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Abstract 

In the last several decades, antibacterial resistance has continued to rise. Concurrently, the rate of 

novel antibacterial compounds discovered and approved has dropped. To combat these trends, 

the ability to leverage computational methods for the improvement of natural product (NP) drug 

discovery is of paramount importance (Chapter 1). Historically, our lab has prioritized bacterial 

strains from under-explored environments compared to traditional NP drug discovery research 

centers, due to the increased rates of re-discovery for antibacterial NPs derived from over-

exploited environments.  

In order to rigorously rationalize this prioritization scheme, I analyzed marine bacterial strains 

belonging to the Micromonosporaceae family for biosynthetic gene clusters (BGCs) related to 

secondary metabolism, serving as the genomic landscape for potential antibacterial NPs 

produced (Chapter 2). Through our untargeted collection of 38 marine Micromonosporaceae, I 

identified a novel genus and several under-studied species, broadly determined prospective NPs 

that were unique within our dataset, and compared our BGCs against public databases to assess 

novelty in relation to published literature.  

While our methodologies to compare BGCs within our dataset and against public databases were 

robust, the readily available tools to visualize relationships were lacking. Therefore, I developed 

the BGC Prioritization Dashboard, which incorporates existing software analyses to generate 

visualizations that depict BGCs in relation to each other based on their similarity to known 

BGCs in public databases (Chapter 3). This has allowed for the identification of novel BGCs 

potentially produced by a given bacterial strain.  
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Though the previously described work focuses on computational approaches utilizing genomic 

data, the importance of characterizing NP compounds actively produced in a laboratory setting is 

equally if not more important. In parallel, we’ve developed a novel methodology to connect 

intracellular biological functions to NP structural information based on analytical chemistry 

techniques. By leveraging liquid chromatography tandem mass spectrometry (LC-MS/MS) to 

generate molecular fingerprints usable as inputs for machine learning models, we developed a 

proof-of-concept multiclass classification model to disambiguate NP compounds that modulate 

tubulin assembly based on simulated MS2 spectra (Chapter 4).  

Overall, these findings describe the benefits of incorporating computational approaches into NP 

drug discovery for the efficient prioritization of novel and relevant compounds. 
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Chapter 1 

Introduction 

Antibiotic resistance poses an existential threat to human health1,2. The CDC 2019 Antibiotic 

Resistance Threats Report described that there were over 2.8 million antibiotic-resistant 

infections per year, and an associated 35,900 deaths from antibiotic resistance1. At the time, the 

CDC stated, “for further progress, the nation must continue to innovate and scale up effective 

strategies to prevent infections, stop spread, and save lives”1. Despite optimism regarding a 

decline in deaths from antimicrobial resistance from 2012 to 2017 in both hospitals and overall, 

the CDC 2022 Special Report on COVID-19 paints a much bleaker picture regarding healthcare-

associated pathogens, even while highlighting a lack of data due to pandemic impacts2. In order 

to mitigate the effects of antibiotic resistance, the discovery of new antimicrobials is required. 

In 1910, the first formally recognized antibiotic (salvarsan) was utilized against syphilis, 

specifically against the bacteria Treponema pallidum3–6. Following that, the compound termed 

penicillin was isolated in 1928 by Alexander Fleming3,5,7. Termed natural products (NPs), these 

compounds were considered part of an incredibly expansive space of diverse chemical entities, 

originating from plants, animals, bacteria, fungi, and so on3,8–10. However, a clear distinction was 

made, specifically regarding the intended function of these fascinating compounds. NPs that 

were specifically related to “primary metabolism,” such as metabolites involved with the growth, 

development, and reproduction of the organism, were sectioned off and referred to as primary 

metabolites11. Moving forward, NPs now refer exclusively to compounds related to “secondary 

metabolism,” or offshoots of primary metabolism that are not directly associated with growth, 

development, or reproduction of the organism11–14. 
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NPs have historically been investigated for a wide range of uses across the pharmaceutical, 

herbicidal, and insecticidal industries due to their chemical diversity and complexity resulting in 

valuable chemical properties8,14. Taken wholesale or partially through NP-influenced design, NPs 

have resulted in the development of several medicines on the WHO’s Model List of Essential 

Medicines, including gentamicin, azithromycin, and more9,15,16. Approximately 40% of the 1453 

new chemical entities approved by 2013 are NPs or NP-inspired, and that percentage increases to 

50% between 1983 and 201317. Overall, as Atanasov states in 2021, the “NP pool is enriched 

with ‘bioactive’ compounds covering a wider area of chemical space compared to typical 

synthetic small-molecule libraries,” further rationalizing prioritization for antimicrobial 

resistance8. 

However, uncovering NP drug candidates is not a simplistic affair. NP drug discovery often 

requires: a) finding an bioactive compound, b) culturing sufficient quantities of the bioactive 

compound, and c) characterization of the bioactive compound18. Each section of this process has 

unique issues, with low yield resulting in the missed detection of bioactive compounds, 

potentially requiring several months to produce large enough quantities to evaluate in models, 

and the bioactive compound being previously characterized and explored18. Pharmaceutical 

companies previously shifted to prioritizing high-throughput screens of synthetic compound 

libraries due to easily modifiable structures and shorter timelines necessary to discard 

compounds with issues18. In more recent years, there has been a prioritization of  “diversity-

oriented synthesis” and “privileged structures”, which attempt to leverage structurally-diverse 

collections and scaffolds of existing pharmaceutical drugs to find compounds with enhanced 

bioactivity, often directly inspired by NPs18,19. Despite the push against NPs, the process of 

finding antibacterial compounds starts and ends with NPs. 



3 
 

NPs also exist within a specific context for an organism, often conferring some fitness advantage 

not directly related to growth or reproduction14. In response to environmental pressures, such as 

competing bacteria or predation, upregulation of biosynthetic gene clusters (BGCs) that encode 

for protective or offensive NP compounds occurs14. According to Medema et al20, a BGC can be 

defined as a “physically clustered group of two or more genes in a particular genome that 

together encode a biosynthetic pathway for the production of a specialized metabolite (including 

its chemical variants)”20–22. Given that the entirety of a bacterial genome is assessed through 

next-generation sequencing, the surveilled pool of BGCs in each genome then defines the entire 

chemical space potentially produced by that bacterium in laboratory conditions. 

Classes of BGCs such as type I polyketide synthases (T1PKS) and non-ribosomal peptide 

synthetases (NRPS) tend to act in a linear manner for assembly of the NPs, allowing for 

reasonable inference of structural information based on bioinformatic analysis14,23–26. However, 

non-linear systems such as terpenes and saccharides are much less amenable to gleaning 

structural information from genomic information, and exceptions to the linearity of T1PKS and 

NRPS continue to be found14. Automated identification of these BGCs through tools such as 

antiSMASH rely on manually curated rules, which incorporate rule-breaking BGCs into 

additional rules for future detection27,28. The identification of BGCs by leveraging sequencing 

information continues to improve in an iterative fashion, adding additional technologies such as 

deep learning strategies to improve detection of BGCs29. In the eventual future, snapshots of the 

BGCs identified in bacterial genomes will be comprehensive enough to accurately describe the 

entire chemical space of the NPs encoded. 

Paired with this genomic viewpoint of the potential chemical space is the metabolomic lens, 

which describes the metabolites produced by a given organism for a specific time and 
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condition30. An organism, grown in laboratory conditions based on general optimization of 

growth media, produces specialized metabolites. These metabolites are extracted through the 

usage of organic solvents, separated with liquid chromatography (LC), and analyzed with tandem 

mass spectrometry (MS/MS). In the combined LC-MS/MS process, the metabolites are blasted 

with high energy gaseous ions to fragment them, then mass-to-charge ratios and retention times 

of the fragments are quantified. 

A bacterium can generate enormous quantities of specialized metabolites, and the efficient 

prioritization of metabolites for conquering antimicrobial resistance is a must. Structural 

characterization of specific metabolites, which have typically already shown activity against a 

relevant panel of multi-drug resistant pathogens, often requires time-intensive labor and 

techniques such as nuclear magnetic resonance (NMR)31. This was necessary because  

interrogating biological function of NPs against antibacterial resistance pathogens often requires 

an understanding of the structure of the compound for determination of the pharmacophore. 

However, it is now possible to circumvent the need for full characterization of structures by 

instead utilizing approximate structural features through molecular fingerprints. 

Molecular fingerprints refer to the encoded structural characteristics of a molecule to a vector for 

similarity comparison purposes32. Developments in software have allowed for the generation of 

molecular fingerprints based on MSMS datasets33. These MSMS datasets contain fragments of 

metabolites, which are leveraged to capture key structural features that serve as trademarks for a 

given molecule, generating the molecular fingerprint33. By connecting these metabolites to a 

fully characterized biological system such as Saccharomyces cerevisiae, one can interrogate the 

biological function of a NP in silico through purely MSMS information34–37. 
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Yeast chemical genomics (YCG), which refers to the process of correlating biological processes 

and small molecules based on compound screening against a comprehensive knockout library, 

serves as the methodology to connect metabolites to impacted bioprocesses35,38. The database 

MOSAIC, which was designed to discover mode-of-action for compounds using chemical-

genomic approaches, represents the most extensive chemical-genomic dataset to date35. As such, 

one can leverage molecular fingerprints with the extensively characterized YCG  dataset of 

compounds and biological processes to predict the bioprocesses impacted by novel NPs. 

The chosen methodology to coordinate labeled YCG information on biological processes and 

molecular fingerprints is machine learning. Machine learning describes algorithms designed to 

infer information based on pattern recognition39–41. As computational resources have increased 

and datasets have grown in complexity, machine learning has found success in image 

classification/generation, peptide identification, and more40,42. However, none have applied 

machine learning to connect NP molecular fingerprints to impacted bioprocesses, leaving a clear 

gap in literature. 

In summation, most compounds produced by a bacterial strain likely have minimal to no 

negative effect on known pathogens, making them irrelevant towards resolving antibiotic 

resistance. At the same time, as more antimicrobial compounds were discovered, so too was the 

landscape of prospective novel compounds narrowed down, forming the basis of the 

“rediscovery” problem3,8,12,13. Rediscovery, in the natural products (NPs) field, refers to the issue 

of discovering supposedly novel antimicrobial compounds that were in fact already explored and 

studied3,8,12,13. To resolve rediscovery, natural products researchers have traditionally relied on 

exploiting novel environments, enhancing throughput of high-throughput screens, investigating 

under-studied bacterial families, and more18,43,44. In this thesis, I describe the development of 
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computational approaches to resolve three barriers in natural product drug discovery: 1) 

rationalizing the marine environment as a source of under-exploited bacteria 2) presenting 

a methodology to prioritize BGCs based on novelty to public databases 3) facilitating the 

discovery of NPs that impact key biological processes. 

In the first chapter of this work, I explore an untargeted collection of marine bacteria belonging 

to the family Micromonosporaceae based on the BGCs identified. Our goal in this section is to 

perform a comparative genomic analysis of the marine Micromonosporaceae, allowing us to 

present the merits of exploiting understudied environmental sources for NP drug discovery. In 

doing so, I reveal the biosynthetic diversity of marine Micromonosporaceae compared to public 

literature, identifying both novel genus and species, and highlighting potentially new chemistry 

enclosed within. 

In the second chapter of this work, I refine the general methodologies that allowed us to perform 

comparative genomics analysis of the family Micromonosporaceae in Chapter 1, culminating in 

the development of the BGC Prioritization Dashboard. The BGC Prioritization Dashboard allows 

us to explore our BGCs in relation to each other based on their novelty to public databases. This 

strategy results in visualizations that display similar BGCs closely together, while still allowing 

the viewer to contextualize their dataset based on published literature, indicating BGCs that are 

novel both within their dataset and within public databases. 

In the third chapter of this work, we present a machine learning pipeline leveraging molecular 

fingerprints derived from MSMS datasets to interrogate biological function of NPs for the 

purpose of effective prioritization. Using modulators of tubulin assembly as a proof-of-concept 

biological process, we showcase machine learning models that predict whether a NP is a 
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modulator of tubulin assembly based purely on structural information. In doing so, we enhance 

NP drug discovery by reducing the need for time-intensive structural characterization techniques 

on compounds unrelated to key biological processes of interest. 

With these chapters, I outline computational methods to improve NP drug discovery from 

genomics and metabolomics fields, representing the possible landscape of what is produced by a 

bacterium (genomics) and the physical reality of laboratory conditions (metabolomics). 
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Chapter 2 

Marine Micromonosporaceae Secondary Metabolite Diversity Analysis 

Portions of this chapter have been published in Microbial Genomics as: 

Alas, I. et al. Micromonosporaceae biosynthetic gene cluster diversity highlights the need for broad-spectrum 

investigations. Microbial Genomics 10, 001167 (2024). 

 

2.1 INTRODUCTION 

Drug resistant infectious diseases have been recognized for decades as a growing threat to 

humanity1,2. More recent crises such as SARS, mpox and, most dramatically, the COVID-19 

pandemic have exacerbated the issue significantly due to the increased use of antimicrobials and 

the predictable acceleration of healthcare-associated drug resistant infections in U.S. hospitals3,4. 

In tandem with these realizations, it has also long been recognized that bacterially-derived 

secondary metabolites (natural products, NPs) constitute an idealized repository of new drug leads 

with the potential to display novel mechanisms of action, and thus, the ability to circumvent current 

drug resistance mechanisms in pathogens2,5,6. However, decades of mining terrestrial sources for 

useful NPs have reduced the likelihood of identifying truly new and novel NPs, despite truly 

remarkable technical advances that have streamlined drug discovery processes5,7. In contrast, 

recent efforts have revealed marine-derived microbes to be extremely attractive and, now, tractable 

sources; this is especially true for Actinobacterial populations7–13. For instance, the marine 

Actinomycete genus Salinispora was prioritized for novel NP explorations and subsequently 

enabled the discovery of lomaiviticins, salinosporamides, and other antibacterial compounds13.  
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Despite their inability to grow in deionized water compared to seawater, Salinispora have been 

disproportionately studied within the marine-derived NP community; the breadth of Salinispora 

studies to date has no doubt been a result of their well noted and chronologically early recognition 

as sources of NP originality13–16. Perceived limitations of Salinispora as a genus, and technological 

advances of the last ten years, have inspired recent campaigns to aggressively evaluate other 

marine-derived bacteria as sources for new NP scaffolds12.  

For example, phylogenetic analyses of brackish water sponges unveiled proportionally more 

Micromonospora species (spp.) compared to Streptomyces spp., contrasting earlier analyses of soil 

environment isolates9,17. Moreover, comparisons of brackish water habitats and tropical reef type 

habitats have revealed an abundance of four specific genera: Streptomyces spp., Micromonospora 

spp., Solwaraspora spp., and Verrucosispora spp9. With distributions of bacterial taxa differing 

across environments, notable metabolic diversity within Micromonospora spp., and the historical 

emphasis on Streptomyces spp. exploration, it is now clear that investigations of marine 

Micromonosporaceae are likely to unveil NPs that  differ from those of terrestrial strains, including 

both general terrestrial bacterial strains and terrestrial Micromonosporaceae Micromonospora 

spp.9,17,18. (This study showed that members of the family Micromonosporaceae were more 

abundant among cultivated bacteria from tropical ecosystems versus brackish ones. In addition, 

metabolomics initiatives have shown their metabolites to differ substantially from those of 

brackish Streptomyces.) 

Notably, the potential of Micromonospora to generate antimicrobials was first recognized in 1947 

with the discovery of the polyketide micromonosporin and subsequently underscored with the 

discovery of gentamicin (Gentocin, Garamycin) from M. purpurea in 1963; importantly, 

gentamicin is listed by the World Health Organization (WHO) as an essential and critically 
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important medication19–21. In the time intervening gentamicin’s discovery and now, over 740 

antibiotics have been discovered from Micromonospora strains although remarkably few have 

received clinical approval. Not surprisingly, the metabolic capacities of Micromonospora family 

members and their impact on drug discovery initiatives have been the subject of several 

outstanding reviews in recent years7,18,22. Gentamicin, netilimicin, plazomicin (Zemdri), 

isepamicin, neomycin (neo-Fradin, neo-Tab), and sisomicin (bactoCeaze, Ensamycin) represent, 

by far, the most clinically successful Micromonospora-derived agents and all remain in service 

today to differing extents based on geographic location and specific antimicrobial applications18,22. 

In addition to aminoglycosides, Micromonospora are known to produce antimicrobials bearing 

macrolide, ansamycin, everninomicin and actinomycin scaffolds7,18,22,23. In addition to serving as 

sources of antimicrobials with activity against “susceptible pathogens” Micromonospora have also 

yielded metabolites with potent activity against multiple-drug-resistant microbes. For instance, 

turbinmicin, reported in 2020 from Micromonospora WMMC-415, displays broad-spectrum 

activity against multiple-drug-resistant (MDR) fungal pathogens, notably Candida auris and 

Aspergillus fumigatus24,25 and is currently in clinical development. Micromonospora have also 

been shown to produce the enediyne-based DNA-damaging agents calicheamicin, yangpumicins 

and dynemicin; all hail from Micromonospora and have been applied to the creation and use of 

human therapeutics to differing extents7,18,22,26–28. Thus, it is now abundantly clear that 

Micromonospora and associated family members of the Micromonosporaceae represent 

outstanding resources for NP discovery, highlighting environments that produce these bacteria as 

primary investigative targets. 

