Unsupervised pharmaceutical polymorph identification and multicomponent particle mapping of ToF-SIMS data by non-negative matrix factorization 
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Abstract 
Crystal polymorphism of pharmaceutical compounds directly impacts resulting physicochemical characteristics, a critical aspect in active pharmaceutical ingredient (API) production. Tools to characterize and chemically map these polymorphs at the single particle scale remain important to advancing directed manufacture of targeted polymorphs. Here, time-of-flight secondary ion mass spectrometry (ToF-SIMS) was employed for chemically imaging inkjet printed acetaminophen samples. ToF-SIMS generates large datasets of high spatial resolution images. Extracting relevant data and peaks of interest can be laborious for, and biased by, users. Advances in machine learning approaches have introduced many supervised and unsupervised methods for data analysis. In this study, we apply non-negative matrix factorization (NMF) for the unsupervised analysis of ToF-SIMS chemical image data. More specifically, an expanded variant of NMF, NMFk, was employed to determine the dataset’s latent dimensionality. NMFk combines the spectral unmixing of traditional NMF with k-means clustering of the resulting factors and an optimization of the reconstruction and clustering. The method was used to identify the number of polymorph phases – and their representative mass spectra – generated from inkjet printed acetaminophen samples. Amorphous, crystalline form I, and crystalline form II polymorphs were observed. The learned polymorph mass spectra were then used to map the learned polymorphs onto subsequent particle samples of acetaminophen. Finally, NMFk also enabled the decomposition of mixed particle samples (i.e., migraine medicine), learning the number of compounds and their composition. The extracted constituent phase mass spectra – representing single compounds – were searched against mass spectral libraries for identification. 
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Introduction 
Crystal polymorph discovery and manufacturing play import roles in the pharmaceutical industry. Most active pharmaceutical ingredients (APIs) based on small drug molecules take on numerous crystalline forms.1, 2 The crystalline polymorph directly influences the pharmaceutical compound physical and chemical characteristics such as thermodynamic stability, solubility, and dissolution properties. In addition, the amorphous-crystalline transformation remains a challenge to control during pharmaceutical manufacturing of powders, tablets, or granules. The transformation and distribution of crystalline polymorph and amorphous phases impact particle-particle interactions, critical for aggregation during manufacturing.3, 4 In some cases, amorphous solid dispersions of the drug leads to improved bioavailability.5 Monitoring polymorph production can provide critical information for optimizing manufacturing processes to target specific polymorph phases. On the production side, interest in inkjet printing technologies for pharmaceutical manufacturing has increased in recent years.6, 7 These drop-on-demand technologies have advanced considerably, providing robust and precise digital deposition. The versatility and adaptability of inkjet printing also lend to application areas with rapidly changing needs, specifically, personalized medicine and smaller batch or point-of-need  production.8 
In order to monitor and characterize polymorph production at the single particle scale, high resolution chemical imaging is required. Time-of-flight secondary ion mass spectrometry (ToF-SIMS) is one such technology that enables high spatial resolution chemical imaging for numerous applications, including inorganic and organic materials characterization, semiconductor quality assurance, and biological imaging, among others.9-13 An energetic primary ion beam (monatomic or cluster ion) bombards the sample surface under ultra-high vacuum conditions. Individual ion impacts result in the desorption or sputtering of various atomic and molecular species from the first few surface monolayers of the sample. A small fraction of the ejected atoms, molecules, and fragments are ionized, allowing them to be detected by mass spectrometry.14, 15 Rastering of the focused primary ion beam across the sample surface generates large datasets of spatially resolved chemical information. These datasets include a mass spectrum for each x and y spatial location or image pixel. Traditionally, peaks of interest are selected by manual or automated methods to generate 2-dimensional chemical images; or mass spectra can be extracted from regions of interest. These methods of data analysis can be subjective and biased by the user, as well as labor intensive when dealing with complex systems. 
