse properties, a significant edge against the evolving challenges and demands of today. In modern materials research, nanotechnology will play a game-changing role, with nanoarchitectonics as an overarching integrator of the field, and AI hastening its progress as a super-accelerator [88]. The effectiveness of such a schema has been anticipated in the field of nanoporous materials used for energy applications. The same strategy could bring efficiency and productivity to a variety of fields and targets under nanoarchitechtonics. It is known to be useful in the field of biotechnology, encompassing basic biological [89,90,91,92] and biomedical applications [93,94,95,96]. It also has notable applications in various chemical sensors [97,98,99,100,101] and biosensors [102,103,104,105,106]. There is a high possibility for nanoarchitectonics to make major contributions to sensing in biological systems, which is necessary to address modern healthcare demands.



With this background, we would like to discuss how the schema can be utilized in specific applications. In this paper, we focus on early, noninvasive disease diagnosis as a target application. In particular, there have been recent, exciting developments in chemosensing in the detection of cancer and Parkinson’s disease, which are the focusing lens of this review. Our review explores the growing prominence and contributions of AI to chemosensing diagnostics. Through examples in recent literature, we frame a portrait of the complementary nature of nanoarchitectonic chemosensors and AI, and how they are congregating to challenge our current notions of disease diagnosis. Finally, we close by conveying our perspectives on the abundant challenges and opportunities from a materials science standpoint.




2. Application of Chemosensing in Early, Noninvasive Disease Detection


Early, accurate diagnosis plays a key role in patient outcomes for any disease. In turn, extraction of biochemical data from biofluids is key to making early and accurate diagnoses. Both established diagnostic tools and ongoing research heavily favor analyzing invasively collected samples such as blood and tissue over noninvasive samples such as urine, breath, saliva, etc. Bujak et al. found that, in metabolomics research conducted between 2010 and 2015, 68.5% of studies were conducted on blood, 4.4% on tissue extracts, 21.3% on urine, and only 4.6% and 1.4% on saliva and breath samples, respectively [107]. The disadvantages of invasive sample collection are well known, including pain and discomfort for the patient, the necessity for assisted collection, and higher sampling, analysis, and storage costs. In comparison, breath, saliva, and other noninvasively collected biofluids are heavily under-utilized in both diagnosis and research.



Nonetheless, the heavy favor towards invasive sampling is not without reason. Noninvasive samples typically suffer from high levels of bacterial contamination and low analyte quality. However, newly discovered links between disease and volatile organic compounds (VOCs) emanating from noninvasive biofluids, new chemosensing approaches to analyzing those biofluids, and the integration of AI to interpret the data together warrant renewed interest in studying noninvasively collected biofluids as diagnostic tools.



There is a relatively mature and reliable methodology for studying and analyzing VOCs from biofluids (Figure 1). Following sample collection, gas-phase (e.g., breath) samples can be directly analyzed, while liquid-phase (e.g., urine) and solid-phase (e.g., tissue extracts) samples often undergo headspace analysis to enhance volatile components. VOCs derived from the sample typically undergo a combined technique of separation (e.g., by affinity, mass, ionization, electrophoresis, etc.) and spectrometry/spectroscopy (e.g., ion mobility, mass, NMR, etc.). The most common combination techniques are variations of gas and liquid chromatography and mass spectrometry (GC-MS and LC-MS). More details on analytical techniques and their application to breath and saliva samples have been comprehensively reviewed elsewhere [108].



Here, we review the newest developments in early, noninvasive detection of cancer and Parkinson’s disease by covering two subsidiary topics—recent advancements in the established methodology using GC-MS and adjacent technologies (Section 2), and chemosensor developments under the nanoarchitectonics strategy with prospective contributions to the field (Section 3)—while portraying AI’s rise to prominence in this field.



2.1. Chemosensing in Detecting Cancer


The altered metabolism of cancer cells leads to abnormalities in their biochemical pathways (i.e., changes in rate of oxidative stress, lipid peroxidation, and gene sequences). Consequently, the downstream products, including VOC profiles, are putatively distinguishable by more advanced olfactory systems. In the past decade, attempts have been made to harness fruit fly [109,110], canine [111,112], and murine [113] olfactory systems for cancer detection. In the absence of comparable artificial gas sensors, biological sensors have demonstrated the potential for chemosensing in the detection of cancer, but they also demonstrate inherent flaws such as ethical controversy, investment into training and sustaining animals, errors in interpreting animal behavior, lacking robustness and quantifiability, and being unsuitable for storage.