Concurrent with shifting views on the importance of marine versus terrestrial NP repositories has 

been the continuous advancement of technologies aimed at acquiring and exploiting genetic 
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information, specifically, the development of high throughput DNA sequencing methods. 

Compared to traditional 16S rRNA sequencing and phylogenetic strain classification, whole 

genome sequencing as used by the Genome Taxonomy Database has allowed for enhanced 

disambiguation of genomes/organisms29,30. Average nucleotide identity (ANI), accessible via 

whole genome sequencing, now enables novel bacteria to be better understood relative to publicly 

available literature; one result of this advance has been the ability to delineate classically 

understood genera into more representative genera30. Additional genomic information acquired via 

whole genome sequencing has shed significant light on orphan Biosynthetic Gene Clusters (BGCs) 

housed within bacteria and fungi31. BGCs represent groupings of genes involved with the 

production of secondary metabolites, thus linking genomics to the production and intracellular use 

of bioactive NPs32. Relatedly, the refinement of antiSMASH (antibiotics & Secondary Metabolite 

Analysis Shell) has enabled the expanded exploitation of bacterial genomes in the search for 

antimicrobial NPs33. In conjunction, the construction of databases from public literature sources 

such as MIBiG (Minimum Information about a Biosynthetic Gene cluster) has allowed for 

improved use of already described BGCs in the search for new NPs32.  

Importantly, tools like antiSMASH and MIBiG can be leveraged by downstream software such as 

BiG-SCAPE (Biosynthetic Gene Similarity Clustering and Prospecting Engine) and BiG-SLiCE 

(Biosynthetic Gene clusters – Super Linear Clustering Engine) to create sequence similarity 

networks (SSNs) across strain collections32–35. These genome-guided computational tools enable 

one to identify uncharacterized BGCs and their related products across large collections of strains 

and employ both publicly available literature and privately held datasets36. Such an approach 

minimizes the likelihood of NP rediscovery, a well-known hurdle to effective drug discovery 

efforts, and maximizes currently known correlations of genomic information to small molecule 
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structure and function. These newfound capabilities are ideally suited to performing critical 

analyses regarding new NP potentials of any collection of microbial NP producers one might wish 

to interrogate.   

To date, a broad analysis of marine Micromonosporaceae genomes, BGCs related to the production 

of NPs, and their relation to public databases has been lacking. Hence, I provide here a comparative 

genomic analysis of marine Micromonosporaceae with the intention of identifying truly novel 

BGCs. Our analyses revealed the biosynthetic diversity of marine Micromonosporaceae, 

especially in comparison to publicly curated databases. Interestingly, we identified 4 new species 

belonging to Micromonospora_E, which is a new genus within the GTDB-tk2 database. These 

species represent a 4-fold increase in known Micromonosporaceae Micromonospora_E compared 

to the 311,480 bacterial strains stored in GTDB-tk2 from publicly available data. This study 

showcases: a) the utility of prioritizing BGCs based on novelty, relative to large existing databases; 

and b) the potential of renewed investigations into marine Micromonosporaceae as an outstanding 

repository for NP scaffolds. 

2.2 RESULTS & DISCUSSION 

Novel NPs from primarily terrestrial bacteria have served as the first and last lines of defense 

against antibiotic resistant pathogens for over 90 years2. However, trend analyses regarding 

decades of NP research indicate that terrestrial NP repositories are reaching critical exhaustion 

levels; in particular, the likelihood of discovering bioactive NPs with clinically employable novel 

mechanisms of action is becoming diminishingly small. Accordingly, drug discovery initiatives of 

the last 5-10 years are now aggressively pursuing alternative sources of microbially derived NPs 

with clinical potential. Inspired by our own interest in marine-derived microbes and the 

increasingly dire rise of antibiotic resistance, we evaluated the family Micromonosporaceae, 
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specifically marine-associated Micromonosporaceae, as a promising source of NPs with 

bioactivity against clinically relevant pathogens. However, while the dataset used for this study 

contains a significant number of Micromonosporaceae sequenced by our research group, it was 

not explicitly designed to be a diverse set of bacteria based on phylogenetic grounds and does not 

represent the entire marine-associated family with regards to metabolic potential. The approach 

taken, one that critically evaluates BGC content of assorted pools of microbes, enabled us to 

determine if marine-associated bacteria are sufficiently distinct from previously characterized 

terrestrial bacteria to warrant in depth marine-focused metabolomics. In this work, I incorporated 

genomics-based analytics to uncover potential bioactive secondary metabolites unrelated to known 

molecules based on comparative analyses of microbial BGC content.  

2.2.1 Marine bacterial strain genome characteristics 

The genome sequences of the 38 selected Micromonosporaceae strains, one selected 

Streptomycetaceae strain, associated QUAST (v5.0.2) annotations, and their respective BUSCO 

information are presented in Data S1. The Micromonosporaceae strains G+C content varied from 

approximately 70.41–73.94%. Genome sizes ranged from 6311079 base pairs (bp) to 8920919 bp, 

completeness scores ranged from 98.3% to 100%, and the number of genes ranged from 5688 to 

8739.  

2.2.2 Phylogenetic classification of marine bacterial strains 

The phylogenetic classifications of the 38 selected Micromonosporaceae strains and one 

Streptomycetaceae strain were performed using GTDB-tk v2 (Data S6). AAI and ANI analyses 

were performed to identify shared genera and shared species, with a minimum threshold of 67.66% 

AAI being necessary to belong to the same genera and an upper bound of 95% ANI to be 
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considered a novel species strain (Data S6). WMMC500 (Streptomycetaceae Streptomyces) was 

found to be a novel species of Streptomyces. WMMD1047 (Micromonosporaceae) was uncovered 

as a novel Micromonosporaceae sp. through GTDB-tk v2 taxonomic classification. Utilizing 

GTDB-tk v2 in conjunction with ANI analysis revealed 18 bacterial strains as belonging to known 

species of Micromonosporaceae Micromonospora. Rauf Salamzade identified 11 bacterial strains 

as 8 novel species of Micromonosporaceae Micromonospora. Further investigation discovered 6 

bacterial strains belonging to the Micromonospora_E genus, with 4 novel species of 

Micromonosporaceae Micromonospora_E identified. The designation Micromonospora_E comes 

from GTDB-tk2 splitting the current genus of Micromonospora into Micromonospora, 

Micromonospora_E, Micromonospora_G, and Micromonospora_H based on average nucleotide 

identity37. GTDB-tk2 also revealed the presence of 2 additional novel species: WMMD1127 

(Micromonosporaceae Asanoa, unknown sp.) and WMMD1102 (Micromonosporaceae 

Plantactinospora, unknown sp.). 
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Figure 2.1. Overall representation of phylogeny and BGCs of Micromonosporaceae type strains 

included in this work. (a) Phylogenetic tree of 38 Micromonosporaceae strains and 1 

Streptomycetaceae strain (WMMC500). The bar plot represents the antiSMASH v5.1.1 

identified BGC regions, and the colors represent the predicted BGC product type. (b) Pie chart 

describing the 779 BGCs identified in the 38 Micromonosporaceae strains according to 

antiSMASH v5.1.1.’s predicted product type. 

 

The phylogenetic analysis of 38 selected Micromonosporaceae strains and one Streptomycetaceae 

strain broadly conformed to expectation. WMMC500 (Streptomycetaceae Streptomyces, unknown 

sp.) correctly self-identified as a unique clade in our phylogenetic tree and was predicted as a new 

species of Streptomyces that is distinct from the genomes in GTDB-tk2. This result was expected, 
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as Streptomycetaceae should clearly diverge from Micromonosporaceae through taxonomic 

classification due to inter-genera differences. However, the discovery of 4 novel species of 

Micromonospora_E across 6 bacterial strains emphasizes the diversity of our marine collection, 

despite being so small. Currently, GTDB release 207 indicates that there are 331 

Micromonosporaceae Micromonospora genomes, with two corresponding Micromonosporaceae 

Micromonospora_E genomes. Purely from a taxonomic perspective, we have uncovered an 

additional 6 Micromonospora_E strains that belong to a poorly represented genus in publicly 

available literature. Additionally, we have also discovered a total of 15 novel species of 

Micromonosporaceae. Even though this dataset was primarily cultivated for Micromonosporaceae 

strains, the taxonomic diversity acquired from collections carried out in only one marine 

environment hints at a dramatic and unexplored diversity in microbial NPs, clearly warranting 

future study. 

2.2.3 Diversity and distribution of BGCs in marine Micromonosporaceae 

The prediction, annotation, and characterization of BGCs related to secondary metabolism were 

generated using antiSMASH v5.1.1. From the 38 Micromonosporaceae strains, 779 BGCs were 

annotated with a distribution of 13-34 BGCs per genome (Fig. 2.1). Genomes WMMA1949 

(n=13), WMMA1947 (n=13), and WMMD1127 (n=13) all had the lowest number of BGCs 

identified, while WMMD712 (n=34) and WMMD956 (n=34) carried the highest number of BGCs 

identified. Manual annotation was done using antiSMASH-predicted BGC product types using a 

modified BiG-SCAPE categorization scheme to decipher non-PKS/NRPS hybrid clusters, and this 

annotation revealed a significant number of hybrid products. Across the Micromonosporaceae 

strains, the most heavily represented type of BGC was predicted to be involved in the production 

of terpenes (n=156), followed by non-PKS/NRPS hybrids (non-polyketide synthase and non-
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ribosomal peptide synthetase hybrids) (n=146) and RiPPs (ribosomally synthesized and post-

translationally modified peptides) (n=129). 

Terpenes, as the most heavily represented BGC type in our marine Micromonosporaceae, represent 

a structurally and functionally diverse family of natural products. Generally speaking, terpenes 

share a backbone chain assembly pathway that employs C5 units such as isopentenyl diphosphate 

(IPP) and dimethylallyl diphosphate (DMAPP) as critical building blocks7. Terpenes displaying 

moderate antibacterial activity against Methicillin-Resistant Staphylococcus Aureus (MRSA) and 

bacteriostatic properties are well established7. Terpenoids also have shown antimicrobial, 

antifungal, and anticancer cytotoxic activity38–40. Uncharacterized terpenes identified in our BiG-

SCAPE analysis represent a largely underexploited NP grouping for possible applications against 

antimicrobial resistance mechanisms. 

Non-PKS/NRPS hybrids were found to comprise the second largest group of BGCs in our 

Micromonosporaceae collection. I defined non-PKS/NRPS hybrids as antiSMASH annotated 

regions obeying two specific rules: 1) The region contains a hybrid of two or more products; and 

2) If the hybrid contains only two products, those products must not only be a Type 1 PKS and 

non-ribosomal peptide synthetase (NRPS). As an example, a non-PKS/NRPS hybrid could have 

annotations for a Type 2 PKS and RiPP or be composed of a Type 1 PKS, NRPS, and Terpene. 

This super-category was constructed to identify potential chemical hybrids that are traditionally 

underexplored for interesting chemistry. For instance, in WMMC264, an interleaving candidate 

cluster containing an NRPS, oligosaccharide, and terpene overlapping was observed. NPs 

generally display much greater structural diversity than strictly synthetic agents and. accordingly, 

allow for much more extensive probing and utilization of chemical space; this logic is especially 

spurred on by the abundance of stereochemical features found in vast numbers of NPs (6). These 
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realizations make clear that further characterization of novel chemical spaces, as illuminated by 

our NP discovery efforts here, might well broaden synthetic drug approaches for target diversity6. 

Ribosomally synthesized and post-translationally modified peptides (RiPPs) make up the third-

largest proportion of BGCs in our collection of Micromonosporaceae strains. RiPPs are primarily 

notable for being structurally diverse and displaying a wide array of biological activities41, 

including potent antibiotic42, antifungal43,44, and anticancer45,46 activities, and expressing unique 

mechanisms of action compared to clinically used drugs. RiPPs are also amenable to biosynthetic 

engineering to mitigate systemic issues such as poor solubility and limited bioavailability42. Of our 

779 Micromonosporaceae BGCs analyzed with antiSMASH v5.1.1, 170 were found to encode a 

RiPP of some kind. Notably, bacteriocin (n=67), lanthipeptide (n=58), linear azol(in)e containing 

peptides (n=37), thiopeptide (n=36), and Tfua-related (n=20) species comprised over 97% of the 

RiPPs identified through antiSMASH (Data S13). Further characterization of these BGCs may 

reveal particularly malleable RiPPs with good antibiotic activities for engineering against resistant 

pathogens42. 
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Figure 2.2. Sequence similarity network (SSN) produced by BiG-SCAPE when analyzing 38 

Micromonosporaceae strains, visualized and annotated with Cytoscape. Nodes represent 

individual BGCs. BGC types are colored according to the color legend. Micromonosporaceae 

BGCs are represented as circles and MIBiG BGCs are represented as diamonds. Singletons (196 

BGCs) have been removed from the visualization. 

 

Analysis of the predicted BGCs, following removal of Streptomyces from the dataset, using the 

BiG-SCAPE workflow revealed 328 GCFs (Gene Cluster Families) and singletons (Fig. 2.2). My 

analysis identified the 51 MIBiG reference BGCs as similar to our Micromonosporaceae BGCs. 

Specifically, BGCs known to encode the biosynthesis of Gentamicin, Sisomicin, Rosamicin, and 

more were linked to BGCs in our collection (Data S13). Out of our 779 Micromonosporaceae 

BGCs, 196 BGCs (~25.1%) clustered separately into singletons, representing a degree of 
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uniqueness worth studying given their likelihood as beacons of unique chemical chemistry/NPs. 

The remaining 583 Micromonosporaceae BGCs clustered into 132 GCFs seen in Figure 2.2, with 

83 of the Micromonosporaceae BGCs clustering into 16 GCFs containing BGCs from MIBiG, 

indicating potentially known chemical compound space. The remaining 500 Micromonosporaceae 

BGCs clustered into 116 unique GCFs, traditionally representing unique chemical classes and 

indicating additional novel chemical entities potentially able to occupy unique chemical spaces. 

Overall, if all BGCs were sufficiently expressed in lab conditions, I would expect to have observed 

312 unique chemical classes from our marine-derived Micromonosporaceae collection. 

2.2.4 BiG-SliCE queries reveal significant likelihood for previously unknown biosynthetic 

potentials 

The previous analysis only explored the potential chemical diversity within our 

Micromonosporaceae BGCs. To investigate the diversity relative to published terrestrial bacteria 

sources, BiG-SLiCE was used. BiG-SLiCE contains over ~1.2 million BGCs from publicly 

available sources, including MIBiG. The majority of the described BGCs are from terrestrial 

organisms, due in part to exhaustive mining of local ecological niches1. For our work, I utilized 

the BiG-SLiCE model constructed using a default clustering threshold value of 900, resulting in 

29,955 GCFs against ~1.2 million BGCs, and queried our 779 marine Micromonosporaceae BGCs 

to determine individual BGC similarity to BiG-SLiCE’s GCFs (Fig. 2.3). 
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Figure 2.3. Scatter plot of Micromonosporaceae and Streptomycetaceae BGCs queried against 

BiG-SLiCE (Threshold = 900). Nodes represent individual BGCs. The horizontal red line 

indicates the threshold for successful clustering of a BGC into a GCF from BiG-SLiCE. The 

dots are colored as follows:  

1) orange, if the GCF most similar to that BGC contained a BGC from MIBiG.  

2) blue, if the GCF most similar to that BGC did not contain a BGC from MIBiG.  

3) green, if the BGC’s distance to the closest GCF fell above the clustering threshold of 900. 

 

Our analysis revealed 413 BGCs that failed to cluster into the 29,955 GCF model in BiG-SLiCE 

(clustering threshold T=900); these BGCs thus represent distinctly novel BGCs relative to 

published literature, an important finding that is perhaps not that surprising given the historical 

bias towards terrestrial microbes reported in the literature. The remaining 366 BGCs that clustered 
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were further categorized into two groups, those associated with a cluster defined by association 

with MIBiG and those that did not. From this analysis, I uncovered 94 MIBiG-associated BGCs. 

Furthermore, 272 BGCs were identified as being distinct from MIBiG-associated GCFs within 

BiG-SLiCE. The 94 MIBiG-associated BGCs likely known natural products based on their 

similarity to community annotated BGCs. The remaining 272 BGCs that were not identified as 

MIBiG-associated likely result in natural products that are closely associated to knowns. In 

summation, the 413 BGCs that failed to cluster into the BiG-SLiCE model (T=900) and likely 

result in unknown chemical classes, with little to no information regarding potential products 

beyond antiSMASH annotations. Accordingly, these BGCs showcase the vast biosynthetic 

potential of the marine Micromonosporaceae. 

To contextualize our findings, I combined our BiG-SCAPE analysis and our BiG-SLiCE results to 

identify strains that contained novel BGCs in relation to both our own dataset and to published 

literature. Notably, investigation of WMMD406 (Micromonospora_E unknown sp.) in BiG-

SCAPE revealed 17 BGC singletons out of the 25 total BGCs identified through antiSMASH. 