Advances in multivariate statistics and machine learning for high-throughput chemical analysis have introduced numerous avenues for data handling, phase mapping, and materials discovery.16-20 These advances have benefited the mass spectrometry community, specifically in SIMS, mass spectrometry imaging, and high-throughput analyses.21-25 Unsupervised learning techniques have been frequently applied to SIMS datasets for dimensionality reduction, spectral unmixing, molecular discrimination, and general decomposition. Techniques such as principal component analysis (PCA),10, 13, 26-28 neural networks and Kohonen self-organizing maps (SOMs),20, 29 non-negative matrix factorization (NMF),30, 31 and others have been applied to mass spectrometry and ToF-SIMS hyperspectral datasets.23 Many of these techniques are used to gain insight into similarities or dissimilarities between samples or materials, as well as identifying characteristic or discriminant compounds. NMF includes a number of features directly applicable to mass spectrometry-based chemical image datasets, which often exhibit mixtures of compositions/compounds.32 For applications in chemical imaging, NMF considers each pixel’s mass spectrum a linear combination or mixture of some number of underlying spectra. These constituent phases are constrained to be non-negative, a useful condition for many analytical chemistry and materials datasets. The resulting constituents are directly interpretable as component mass spectra. In addition, the resultant weights represent the relative abundances of each constituent. 
Here, we present the combination of non-negative matrix factorization, clustering, and dimensionality reduction methods to ToF-SIMS data from two pharmaceutical industry applications. Specifically, these include the unsupervised learning, identification, and chemical mapping of, 1) crystal polymorphs from drop-on-demand (e.g., inkjet) sample production of acetaminophen and 2) particle compositions and morphological distributions from pure acetaminophen and multicomponent migraine medicine. Non-negative matrix factorization provides the spectral unmixing needed; yet requires prior knowledge of the latent dimensionality of the data (i.e., the number of polymorphs or different compounds present in the sample set). Therefore, we employed a variation of NMF, NMFk, which consecutively explored potential number of constituents. Each decomposition was clustered (k-means) and evaluated with Silhouette statistics and reconstruction error.33-38 Amorphous, crystalline form I, and crystalline form II acetaminophen polymorphs were identified and mapped across inkjet printed sample arrays. Results were confirmed by THz Raman and domain knowledge of acetaminophen polymorphism. Solid-state hydrogen-deuterium exchange of acetaminophen samples was also explored for improving polymorph discrimination. The NMFk learned polymorph spectra were then mapped onto pure acetaminophen particle samples. 
 Finally, NMFk was used to elucidate the composition and particle distribution of mixed pharmaceuticals, specifically a migraine medicine comprised of acetaminophen, aspirin, and caffeine. In the investigation and characterization of these pharmaceuticals, ToF-SIMS provided particle sizing and morphology distributions of mixture compounds to complement traditional bulk analysis techniques. The spectral unmixing of mixed particle distributions provided an unsupervised method to determine the number of compounds and their spatial distributions. The unmixed spectra were searched against reference libraries for confirmation. 


Methods
Drop-on-Demand Printing. Acetaminophen was purchased from Sigma-Aldrich (St. Louis, MO, USA) and dissolved in Omnisolv Water (Sigma Aldrich) to a final concentration of 10.046 mg/mL. 
Acetaminophen array samples were produced using a Jetlab 4xLB gravimeter inkjet printer system (MicroFab, Plano, TX, USA). Arrays were printed on gold coated silicon wafer substrates that were functionalized with dodecanethiol (Sigma-Aldrich) to create a methyl terminated self-assembled monolayer, making the surface hydrophobic. The resulting samples were hemispherical in shape due to constraints on the footprint of the drops. Details of the inkjet printing method can be found in the literature39 and Supporting Information. Samples were deposited as 10 × 10 arrays of 50 inkjet drop/spot with a spacing of 500 µm between drops. The array was over-scanned 10 times to give a final deposition of 500 drops/spot. Final sample spot mass depositions were approximately (480 ± 2) ng (average ± 1 standard deviation from 7 replicate drop mass measurements) of acetaminophen/array spot. Deposited samples were primarily amorphous immediately following printing. Conversion to crystalline form was achieved by allowing the samples to age over several weeks in the laboratory. To further facilitate crystallization, samples were also heated for 1 min. at 90 °C, converting additional deposits to crystalline phases. Three 10 × 10 inkjet printed acetaminophen arrays were analyzed in this work. Arrays 1 and 2 were analyzed as described here. Array 3 was also processed by hydrogen-deuterium exchange prior to analysis (details in Supporting Information). 