Recent studies have converged in their approaches towards early, noninvasive cancer screening. The aim is to identify key VOC biomarkers in samples of respective cancer types (i.e., breath samples for lung cancer (LC), urine samples for bladder cancer (BC)), so that gas sensing techniques and artificial gas sensors may be applied in cancer detection. Concomitantly, some studies further apply statistical and ML methods on identified VOCs and corresponding concentration dynamics to build predictive models that classify patient datasets into cancer-bearing and healthy groups.



Sani et al. used liquid chromatography–mass spectrometry (LC-MS) to detect and analyze VOCs in breath samples (291 LC patients and 95 healthy controls) [114]. They discovered seven VOCs with significantly different concentrations between LC patients and healthy controls, and built a predictive model based on a random forest algorithm. The dataset was evenly split into a training set and a validation set. The model achieved an average diagnostic sensitivity (rate of true positives) of 83% and specificity (rate of true negatives) of 78% based on those markers; the area under the curve (AUC) of the receiver operating characteristic (ROC) curve, plotting the rate of true positives (sensitivity) against the rate of false positives (1-specificity), ranged between 0.604 and 0.766 for the seven VOCs. They identified 3-hydroxy-2-butanone and 2-pentanone as candidate biomarkers of LC and associated their concentration dynamics with the sugar metabolism of oral bacteria and lipid metabolism in LC patients, respectively.



Wang et al. used high-pressure photon ionization–time-of-flight mass spectrometry (HIPPI-TOFMS) and identified 16 relevant VOC species in a discovery study of 84 LC patients [115]. Using a multivariate logistic regression model based on the 16 VOCs, they achieved a sensitivity of 89.2% and specificity of 89.1% in a validation study of 157 LC patients and 368 healthy controls, reaching an AUC of 0.952. Amongst the 16 VOCs, the authors surmised that the 8 most prominent VOCs in terms of diagnostic performance could be applied in lung cancer diagnosis. The same model trained on only the top eight VOCs yielded a sensitivity of 86% and specificity of 87.2%, reaching an AUC of 0.931.



Ligor et al. used headspace solid-phase microextraction (SPME) to extract VOCs from urine samples (40 BC patients and 57 healthy controls), and gas chromatography–time-of flight-mass spectrometry (GC-TOF-MS) to detect and analyze gas components [116]. They discovered 12 VOCs exclusively present in the urine of BC patients, and 6 additional VOCs present in elevated levels. Among these identified species, they proposed butyrolactone, 2-methoxyphenol,3-methoxy-5-methylphenol, 1-(2,6,6-trimethylcyclohexa-1,3-dien-1-yl)-2-buten-1-one, nootkatone, and 1-(2,6,6-trimethyl-1-cyclohexenyl)-2-buten-1-one as candidate biomarkers for detecting BC.




2.2. Chemosensing in Detecting Parkinson’s Disease


Recent studies have led to significant milestones in detecting Parkinson’s disease (PD) using sebum. Sebum is a biofluid secreted by sebaceous glands that aids the body with temperature regulation by moisturizing skin and trapping sweat. Increased sebum production has long been associated with seborrheic dermatitis (SD), which is a premotor symptom of PD caused by hormonal changes [117]. Some recent studies have shown a significant correlation between PD and compositional changes in sebum, and the prospect of diagnosing PD with the aid of chemical sensing methods thereby.



Using LC-MS to separate and detect analytes, Sinclair et al. discovered differences in the metabolomic profiles of diagnosed PD patients compared with healthy controls; these include downregulation of ceramide, triacylglycerol, and fatty acyl classes and upregulation of glycosphingolipid and fatty acyl classes, which point to certain enriched metabolic pathways in PD patients [68]. Using paper spray ionization with ion mobility mass spectrometry (PS-IS-MS), Sarkar et al. aimed for faster analysis and reduced sample processing to improve clinical utility compared with LC-MS; this technique also allows the further separation of analytes by their mass-to-charge ratio [118]. They detected that higher-molecular-weight species such as triacylglycerides and diglycerides were expressed differently in PD patients [119].



In the chemosensing approach to PD screening, sebum samples are typically swabbed from skin in sebum-rich locations (upper back). Analytes are separated, analyzed, and cross-referenced with known biomarker profiles (Figure 2). The value proposition of the approach lies in establishing an objective and consistent diagnosis for PD, early detection preceding significant motor degeneration, and noninvasive, inexpensive sample collection [118,119,120].