Comparison with BiG-SLiCE queries revealed 21 BGCs that failed to cluster (T=900) into the 

29,955 GCFs that represent primarily terrestrial public literature. Of the 17 BGC singletons 

identified in BiG-SCAPE, 16 were shared across the 21 novel BGCs determined through BiG-

SLiCE, indicating potentially unique chemical classes across our dataset and against published 

literature. Systematic incorporation of BiG-SCAPE analysis and BiG-SLiCE results revealed that 

the 413 novel BGCs identified through BiG-SLiCE made up 148 of the 196 singletons and 108 of 

the 132 GCFs visualized in BiG-SCAPE, representing prospective chemical classes (Data S13). 

Further exploration of marine Micromonosporaceae strains will continue to yield new chemical 

diversity.  
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2.2.5 BGC distribution of Micromonospora_E is statistically different from 

Micromonospora 

Micromonospora_E was found to represent an underexploited genusfor BGCs with potentially 

novel chemistry. In fact, analysis of the distribution of BGC distances to the closest GCF in BiG-

SLiCE uncovered a statistically significant difference between the Micromonospora and 

Micromonospora_E BGCs with respect to our data collection. Specifically, the mean BGC distance 

to closest GCF in BiG-SLiCE for Micromonospora_E was ~1174, compared to Micromonospora’s 

~1006. Similarly, the median BGC distance to closest GCF in BiG-SLiCE showed the same trend, 

with Micromonospora_E reporting a median of ~1004 and Micromonospora of ~908. The Mann-

Whitney U test with a two-sided hypothesis yielded a p-value of 6.84e-04, indicating that the BGC 

distance distributions for Micromonospora and Micromonospora_E are different. In addition, 

analysis of the number of BGCs reporting a distance to the closest GCF in BiG-SLiCE above the 

threshold value (T=900), averaged over the number of strains per genera, revealed for 

Micromonospora a total of ~10.03 BGCs/strain, compared to Micromonospora_E with ~14.83 

BGCs/strain. Although the BiG-SLiCE pre-processed dataset was developed in 2021, access to 

future datasets incorporating more publicly available genomes and metagenomes will decrease the 

overall distances reported. However, this metric makes clear that, if I were to query a marine-

derived Micromonospora strain’s BGCs against BiG-SLiCE’s currently available pre-processed 

dataset, I would expect to see approximately 10 BGCs that would report a distance value of 900 

or greater, representing dissimilarity to BiG-SLiCE’s primarily terrestrial dataset, indicating 

potentially novel chemistry. 
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Figure 2.4. Box and whisker plots comparing the distribution of distances between individual 

BGCs and the associated closest GCFs in BiG-SLiCE (Threshold = 900). The distributions have 

been separated by genera, with 6 Micromonospora_E strains and 29 Micromonospora. The red 

dots represent the means of the distributions. Mann-Whitney U-test (double-sided) was used to 

confirm differences in the distributions. 
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2.3 MATERIALS & METHODS 

2.3.1 Strain isolation & extraction 

Bacterial strains were isolated using previously published methodologies47. 16S rRNA sequences 

were extracted using standard methods47. DNA sequences were extracted using standard 

protocols for our laboratory48. 

2.3.2 Strain sequencing, assembly, & validation 

Genome sequencing used PacBio Sequel platforms using two Sequel single-molecule real-time 

(SMRT) cells (University of Wisconsin-Madison [UW-Madison], Biotechnology Center). PacBio 

data were corrected, trimmed, and assembled with Canu v1.849 using the parameter 

“genomeSize=8m” (UW-Madison, Center for High Throughput Computing). BUSCO v5.4.350 

and QUAST v5.0.251 was used to assess each genome assembly based on completeness and 

quality respectively, and the results are listed in Data S4 and S6. 

2.3.3 Annotation of biosynthetic gene clusters 

To identify BGCs related to secondary metabolism, genome sequences in the Fasta format were 

annotated by installations of antiSMASH v5.1.152 and antiSMASH v6.1.053. For antiSMASH 

v5.1.1, a minimal run omitting additional features was carried out using the Antibiotic Resistant 

Target Seeker Version 2 (ARTS)54,55. For antiSMASH v6.1.0, BGC prediction was performed 

with detection strictness relaxed, and the extra features KnownClusterBlast, ActiveSiteFinder, 

SubClusterBlast, RREFinder were active. The full parameters for the antiSMASH runs are listed 

in Data S8. The detailed information for the 39 strains is listed in DataS4, S5, and S6. 
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Pie plot of overall BGC counts per predicted product type was constructed using seaborn 

(v0.11.2)56 in Python (v3.7.12)57. 

2.3.4 Phylogenomics, average identity estimation between genomic pairs, & taxonomic 

classification 

We identified 922 single-copy core orthologs between the genomes of 39 isolates using 

OrthoFinder v2.5.458. Multiple sequence alignment of protein sequences was performed for each 

ortholog using MUSCLE v559 and filtered for sites which featured gaps in more than 10% of 

samples using trimAI v1.460. Filtered protein alignments were concatenated to produce an 

alignment of length 292,788 aa with coordinates for individual alignments of the 922 orthologs 

used to generate input for IQ-Tree v2.2.0.361 phylogeny construction using an edge-proportional 

partition model with ModelFinder Plus62 and visualized using iTOL v6.663 in Figure 2.1a. 

CompareM v0.1.2 (https://github.com/dparks1134/CompareM) was used to assess average amino 

acid identity (AAI) between the 39 genomes. Genome Taxonomy Database (GTDB-tk v2)30 was 

used to classify taxonomies for the 39 genomes with GTDB release R20737, and the taxonomic 

identification results are listed in Data S6. FastANI64 was used to group species across the 39 

genomes using average nucleotide identity (ANI), and the species grouping results are listed in 

Data S6. This process was performed by Rauf Salamzade. 

2.3.5 Analysis of intra-BGC diversity using marine Micromonosporaceae 

Utilizing the Micromonosporaceae antiSMASH v5.1.1 GenBank files, pairwise distance across 

predicted BGCs and sequence similarity networks (SSNs) was constructed using BiG-SCAPE 

v1.1.034. This run of BiG-SCAPE was performed a default cutoff of 0.3 with additional features 

such as the following: including BGCs from the MIBiG database v2.165, constructing an all-vs-
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all distance network mixing all BGC product classes, including BGCs that do not have a distance 

lower than the cutoff distance specified, and including BGCs with hybrid predicted products into 

each subclass network. The full parameters for the BiG-SCAPE analysis are listed in Data S8. 

The network output of BiG-SCAPE was imported into Cytoscape v.3.9.166  (Figure 2.2). The 

BGC product annotations generated by antiSMASH v5.1.1 were categorized based on BiG-

SCAPE cluster classes and were added to the Cytoscape visualization. The MIBiG BGC product 

types were identified using minimal runs of antiSMASH v5.1.1 through ARTS54,55, manually 

annotated using BiG-SCAPE cluster classes categories, and added as annotations to the 

Cytoscape network. 

2.3.6 Analysis of BGC diversity against terrestrial bacteria 

Micromonosporaceae antiSMASH v5.1.1 outputs were queried against the pre-processed dataset 

of 29,955 Gene Cluster Family (GCF) models in BiG-SLiCE v1.1.135 using a clustering 

threshold value of 900. The 29,955 GCF models were previously computed by Kautsar et. al.35 

using a clustering threshold distance of 900 to group 1,225,071 BGCs into GCFs. For each BGC-

GCF pairing, a membership score (distance) was generated, resulting in 779 BGCs having an 

associated 29,955 distances for each possible GCF. These distances corresponding to BGC-GCF 

instances were ranked from lowest to highest to generate the top-X hits, where X represents the 

X-best GCF hits for each BGC, with a lower distance indicating higher confidence in similarity. 

The full parameters for the BiG-SLiCE runs are listed in Data S8. The file-based SQL database 

was accessed in Python using the SQLite3 library. The best-performing GCF for each 

Micromonosporaceae BGC was investigated for the presence of MIBiG BGCs and the distance 

values associated with the BGCs and their top-1 GCF pair was plotted in Figure 2.3.  
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2.3.7 Statistical analysis of BGC similarity distribution across genera 

The 570 Micromonospora BGCs and 147 Micromonospora_E BGCs were queried against BiG-

SLiCE for the best GCF membership score. A comparison of the distributions of BGCs across 

genera was constructed using a box plot (Fig. 2.4, Table S1). The Mann-Whitney U test was 

applied to evaluate the statistically significance differences across the genera-specific 

distributions (Table S1). All analyses utilized a standard significance level of p < 0.05. 
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2.4 DATA SUMMARY 

Large datasets (mostly as tables) and special files can be found in Zenodo (https://zenodo.org/) 

and Figshare (https://figshare.com/) under the following links: 

https://zenodo.org/records/8208940 and https://doi.org/10.6084/m9.figshare.24492253.v1. In 

particular, the following collections of data for this paper are included: 

• Data S1: A folder with all the fasta files, representing the 42 strains (41 

Micromonosporaceae, 1 Streptomycetaceae).  

• Data S2: A folder with all the .gbk files for the biosynthetic gene cluster (BGC) regions 

predicted by antiSMASH v5.1.1. These files were used as inputs for BiG-SCAPE and 

BiG-SLiCE.  

• Data S3: A folder with all the .gbk files for the BGC regions predicted by antiSMASH 

v6.1.0.  

• Data S4: A folder containing all the Quast outputs for the 42 strains.  

• Data S5: A folder containing all the BUSCO outputs for the 42 strains. Example scripts 

are provided for scraping relevant information from the individual BUSCO outputs.  

• Data S6: A folder containing GTDB (Genome Taxonomy Database) classification results, 

and species-level grouping results using FastANI (95 % cutoff).  

• Data S7: A folder containing an Interactive Tree of Life (iTOL)-compatible bar chart 

annotation using antiSMASH v5.1.1 BGC region information.  

https://zenodo.org/
https://figshare.com/
https://zenodo.org/records/8208940
https://doi.org/10.6084/m9.figshare.24492253.v1
http://doi.org/10.1601/nm.6816
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• Data S8: A folder containing a Word document that describes the parameters used with 

Ubuntu WSL (Windows Subsystem for Linux) on the command line for programs 

antiSMASH v6.1.0, BiG-SCAPE v1.1.2 and BiG-SLiCE v1.1.1. Also included are 

parameters for metric MDS in python. An example script is also provided for batch 

queries of BGCs against BiG-SLiCE v1.1.1’s pre-processed dataset of ~1.2 million 

BGCs.  

• Data S9: A folder containing the BiG-SCAPE visualization of the 38 

Micromonosporaceae (post-QC filtering, excluding WMMA1363, WMMB482, 

WMMB486 and WMMC500) in Cytoscape.  

• Data S10: A folder containing:  

• The pre-processed dataset of 1.2 million BGCs from BiG-SLiCE.  

• All report folders generated by BiG-SLiCE for the 779 Micromonosporaceae 

BGCs queried against the 1.2 million BGCs.  

• The results data.db and associated folders for the pre-processed dataset of 

1.2 million BGCs.  

• Data S11: A folder containing the scripts necessary to regenerate the figures and perform 

independent analyses, and the relevant data used for the analyses.  

• Data S12: A folder containing the NCBI blast query used to compare WMMD1947 

region 12 against WMMD1120 region 14 using antiSMASH v6.1.0.  
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• Data S13: A folder containing the files pertaining to RiPP subclasses, BiG-SLiCE BGCs 

annotated with BiG-SCAPE information, and MIBiG BGCs identified as being related to 

BGCs in our dataset.  

Table S1 and Figures S1-181 are located in the Supporting Information seen here: 

https://zenodo.org/records/10952346. 
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Chapter 3 

Development of Biosynthetic Gene Cluster Prioritization Dashboard Using 

Predicted Secondary Metabolites Through Visualization 

Portions of this chapter have been published in Microbial Genomics as: 

Alas, I. et al. Micromonosporaceae biosynthetic gene cluster diversity highlights the need for broad-spectrum 

investigations. Microbial Genomics 10, 001167 (2024). 

 

3.1 INTRODUCTION 

For an overarching motivation regarding the prioritization of biosynthetic gene clusters (BGCs), 

see Section 2.1. Briefly, healthcare-associated drug resistant infections have skyrocketed in 

recent years, and a limited number of antimicrobial drug leads have developed following the 

“Golden Age”1–4. Due to most bacterial strains characterized for potential antibacterial 

compounds being isolated from soil, the rediscovery rate of finding compounds already explored 

is very high5,6. Other environments, like brackish water habitats and tropical reef habitats 

showcase different bacterial genera compared to soil environments, serving as the rationale for 

exploring marine environments for unexplored compounds7. The bacterial family 

Micromonosporaceae, especially, is abundant in marine environments and has historically 

produced famous antimicrobials such as gentamicin, and are relatively understudied compared to 

the ever-popular bacterial genus Streptomyces8–11. 

Computational tools such as BiG-SCAPE and BiG-SLiCE allow researchers to investigate their 

BGC collections for similar BGCs in both local collections and public databases12,13. They are 

invaluable for capturing which BGCs’ likely produce compounds already studied, and in doing 

so, allow researchers to observe novel BGCs showcasing novel chemistry. By leveraging 
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antiSMASH information from bacterial genomes, they break down whole sets of BGCs into 

digestible chunks of chemical classes14. 

We sought to combine information from BiG-SLiCE and BiG-SCAPE to get a snapshot of the 

BGCs truly unrelated to all other BGCs both within our dataset and in public literature. 

However, neither program lends itself to doing so in a systematic fashion, and that is what the 

BGC Prioritization Dashboard attempts to approximate. By leveraging BiG-SLiCE information 

about public database BGCs, we can mesh the ability of BiG-SCAPE to compare BGCs within 

our dataset with the novelty-identifying power of BiG-SLiCE, thus clearly pointing researchers 

towards BGCs of interest based on prospective new chemistry for prioritization based on visual 

information (Figure 3.1). 

The BiG-SLiCE Prioritization Dashboard leverages antiSMASH data fed into BiG-SLiCE to 

quantify similarity of individual BGCs to GCFs in BiG-FAM’s pre-processed database of 

approximately 1.2 million BGCs15. I leverage this similarity information and compare each BGC 

against each other, to capture how identical each BGC is to each other, effectively inferring 

similarity between BGCs from information acquired in BiG-SLiCE.  
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Figure 3.1. Overview of BiG-SLiCE Prioritization Dashboard methodology. (a) Initial 

methodology for inferring BGC similarity through BiG-SLiCE data. Each BGC is queried 

against BiG-SLiCE’s pre-processed database of 29,955 GCFs. The distance to each GCF per 

BGC is stored in a matrix. Each row of the matrix, representing individual BGCs, was 

compared against each other using pairwise distance metrics. The resultant 779x779 matrix 

underwent metric multidimensional scaling (MDS), resulting in a 779x2 dataset. (b) Prior to 

comparing each BGC against each other using pairwise distance metrics, the dataset of 779 

BGCs was split into sub-datasets based on BiG-SCAPE classes. Subsequent analysis is 

identical to (a). 

 

By reducing the data down for the purposes of visualization, I allow researchers to explore a 

visually digestible interface to determine which BGCs would be worth exploring based on true 

novelty. In addition to the tools BiG-SCAPE and BiG-SLiCE, I present this prioritization display 

as an overlay for researchers to explore and justify prioritization of BGCs. The display also 

allows for researchers to curate the visualizations to understand the underlying patterns in the 
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data, emphasizing the display as a visualization tool rather than a strict view of the BGCs within 

a given dataset. This dashboard showcases the practical ability to help researchers understand 

which BGCs to prioritize in their datasets in a systematic fashion. 

  

3.2 RESULTS & DISCUSSION 

For descriptions of the marine Micromonosporaceae dataset as described in Section 3.2, see 

Sections 2.2.1-2.2.3.. 

3.2.1 Truly novel BGCs are identifiable using metric MDS and pairwise distance modeling 

Our previous analyses highlighted the merits of combining BiG-SCAPE and BiG-SLiCE to 

identify strains and BGCs that are distinct within our dataset and distinct relative to published 

literature sources (Figure 3.1). To do this in a systematic fashion, I constructed a pairwise distance 

matrix (Chebyshev) of our 779 BGCs using relational information regarding individual BGC 

distances to all 29,955 GCFs in BiG-SLiCE (T=900). Using metric MDS, I visualized similarity 

of our marine Micromonosporaceae BGCs against each other, and split them into subplots to show 

BGC similarity across individual BGC product types (Figure 3.2). From these subplots, I observed 

siderophores, terpenes, and RiPPs as primarily co-localizing to similar spaces based on similar 

GCF distance values in BiG-SLiCE. Notably, the BiG-SLiCE authors have highlighted that BGCs 

primarily encoding for terpenes and RiPPs tend to disproportionately over-cluster due to the 

presence of fewer extracted features; our observations here are consistent with these earlier 

postulates13. It also is worth noting that, in the context of Figure 3.2, the Hybrid (Not PKS/NRPS) 

category served as the positive control since it is not limited to a singular product class. Variation 

in this specific case was defined as the largest spread in absolute distance between BGCs belonging 

to the same category. Manual investigation of Hybrid BGCs revealed that, in specific overlapping 



47 
 

cases, an individual component of the Hybrid BGC was shared with the overlapping BGCs in other 

categories; the instances of overlap were confirmed via BLAST alignments. Specifically, 

WMMA1947 region 12, encoding putative siderophore and lanthipeptide units, showed 80.74% 

identity in a BLAST nucleotide comparison with the siderophore subunit’s core biosynthetic gene 

relative to a siderophore moiety predicted to be produced by WMMD1120 region 14, also a 

siderophore core biosynthetic gene, seen in Data S12. 