ToF-SIMS Analysis. Inkjet printed and particle deposited samples were analyzed using an ION TOF IV (Münster, Germany) ToF-SIMS system, equipped with a 30 keV Bi3+ liquid metal ion source for analysis. Secondary ion images were acquired in positive polarity and high-current bunched mode (i.e., high mass resolution mode) using a 500 µm × 500 µm field-of-view with pixel densities ranging from 256 × 256 to 768 × 768, depending on the analysis (i.e., inkjet printed samples (Arrays 1 to 3): 768 × 768, particle samples: 256 × 256 and 512 × 512). The primary beam diameter was approximately 5 µm, sampling the first few monolayers. Inkjet printed array chemical images were mosaics of 12 × 12 field-of-view images, obtained sequentially using stage mapping mode. The resulting chemical image was approximately 6 mm × 6 mm. A secondary electron flood gun was used to minimize charging.
Additional experimental method details for the drop-on-demand printing, solid-state hydrogen-deuterium exchange, particle sample preparation, and THz Raman spectroscopy measurements are provided in the Supporting Information. 
Data Processing. After mass calibration, an automated peak searching function identified the approximately 300 most intense mass spectral peaks using the Ion TOF Surface Lab 7.2 software (Münster, Germany). The data were exported as either a series of individual ion (or m/z) images or a series of ACSII text files that yielded a resulting data matrix of spatial position and intensity for each mass spectral peak (i.e., m/z value).40 Further data processing used a custom MATLAB code (MATLAB 2022a, Mathworks, Inc., Natick, MA, USA).40 A user-selected substrate background ion image from the dataset (m/z 114.9) generated a mask of the inkjet printed sample locations (10 × 10 array, 100 total sample spot locations) and removed the background from all remaining data (Figure S1). The masking procedure involved binarizing the image and locating circular regions within the image. 
The unsupervised machine learning method non-negative matrix factorization (NMF) was employed to identify constituents and for high-resolution constituent mapping. NMF takes the form, , where, Y is the sample mass spectra matrix, W is the mixture amounts or abundances, H is the constituent phases (i.e., latent variables, end members, basis patterns), and ϵ is the noise or unbiased error.30, 32 Here, the mass spectra data matrix, Y, was the combination of n mass spectra, each with d m/z values (size n × d). Each of the n mass spectra represented a pixel in the 2D chemical image space. NMF produced the linear spectral unmixing of Y into K unique (and unknown) constituents (H, size K × d) and relative abundances (W, size n × K). The constituent phases were interpreted as the characteristic mass spectra of crystalline polymorphs/amorphous phases or as the characteristic mass spectra of individual particle mixture components. Though competitive ionization may play a role in mass spectrometry, for the systems and concentrations investigated, the linear mixing of phases assumption for NMF was deemed appropriate. 
Classically, NMF requires prior knowledge of the number of constituents, K. Here, we employed a variation of the recently developed method, NMFk,33, 38 which couples NMF with clustering and Silhouette statistics.36 Application of NMFk has demonstrated successful decomposition of datasets relevant to areas such as genomics33, 41 and materials science.37 In this case, NMFk consecutively explored possible numbers of constituents, K, by clustering the columns of W and evaluating the stability and quality of clusters with the Silhouette statistic. K-means clustering was used with a squared Euclidean distance dissimilarity metric. Each k-means clustering analysis was replicated ten times with different starting cluster centroid positions, minimizing the sum within-cluster distances (each point to cluster centroid). The optimal number of constituents was chosen at the K that combined a high Silhouette statistic (i.e., close to one) and low reconstruction error,  (process schematic in Figure S2). NMFk solutions with a K lower than the true number of constituents clustered well (i.e., Silhouette values near one) but had high reconstruction error (i.e., an underfitting regime). Alternatively, solutions with a K higher than the actual number of constituents exhibited low reconstruction error but poor clustering (i.e., low Silhouette values), falling in an overfitting regime. 