VOCs, as a class of metabolites, generated much of the initial interest in chemosening for the detection of PD. These molecules contribute to a characteristic odor profile that was first reported by an individual with a remarkable sense of smell [121,123].



Using thermal desorption–gas chromatography–mass spectrometry (TD-GC-MS) for detection and analysis, Trivedi et al. identified a distinct volatile metabolomic profile associated with PD [121]. The pilot study (43 PD patients and 21 healthy controls) used a partial least-squares-discriminant analysis (PLS-DA) model to classify biomarker data, achieving a sensitivity of 90% and specificity of 67%, reaching an AUC of 0.777. They identified perillic aldehyde, eicosane, octadecanal, and hippuric acid as key biomarkers in PD patients; these findings were corroborated by the supersmeller individual.



In a follow-up study (100 PD patients and 29 healthy controls), Sinclair et al. added headspace analysis to concentrate samples before detection and again classified data to differentiate PD patients from controls using a PLS-DA model [122]. They achieved a sensitivity of 92.4% and specificity of 64.5%, which is consistent with the pilot study and reinforces the existence of a unique VOC profile associable with PD; ROC curve analysis yielded an AUC of 0.872, which is significantly improved from the pilot study, potentially due to larger sample size. However, retention times and spectra did not sufficiently match the four previously identified biomarkers, instead hinting at a more complex profile consisting of large, chemically similar hydrocarbon products of lipid decomposition.




2.3. Discussion and Evaluation of Chemosensing in Disease Detection


Although few would contend their existence at this point, the identity of viable VOC biomarkers of cancer is a subject of much contention. Various hydrocarbon, alcohol, and aldehyde groups have been detected with some frequency, but there has been no satisfying consensus on specific and targetable compounds [115]. This is unsurprising, as the inability to replicate results of metabolomics studies (and clinical studies in general) is widely acknowledged [108]. Small sample sizes, inconsistencies in sample collection, variation between individuals, patient condition, test environment, etc., are but some obstacles precluding confirmation of a working set of cancer biomarkers [108,115].



In the recent past, statistical techniques such as principal component analysis (PCA) and partial least squares (PLS) have been standard for building predictive models based on VOC biomarker data, with the aim of classifying diseased and healthy datasets for diagnostic purposes [108]. As is evident in the literature examples reviewed thus far, the recent trend is to build predictive models using ML techniques instead. ML techniques are certainly advantageous when dealing with multivariate and multidimensional problems like disease diagnosis, and the combined GC-MS/LC-MS techniques generate plenty of data for model training. Nevertheless, some ML techniques are prone to overfitting, particularly in studies with smaller sample sizes, and their black box nature further obfuscates the criteria for classification and dimension reduction. A comparative study evaluating the performance of some ML techniques applied to breast cancer detection was conducted by Wang [124].



At the time of writing, reported diagnostic accuracies (sample mean of sensitivity and specificity) of over 80% are common, and performances of 60–70% are considered poor [115]. Next to diagnostic accuracy, the most consistently reported indicator of a model’s discriminatory power is the receiver operating characteristic (ROC), which is often summarized by its area under the curve (AUC). The ROC itself is a plot of the model’s rate of true positives (sensitivity) against its rate of false positives (1−specificity). As such, the AUC is a value between 0 and 1.0, the higher the better, with values > 0.95 considered excellent, and values < 0.5 considered not useful in terms of screening performance [125,126,127]. Values between 0.5 and 0.95 are more difficult to interpret, and require closer scrutiny of the ROC’s shape, standard deviation, mean, and sample size to draw conclusions [127]. As such, the interested reader is encouraged to refer to ROC plots from the primary sources to make a more extensive assessment of the studies’ credibility.



Although the ROC is mathematically simple and overwhelmingly popular in the literature, the plot does not aptly facilitate comparison between different diagnostic tests. This has led to implicit comparison of AUC values in many studies, which has been implicated as meaningless because it fails to preserve contextual information upon derivation from the ROC, as detailed in Wald et al. [127].



Although other sophisticated supporting metrics such as likelihood ratios exist, they are currently seldom used and reported in the featured articles, and consequently do not facilitate comparison either. Indeed, the absence of a clearly defined, objective, and widely used or standardized metric and threshold is problematic for comparing the power of different diagnostic tests for screening purposes.