 

Figure 3.2. Scatter plots of Micromonosporaceae BGCs analyzed via metric multidimensional 

scaling using Chebyshev pairwise distance. Each dot represents an individual BGC. Distance 

between BGCs is associated with the GCFs in BiG-SLiCE (Threshold=900) they were most 

similar to. Visualization was separated post-analysis according to predicted BGC product type. 

The color code represents the predicted BGC product type. Constructed using methodology seen 

in Figure 3.1a. 

 

To determine how BGCs were localized following metric MDS, I scaled the marker size and color 

of each plot in Figure 3.2 based on the average distance of the BGC to the top-3 GCFs in BiG-

SLiCE. An example visualization of PKS/NRPS can be seen in Figure 3.3, which as a class was 

selected due to ease of rationalizing BGC similarity based on BiG-SCAPE clustering. Further 

investigation into specific BGCs that were close in distance revealed that our metric MDS 

methodology primarily captured variation across BGC product types but that it was insufficient to 
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resolve similarity across BGCs belonging to the same predicted BGC product type (Figure 3.1a). 

Although there is utility in comparing across BGC product types, especially when comparing 

BGCs that fall within the Hybrid (Not PKS/NRPS) category to other BGC predicted product 

categories that may share singular components to the Hybrid section, further refinements were 

clearly warranted. 

 

Figure 3.3. Annotated version of the scatter plot depicted in Figure 3.2 of PKS/NRPS 

Micromonosporaceae BGCs. The color and size of the dots were scaled based on the average 

distance of the BGCs, across the entire dataset, to the closest 3 GCFs in BiG-SLiCE 

(Threshold=900). 
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As such, I separated our BGCxGCF dataset into sub-datasets based on the 10 predicted product 

types used within this paper, then constructed pairwise distance matrices using the distance metrics 

described earlier, and finally performed metric MDS to enhance the power of our visualizations to 

resolve similar BGCs within our Micromonosporaceae (Figures 3.1b, 3.4). This enhanced 

resolution allows for users to prioritize novel BGCs based on the visualization that aligned with 

BiG-SLiCE and BiG-SCAPE information, without needing to run BiG-SCAPE. 

 

Figure 3.4. Improved scatter plots of Micromonosporaceae BGCs, separated by predicted BGC 

product type prior to analysis via metric multidimensional scaling with Chebvyshev pairwise 

distance. Distances between BGCs of a specific product type are associated with similar GCFs 

in BiG-SLiCE (Threshold=900). Predicted BGC product types are color coded. Constructed 

using methodology seen in Figure 3.1b. 

 

Utilizing this methodology, manual comparison with BiG-SCAPE’s SSNs and examination of 

antiSMASH outputs revealed that the distance between BGCs in the metric MDS visualizations 

corresponded strongly to the presence of shared BGC elements. For instance, WMMD975 region 

20, reported in BiG-SCAPE as part of a triplet with WMMD1128 region 24 and D998 region 3, 

showed a shared PKS/NRPS unit. Investigation of the PKS/NRPS metric MDS revealed that 

WMMD975 region 20 and WMMD1128 overlapped significantly, with WMMD998 region 3 

distanced further away.  AntiSMASH analysis (v5.1.1) revealed that WMMD975 region 20 and 
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WMMD1128 shared the same core biosynthetic genes for the PKS and NRPS subunits, while 

WMMD998 contained an additional NRPS core biosynthetic gene, potentially resulting in further 

modifications to the prospective compound. This methodology allowed us to visually ascertain 

similarities across BGCs of the same predicted product type, while retaining antiSMASH-level 

information for the differentiation of BGC pockets. 

 

Figure 3.5. Annotated version of the improved scatter plot of PKS/NRPS Micromonosporaceae 

BGCs from Figure 3.4. The color and size of the dots were scaled based on the average distance, 

across the predicted BGC product type PKS/NRPS, to the top-3 GCFs in BiG-SLiCE 

(Threshold=900). 

 

In particular, scaling the marker size and color based on the average distance of individual BGCs 

to their top-3 GCFs in BiG-SLiCE provided a more visually informative way to identify BGCs 
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deviating from terrestrially derived bacteria (Figure 3.5). Analysis of the PKS/NRPS category 

following Chebyshev-based MDS analysis revealed pockets of BGCs able to serve as 

representative markers of unique groups. For instance, the information regarding WMMD975, 

WMMD1128, and WMMD998’s PKS/NRPS subunits were consistent; the average distance to the 

closest 3 GCFs in BIG-SLiCE for all BGCs exceeded 2400, indicating the likelihood of novel 

chemistry. Incorporation of the average distance in our methodology allowed for a visually 

informative way to further prioritize BGCs that are likely uncharacterized and novel compared to 

publicly available terrestrial data from BIG-SLiCE’s ~1.2 million BGCs (29,955 GCFs, T=900). 

3.2.2 Prioritization of BGCs through BGCPD 

 
Figure 3.6. Visualization of the BGC Prioritization Dashboard. Analysis was run using only 

Terpene BGCs with the Chebyshev distance metric. The size and color of the dots were derived 

from N Closest Distances. Hybrids (of any Terpene/X combination, where X is any other BGC 

class), were separated for the analysis, and are not present here. Each dot has hover text that 

contains information on BGC classes, distance to closest GCF in BiG-SLiCE, and average 

distance to closest Y GCFs, where Y is set by N Closest Distances. BGC names are searchable. 

 

The BGC Prioritization Dashboard allows for the investigation of BGCs in a manner described in 

Section 3.2.1, in a systematic fashion. After running the associated script, researchers can interact 
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with their entire BGC dataset to identify BGCs that are sufficiently distinct from their collections 

as well as public databases. For example, in Figure 3.6, WMMD1102.tig00000001.region013 is 

highlighted as it shows up separated from all the other Terpene BGCs in the Micromonosporaceae 

dataset. Investigating this further, we can see that the distance to the closest GCF in BiG-SLiCE 

for this BGC is only 561, well below the threshold of 900 used for the analysis. By shifting the N 

Closest Distances metric from 1-5, we can see that the 2nd through 5th closest GCFs are well above 

the threshold of 900. As such, the WMMD1102 BGC is likely similar to only one GCF in BiG-

SLiCE and dissimilar to everything else. Any other Terpene BGCs that trend closer towards the 

center are likely similar to other GCFs, and the closer they overlap, the more similar the 

distribution of similar GCFs is to each other. In comparison, WMMD406.tig00000001.region014, 

which is located at (815,400) on the visualization, shows an average distance to the closest 3 GCFs 

of ~1500. Further investigation revealed that the closest GCF was a distance of 1353 away, well 

above the threshold of 900. Since the WMMD406 BGC is relatively separate from all the other 

BGCs, it would likely serve as a good representative to induce expression of for the purposes of 

novel chemistry or structures. 

However, while the BGC Prioritization Dashboard does include the analyses done under differing 

distance metrics beyond Chebyshev, such as the ones described in Section 3.2.1, I found that the 

Chebyshev distance metric was the most informative for the dataset I utilized. Specifically, highly 

overlapping BGCs in Figure 3.6 are likely to be part of the same GCFs in BiG-SCAPE when 

analyzed through the Chebyshev distance metric, whereas other distance metrics may be teasing 

other unknown information out of the distance matrixes. 

In addition, the BGC Prioritization Dashboard also allows for researchers to choose between two 

distinct rules for the class a BGC can be referred to as. In Figure 3.6, the “Hybrids Separated?” 
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section constructs two versions of the dataset to be compared against each other. If “Yes”, this 

means that a BGC is only considered part of a BGC Class if it exactly contains only that class of 

BGC. So, for example, a Terpene/RiPP BGC would not be considered a Terpene or RiPP BGC, 

and would be separated into the remainder category of Hybrid (Not PKS/NRPS). The rationale 

behind this decision was that the meaning of distance between BGCs improved significantly once 

the hybrids were separated into their own category. If “No”, then a BGC is considered part of a 

BGC Class if any of BGC classes were detected in the BGC region using antiSMASH. If a BGC 

was considered a Terpene/RiPP, it would be included in both the Terpene class and the RiPP class. 

This improves the ability to interact with these hybrid BGCs that may lead to more interesting 

chemistry, but at the cost of resolution. 
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3.3 MATERIALS & METHODS 

3.3.1 Strain isolation & extraction 

Bacterial strains were isolated using previously published methodologies16. The 16S rRNA 

sequences were extracted using standard methods16. DNA sequences were extracted using 

standard protocols for our laboratory17. 

3.3.2 Strain sequencing, assembly & validation 

Genome sequencing used PacBio Sequel platforms using two Sequel single-molecule real-time 

(SMRT) cells (University of Wisconsin, Madison [UW–Madison], Biotechnology Center). 

PacBio data were corrected, trimmed, and assembled with Canu v1.818 using the parameter 

“genomeSize=8m” (University of Wisconsin, Madison [UW–Madison], Center for High 

Throughput Computing). BUSCO v5.4.319 and QUAST v5.0.220 was used to assess each genome 

assembly based on completeness and quality, respectively, and the results are listed in Data S4 

and S6. 

3.3.3 Annotation of biosynthetic gene clusters 

To identify BGCs related to secondary metabolism, genome sequences in the Fasta format were 

annotated by installations of antiSMASH v5.1.121 and antiSMASH v6.1.022. For antiSMASH 

v5.1.1, a minimal run omitting additional features was carried out using the Antibiotic Resistant 

Target Seeker Version 2 (ARTS)23,24. For antiSMASH v6.1.0, BGC prediction was performed 

with detection strictness relaxed, and the extra features KnownClusterBlast, ActiveSiteFinder, 

SubClusterBlast, and RREFinder were active. The full parameters for the antiSMASH runs are 

listed in Data S8. The detailed information for the 39 strains is listed in DataS4, S5, and S6. 
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3.3.4 Analysis of BGC diversity against terrestrial bacteria 

Micromonosporaceae antiSMASH v5.1.1 outputs were queried against the pre-processed dataset 

of 29,955 Gene Cluster Family (GCF) models in BiG-SLiCE v1.1.113 using a clustering 

threshold value of 900. The 29,955 GCF models had been previously computed by Kautsar et. 

al.13 using a clustering threshold distance of 900 to group 1,225,071 BGCs into GCFs. For each 

BGC-GCF pairing, a membership score (distance) was generated, resulting in 779 BGCs having 

an associated 29,955 distances for each possible GCF. These distances corresponding to BGC-

GCF instances were ranked from lowest to highest to generate the top-X hits, where X represents 

the X-best GCF hits for each BGC and where a lower distance indicating higher confidence in 

similarity. The full parameters for the BiG-SLiCE runs are listed in Data S8. The file-based SQL 

database was accessed in Python using the SQLite3 library. The best-performing GCF for each 

Micromonosporaceae BGC was investigated for the presence of MIBiG BGCs, and the distance 

values associated with the BGCs and their top-1 GCF pair was plotted in Figure 2.3.  

3.3.5 Initial methodology for identification of novel BGCs 

The table of membership scores (distances) between 779 Micromonosporaceae BGCs and the 

29,955 GCFs in BiG-SLiCE was transformed into a pairwise distance matrix using the 

Chebyshev distance metric, resulting in a 779x779 matrix describing the distance between BGCs 

in relation to the distribution of membership scores (distances) across the GCFs. Metric (MDS) 

was performed as a dimensionality reduction technique to reduce the 779x779 matrix into a 2-

dimensional space, retaining distances between BGCs as closely as possible25. The metric MDS 

parameters are described in Data S8, and the corresponding metric MDS plots are visualized in 

Figure 3.2 (Figures S1-S10). The MDS scatter plot marker size and color were scaled based on 

the average distance of the BGC to the top-3 GCFs (Figures 3.3, S11-S20).  
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The BGC-GCF table of the 779 BGCs and their membership scores (distances) to the 29,955 

GCFs in BiG-SLiCE was split into sub-datasets. These sub-datasets were based on the 

antiSMASH predicted product type of the BGC, resulting in 10 sub-datasets. Each sub-dataset 

was transformed into pairwise distance matrices, using 8 different distance metrics: Euclidean, 

Cosine, Cityblock, Chebyshev, L2, Braycurtis, Canberra, and Correlation pairwise distances. The 

pairwise distance matrices underwent metric MDS to compare our BGCs against each other 

(Figures 3.4, S21-S100). The size and color of the markers for each BGC in the metric MDS 

visualizations were scaled based on the average distance of the BGC to the top-3 GCFs (Figures 

3.5, S101-S180). The metric MDS parameters are described in Data S8. 

3.3.6 Robust refinements to identifying novel BGCs 

The script in Data S11 has been redeveloped, primarily towards minimizing the need for manual 

categorization and excessive dependencies. The improvements were: 

1) Automation of the manual categorization of antiSMASH BGCs into BiG-SCAPE cluster 

categories12. 

2) Automatic generation of pairwise distance matrices based on rules for the Hybrid (Not 

PKS/NRPS) category, resulting in either 8 or 9 sub-datasets for metric MDS. 

3) Supporting average distance of BGC to closest X GCFs for a range of X between 1 and 5. 

4) Removal of code only necessary for figures generated in prior publication26. 

5) Various improvements based on general coding best practices. 

3.3.7 Development of visualization dashboard for BGC prioritization 

The associated script was re-implemented in Plotly Dash as an application to enhance user 

capabilities for the visualization and prioritization of BGCs based on the pairwise distance metric 
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MDS methodology27,28. This data visualization dashboard (see Figure 3.6) allows for the 

customization of the metric MDS scatter plot based on BGC class, distance metric, X closest 

GCFs used for average distance annotation, color palette, and re-organization of data based on 

presence of BGC classes or Hybrid (not PKS/NRPS) class separation. 

3.4 DATA SUMMARY 

Large datasets (mostly as tables) and special files can be found in Zenodo (https://zenodo.org/) 

and Figshare (https://figshare.com/) under the following links: 

https://zenodo.org/records/8208940 and https://doi.org/10.6084/m9.figshare.24492253.v1. In 

particular, the following collections of data for this paper are included: 

• Data S1: A folder with all the fasta files, representing the 42 strains (41 

Micromonosporaceae, 1 Streptomycetaceae).  

• Data S2: A folder with all the .gbk files for the biosynthetic gene cluster (BGC) regions 

predicted by antiSMASH v5.1.1. These files were used as inputs for BiG-SCAPE and 

BiG-SLiCE.  

• Data S3: A folder with all the .gbk files for the BGC regions predicted by antiSMASH 

v6.1.0.  

• Data S4: A folder containing all the Quast outputs for the 42 strains.  

• Data S5: A folder containing all the BUSCO outputs for the 42 strains. Example scripts 

are provided for scraping relevant information from the individual BUSCO outputs.  

• Data S6: A folder containing GTDB (Genome Taxonomy Database) classification results, 

and species-level grouping results using FastANI (95 % cutoff).  

https://zenodo.org/
https://figshare.com/
https://zenodo.org/records/8208940
https://doi.org/10.6084/m9.figshare.24492253.v1
http://doi.org/10.1601/nm.6816
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• Data S7: A folder containing an Interactive Tree of Life (iTOL)-compatible bar chart 

annotation using antiSMASH v5.1.1 BGC region information.  

• Data S8: A folder containing a Word document that describes the parameters used with 

Ubuntu WSL (Windows Subsystem for Linux) on the command line for programs 

antiSMASH v6.1.0, BiG-SCAPE v1.1.2 and BiG-SLiCE v1.1.1. Also included are 

parameters for metric MDS in python. An example script is also provided for batch 

queries of BGCs against BiG-SLiCE v1.1.1’s pre-processed dataset of ~1.2 million 

BGCs.  

• Data S9: A folder containing the BiG-SCAPE visualization of the 38 

Micromonosporaceae (post-QC filtering, excluding WMMA1363, WMMB482, 

WMMB486 and WMMC500) in Cytoscape.  

• Data S10: A folder containing:  

• The pre-processed dataset of 1.2 million BGCs from BiG-SLiCE.  

• All report folders generated by BiG-SLiCE for the 779 Micromonosporaceae 

BGCs queried against the 1.2 million BGCs.  

• The results data.db and associated folders for the pre-processed dataset of 

1.2 million BGCs.  

• Data S11: A folder containing the scripts necessary to regenerate the figures and perform 

independent analyses, and the relevant data used for the analyses.  

• Data S12: A folder containing the NCBI blast query used to compare WMMD1947 

region 12 against WMMD1120 region 14 using antiSMASH v6.1.0.  
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• Data S13: A folder containing the files pertaining to RiPP subclasses, BiG-SLiCE BGCs 

annotated with BiG-SCAPE information, and MIBiG BGCs identified as being related to 

BGCs in our dataset. 

Table S1 and Figures S1-181 are located in the Supplementary Information, seen here: 

https://zenodo.org/records/10952346. 
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Chapter 4 

Predicting Tubulin-Binding Compounds Using MS/MS Structurally Representative 

Fingerprints with Machine Learning 

4.1 INTRODUCTION 

Previous chapters have highlighted the importance of mining NPs to mitigate the spread of drug 

resistant infectious diseases. A historical overview of NPs as sources of new drugs from 1981 to 

2019 highlighted a significant portion of new approved drugs as rooted in NPs or derived from 

NP scaffolds1. Even though companies had previously shifted synthetic libraries of smaller and 

easily modifiable structures, companies and researchers are increasingly invested in utilizing NP 

privileged scaffolds as a basis for drug discovery platforms to identify compounds with enhanced 

bioactivity2–4. 