Here, W and H were randomly initialized, and the solution iterated until convergence, minimizing root mean square residual. The large solution space and local minima may provide different results based on initial values. Ten NMF replicates were run, yielding a final minimum root mean square residual. In addition, an initial NMF was conducted employing a multiplicative algorithm. The results of that factorization were then used as initial conditions for a second NMF using an alternating least squares algorithm. 
Data and Code Availability. ToF-SIMS datasets for inkjet printed arrays and particle distributions, THz Raman datasets, NMFk analysis codes (MATLAB 2022a), and extracted particle morphology properties are available on the NIST Public Data Repository: https://doi.org/10.18434/mds2-2719.40


Results and Discussion 
Polymorph Mapping of IJP Acetaminophen. Inkjet printing allowed for rapid generation of large arrays of replicate acetaminophen samples that were analyzed in parallel by ToF-SIMS chemical imaging. This process generated a data matrix that included a peak list (m/z values), intensities, and 2D spatial coordinates (Figure S2). Sample spot labeling for discussion and referencing used an alphanumeric scheme with rows labeled alphabetically (A to J) and columns labeled numerically (1 to 10), both starting in the top-left (Figure 1).
The preliminary unsupervised NMFk characterization of SIMS data considered each of the 100 arrayed replicate spots as an individual sample (Figure S2). Therefore, mass spectral signal intensity was averaged across each spot. NMFk was conducted, as detailed in the Methods Section, on the IJP acetaminophen ToF-SIMS data for 1 to 10 constituents. A complete analysis would consider all possible numbers of constituent phases from 1 to n, where n is the total number of mass spectra (or the total number of image pixels). We constrained the potential number of constituents since very few pharmaceutical compounds have more than 10 polymorphs. The average Silhouette values and reconstruction errors from replicate analyses (different random initial conditions) are displayed in Figure 1(a) (analysis of Array 1). The NMFk solution with 3-constituent phases combined a Silhouette value near one and low reconstruction error. We then mapped the clustering of the 3-constituent NMF solution back onto the 10 × 10 array and plotted the associated unordered and cluster-ordered dissimilarity matrices for visualization. Figure 1(b) displays the color-coded clustering assignments of the 3-constituent analysis adjacent to an optical image of the array (Figure 1(c)). Likewise, Figure 1(d) shows the unordered (Figure 1(d-i)) and cluster-ordered (Figure 1(d-ii)) dissimilarity matrices based on the squared Euclidean distance metric, showing the spectral similarity between each pair of the 100 inkjet printed spots. Alternative distance metrics were also considered (e.g., Euclidean, city block, cosine, and Pearson correlation). In this example, we had domain knowledge of acetaminophen crystallization, specifically that three crystalline polymorphs have been identified experimentally, along with an amorphous phase. The form I polymorph is thermodynamically stable and the most common, the form II polymorph is metastable, and the form III polymorph of acetaminophen is highly metastable/unstable and a challenge to isolate.42 Therefore, the three constituents identified by the NMFk analysis were preliminarily presumed to represent the amorphous phase and forms I and II crystalline polymorphs. The crystalline forms were visually bright and distinguishable by eye (and optical microscopy) from the dark amorphous and matched the NMFk results (Figure 1(c)). The cluster component of the NMFk method also enabled dimensionality reduction for visualizing the cluster assignments. This yielded multidimensional plots similar to PCA scores plots, with the axes representing the constituent phases. The clusters for amorphous, crystalline form I, and crystalline form II polymorphs from inkjet printed arrays were readily observed (Figure S3).
 [image: ]
Figure 1. (a) Silhouette values from clustering (♦) and NMF reconstruction error (●) for NMFk analysis of polymorphs from inkjet printed acetaminophen Array 1. Data points and uncertainty represent average and standard deviation of ten replicate analyses, varying random initial conditions. (b) NMFk clustering assignments for K=3 mapped onto 2D printed array. (c) Optical image of inkjet printed array of acetaminophen. Array images are approximately 6 mm × 6 mm.  (d) Unordered (i) and cluster-ordered (ii) dissimilarity matrices for each of the 100 inkjet printed samples, showing the squared Euclidean distance metric. Light pixels represent the highest dissimilarity and dark pixels represent a high degree of similarity (lowest dissimilarity). 