Furthermore, beyond being an objective metric, the clinical usefulness of a test is also strongly influenced by the prevalence of the disease to be diagnosed, implications and side effects of intervention, and cost and indications of a specific testing product. As such, in lieu of replacing professional diagnoses, the prospective role of this technology will likely be that of a powerful early monitoring and diagnostic tool, used alongside additional indicators, signs, and symptoms to help healthcare professionals make more objective and informed diagnoses.



Compared with the body of work on cancer biomarkers and diagnostics, studies on PD are fewer and less mature. The concept of extracting PD biomarkers from sebum was only pioneered in 2019. However, we can reasonably extrapolate much of the discourse on and trends in cancer biomarker and diagnostic studies to PD. As with cancer, detecting PD by direct verification of compounds currently presents considerable challenges due to the complexity of sebum composition. Although the mainstream studies presented thus far have exclusively developed statistical models, we can expect a future trend of exploring PD detection by recognizing features of the chemical profile using ML methods; in fact, one such study has already been published by Fu et al., and it features in Section 4 of this review [120].



A final issue with the established methodology for chemosensing in disease detection lies with its form factor. The GC-MS detectors and equivalent setups are bulky in size, and costly in time and resources to operate [120]. Furthermore, many studies are using increasingly specialized equipment that would not be widely accessible [115,116,119,121]. Due to these factors, the technique may not be particularly suitable for a clinical setting.





3. Developments in Nanoarchitectonics for Chemosensing in Disease Detection


Alongside the established GC-MS methodology, various chemosensors under the nanoarchitectonics design schema are being developed to capture and detect specific analytes. Although these sensors would not be as useful as the established GC-MS methodology for detecting a wide range of analytes, some demonstrate the potential to yield higher detection performances for their target analytes. These chemosensors would also exist in smaller form factors that are more suitable for clinical application.



Typically, these chemosensors operate by capturing gaseous analytes through adsorption, which is usually mediated by intermolecular interactions. As such, adsorption can be very selective towards target molecules. Once adsorbed, the sensor generates a cascading response imputably ending in perturbances in its electrical or spectral readout. The sensor may also demonstrate amplified responses to a target molecule, leading to extremely small detection limits. This combination of selectivity and sensitivity, and any synergy thereby derived, is why chemosensors are expected to demonstrate better detection performances than the more generalized GC-MS methodology towards a specific set of target analytes.



Sensing elements are typically nano- or microscale, with tens to hundreds of them implemented as gas sensor arrays. Advanced sensor arrays tend to have variations on the chemical or physical structure of sensing elements; this provides cross-referenceable signals that generate even more selectivity and sensitivity to target analytes. Such gas sensing arrays have featured prominently under the broad category of devices known as “electronic noses”.



Considering the numerous key advantages of chemosensors, they hold great promise as a product-to-market approach for disease detection. However, it must be noted that the above description paints an idealized portrayal of the theoretical advantages of chemosensors. In reality, existing methodologies allow for only crude control over adsorption and output characteristics. Tailoring a sensor design to a few specific target molecules remains as yet a laborious and futile exercise, making chemosensing a field that would benefit greatly from advancements in nanoarchitechtonics methodologies. Nevertheless, good detection performances have been reported using a variety of generic and innovative sensor concepts, indicating increased interest in their use towards chemosensing in the detection of cancer.



Shang et al. developed a portable and wireless breath sensor array for screening LC (Figure 3) [128]. The sensor uses a nanoarchitectonics strategy with an array of differently patterned chemiresistive thin-film assemblies of gold nanoparticles to adsorb analytes, which causes changes in the film’s dielectric properties and conductivity as it swells. Using the sensor, they demonstrated identification of common VOCs and LC-related VOCs with principal component analysis (PCA), demonstrating a limit of detection for some species as low as 6 ppb. The sensor could distinguish simulated breath samples, one representing healthy human breath, and others with varying concentrations of LC-related VOCs mixed in. Amongst the panel of LC-related VOCs, they identified 2-ethyl-4-methyl-1-pentanol as particularly well differentiated by the sensor from mundane VOCs in human breath.