However, as described in Chapter 1, several issues are present in the process to uncover NP drug 

candidates. Most notably, the issue of “rediscovery”, which refers to identifying NPs that have 

already been explored for clinical usage prior by other researchers5. Several decades of NP 

exploration have resulted in the surface-level NPs, with strong bioactivity and often larger 

quantities, prioritized for healthcare-related purposes3. Effective prioritization of NPs requires 

sifting through years of research to discard already characterized compounds. 

To perform this efficient prioritization of NP, researchers must minimize the time spent working 

on a potentially already characterized compound and maximize time spent working on novel 

NPs. Bacterial extract high-throughput screening, where bacterial extracts are screened for 

bioactivity against a panel of pathogens, then undergo bioactivity-guided fractionation to narrow 
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down which compound specifically is the root of the activity, and finally run through high-

resolution liquid chromatography tandem mass spectrometry (HR-LC-MS/MS) and nuclear 

magnetic resonance (NMR) to identify the structure of the compound, is a time-intensive 

process6. Once a bacterial extract has been identified as interesting, which is approximately 2-5% 

of extracts in our lab, the only stage where we have a potential idea of the structure is during HR-

LC-MS/MS. As NMR is prohibitively time-intensive, requiring possibly weeks to characterize a 

structure, leveraging HR-LC-MS/MS to determine if a compound is worth exploring further is a 

must. 

Molecular fingerprints, or the encoded structural characteristics of a molecule to a vector, can be 

generated through MS/MS datasets through software such as SIRIUS57,8. Within these molecular 

fingerprints is enough information to make an informed guess as to the full structure of the 

compound of interest, which means that one can identify pre-existing compounds through 

molecular fingerprint comparisons to known scaffolds. To perform these similarity comparisons 

in a systematic fashion, machine learning models which perform pattern recognition are 

necessary. 

As a proof of concept, we wanted to take this idea a step further. By leveraging yeast chemical 

genomics (YCG) as a repository of compounds that are linked to biological processes, could we 

utilize purely HR-LC-MS/MS-derived information to correlate structures that impact key 

biological processes to molecular fingerprints, thus allowing for the de-prioritization of 

structurally analogous compounds without the need for time-intensive NMR9,10. Currently, there 

are no tools to prediction function based on MS2 spectra. Therefore, this represents a new 

paradigm for understanding the function of natural products. While this is a simple proof of 

concept, what we learn here can be extended to other mechanistic spaces.  
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Figure 4.1. Overview of machine learning methodology to predict modulators of tubulin 

assembly based on structural information. A compound structure undergoes simulated 

fragmentation. The simulated fragments are reconstructed into a fingerprint. The fingerprint is 

used to train machine learning classifiers, for the purpose of predicting whether a fingerprint is 

likely derived from a compound that modulates tubulin assembly. Experimental information 

from HR-LC-MS/MS is used to generate fingerprints to predict if an unknown compound is a 

modulator of tubulin assembly or not. 

 

Here, I provide the base of machine learning models to identify modulators of tubulin assembly 

through purely structural information derived from HR-LC-MS/MS. Our analyses revealed that 

binary classification models were insufficient using the parameters tested to link impacted 

biological processes of known structures to molecular fingerprints, but multiclass classification 

models leveraging structural families could. Most notably, multiclass models resulted in greater 



66 
 

than 96% accuracy on spectra graded A or S rank based on signal-to-noise (S/N) ratio, base peak 

intensity, and number of peaks observed. This work showcases the merit of leveraging molecular 

fingerprints from HR-LC-MS/MS as a methodology to link to structural classes, thus allowing 

for the efficient de-prioritization or prioritization of compounds in those classes with relevant 

bioactivity. 
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4.2 RESULTS & DISCUSSION 

Additional information on the processes described is given in Section 4.3. 

4.2.1 Yeast Chemical Genomics (YCG) as a repository to link bioprocesses with compounds 

To link biological processes to compounds in a systematic fashion, we utilized the repository 

MOSAIC10,11. We selected compound classes that were readily known to bind tubulin in literature, 

for a total of 92 compounds, as previous findings indicated that modulators of mitosis and 

chromosome segregation were relatively common across NPs in databases such as RIKEN 

NPDepo11. All these compounds were labeled as Positive instances of tubulin modulation, serving 

as compounds we would leverage to train models to identify core elements potentially related with 

tubulin modulation. To train against, 10,954 compounds were pulled from RIKEN NPDepo to 

serve as Negative instances. 

4.2.2 Dataset augmentation scheme to account for low Positive instances 

Augmentation of the dataset to correct the imbalance was prioritized due to 92 known modulators 

compared to 10,954 assumed non-interactors of tubulin. Each of the 92 compounds was structure 

similarity searched in PubChem for similar compounds using a minimum Tanimoto Structural 

Similarity Score threshold of 96%13. For each of the 92 original compounds, up to 20 similar 

compounds were selected. These additional compounds were not screened and stored in 

MOSAIC’s CG database, but with a minimum threshold of 96%, it was assumed that any 

deviations in structure would be relatively minimal and not affect any potential pharmacophore. 

This augmentation changed the dataset into 1143 potential modulators of tubulin assembly versus 

the 10,954 assumed non-interactors, resulting in 9.4% Positives compared to the original 0.83% 

Positives. 
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However, expansion of the Positive instances through exceedingly similar structures meant that 

the models would be training on highly similar information, which would cause difficulties when 

determining the models’ ability to generalize on structural information (fingerprints) it had never 

seen before. To minimize this, I constructed 60% training, 20% validation, and 20% testing splits 

using the original dataset of 92 Positives and 10,954 Negatives, then augmented each of the splits 

with the highly similar structures present in only those splits. This strategy allowed for the 

optimization of hyperparameters for binary classification models based on generalization 

capabilities, rather than their ability to overfit on nigh-identical information. 

4.2.3 Hyperparameter optimization of binary classification models through F1 score and 

Average Precision (AP) 

Each model noted in Table 4.1 had several hyperparameter combinations evaluated while training 

on the 60% training dataset. In addition, some models used scaled fingerprints such as MinMax 

Scaler and Standard Scaler as inputs to evaluate the effectiveness of scalers on evaluation. Each 

hyperparameter combination was ranked based on either F1 score (F1) or Average Precision (AP). 

The best-performing hyperparameter combinations based on either F1 or AP were evaluated 

against the 20% validation dataset, as seen in Table 4.1. Metrics used for evaluation were F1-score 

(binary), F1-score (macro), Precision, Recall, and Area Under the Precision-Recall Curve (AUPR). 

F1-score (binary) is calculated only using the Positive class, whereas F1-score (macro) is 

calculated across Positive and Negative classes. The five best-performing models were the Multi-

layer Perceptron Classifier (refit using F1 or AP), the Light Gradient-Boosting Machine 

(LightGBM) (refit using F1), and the Support Vector Machine (SVM) (refit using F1 or AP). The 

best-performing models generally trended towards increased model complexity, possibly hinting 



69 
 

at difficulties teasing apart Negative and Positive instances. Across the board, evaluation metric 

scores were relatively low. 

 

 

Table 4.1. Hyperparameter optimization of models trained on 60% of training data evaluated on 

20% validation set. Models are sorted in order of highest F1-score (binary). Models with relevant 

hyperparameters were optimized based on either F1-score (binary) or Average Precision (AP). 

Evaluation metrics are: F1-score (binary), F1-score (macro), Precision, Recall, and Area Under 

the Precision-Recall Curve (AUPR). Each evaluation metric column was colored in order of 

highest to lowest score. 
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4.2.4 Application of best-performing binary classifiers reveals poor generalizability 

 

Table 4.2. Top 5 models evaluated against 20% testing dataset. The top 5 performing models 

and associated hyperparameters from Table 1 based on F1-score (binary) were selected. Models 

are sorted in order of highest F1-score (binary). Models were retrained using 60% training and 

20% validation splits. Each evaluation metric column was colored in order of highest to lowest 

score. Each evaluation metric column was colored in order of highest to lowest score. 

 

Evaluation of the five best-performing models on the held-out 20% testing dataset can be seen in 

Table 4.2. The models were retrained using the 60% training and 20% validation splits. From this, 

the three best-performing models using the evaluation metrics were trained on the full 60% 

training, 20% validation, and 20% testing splits, then evaluated on 419 real experimental GNPS 

MS/MS spectra of compounds known as modulators of tubulin assembly (Table 4.3). These best-

performing models were the LightGBM (refit using F1), SVM (refit using F1), and SVM (refit 

using AP).  

Parent Class: Number of Spectra: LightGBM (F1): SVM (F1): SVM (AP): 

Colchicine 140 0 0 1 

Taxanes 113 0 0 0 

Vinorelbine 73 0 0 0 

Vinblastine 33 0 0 0 

Vincristine 23 0 2 2 

Vinpocetine 19 0 0 0 

Vindoline 18 0 0 0 

Table 4.3. GNPS spectra evaluation using best-performing models. The parent classes of the 

compounds from GNPS are seen in the first column. The Positive predictions for the best-

performing models are shown in the last three columns. For each of the models, the evaluation 

metric used to optimize the hyperparameters are shown in parentheses. 
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When tasked with classifying the GNPS spectra, the models performed poorly. Of the 419 GNPS 

spectra, only 2-3 were correctly identified as modulators of tubulin assembly. These exclusively 

fell within spectra associated with Colchicine and Vincristine. Further investigation revealed the 

other models performed equally as well. One possible rationale was that the models were trained 

on effectively perfectly fragmented spectra with no noise. In doing so, the models were trained to 

assess very minute differences in the spectra that were not found in the GNPS spectra, whose 

quality depends on the contributor’s instrument and methodologies. Another rationale was that the 

Positive instances, despite being augmented to account for class imbalance, are comprised of 

structurally diverse compounds. A third possible rationale was differences in the datasets being 

trained on and evaluated on, resulting in the models being optimized to predict on different 

distributions of fingerprints than they were evaluated on. 

4.2.5 Comparisons between simulated and experimental datasets 

t-distributed Stochastic Neighbor Embedding (t-SNE) analysis of a constructed aggregate dataset 

of 17557 fingerprints, derived from simulated data or experimental GNPS spectra, showed distinct 

separation in distributions based on the origin of the data (Figure 4.2). Within the simulated dataset 

(Figure 4.2b), I observed higher concentrations of fingerprints that were similar to each other, 

visually represented as spatially closer through t-SNE. In the experimental spectra (Figure 4.2b), 

I observed disagreement between the simulated and experimental fingerprints based on 

dimensionality reduction, where pockets of fingerprints are spatially distinct across fingerprint 

origins. Notably, I also found reduced concentration of fingerprints for the experimental dataset 

compared to the simulated dataset, representing increased variation within the experimental 

dataset. 
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Figure 4.2. t-SNE visualization of simulated and experimental fingerprints. t-SNE was 

performed on the aggregated dataset of simulated and experimental fingerprints, with the 

number of components set to 2. (a) t-SNE plot shown with a perplexity of 40, each point has 

been colored based on the source of the fingerprint. (b) The t-SNE plot from (a), but each point 

has been separately plotted based on the source of the fingerprint to highlight differences in 

distribution. 

 

Further analysis leveraged Principal Component Analysis (PCA) and KMeans Clustering to 

visualize differences across the simulated and experimental datasets (Figure 4.3). PCA, a linear 

dimensionality reduction technique that maximizes retained variance within the dataset, was used 

to show areas of agreement across the simulated and experimental datasets (Figure 4.3a). KMeans 

Clustering proved more illuminating, breaking down the pockets of fingerprints into distinct 

clusters (Figure 4.3b). Investigation of the clusters generated by KMeans Clustering (Figure 4.3c) 

showed two distinct groups as containing primarily fingerprints derived from GNPS experimental 

spectra (G0, G4), whereas most simulated fingerprints belonged to the same five clusters (G1, G2, 

G5, G6, G8). This distribution differences across the clusters may be the reason why the binary 

classification models performed less desirably on when evaluating on the GNPS experimental 

spectra. 
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Figure 4.3. PCA and KMeans Clustering exploration of simulated and experimental 

fingerprints. (a) PCA dimensionality reduction on the aggregated dataset of simulated and 

experimental fingerprints to 2 components. Points are colored based on the origin of the 

fingerprint (simulated or experimental). (b) KMeans Clustering was used on the aggregated 

dataset, with the number of clusters being defined as 10. Each point was colored based on which 

cluster it was assigned as. (c) Fingerprints belonging to KMeans Clusters seen in (b) were 

summed per cluster and split by the origin of the fingerprint. 

 

4.2.6 Multiclass classification models show enhanced capabilities 

As a subsequent approach, in collaboration with Nathan Brittin, we tried a multiclass classifier. 

Rather than using a simple Positive/Negative label for predictors of tubulin modulation, 5 

representative compound classes were selected as labels to replace the Positive instance, with each 

representing a unique and disjoint category for labeling. These compound classes can be seen in 

Table 4.4 and were chosen to provide the models with consistent depictions of specific tubulin 

modulators, rather than unique one-off structures that reduce the model’s ability to infer what a 

tubulin modulator may look like. This new dataset (Section 4.3.8) constructed by Nathan Brittin 

was comprised of 1,833 assumed tubulin modulators and 10,954 Negative instances from before. 
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Class: Training Spectra: GNPS Spectra: 

Benzimidazoles 35 22 

Colchicines 43 144 

Podophyllotoxin 176 133 

Taxols 1163 113 

Vinca Alkaloids 416 166 

Table 4.4.  Structural class of compounds used for training multiclass and evaluating models. 

The classes of the compounds used for training multiclass models are comprised of 5 tubulin 

modulators and one Negative class that contains all other compounds. The total number of 

spectra used to train the models is 12,792, with 10,959 negative instances. 

 

Multiclass classification models as seen in Table 4.5 underwent hyperparameter optimization on 

the 80% training splits. The best-performing hyperparameters according to their Weighted F1 score 

were selected. The optimized models were evaluated on the 20% testing split using the following 

evaluation metrics: Accuracy, Precision, Recall, F1, and Matthews Correlation Coefficient (MCC). 

The models were then evaluated against 578 experimental GNPS MS/MS spectra from compounds 

associated with tubulin modulation (Table 4.6). Metrics were computed based on a model’s ability 

to accurately predict labels, with failure being considered inaccurate labeling. The three best-

performing models according to F1 score, which were the K-Nearest Neighbors Classifier, the 

Support Vector Machine, and the Multi-layer Perceptron Classifier, were compared against a 

dataset of 5,033 randomly selected experimental GNPS MS/MS spectra comprised of Negatives 

to calculate False Positive Rate (FPR) (Table 4.7). The FPR is often referred to as the “false alarm 

rate,” applying to instances where a model incorrectly assigns a molecular fingerprint as a 

modulator of tubulin assembly. Of those three models, the SVM showed the lowest FPR, 

cementing it as the current best-performing model. 
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Table 4.5. Best-performing hyperparameters for multiclassification models. Each 

hyperparameter combination was trained on 80% of the data. Each model’s hyperparameter 

with the best Weighted F1 score was evaluated on the held-out 20% data, using the metrics 

seen above. Models were sorted by MCC. Each evaluation metric column was colored in order 

of highest to lowest score. 

 

 

Table 4.6. Evaluation of multiclass models on experimental GNPS MS/MS spectra. ML models 

seen above were evaluated against 578 GNPS spectra converted to fingerprints. Each model was 

scored based on: Accuracy, Precision, Recall, F1, MCC. No Negative instances were included 

in this GNPS MS/MS spectra dataset. Models were sorted by MCC. Each evaluation metric 

column was colored in order of highest to lowest score. 
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Table 4.7. Evaluation of multiclassification models on experimental GNPS MS/MS spectra. ML 

models were evaluated against 5033 randomly selected GNPS spectra. False Positive Rate (FPR) 

was calculated from incorrectly predicted tubulin modulators. The FPs and FPR were ordered 

from lowest to highest value based on desired outcome. 

 

The experimental GNPS MS/MS dataset of tubulin modulators was combined with the GNPS 

MS/MS dataset of Negatives, and the SVM model was used to predict whether the fingerprints 

were associated with modulators of tubulin assembly (Table 4.8). With the SVM, I observed high 

scores across the board for every evaluation metric, and an associated FPR of 1.4%. Even though 

other models later scored higher in F1 and other metrics as seen in Table 4.8, no other model scored 

as consistently well as the SVM model across various datasets. 
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Table 4.8. Evaluation of multiclassification models on experimental GNPS MS/MS dataset. 

Models were evaluated using metrics: Accuracy, Precision, Recall, F1, and MCC. Models were 

sorted using F1. GNPS MS/MS dataset used contained spectra from Table 6 and 7 combined. 

SVC (SVM) is bolded to highlight that SVM performed very well on this task, even though the 

KNeighborsClassifier performed slightly better with regards to F1. 