The NMF constituent phases (Figure 2(a)) and abundances (mixture amounts, Figure 2(b)) were mapped across the 2D sample layout as demonstrated in Figure 2 (and separated in Figure S4). The high resolution provided by the ToF-SIMS imaging in conjunction with the high-throughput and unsupervised NMFk was exploited to map the phases across individually deposited samples. NMFk conveniently produced constituents interpretable as the mass spectra of crystal polymorph or amorphous phases of the deposited pharmaceutical. Though all 100 inkjet printed spot samples were produced by the same acetaminophen solution, differences in each spot’s acetaminophen ion distribution drove the NMFk identification and differentiation of the amorphous and crystalline polymorph phases. A range of peaks were labeled in Figure 2(c-i)-2(e-i) with preliminary assignments in the Supporting Information (Table S1). Much of the differentiation of the NMF constituents was dominated by relative intensities of the acetaminophen molecular ion (m/z 151, C8H9NO2+ or [M]+), protonated acetaminophen (m/z 152, [M+H]+), the acetaminophen-sodium adduct (m/z 174, [M+Na]+) (Figure S5), and a number of acetaminophen fragments (e.g., m/z 109, C6H7NO+) and clusters (e.g., m/z 283, [M+C6H7NO+Na]+). Figure 2(c)-2(e) also displays a direct comparison between the NMFk learned constituent phases and the experimental mass spectra averaged across IJP spots identified as each phase (i.e., average mass spectrum across spots H1, F3, and C2). The extracted constituents closely captured the representative mass spectra for the amorphous and crystalline polymorphs of acetaminophen. 
[image: ]
Figure 2. NMF analysis (a) constituent phases (phase 1: blue, phase 2: green, phase 3: red) and (b) abundances (pie charts of % constituent phase) mapped across the 10 × 10 array of inkjet printed acetaminophen sample Array 1 (K=3). Insets represent expanded constituent phase maps and abundance pie charts for samples B8 and H7. (c) – (e) Comparison between the (i) NMF-calculated constituent phases (K=3) and (ii) representative mass spectra averaged across spots H1, F3, and C2. 


	Though NMFk found 3-constituents to be optimal, we briefly investigated the 2-constituent and 4-constituent results given the Silhouette values and reconstruction errors displayed in Figure 1(a). The 2-constituent NMF solutions identified and discriminated the amorphous versus crystalline acetaminophen phases (Figure S6). The two crystalline constituent phases identified above were combined into a single constituent. This over-constrained the solutions yielding the slightly higher reconstruction error. On the other side of the optimal number of constituents, the 4-constituent NMF solution produced nearly the same constituents as the K=3 solution, breaking out a single sample spot in the clustering – H4 (Figure S7). This solution resulted in a similar reconstruction error to the 3-constituent solution, however, the stability of the clustering decreased (Silhouette value). Acetaminophen spot H4 demonstrated a mix of the two crystalline constituents in the K=3 solution (Figure 2(b)). 
The NMFk solution was confirmed with point-by-point THz Raman spectroscopy of individual sample spots to differentiate polymorphs. Individual measurements, with a laser spot size of approximately 50 µm, were collected for select inkjet printed deposits. Figure 3(a) displays the THz Raman spectra for examples of the amorphous, form I, and form II samples spots. The observable differences (by naked eye) between amorphous and crystalline allowed us to manually take point THz Raman measurements at each crystalline deposit and a few amorphous deposits, instead of all 100 spots. Presumptive polymorph identifications were established by manual matching with literature spectra.43, 44 While most of the crystalline spots yielded THz Raman spectra that were plainly distinguishable between form I and form II, H4 was difficult to clearly identify manually (Figure 3(a)). However, it was not a match with the metastable form III acetaminophen polymorph. Given the low(er) spatial resolution of the THz Raman spectroscopy, the potential for mixed crystalline forms may play a role in identification and resulting spectra. As shown in Figure 3, H4 was a mix of NMF constituents 2 and 3, associated with forms I and II polymorphs. It should also be noted that the THz Raman data (Figure 3) manually classified B7 as form II crystalline, however, B7 was previously labeled amorphous (Figures 1 and 2) by the unsupervised NMFk analysis. This sample spot was observed to crystallize following the ToF-SIMS analysis and prior to the THz Raman analysis. Overall, the NMFk analysis efficiently decomposed the large ToF-SIMS dataset into constituents for the amorphous and two crystalline polymorph phases. 