Bhattacharyya et al. report a cost-effective and portable fluorometric sensor for BC-related VOCs in urine (Figure 4) [129]. The sensor consists of a sensor paper presenting Nile Red, Eosin Y, and Rose Bengal photosensitizer molecules. The cellulose sensor paper adsorbs VOCs from the headspace of urine samples, which interact with the photosensitizers to emit measurable UV-Vis absorption spectra. In particular, they found remarkable similarities between the spectra of crude ethyl benzene and BC patient urine samples, indicating significant generation of ethyl benzene related to BC pathology. Nevertheless, testing the sensor on actual urine samples yielded significantly higher (2–3 times) intensities, indicating that other VOCs also elicited responses from the photosensitizers. Using the sensor, they achieved a sensitivity of 87% and specificity of 86% on 52 BC patients and 33 healthy controls.



Jian et al. developed a chemiresistive sensor array for fast and noninvasive detection of BC from urine samples (Figure 5) [130]. The sensor consists of different doped PANI films with and without plasma treatments, designed for cross-reactive sensing of 11 BC-related VOCs. The films adsorb analytes to produce a change in its conductive properties; each film putatively recorded different responses to target VOCs, with the phosphoric acid-doped PANI film demonstrating high sensing performance against multiple target VOCs. A support vector machine (SVM) machine learning algorithm was implemented to recognize patterns in the sensor array signals and make diagnoses based on urine samples (76 BC patients and 18 healthy controls). The sensor achieved a remarkably high diagnostic accuracy of 96.67% (100% sensitivity and 83.33% specificity), with an AUC of 0.99. This study describes a sensor with promising diagnostic capabilities comparable to GC-MS, in a portable, fast, and cost-effective form factor. It demonstrates a powerful synergy between AI diagnostic tools and highly selective and specific sensors.




4. Artificial Intelligence in Chemosensing Diagnostics


The prominent role of AI in recent works has been evident in our review. It has become pertinent to put AI in the spotlight, and discuss its accelerating impact on the field, comparison with past methods (statistical models), and prospective and as yet untapped potential for further impact.



A key advantage of harnessing animal olfactory systems or biological chemosensors is non-reliance on prior research to establish known chemical profiles or biomarkers. Typically, the chemical profile would also be too complex to break down into signatures of specific targetable molecules, as we have seen with cancer and PD. Tangentially, the discovery of a definitive set of biomarkers related to any disease is extremely rare. The recent boom in AI technologies may close the gap between biological and artificial chemosensors in this aspect.



Benet et al. performed a multidimensional breast cancer study, comparing the diagnostic efficacy of AI (convolutional neural network (CNN)) against statistical methods (PCA), and conventional GC-MS detection compared with their electronic nose prototype (Figure 6) [130]. Using GC-MS detection and PCA, they achieved an overall diagnostic accuracy of 77.11% (75.05% sensitivity and 68.33% specificity). The CNN model with four convolutional filters was trained on GC-MS data from 65 urine samples, tested on 12, and cross-validated with 13. Using GC-MS and CNN, they achieved a remarkably higher diagnostic accuracy of 92.31% (100% sensitivity and 95.71% specificity). Using the electronic nose prototype resulted in significantly lower diagnostic accuracies of 58.3% with PCA (75% sensitivity and 45% specificity) and 75% with CNN (100% sensitivity and 50% specificity). This study demonstrates remarkably accurate diagnosis of breast cancer using AI tools, which significantly improved diagnostic efficacy over conventional statistical methods. On the other hand, the electronic nose prototype employing commercially available, poorly specific sensors could not compare to GC-MS; despite the efficacy of AI tools without clear biomarkers, it likely needs to be paired with highly specific, targeted sensors to achieve better performance as a clinical diagnostic tool.



Fu et al. developed an artificially intelligent olfactory (AIO) system as a first attempt at detecting PD with a small-size sensor with classification via machine learning algorithms [120]. The AIO system consists of three modules: (1) sample gas preconcentration in an adsorption tube; (2) separation via gas chromatography (GC); (3) a surface acoustic wave (SAW) sensor to detect mass loading of separated compounds, with embedded machine learning to classify samples based on features. For comparison, the group first applied statistical methods to identify VOC peaks of significant difference between PD patients and controls, as was performed in previous studies [121,122]. The peaks corresponded to perillic aldehyde, octanal, and hexyl acetate. Based on these markers, they achieved a classification accuracy of 70.8% (91.7% sensitivity and 50% specificity, AUC of 0.646). On the other hand, the group trained six ML models employing different strategies on a dataset of 31 PD patients and 32 controls. They tested the models on odor profiles of the remaining 12 PD patients and 12 controls collected during the study. The highest classification accuracies were achieved with ensemble-learning algorithms including random forest at 79.2% (91.7% sensitivity and 66.7% specificity, AUC of 0.868) and Adaboost at 75% (83.3% sensitivity and 66.7% specificity, AUC of 0.929). Despite limitations due to the study’s sample size and composition, it shows significant accuracy in PD diagnosis with just three biomarkers. Moreover, the ML algorithms further improved diagnostic accuracy, indicating that insignificant peaks on the chromatogram were also picked up, and contributed to higher classification accuracy. Finally, detection with a SAW sensor is a step towards faster and low-cost analysis compared with GC-MS.