 

Following the determination of the SVM model as the best-performing model, I looked at the 

distribution of correct predictions to incorrect predictions as a function of the GNPS MS/MS 

spectra quality. Spectra quality was graded by the number of peaks observed, the fold difference, 

and the base peak intensity. In Figure 4.4, we observed a drop in accuracy of the SVM model as 

spectra quality degrades, with a significant decrease in accuracy associated with the poorest quality 

spectra. This serves as a possible explanation of poor inference, indicating users should assess their 

spectra quality before making inferences on possible tubulin interactions. 
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Figure 4.4. Accuracy of multiclass SVM model decreases based on quality of spectra. Stacked 

vertical bar plot of SVM model predictions on experimental GNPS MS/MS spectra, across 

spectra quality grades. In blue is the correct predictions, and in orange is the incorrect 

predictions.  
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4.3 MATERIALS & METHODS 

Some of the considerations described in Section 4.1 are elaborated on here. 

4.3.1 Binary labeling scheme of dataset using CG-Target scores 

11419 structures from the RIKEN NPDepo dataset within MOSAIC were selected to serve as the 

base for our initial dataset10,12. MOSAIC compounds within the RIKEN NPDepo with a CG-Target 

score of less than 0.5 for both cin1 and tub3 were labeled as Negative instances. Compounds with 

a CG-Target score of greater than or equal to 6.0 for either cin1 or tub3, defined as high interaction 

scores, were labeled as Positive instances. Compounds within the intermediate range were 

considered edge cases and discarded. The SMILES structures were pulled from MOSAIC, 

resulting in 92 Positive instances and 10954 Negative instances. These processes were done by 

Nathan Brittin. 

4.3.2 Augmentation of Positive instances using structurally similar compounds 

For the 92 compounds from MOSAIC labeled as Positive instances, each structure was structure 

similarity searched in PubChem for compounds using a minimum Tanimoto Structural Similarity 

Score threshold of minimum 96%13. The SMILES structures of up to 20 similar compounds per 

original compound were selected, with each one being considered an additional Positive instance 

for labeling. Each SMILES representation was processed using the RDKit cheminformatics 

package to strip counterions, canonicalize, and deduplicate. This expanded the Positive label group 

from 92 to 1143 unique compound structures. These processes were done by Nathan Brittin. 
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4.3.3 Fingerprint generation through SIRIUS 

Mass Frontier 8.1 v8.1.80.8 (Thermo Fisher Scientific, Waltham, Massachusetts) was used to 

generate realistic compound fragments that would be expected in mass spectrometry with 

electrospray ionization (ESI) and collision induced dissociation (CID). The fragments were then 

compiled into an open-source mass spectrometry data format (.mgf) to simulate MS/MS spectra. 

Following, SIRIUS5 was used to interpret the in-silico MS/MS spectra and generate molecular 

fingerprints, termed MS2FP, of a fixed-length 387814–16. The MS2FP for each compound was then 

extracted and compiled from SIRIUS5 using Python into a matrix for training. These processes 

were done by Nathan Brittin. 

4.3.4 Train-test-validation split for binary classification 

The MS2FP dataset, comprising 92 Positive and 10954 Negative, was split into stratified 60% 

training, 20% validation, and 20% testing datasets. Each of the training, validation, and testing 

datasets were augmented with the additional Positive instances from Section 4.3.2 to minimize 

information bleed-through across splits. 

4.3.5 Hyperparameter optimization of binary classification models 

The models noted in Table 4.1 were trained using the 60% training dataset, and a selection of 

manually curated hyperparameters optimized using the GridSearchCV function in the SciKit Learn 

package17. The best hyperparameter combinations were determined based on either F1 (binary) or 

Average Precision (AP), as noted in Table 4.1. The models were scored against the 20% validation 

dataset using the evaluation metrics: F1 (binary), F1 (macro), Precision, Recall, Area Under the 

Precision-Recall Curve (AUPR). The results are seen in Table 4.1. 

 



81 
 

4.3.6 Identifying the best performing binary classification model 

The top five best-performing models were retrained on the 60% training and 20% validation splits 

and evaluated against the 20% testing dataset (Table 4.2). The best-performing model was 

retrained using the entirety of the MOSAIC dataset (Section 4.3.1) and the augmented dataset 

(Section 4.3.2), then evaluated against a set of 419 GNPS spectra. The model’s results are seen in 

Table 4.3. 

4.3.7 Compiling and generating MS2FP for experimental GNPS spectra 

Compounds from RIKEN NPDepo within the initial in-silico generated Positive training set of 92 

compounds were name searched within the GNPS MS/MS library for experimentally collected 

MS/MS spectra. All matching experimental spectra were compiled in python as open source .mgf 

files and processed using SIRIUS5 with the same parameters as the Positive training examples. 

The MS2FP were extracted and compiled using python into a matrix for model evaluation on 

experimentally collected spectra. These processes were done by Nathan Brittin. 

4.3.8 Comparing simulated and experimental spectra datasets 

The MS2FP dataset comprised of 1143 Positive instances and 10954 Negative instances were 

compared against the experimental GNPS dataset of 5460 GNPS spectra (419 Positives, 5041 

Negatives). T-distributed Stochastic Neighbor Embedding (t-SNE) was used as an unsupervised 

nonlinear dimensionality reduction technique on the full dataset of 17557 spectra, with a perplexity 

of 40 (Figure 4.2). Points were colored based on whether the fingerprints  were simulated using 

the methods from Sections 4.3.1-4.3.3 or derived from experimental GNPS spectra using methods 

from Section 4.3.7. The visualization was separated based on these colors to highlight regions of 

overlap and separation. 
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The simulated and experimental spectra datasets were compared through Principal Component 

Analysis (PCA) and KMeans Clustering. PCA, a linear dimensionality reduction technique, was 

utilized on the fingerprints to reduce the dimensions to 2 by maximizing the variance present 

within the dataset to 2 components. KMeans Clustering was run in parallel on the fingerprints. 

Comparison between these methods is shown in Figure 4.3a and Figure 4.3b. KMeans Clustering 

information was further investigated by generating a histogram that compared the number of 

fingerprints in each cluster by whether those fingerprints came from the simulated dataset or the 

experimental GNPS dataset (Figure 4.3c). 

4.3.9 Multiclass dataset labeling using representative tubulin active structural families 

The 92 compounds labeled as Positive in Section 4.3.1 were grouped using hierarchical 

agglomerative clustering to identify 47 representative structural clusters by Spencer Ericksen. The 

4 clusters that contained more than 3 compounds minimum were selected as representative tubulin 

binders. The 5 structural classes contained within the 4 largest clusters were selected as the base 

for the multiclass labeled dataset. Additional compounds were incorporated using the scheme 

described in Section 4.3.2, resulting in a total of 1833 compounds. Each Positive compound was 

labeled with the class of compound. The classes used are depicted in Table 4.4, along with the 

number of fingerprints used for training the multiclass models. 10,959 compounds termed 

previously as Negative in Section 4.3.1 were again labeled Negative. Fingerprints were generated 

using the same methods as in Section 4.3.3. These processes were done by Nathan Brittin. 



83 
 

4.3.10 Train-test split for multiclass classification 

The MS2FP dataset seen in Section 4.3.9 was split into stratified 80% training and 20% testing 

datasets. The labels were encoded into numbers representing each tubulin modulating class or 

Negative instance. 

4.3.11 Hyperparameter optimization of multiclass models 

The models noted in Table 4.5 were trained using the 80% training dataset in Section 4.3.10, and 

a selection of manually curated hyperparameters were searched using GridSearchCV (Appendix 

Table B.1). Hyperparameters were scored based on Macro F1 and Weighted F1 scores within the 

80% training dataset, and the best-performing hyperparameters according to Weighted F1 were 

selected (Appendix Table B.2). The models were scored against the 20% testing dataset from 

Section 4.3.10, and evaluated in Table 4.5 based on the following metrics: Accuracy, Precision, 

Recall, F1, and Matthews Correlation Coefficient (MCC).  

4.3.12 Evaluation of multiclass models on experimental GNPS MS/MS spectra 

Models selected with best-performing hyperparameters were evaluated against 578 GNPS MS/MS 

spectra (Table 4.4) from compounds associated with tubulin modulation as per Section 4.3.7. As 

seen in Table 4.6, models were evaluated based on: Accuracy, Precision, Recall, F1, and MCC. 

The 578 experimental GNPS MS/MS categories for structural class are depicted in Table 4.4. The 

top three best-performing models by F1 were selected for determination of False Positive Rate 

(FPR). 
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4.3.13 Determination of False Positive Rate (FPR) for multiclass models 

Models were evaluated against 5,033 randomly selected experimental GNPS MS/MS spectra taken 

from compounds not associated with tubulin modulation. False Positive Rate (FPR) was calculated 

from determining the number of False Positives predicted by each model in comparison to the total 

number of spectra evaluated (Table 4.7). The top model was selected by the lowest FPR. 

4.3.14 Evaluation of best-performing multiclass model through spectra grade scoring 

The best-performing multiclass model according to Sections 4.3.11-4.3.13 was evaluated across 

the combined experimental GNPS MS/MS spectra dataset from Section 4.3.12 and the 

experimental GNPS MS/MS spectra dataset from Section 4.3.13 (Table 4.8). Evaluation metrics 

included the same five metrics: Accuracy, Precision, Recall, F1, and MCC. Spectra quality was 

assessed using number of peaks, fold difference, and base peak intensity, and separated into 8 

grades (S, A, B, C, D, E, F, Poor), with S being the highest quality spectra and Poor being the 

lowest quality spectra (Figure 4.4). The rules used to assess spectra quality can be seen in appendix 

Code B.5 and were developed by Nathan Brittin.  
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Chapter 5 

Conclusions and Future Work 

5.1 CONCLUDING REMARKS 

The persistent development of antibacterial resistance has resulted in an immense burden for 

healthcare systems worldwide1. While the financial burden is upwards of 20 billion dollars 

annually, an associated compromised immune system can develop into complications in patients 

leveraging modern advances in healthcare such as cancer therapy, organ transplants, and more2. 

As described in the previous chapters, natural products serve as the ideological backbone for many 

antimicrobial compounds developed to this day, and novel natural products are leveraged to 

mitigate the spread of antimicrobial resistance in healthcare environments. However, the process 

to discover these compounds suffers from many problems, chief among them being rediscovery. 

To identify novel natural products, computational approaches for leverage an ever-increasing 

amount of public genomic and metabolomic information are necessary. 

Within that lens, Chapter 2 and 3 highlight the power of leveraging computational tools to 

prioritize and establish bacterial families of interest in under-explored environments. 

Complementary, Chapter 4 describes a computational methodology to enhance novel antibacterial 

discovery by linking structural information to potential impacted biological processes. These 

methodologies and tools, while rudimentary, allow for researchers to approach natural product 

drug discovery holistically, serving as pieces of larger potential workflows to combat antibacterial 

resistance. 
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5.2 FUTURE DIRECTIONS 

The computational approaches described within this thesis focus on genomic and metabolomic 

information to improve natural product drug discovery. Therefore, any strides directly building off 

this material require the incorporation of more comprehensive approaches that leverage further 

meaningful information. Within Chapter 2, the work presented proposes the further investigation 

of the family Micromonosporaceae, specifically from under-exploited environments such as 

marine sources, based on the biosynthetic potential present in an untargeted collection of 

Micromonosporaceae. The concept of a BGC continues to be developed, with antiSMASH serving 

as a resource for the manual detection of regions associated with BGCs3. However, other software 

such as deepBGC leverages higher-order information like positions of distant entities as sources 

for machine learning models, directly incorporating advances natural language processing4. In 

doing so, they pave the road for further inclusion of machine learning methodologies to identify 

BGCs and  more based on the inhuman eye5. 

Chapter 3 described the Biosynthetic Gene Cluster Prioritization Dashboard, a tool to identify 

interesting BGCs within datasets based on novelty to existing public databases. Additional steps 

to improve the BGCPD involve leveraging analytical chemistry techniques such as LC-MS/MS to 

link observed BGCs to observed metabolites in bacterial extracts. NPLinker and NPOmix serve as 

modern frameworks to perform that linkage, connecting biosynthetic potential to realized output6,7. 

Direct inclusion and incorporation of these tools within the BGCPD would allow for true 

prioritization of novel BGCs filtered through produced metabolites. 

Chapter 4 leverages structural information through molecular fingerprints to infer impacted 

biological processes, primarily serving to assist in mitigating rediscovery of natural products 

relevant for antibacterial resistance. The current model focuses on a multiclass classifier to predict 
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if a biological process is impacted. Given that this procedure worked, utilizing deep neural network 

multiclass classifiers to link a system of biological processes to a given compound may be 

possible8. However, investigating the binary classifier to determine if training the binary classifier 

using experimental spectra rather than simulated fingerprints derived from structural information 

results in comparable evaluation metrics is still a possibility. Applying that same approach to the 

multiclass classifier to improve the effectiveness of our multiclass classifier may also be fruitful. 

Within multiclass classifiers, leveraging modern advances in natural language processing with 

rediscovery pipelines to generate more sophisticated models may result in more novel compounds 

to fight antibiotic resistance9–11.  
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Code A.1: Code to generate BGC Prioritization Dashboard 

 

# -*- coding: utf-8 -*- 

""" 

Created on Mon Dec 18 21:18:42 2023 

 

@author: imraan alas 

""" 

 

# The webpage will be at localhost:8002, or 127.0.0.1:8002 

 

#%% Imports 

 

# conda environment: python-class 

 

# AntiSMASH relevant imports 

import os 

from bs4 import BeautifulSoup # beautiful soup version 4.10.0 

from copy import deepcopy  

from os import chdir, getcwd 

import re 

import sys 

 

import pandas as pd # pandas version 1.3.5 

import numpy as np # numpy version 1.21.6 

import matplotlib.pyplot as plt 

import seaborn as sns 

 

# BiG-SLiCE relevant imports 

import sqlite3 # sqlite version 3.38.5 

import pandas as pd # pandas version 1.3.5 

import numpy as np # numpy version 1.21.6 

# import sqlalchemy 

import matplotlib.pyplot as plt # matplotlib version 3.5.1 

# from matplotlib import rcParams 

import math 

import seaborn as sns # seaborn version 0.11.2 

# import networkx as nx 

import sklearn # scikit-learn version 1.0.2 

# from sklearn import metrics 

from sklearn.decomposition import PCA 

from sklearn.preprocessing import StandardScaler 

# import graphviz 

# import pygraphviz 

from sklearn.manifold import TSNE 
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from sklearn.manifold import MDS 

import scipy # scipy version 1.7.3 

import plotly.express as px # plotly express version 0.4.1 

import plotly.io as pio # plotly version 5.10.0 

# from sklearn.cluster import KMeans, AffinityPropagation, AgglomerativeClustering, Birch, DBSCAN, 

MeanShift, OPTICS # k-means clustering 

# from sklearn.manifold import TSNE # t-SNE clustering 

# from sklearn.model_selection import train_test_split # training/testing splitter 

from scipy.cluster.hierarchy import linkage, dendrogram # Hierarchical Clustering 

from numpy import unique, where 

# from decimal import Decimal 

# from pandas import ExcelWriter 

# from sklearn import tree 

# from mpl_toolkits import mplot3d 

from statannotations.Annotator import Annotator 

import copy 

import plotly.express as px 

import plotly.io as pio 

 

# Dash 

import dash 

from dash import dcc, html, Input, Output, callback 

 

import time 

import pickle 

 

#%% Existing Code 

 

startTime = time.time(); 

 

# AntiSMASH folders/files: 

antiSMASHdirectory = input('What is the filepath to the folder containing the AntiSMASH data? If nothing 

is typed, will assume default.\nDirectory: ') 

if os.path.exists(antiSMASHdirectory): 

    print('AntiSMASH version 5.1.1 directory: ' + antiSMASHdirectory) 

else: 

    antiSMASHdirectory = r"C:/Users/imraa/Documents/UWM/BugniLab/Genome Assembly/micromonosporaceae-

AntiSmash511-Clean"; 

    print('Could not find antiSMASH directory, using default directory:\n' + antiSMASHdirectory) 

 

# BiG-SLiCE folders/files: 

pathToDataDB = input('Filepath to the data.db for the already run BiG-SLiCE data?\nFilepath: ') 

if os.path.exists(pathToDataDB): 

    print('The path to the data.db file in the result folder: ' + pathToDataDB) 

else: 
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    pathToDataDB = "C:/Users/imraa/Downloads/DataS10-bigsliceOutputs-antiSMASH-v511/DataS10-

bigsliceOutputs-antiSMASH-v511/full_run_result/result/data.db"; # This is the path to the data.db file, 

once copied from Linux and put into Windows. 

    print('Couldn\'t find the data.db file, here\'s an example location: ' + pathToDataDB) 

     

pathToReportsDB = input('Filepath to the reports folder for the already run BiG-SLiCE data?\nFilepath: ') 

if os.path.exists(pathToReportsDB): 

    print('The path to the reports folder:\n' + pathToReportsDB) 

else: 

    pathToReportsDB = "C:/Users/imraa/Downloads/DataS10-bigsliceOutputs-antiSMASH-v511/DataS10-

bigsliceOutputs-antiSMASH-v511/full_run_result/result/data.db"; # This is the path to the data.db file, 

once copied from Linux and put into Windows. 

    print('Couldn\'t find the reports folder, here\s an example location: ' + pathToReportsDB) 