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Figure 3. (a) THz Raman spectra from representative samples of amorphous (A4), crystalline form I (H7), crystalline form II (A1), and a mixed sample (H4) acetaminophen. (b) Manual point-by-point THz Raman spectra classification mapped onto 10 × 10 inkjet printed array (Array 1). Crosshatched samples were measured and classified: blue, green, and red represent amorphous, form I, and form II. Open samples were visibly observed as amorphous and not analyzed by THz Raman (Figure 1(c)). 

Similar results to those presented above were demonstrated for additional acetaminophen arrays (Array 2: Figure S8), as well as with hydrogen-deuterium (H/D) exchange sample processing (Array 3: Figures S9, S10, S11, and S12). We briefly investigated H/D exchange as an alternative sample preparation method to improve discrimination in conjunction with related efforts to chemically image isomeric structures. In general, the unsupervised analysis of the H/D exchange sample performed similarly, identifying a 3-constituent system as optimal (Figures S9 and S10).  Acetaminophen exhibited two exchangeable protons, expanding the ion distribution for each anion. The amorphous phase acetaminophen displayed minimal deuterium exchange relative to the two crystalline polymorphs. Additional discussion can be found in the Supporting Information. Future work will continue to explore H/D exchange to aid and improve discrimination of pharmaceutical polymorphic and isomeric structures for ToF-SIMS chemical imaging.    
Pharmaceutical Particle Mapping. The analysis thus far investigated inkjet printed arrays from an acetaminophen solution and the unsupervised learning of the mass spectra representing the amorphous, crystalline form I, and crystalline form II polymorphs. The resulting NMFk constituent phases were next employed to directly map a commercially available acetaminophen powder. Here, the ToF-SIMS chemical mapping data for an acetaminophen particle distribution (vacuum impacted onto a silicone-based adhesive) was analyzed. The resulting data matrix was processed to match the dimensions of the learned constituent phases from above. Blank chemical images were inserted for any absent m/z chemical images. Figure 4(a) displays the NMF constituent phases, as defined in the previous analysis (Figure 2), mapped onto the resulting particle distribution. Based on those constituent phases, the pure acetaminophen powder was exclusively identified as the crystalline form I polymorph. This was expected given the form I polymorph is a monoclinic thermodynamically stable form and was further confirmed with THz Raman spectroscopy. Figure 4(b)-4(d) also displays a few representative ion images that dominated the learned phases as discussed above (Figures 4(b)-4(c)).  
	In addition to the utility of unsupervised NMFk to learn polymorph forms (specifically, the representative mass spectra of polymorphs) of a particular pharmaceutical and employ those spectra to label polymorphs from other samples or manufacturing methods, we also focused on using NMFk to identify and map particle distributions in an unsupervised manner. In the case of a pure particle distribution such as Figure 4, this was straight forward. An NMFk analysis of the vacuum-impacted acetaminophen identified an optimal solution with 2-components (Figure S13). The components were clearly the background substrate and particle distribution (Figures S13 and S14). The background spectra observed in the NMF constituent phase 1 extended beyond the borders of the acetaminophen particles in NMF phase 2 (Figure S13(b)). This was a result of silicone and siloxane related species migrating onto the particle edges from the adhesive layer of the sample substrate.45 
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Figure 4. (a) NMFk analysis constituent phases from Figures 1-2 mapped onto acetaminophen particle distribution (green: crystalline form I). Representative 2D images of ToF-SIMS mass spectra peaks for (b) molecular ion, (c) protonated molecule, and (d) sodium adduct of acetaminophen. Chemical images are 500 µm × 500 µm. 