Additional Potential Impacts of Artificial Intelligence


AI may also inspire new innovative designs in olfactory chemosensors. Wang et al. trained an artificial neural network (ANN) to classify simulated odors and found that the resulting neural network took on a structure reminiscent of natural olfactory systems in flies and mice (Figure 7) [132]. The fly and mouse olfactory systems are structured as follows: (1) sensory neurons express a single type of odor receptor; (2) like sensory neurons expressing the same receptor converge at a locus of projection neurons, known as the glomerulus; (3) downstream of the glomerulus, signals diverge into separate neural circuits responsible for innate behaviors and learned behaviors. In the study, the group began with a neural network featuring random, all-to-all connectivity. They trained the network using a million randomly generated odor samples, which were represented by unique odor receptor activation patterns, and accordingly assigned to 100 classes. The training altered connectivity and connection weights, and the result was a network that replicated the three key features of olfactory systems as outlined above. Moreover, some parameters closely matched those in an adult fly, such as each Kenyon cell receiving input from six projection neurons on average. Considering the results of the computational study, and convergently evolved olfactory systems in evolutionarily distant species, the three-layer, input-convergence-expansion structure reflects an underlying logic that may be useful in designing biomimetic olfactory systems.





5. Perspectives


Chemosensing of disease has been gaining traction as more volatile metabolites are discovered to concomitantly appear with disease onset. Chemosensing diagnostics is attractive because it works with noninvasive samples such as breath, saliva, and urine, and the volatile metabolites appear in early stages of disease, which is crucial because early diagnosis leads to significant improvements in patient outcomes. In Section 2, we reviewed recent chemosensing developments towards identifying VOC biomarkers of various cancers of the bladder and lung. We also summarized the emerging concept of analyzing VOCs from sebum to find biomarkers of Parkinson’s disease pioneered by Barran’s group. In Section 3, we reviewed parallel developments of nanoarchitectonic chemosensors, which demonstrate the potential to yield diagnostic performances comparable to or exceeding the established chemosensing methodology (GC-MS and adjacent technologies). Throughout Section 2 and Section 3, the prominent role of AI in recent literature is evident, and we bring the topic center-stage in Section 4, as we delve deeper into the use of AI pattern recognition to analyze biomarker data, how it compares with conventional statistical tools, and the prospective potential for finding optimal structure and operational logic for chemosensing and molecular recognition tasks.



New methodologies for disease diagnosis are actively being developed, and the field is experiencing an unprecedented boom from integrating AI methodologies. The studies we reviewed have demonstrated a powerful synergy between AI diagnostic tools and highly selective and sensitive sensors, as exemplified in the work of Jian et al. [130]. On the other hand, our review also highlights a pressing need for parallel advancements in sensing technology, which are necessary to keep up with and enable the efficiencies brought by AI technology, as demonstrated in the work of Benet et al. [131]. More specifically, advancements in sensor membranes as sensing interfaces and more innovative sensor structures are critical to the current course of development, making them essentially necessary in the near future. Further progress on the materials side of development, coupled with new methodologies, would significantly accelerate the development of chemosensing technology for disease detection and monitoring. This is where nanoarchitectonics, the concept of assembling materials and structures, could make major contributions.



Besides applications in diagnosing cancer and Parkinson’s disease as focally depicted in our review, the powerful combination of nanoarchitectonic chemosensors and AI is widely applicable to other diseases that cause metabolic changes. One example that comes to mind is infectious diseases, the monitoring with chemosensing of which has been proposed before, and may be due for an imminent resurgence [133,134]. Along this line of thought, targets for biotechnology and disease countermeasures will be particularly diverse, as new diseases and viruses are continuously emerging. In this case, adaptability of detection membranes and sensing systems would be key, as different pathologies will levy different healthcare demands. A unified methodology is desirable to respond effectively to such future crises.