 

run_id = int(input('Choose a run_id that was used for querying your BGCs against BiG-SLiCE\'s pre-

processed database.\n1 is using no Threshold.\n2 is using Threshold 300.\n'+ 

               '4 is using Threshold 600.\n6 is using Threshold 900.\n7 is using Threshold 1200.\n8 is 

using Threshold 1500.\nEnter run_id here: ')) 

if run_id not in [1,2,4,6,7,8]: 

    print('ERROR: Please select a proper run_id, with numbers possible either 1, 2, 4, 6, 7, 8') 

    sys.exit() 

else: 

    runThresholdPair = {1: 0, 2: 300, 4: 600, 6: 900, 7: 1200, 8: 1500}; 

    thresholdValue = runThresholdPair[run_id]; 

    print('You have selected run_id ' + str(run_id) + ' with associated threshold value of ' + 

str(thresholdValue)) 

 

reportsRuns = input('Filepath to a text file where each line contains a number that represents the BiG-

SLiCE runs used for this analysis.\nFor example, if you wanted to run reports 100-102, the text file would 

contain:\n100\n101\n102\nFilepath: ') 

if os.path.exists(reportsRuns): 

    # Read the folder list from the file 

    with open('reportsRun', 'r') as file: 

        # Assuming each line contains a folder number 

        allFolders = [int(line.strip()) for line in file] 

        print('The report folders used for this analysis are: ') 

        print(allFolders) 

else: 

    print('ERROR: Couldn\'t find file containing the BiG-SLiCE runs intended to be analyzed...') 

    print('Reminder, this should be a simple text file where each line is a number that represents the run 

you wish to include in the analysis') 

    # Default case (for my own files): 

    allFolders = np.concatenate([np.arange(111,145,1), np.arange(149,157,1)]); # antismash v5.1.1: Right 

now, it looks at reports folders 111 to 144, and 150 to 156. The numbers can be found in the BiG-SLiCE 

visualization. 
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    print('(DEFAULT): The report folders used for this analysis are: ') 

    print(allFolders) 

 

# A little bit of pre-processing for my own data. 

if antiSMASHdirectory == r"C:/Users/imraa/Documents/UWM/BugniLab/Genome Assembly/micromonosporaceae-

AntiSmash511-Clean": 

    strainsToRemoveB = "a1363|b482|b486"; # I remove these strains in the BiG-SLICE analysis because they 

failed QC. 

    print('Strains to remove from the BiG-SLiCE visualizations: ' + strainsToRemoveB) 

 

# Determine script output folder: 

scriptOutputs = input('What directory should files generated by this analysis be stored?\nDirectory:') 

if os.path.exists(scriptOutputs): 

    print('Relevant outputs will be stored in: ' + scriptOutputs) 

else: 

    scriptOutputs = 'C:/Users/imraa/Documents/UWM/BugniLab/Genome Assembly/scriptOutputs' 

    print('The directory does not appear to exist. Here\'s an example one:\n' + scriptOutputs) 

 

# Check for already run files. 

print('If you\'ve run this analysis already, this section double-checks to see if there\'s any stored 

files it can use.') 

# Path to csv file containing BGCs x GCFs (BiG-SLiCE): Used to minimize resource usage after running 

Section 5 once. 

if os.path.isfile(scriptOutputs + '/' + 'antismash5-strainsQueried-rank.csv'): 

    queriedBGC_GCFpath = scriptOutputs + '/' + 'antismash5-strainsQueried-rank.csv'; 

    print('Found csv file containing BGCs x GCFs, here:\n' + queriedBGC_GCFpath) 

else: 

    print('No previously analyzed data regarding BiG-SLiCE queries run through this program already 

exists, will run and store in:\n' + queriedBGC_GCFpath) 

 

if os.path.isfile(scriptOutputs + '/' + 'mds_data_run.pickle'): 

    mdsFile = scriptOutputs + '/' + 'mds_data_run.pickle'; 

    print('Found pickled file containing MDS results, here:\n' + mdsFile) 

else: 

    print('Could not find already run MDS data, will generate independently and save into ' + 

scriptOutputs + '/mds_run_data.pickle') 

 

#%% Dictionary of antiSMASH product types converted to BiG-SCAPE classes 

 

# Removed Siderophore as a category (they are now Others)     

 

bgSCAPE_conversion  = { 

    "t1pks": "PKS I", 

    "T1PKS": "PKS I", 

    "transatpks": "PKS Other", 
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    "t2pks": "PKS Other", 

    "t3pks": "PKS Other", 

    "otherks": "PKS Other", 

    "hglks": "PKS Other", 

    "transAT-PKS": "PKS Other", 

    "transAT-PKS-like": "PKS Other", 

    "T2PKS": "PKS Other", 

    "T3PKS": "PKS Other", 

    "PKS-like": "PKS Other", 

    "hglE-KS": "PKS Other", 

    "prodigiosin": "PKS Other", 

    "nrps": "NRPS", 

    "NRPS": "NRPS", 

    "NRPS-like": "NRPS", 

    "thioamide-NRP": "NRPS", 

    "NAPAA": "NRPS", 

    "lantipeptide": "RiPP", 

    "thiopeptide": "RiPP", 

    "bacteriocin": "RiPP", 

    "linaridin": "RiPP", 

    "cyanobactin": "RiPP", 

    "glycocin": "RiPP", 

    "LAP": "RiPP", 

    "lassopeptide": "RiPP", 

    "sactipeptide": "RiPP", 

    "bottromycin": "RiPP", 

    "head_to_tail": "RiPP", 

    "microcin": "RiPP", 

    "microviridin": "RiPP", 

    "proteusin": "RiPP", 

    "guanidinotides": "RiPP", 

    "lanthipeptide": "RiPP", 

    "lipolanthine": "RiPP", 

    "RaS-RiPP": "RiPP", 

    "fungal-RiPP": "RiPP", 

    "thioamitides": "RiPP", 

    "lanthipeptide-class-i": "RiPP", 

    "lanthipeptide-class-ii": "RiPP", 

    "lanthipeptide-class-iii": "RiPP", 

    "lanthipeptide-class-iv": "RiPP", 

    "lanthipeptide-class-v": "RiPP", 

    "ranthipeptide": "RiPP", 

    "redox-cofactor": "RiPP", 

    "RRE-containing": "RiPP", 

    "epipeptide": "RiPP", 
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    "cyclic-lactone-autoinducer": "RiPP", 

    "spliceotide": "RiPP", 

    "crocagin": "RiPP", 

    "RiPP-like": "RiPP", # was missing from BiG-SCAPE's class document (https://github.com/medema-

group/BiG-SCAPE/wiki/big-scape-classes#hybrids) 

    "amglyccycl": "Saccharide", 

    "oligosaccharide": "Saccharide", 

    "cf_saccharide": "Saccharide", 

    "saccharide": "Saccharide", 

    "terpene": "Terpene", 

    "acyl_amino_acids": "Other", 

    "arylpolyene": "Other", 

    "aminocoumarin": "Other", 

    "ectoine": "Other", 

    "butyrolactone": "Other", 

    "nucleoside": "Other", 

    "melanin": "Other", 

    "phosphoglycolipid": "Other", 

    "phenazine": "Other", 

    "phosphonate": "Other", 

    "other": "Other", 

    "cf_putative": "Other", 

    "resorcinol": "Other", 

    "indole": "Other", 

    "ladderane": "Other", 

    "PUFA": "Other", 

    "furan": "Other", 

    "hserlactone": "Other", 

    "fused": "Other", 

    "cf_fatty_acid": "Other", 

    "siderophore": "Other", # Siderophore is its own category for now. 

    "blactam": "Other", 

    "fatty_acid": "Other", 

    "PpyS-KS": "Other", 

    "CDPS": "Other", 

    "betalactone": "Other", 

    "PBDE": "Other", 

    "tropodithietic-acid": "Other", 

    "NAGGN": "Other", 

    "halogenated": "Other", 

    "pyrrolidine": "Other", 

    "mycosporine-like": "Other", 

    "TfuA-related": "RiPP", 

} 
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#%% AntiSMASH analysis: 

 

chdir(antiSMASHdirectory); # change the directory the antiSMASH directory specified previously. 

wd = getcwd(); # get the current path, it should match the antiSMASh directory 

# check if the directories match 

if wd == antiSMASHdirectory: 

    print('Currently in the antiSMASH directory...') 

 

asmStorage = {}; 

htmlStorageFull = []; # container for the html file path names 

htmlStorage = []; # container for mini html file path names 

genomeNameS = []; # container for the individual genome names 

titleStorage = []; 

 

for filename in os.listdir(wd): # look at each folder/file within the main folder 

    newF = os.path.join(wd, filename); # store the folder/file name, append, so we can access further 

    genomeNameS.append(newF); # store genome names "generally speaking" here. 

    for filename2 in os.listdir(filename): # look at each folder/file in the subfolder 

        if filename2.endswith('x.html'): # find only the index.html file  

            fname = os.path.join(newF, filename2) # find the filename/path 

            htmlStorageFull.append(fname); # store the file name path 

            htmlStorage.append(os.path.join(filename, filename2)); 

            # print("Current file name ..", os.path.abspath(fname)) # print statement to see if we found 

the right files 

 

# antiSMASH v5.1.1 specific processing 

 

# Fix the "a998" to "WMMA998": 

def transform_string(input_str): 

    # Extract the first letter 

    first_letter = input_str[0].upper() 

    # Add the relevant stuff & replace the first letter. 

    result_str = "WMM" + first_letter + input_str[1:] 

    return result_str 

# Scrape BGC names for later: 

bgc_names = {}; # dictionary of dataframes 

counter = 1; 

for filename in os.listdir(wd): # look at each folder/file within the main folder 

    newF = os.path.join(wd, filename); # store the folder/file name, append, so we can access further 

    bgc_namesDF = pd.DataFrame(); 

    for filename2 in os.listdir(filename): # look at each folder/file in the subfolder 

        if (('region' in filename2) and ('regions.js' not in filename2)): # find only the files containing 

'region' 

            bgc_namesDF = bgc_namesDF.append({'BGC Name':filename2.split('.gbk')[0]}, ignore_index = True) 

    bgc_names[transform_string(filename)] = bgc_namesDF; 
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counter = 0; # useful counter 

print('Iterating through ' + str(len(htmlStorage)) + ' folders in the antiSMASH directory...') 

for d in htmlStorage: # for each html file found 

    htmlfile = open(d) # don't forget to close it at the very end when we're done with it 

    contents = htmlfile.read(); # read it out 

    beautifulSoupT = BeautifulSoup(contents, 'html.parser') # can update to a later parser eventually 

    titleStorage.append(beautifulSoupT.head.title); # this contains the # of regions found, might be 

useful 

     

    regList = list(beautifulSoupT.find_all('tbody')); # only take the first one 

    regList = list(regList[-1]); # this contains all the info we could want 

     

    asmStorageT = []; # storage for a singular html files import values (all regions) 

     

    for i in np.arange(1, len(regList), 2): # 0, 2, 4,... all are empty headers '\n' 

        poolT = regList[i].text.splitlines(); # get only the names, remove the \n (keeps spaces and +) 

        asmStorageT.append(poolT); # take the split characters, put the list into the bigger list 

    genomeInfo = pd.DataFrame(asmStorageT); # convert the big list into a dataFrame 

    # this section is hardcoded, very bad idea, but works for now 

    genomeInfo = genomeInfo.drop(columns = [0,1,3,4,6,9]); # remove the columns that are consistently bad 

under my current naming scheme 

    genomeInfo.columns = ['Region', 'Type', 'From', 'To']; 

    nameP = genomeNameS[counter].split('\\')[-1]; # Assuming that the folder name is: 

'\path\to\folder\genomeName', this will take just the 'genomeName' 

    nameUpd = transform_string(nameP); 

    asmStorage[nameUpd] = genomeInfo; # adds to dict the key (genome name), and the dataframe (genome 

info) 

    htmlfile.close(); # close the file 

    counter += 1 

     

# If there was any contamination that you are able to identify in your genome, and want to filter it out 

from the data here. 

    # Example: If there's contamination in my bacteria strain d975, and I found that it was in antiSMASH 

regions 25 through 38 (counting down from the top in antismash), this is how I would remove those data 

pieces. 

print('The code will now attempt to remove extraneous elements in my data...\nIf they are not present, you 

will see some print statements indicating that...') 

# Remove stuff from asmStorage 

try: 

    asmStorage['WMMD975'].drop(list(np.arange(25,39,1)),inplace=True); # Because python is 0 indexed, 

region 1 is actually the 0th region in python. 

except: 

    print('WMMD975 extraneous information was not present...') 

try: 
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    asmStorage.pop("WMMA1363"); 

except: 

    print('WMMA1363 was not present...') 

try: 

    asmStorage.pop("WMMB482"); 

except: 

    print('WMMB482 was not present...') 

try: 

    asmStorage.pop("WMMB486"); 

except: 

    print('WMMB486 is not present...') 

try: 

    asmStorage.pop('WMMC500'); 

except: 

    print('WMMC500 is not present...') 

# Remove stuff from bgc_names 

try: 

    bgc_names.pop("WMMA1363") 

except: 

    pass 

try: 

    bgc_names.pop("WMMB482") 

except: 

    pass 

try: 

    bgc_names.pop("WMMB486") 

except: 

    pass 

try: 

    bgc_names.pop('WMMC500') 

except: 

    pass 

try: 

    bgc_names['WMMD975'].drop(list(np.arange(25,39,1)),inplace=True); # Because python is 0 indexed, 

region 1 is actually the 0th region in python. 

except: 

    pass 

         

print('Finished iterating through the ' + str(counter) + ' folders in the antiSMASH directory, see 

asmStorage dictionary for output...') 

print('Final amount of antiSMASH results used: ' + str(len(asmStorage))) 

asmStorageTemp = asmStorage.copy(); 

 

#%% Convert BGC product type to BiG-SCAPE classes: 
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print('Replacing antiSMASH product types with BiG-SCAPE classes...') 

asmStorageClean = deepcopy(asmStorageTemp); 

keyList = list(asmStorageClean.keys()); 

counter1 = 0; 

# Replace antiSMASH product types with BiG-SCAPE classifications. 

    # asmStorageClean will contain the replaced information (replaced inplace) 

    # asmStorageTemp contains the old antiSMASH product types 

for i in keyList: # access each dataframe 

    # print(i); 

    counter1 +=1; 

    # print(counter1); 

    dFClean = asmStorageClean[i]; 

    dfClean_fix = dFClean['Type'].apply(lambda x: ', '.join([bgSCAPE_conversion[word] for word in 

x.split(',')])); 

    dFClean.Type = dfClean_fix; 

 

# Get all relevant antiSMASH info, stored here. (Unnecessary?) 

typeDF_List = []; 

for key, df in asmStorageClean.items(): 

    # print(key) 

    df['Genome'] = key; 

    if key != 'WMMC500': # Hardcoded because I don't want WMMC500 

        typeDF_List.append(df) 

combinedTypeDF_List = pd.concat(typeDF_List, ignore_index=True) 

 

# Map the BGC names to the Product Types: 

bgcClassStorage = {}; 

for key, df in asmStorageClean.items(): 

    mixStorageDF = pd.DataFrame({'name 1': bgc_names[key]['BGC Name'].values, 'bgc product': 

df.Type.values.tolist()}); 

    bgcClassStorage[key] = mixStorageDF; 

 

bgSCAPEclasses = pd.concat(bgcClassStorage, ignore_index = True); # matches the old bgSCAPEclasses excel 

document 

 

     

#%% BiG-SLiCE (Data Generation): Unnecessary to run in future attempts. 

 

try: 

    chdir(scriptOutputs) 

    # See if the MDS data is already present 

    # Load pickle: (contains already analyzed MDS data) 

    with open(mdsFile, 'rb') as handle: 

        dictDFMDS_ALL = pickle.load(handle) 

except: 
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    chdir(scriptOutputs) 

    # Check to see if the work has been done already. 

    try: 

        superDF3 = pd.read_csv(queriedBGC_GCFpath); 

        print('Taking already run BiG-SLiCE analysis...') 

    except: 

        print('Running full BiG-SLiCE analysis...') 