We also took particle mapping one step further and focused on elucidating the composition and particle distribution from mixtures. This was demonstrated with an over-the-counter migraine medicine (Figure S15). Overall, the Silhouette values were lower than those achieved in the IJP polymorph analyses. The highest Silhouette value occurred for a 2-component NMF analysis and identified constituent phases for the background substrate and the particle distribution as was seen with the single-component acetaminophen powder. However, this solution was underfit and yielded a poor reconstruction error. The NMFk analysis exhibited a clear drop-off in Silhouette values and elbowing of the reconstruction error curve after 4-components (Figure S15). The 4-component NMF analysis yielded constituent spectra and particle distributions that were attributed to the background substrate and three particle distributions (Figure 5). Though the composition of the migraine medicine was reported in this case, searching the resulting component spectra (NMF constituents 2-4) against available mass spectral libraries46 and the literature47 allowed for presumptive chemical assignments for each component as acetaminophen, aspirin, and caffeine.
NMFk enabled both the spectral unmixing of a mixed-particle sample and component particle mapping of each spatial distribution for particle sizing and morphology measurements. For demonstrative purposes, the constituent phases were binarized and each particle region was identified and labeled (Figure S16). Built-in routines for extracting region properties (e.g., regionprops, MATLAB 2022a, Mathworks, Inc., Natick, MA, USA) such as area, centroid location, major and minor axes lengths, perimeter, eccentricity, orientation, and more were used to tabulate each compound particle distribution (Supporting information, CSV-S1, CSV-S2, and CSV-S3). More sophisticated image analysis methods could be used for particle segmentation and characterization but were beyond the scope of this work. 
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Figure 5. NMFk analysis of migraine medicine particles. Individual NMF constituent phases (2D mapping and mass spectra) for K=4, identified as (a) background, (b) acetaminophen, (c) aspirin, and (d) caffeine by library or literature matching. Images are 500 µm × 500 µm.


Conclusions 
	NMFk identified the characteristic mass spectra and mapped pharmaceutical polymorphs and particle compositions from ToF-SIMS hyperspectral datasets. NMFk directly learned the number of constituent phases or latent dimensions from the investigated data. The proposed unsupervised learning framework could be employed to automate single particle polymorph characterization for new compounds; as well as investigate manufacturing or production methods for directing specific polymorph creation (e.g., solvent composition, heating processes, substrate patterning/confinement, etc.). The combination of rapid drop-on-demand (i.e., inkjet) sample array printing and ToF-SIMS chemical imaging provided a robust method for generating large sets of data. Ongoing work is investigating polymorph mapping and characterization of additional pharmaceuticals and related species, along with methods for directing polymorph formation. Future avenues will also consider mixed samples, printed both sequentially and concurrently for co-crystallization, as well as high-throughput combinatorial studies. Further studies are required to determine the driving factors leading to the differences in polymorph mass spectra, specifically the characteristic ion distributions and ionization pathways, for acetaminophen and other pharmaceuticals. By directly sputtering the solid-state species, ToF-SIMS, provides a unique (relative to solution-based mass spectrometry such as electrospray ionization (ESI)-MS) ion production method that is sensitive to crystal orientation, to probe differences in ion distributions of polymorphs. These differences in crystal structure would not be observed in a dissolved sample analysis (i.e., by ESI-MS) since they are chemically indistinguishable. 
This work also demonstrated the interpretability of the resulting NMFk factors or constituent phases as single-compound mass spectra from mixed particle samples. This allows for the unmixed spectra’s direct use with databases, libraries, (e.g., NIST Mass Spectral Library48 or NIST DART Forensics Library49), and other interpretation tools (e.g., NIST MS Search50 or NIST/NIJ DART-MS Data Interpretation Tool46). The methods presented here provide utility to spectral unmixing of particle distributions for single component library matching, a complementary approach to other interpretation methods of mixed spectra.46 Such capabilities may be applied to identifying contaminants or adulterants from tainted pharmaceuticals or physical-chemical identifiers for drug authentication. 

Supporting Information
Additional experimental method details, peak assignment tables, figures, discussion, and data files as noted in the text can be found in the online supporting information. 
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