The most effective approach could derive from the combination of nanoarchitectonics and AI. Nanoarchitectonics can be thought of as the method for everything in materials science. It is a methodology that can be used to create a wide variety of materials. The various sensing structure fabrication methods that nanoarchitectonics provides, and the boons of AI analysis (including pattern recognition, trend identification, decision making, and even proposal of new nanoarchitectonics methods) will arise to address a wide variety of emerging challenges.



In particular, nanoarchitectonics integrates processes such as self-assembly based on artificially manipulated equilibrium and nonequilibrium processes [135,136], which is effective for forming hierarchical structures [137,138]. Since biomolecular recognition and biological reaction processes depend on hierarchical structures, this property of nanoarchitectonics is advantageous for biodetection and diagnosis. In addition, nanoarchitectonics can benefit from synergy with uncertain phenomena such as thermal fluctuations in the formation of structures [139,140]; this feature is also suitable for application to biosystems, which innately operate with thermal fluctuations. The combination of supramolecular organization through nanoarchitectonics and microfabrication techniques for device structures would also be very useful for creating advanced sensors. These will give rise to many options, and AI technologies will help optimize and streamline them. Disease diagnosis and detection of emerging viruses are important challenges facing society. The arsenal of solutions and relevant methodologies advances day by day, including the use of AI. Nevertheless, technologies such as advanced functional membranes for diverse targets need to be developed in lockstep to support and enable emergent software advancements. The material and structural formative technologies of nanoarchitectonics will be required to meet these challenges.
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Figure 1. Schema for detecting disease with volatile organic compounds found in noninvasively collected biofluid samples: 1. The sample is noninvasively collected (liquid- and solid-phase samples may undergo headspace analysis to enhance volatile components); 2. Different molecular species are separated and identified (typically with a combination of chromatography and mass spectrometry); 3. The generated dataset is analyzed with statistical, and more recently, machine learning tools; 4. Biomarkers of disease are identified and validated; 5. Tests for biomarkers are developed to enable early disease detection and intervention. 
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Figure 2. The idea of detecting Parkinson’s disease through odor derives from a “supersmeller” individual, and a hypothesis wherein seborrheic dermatitis is a premotor symptom of PD. The study of sebum as a biofluid from which PD biomarkers could be extracted was pioneered by Barran’s group [121], and several metabolomic and VOC biomarkers have been reported at the time of writing [118,119,122]. Besides having a key role in developing critical early diagnostic tools, the identified biomarkers may contribute to an improved understanding of the metabolic pathways that cause motor degeneration. 
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Figure 3. A chemiresistive gas sensor array that operates by adsorbing analyte gas molecules to gold nanoparticles; the nanoparticles are patterned in an interdigitated design, which generates an electrical signal and transmits it for data analysis. This sensor was developed by Shang et al. to detect lung cancer from breath samples [128]. 
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Figure 4. A fluorometric gas sensor array that operates by exposing analyte gas molecules to a sheet presenting different fluorophores; the analytes catalyze chemical transformations of the fluorophores and change their photonic properties to varying degrees. The change in fluorescence is read by an absorbance spectrometer and analyzed. This sensor was developed by Bhattacharyya et al. to detect bladder cancer from urine samples [129]. 
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Figure 5. Jian et al. used a chemiresistive sensor array to detect bladder cancer from urine samples. An array of 10 differently doped PANI sensors produced correspondingly different responses to 11 target volatile organic compounds. The data were used to train a support vector machine algorithm, which performed highly accurate diagnoses of bladder cancer despite its small form factor [130]. 
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Figure 6. Benet et al. performed a factorial study comparing the diagnostic accuracy of chromatography/mass spectrometry against an electronic nose, and conventional statistical analysis against a convolutional neural network. Perhaps unsurprisingly, the electronic nose demonstrated poor specificity compared with chromatography, but AI pattern recognition proved highly effective compared with statistical tools using the same data [131]. 
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Figure 7. Fruit fly and mouse olfactory systems have very similar structure, with distinctive features including one-to-one mapping between olfactory receptors, receptor neurons, and projection neurons, and separate signal transduction pathways for innate and learned behaviors. Evidently, these systems evolved convergently. Wang et al. demonstrated another instance of such convergent evolution while training an initially random artificial neural network for olfactory classification tasks [81]. Could there be an underlying logic optimal for olfactory sensing? 
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