     

        # Computationally-intensive. (Generates a BGC x GCF dataframe) 

        connMib = sqlite3.connect(pathToDataDB); 

        currMib = connMib.cursor(); 

        # allFolders = np.concatenate([np.arange(111,145,1), np.arange(149,157,1)]); # antismash v5.1.1 # 

DEFINED IN SECTION 3 

        storageDict = {}; 

        counterN=0; 

        for j in allFolders: # whatever the report runs i want to look at are 

            print('Analyzing folder: ' + str(j) + ' and scraping all queried distances associated with 

this strain...') 

            connF = sqlite3.connect(pathToReportsDB + str(j) + "/data.db") # open a connection 

            curF = connF.cursor(); 

            dfGCF = pd.read_sql_query("SELECT * FROM gcf_membership", connF); 

            dfSliceGCF = dfGCF[(dfGCF.iloc[:,3] == 0)]; # get only the highest rank values 

            listBGC = list(dfSliceGCF.gcf_id); 

            numBGCs = len(dfGCF.bgc_id.value_counts()); 

            list1, list2, list3, list4 = list(), list(), list(), list(); 

            count12 = 0; 

            for i in np.arange(1,numBGCs+1,1): 

                name1 = curF.execute("SELECT name FROM bgc WHERE id=" + str(i)).fetchall()[0]; # modified 

for this new version 

                dist1 = curF.execute("SELECT membership_value, gcf_membership.gcf_id FROM gcf_membership 

WHERE bgc_id=" + str(i)).fetchall(); # modded to grab all ranks 

                # gcf1 = currMib.execute("SELECT id_in_run FROM gcf, clustering WHERE gcf.clustering_id=4 

AND gcf.id=" + str(dist1[1]) + " AND clustering.run_id=4").fetchall()[0]; 

                name2 = name1[0].split('/')[0]; # genome name folder 

                name22 = name1[0].split('/')[1]; # tig.region 

                # I HARDCODED THIS SECTION because it was easier.  

                # What this does is it scrapes the genome name associated with this run, and then the 

contig and the region for the BGC. You can re-implement this how you see fit. 

                if name2 != 'm6_a1363': # hard code it because i messed up. 

                    name3 = name2.split('.')[-2]; # bc_genomeName 

                    if len(name3.split('_')) < 2: # a rule for if its bc12_genomeName or bc-genomeName 

                        name4 = name3.split('-')[-1]; 

                        name42 = name4 + '.' + name22; 

                    else: 

                        name4 = name3.split('_')[-1]; # just genomeName 
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                        name42 = name4 + '.' + name22; # genomeName.tig00.region00 

                else: 

                    name4 = 'a1363'; 

                    name42 = name4 + '.' + name22; 

                for k in np.arange(0,len(dist1),1): 

                    gcf1 = currMib.execute("SELECT id_in_run FROM gcf, clustering WHERE 

gcf.clustering_id=4 AND gcf.id=" + str(dist1[k][1]) + " AND clustering.run_id=4").fetchall()[0]; 

                    list1.append(name42); 

                    list2.append(dist1[k][0]); 

                    list3.append(dist1[k][1]); 

                    list4.append(gcf1[0]); 

                count12 += 1; 

            counterN +=1; 

            print('Completed folder: ' + str(counterN) + ' of ' + str(len(allFolders))) 

            genomeName = name4; # name1[0].split('.')[0]; 

            nameDistDict = {'BGC': list1, 'Distance': list2, 'gcf_ID': list3, 'GCF_Value':list4}; 

            nameDist = pd.DataFrame(nameDistDict); 

            storageDict[genomeName] = nameDist; 

            connF.close(); 

         

        # REMOVE IF ERROR (Hardcoded for my own data) 

        # Remove the extra stuff in WMMD975 that might be contamination. 

        try: 

            d975Stuff = storageDict['d975']; 

            d975StuffKeep = d975Stuff[d975Stuff['BGC'].str.contains('tig00000001')]; 

            d975StuffRemove = d975Stuff[~d975Stuff['BGC'].str.contains('tig00000001')]; 

            storageDict['d975'] = d975StuffKeep; 

        except: 

            print('WMMD975 was not found in the BiG-SLiCE files...') 

         

        print('Finished scraping all of the BiG-SLiCE report folders...') 

        print('Construcing file for exporting...') 

        # Merge all of the information into one big dataframe. (X, where X = GCF*BGC, by 4) 

        newDF = pd.DataFrame(columns = list(storageDict['a1363'].columns)); 

        dfs_list = []; 

        for i in list(storageDict.keys()): 

            print(i)  # Tracker: outputs to terminal 

            oldDF = storageDict[i].sort_values(by=['BGC', 'gcf_ID']) 

            dfs_list.append(oldDF) 

        newDF = pd.concat(dfs_list, ignore_index=True) 

        testDF = newDF; 

         

        # Dataframe (rows are BGCs, columns are GCF values) 

        testT1 = list(testDF.BGC); # get the BGC names. 

        testT1 = list(set(testT1)); # get the unique BGC names. 
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        testT2 = list(testDF.gcf_ID); # get the gcf id 

        testT2 = list(set(testT2)); # get the unique GCF ids 

         

        # Get the individual data into lists, ordered and sorted. 

        superList1 = []; 

        counterT = 0; 

        counterT2 = 0; 

        for i in testT1: 

            placeHolder1 = testDF.loc[(testDF['BGC'] == i)]; # returns rows of only the BGC (sorted by 

gcf_ID) 

            pH2 = list(placeHolder1.Distance); 

            pH3 = list(placeHolder1.gcf_ID); 

            superList1.append(pH2) 

            counterT2 += 1; 

            if (counterT2 - counterT) >= 30: # Tracker (outputs to console) 

                # print(counterT2); 

                counterT = counterT2; 

         

        print("Making a mega dataframe, takes awhile...") 

        # Make a super dataframe, with the columns as GCFs-200946 to the end. 

        superDF2 = pd.DataFrame([i for i in superList1], columns = testT2); 

        superDF2.index = testT1; # change the row names to be the BGC names. 

         

        superDFbackup = superDF2.copy(deep=True); 

         

        # REMOVE IF ERROR, BASED ON MY ORIGINAL DATA: Removes the Streptomycetaceae (c500) and the ones 

that failed QC. 

        superDF2 = superDF2[~superDF2.index.str.contains('c500|a1363|b482|b486')]; 

         

        # print('Exporting the BGC x GCF file for future re-use to ' + resultsDirectory + r'\antismash5-

strainsQueried-rank.csv') 

         

        # Must swap the rows and columns, as excel doesn't like having 29,955 columns. 

        superDF2T = superDF2.T; 

         

        # Export the superDF2 (GCF x BGC file) to CSV for ease of access later. 

        if not os.path.isfile('antismash5-strainsQueried-rank.csv'): 

            superDF2T.to_csv('antismash5-strainsQueried-rank.csv'); 

         

    #%% BiG-SLiCE (can run without previous section, if it's been run before): 

     

    chdir(scriptOutputs)     

     

    # ---- If re-using a csv file containing all BGCs x GCFs queried, can load here. 

    print('Loading file at ' + queriedBGC_GCFpath) 
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    # Load file. 

    try: 

        superDF3 = pd.read_csv(queriedBGC_GCFpath); 

    except: 

        print('You need to run the previous section, titled:\nBiG-SLiCE (Data Generation)') 

    # Get the index. 

    superDF3.index = superDF3.iloc[:,0]; # replace index with GCFs 

    # Remove the first column (which previously contained the index) 

    superDF3.drop(columns = superDF3.columns[0], axis=1, inplace=True); # remove first column 

    # Transpose so it is in the shaep of BGC x GCF. 

    superDF3=superDF3.T; 

    # Scrape the index. 

    testT1 = list(superDF3.index); 

     

    superDF2 = superDF3; 

     

    # ---- Data necessary for the Figures. 

     

    #%% Generate Data for the non-Hybrid version 

     

    # Load bigscape class product types in relation to bgc names. 

    # bgSCAPEclasses = pd.read_excel(bigSCAPEclassesAllpath); 

    bgSCAPEclasses = bgSCAPEclasses 

     

    # Create filters for eventually splitting into the relevant datasets:     

     

    # List of substrings to check 

    substrings = ['Terpene', 'PKS I', 'RiPP', 'Other', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Saccharide'] 

    # Create a new column for each category and mark with True or False 

    for sub in substrings: 

        bgSCAPEclasses[sub] = bgSCAPEclasses['bgc product'].str.contains(sub, case=False, na=False, 

regex=True) 

    # Create a new column for 'PKS/NRPS' 

    bgSCAPEclasses['PKS/NRPS'] = bgSCAPEclasses['bgc product'].str.contains('PKS I') & bgSCAPEclasses['bgc 

product'].str.contains('NRPS') 

    bgSCAPEclasses['PKS Other'] = bgSCAPEclasses['bgc product'].str.contains(r'PKS Other\b', case=False, 

na=False, regex=True) 

    bgSCAPEclasses['Other'] = bgSCAPEclasses['bgc product'].str.contains(r'(?<!PKS )Other', case=False, 

na=False, regex=True) 

     

    # Filter the DataFrame based on the presence of substrings 

    filtered_df = bgSCAPEclasses[bgSCAPEclasses[substrings].any(axis=1)] 

    missing_df = bgSCAPEclasses[~bgSCAPEclasses[substrings].any(axis=1)] 
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    colors = ['#a6cee3','#1f78b4','#b2df8a','#33a02c','#e31a1c','#fdbf6f','#ff7f00','#cab2d6']; # colors 

match the ITOL TREE 

    classes1 = ['Terpene', 'PKS I', 'RiPP', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Other', 'Saccharide']; # 

matches the colors indices. 

     

    # Construct a dictionary of palettes. 

    palDict = {}; 

    for i in range(0,len(colors),1): 

        palDict[classes1[i]] = colors[i]; 

         

    classDict_Full = {}; 

    for i in classes1: 

        classDict_Full[i] = bgSCAPEclasses[bgSCAPEclasses[i]]; 

     

    # # Find which indices in the BGCs map to which classes. 

    # classDict = {}; # Keys are the classes, each key links to a list of the indices where it was found 

in classList 

    # for i in classes1: 

    #     classDict[i] = [a for a, x in enumerate(classList) if x == i];  

    # Copy superDF2 just incase. 

    superCatDF2 = superDF2.copy(deep=True); 

     

    dictDistMetrics = {}; # initialize empty dictionary for storage 

    distMets = ['euclidean', 'cosine', 'cityblock', 'l1', 'l2', 'manhattan', 'braycurtis', 'canberra', 

'chebyshev', 'correlation', 'hamming'] # this is where the different strings for distance metrics go 

    superDict0 = {}; # dictionary of the different simplified datasets I want to play with. 

    # Create the datasets (sliced by bigSCAPE categories) 

    for b in classes1:  

        # Store the relevant data from superDF2 based on the bigscape class the BGC contains. 

        superDict0[b+"_orig"] = superCatDF2[superCatDF2.index.isin(classDict_Full[b]['name 1'])] 

         

    # Initialize an empty dictionary 

    dictDistMetrics = {}; 

    # Run the distance metrics, the structure of dictDistMetrics is as follows: 

        # 'Terpene_orig' -> 'Terpene_orig_euclidean", "Terpene_orig_cosine", etc (each is a dataframe) 

    for j in list(superDict0.keys()): 

        dictDistMetrics[j] = {}; 

        print('Iterating over BGC class: ' + j) 

        for i in distMets: 

            print('Computing distance for: ' + i) 

            outputDist0 = pd.DataFrame(sklearn.metrics.pairwise_distances(superDict0[j], Y=None, metric=i, 

n_jobs=None, force_all_finite=True), columns = superDict0[j].index.tolist()); 

            outputDist0.index = superDict0[j].index.tolist(); 

            dictDistMetrics[j][j+"_"+i] = outputDist0; # pop it back in 

    # Convert the distance metrics from dataframes to arrays for MDS. 
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    print('Converting dataframes to arrays...') 

    dictArray = {};           

    for j in list(superDict0.keys()): 

        dictArray[j] = {}; 

        for i in distMets: 

            outputArray = dictDistMetrics[j][j+"_"+i].to_numpy(); 

            dictArray[j][j+"_"+i] = outputArray;   

     

    # Perform MDS 

    print('Performing MDS...') 

    dictMDS = {};         

    nComps = 2; # number of components 

    for j in list(superDict0.keys()): 

        print('Iterating over BGC class: ' + j) 

        dictMDS[j] = {}; 

        for i in distMets: 

            print('Metric used for MDS currently: ' + i) 

            mdsModelA = MDS(n_components = nComps, dissimilarity='precomputed', random_state=0); 

            dataTrans = mdsModelA.fit_transform(dictArray[j][j+"_"+i]); 

            dictMDS[j][j+"_"+i] = dataTrans; 

     

    print('Converting to dataframes for ease of usage...') 

    # aveDist = 3; # No longer necessary. I set hardcoded values of 1,2,3,4,5 as k in the below loop. 

    dictDFMDS = {}; 

    for j in list(superDict0.keys()): 

        dictDFMDS[j] = {}; 

        superDict0_j = superDict0[j]; 

        print('Iterating through: ' + j) 

        for i in distMets: 

            dfMDStemp = pd.DataFrame(dictMDS[j][j+"_"+i], index = superDict0_j.index.tolist()) 

            dfMDStemp['Category'] = j.split("_")[0]; # bigscape product types 

            # grab the <900 >900 information from bigslice 

            # list comprehension (if/else statement). GOal: '> 900' if the BGC fell above 900 in BiGSLICE, 

otherwise '< 900' 

            # bigSLICEinfo = ['> 900' if storage2DF.loc[storage2DF['BGC'] == iter1].Distance.tolist()[0] 

>= 900 else '< 900' for iter1 in superDict0[j].index.tolist()]; 

             

            # Removed dependency on storageDict 

            bigSLICEinfo_v2 = ['> 900' if min(superDF2.loc[iter1]) >= 900 else '< 900' for iter1 in 

superDict0_j.index.tolist()] 

            # find the distance to the closest GCF 

            # closestGCFDist = [storage2DF.loc[storage2DF['BGC'] == iter1].Distance.tolist()[0] for iter1 

in superDict0[j].index.tolist()]; 

             

            # Removed dependency on storageDict 
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            closestGCFDist_v2 = [min(superDF2.loc[iter1]) for iter1 in superDict0_j.index.tolist()] 

             

            # Do some average distance calculations. 

            for k in [1,2,3,4,5]: 

                # find the distance to the X closest GCFs, then average them. Where X is set above as 

aveDist 

                # aveDistStorage = [sorted(superDict0_j.loc[iter2])[:k] for iter2 in superDict0_j.index]; 

# list of lists 

                # averageDist = [np.mean(entry1) for entry1 in aveDistStorage]; # average each list inside 

the list of lists 

                # dfMDStemp['Average of ' + str(k) + ' Distances'] = averageDist; 

                dfMDStemp[f'Average of {k} Distances'] = [np.mean(sorted(superDict0_j.loc[iter2])[:k]) for 

iter2 in superDict0_j.index] 

     

             

            dfMDStemp['BIG-SLICE'] = bigSLICEinfo_v2; # not dependent on storageDict anymore 

            dfMDStemp['Distance'] = closestGCFDist_v2; # not dependent on storageDict anymore 

            # dfMDStemp['Average Distance'] = averageDist; 

            # dfMDStemp['# of GCF Distances used'] = aveDist; 

            # Add metadata 

            # bgSCAPEinfo = [bgSCAPEclasses.loc[bgSCAPEclasses['name 1'] == i]['bgc product'].values for i 

in dfMDStemp.index]; 

            # dfMDStemp['Metadata'] = bgSCAPEinfo 

            dfMDStemp['Metadata'] = dfMDStemp.index.map(lambda x: bgSCAPEclasses.loc[bgSCAPEclasses['name 

1'] == x]['bgc product'].values[0]) 

            dfMDStemp.rename(columns={0:'x', 1:'y'}, inplace=True) # clean up column names for ease of 

reference later 

             

            dictDFMDS[j][j+"_"+i] = dfMDStemp; 

     

    specificMets = distMets # this is where the different strings for distance metrics go 

    dictDFMDS_ALL = {}; 

    dictDFMDS_ALL['dictDFMDS_noHybridCategory'] = dictDFMDS; 

     

    #%% Generate data necessary for the Hybrid dataset. 

     

    bgSCAPEclasses = pd.concat(bgcClassStorage, ignore_index = True); # matches the old bgSCAPEclasses 

excel document 

     

    # Create filters for eventually splitting into the relevant datasets:     

     

    # List of substrings to check 

    substrings = ['Terpene', 'PKS I', 'RiPP', 'Other', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Saccharide'] 

    # Create a new column for each category and mark with True or False 

    for sub in substrings: 
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        bgSCAPEclasses[sub] = bgSCAPEclasses['bgc product'] == sub; 

        # bgSCAPEclasses['bgc product'].str.match(sub, case=True, na=False) 

    # Create a new column for 'PKS/NRPS' 

    pks_nrps_substrings = ['PKS I, NRPS', 'NRPS, PKS I']; 

    bgSCAPEclasses['PKS/NRPS'] = [value in pks_nrps_substrings for value in bgSCAPEclasses['bgc product']] 

     

    new_substrings = ['Terpene', 'PKS I', 'RiPP', 'Other', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Saccharide'] 

     

    # Filter the DataFrame based on the presence of substrings 

    filtered_df = bgSCAPEclasses[bgSCAPEclasses[new_substrings].any(axis=1)] 

    missing_df = bgSCAPEclasses[~bgSCAPEclasses[new_substrings].any(axis=1)] 

     

    # Currently, the Hybrid rule is this: 

        # The BGCs that are in each category, they are purely just 1 BGC. Meaning, 'PKS I' only shows up 

in the category 'PKS I'. 

        # So, 'PKS I, PKS I' would show up only in the Hybrid category. 'PKS I, Other' would show up only 

in the Hybrid category. 

        # However, 'PKS/NRPS' category includes only BGCs that have 'PKS I, NRPS' or 'NRPS, PKS I'. 

    # Create the Hybrid category. 

    bgSCAPEclasses['Hybrid (Not PKS/NRPS)'] = ~bgSCAPEclasses[new_substrings].any(axis=1); 

     

    colors = ['#a6cee3','#1f78b4','#b2df8a','#33a02c','#e31a1c','#fdbf6f','#ff7f00','#cab2d6','#6a3d9a']; 

# colors match the ITOL TREE 

    classes1 = ['Terpene', 'PKS I', 'RiPP', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Other', 'Saccharide', 

'Hybrid (Not PKS/NRPS)']; # matches the colors indices. 

     

    # Construct a dictionary of palettes. 

    palDict = {}; 

    for i in range(0,len(colors),1): 

        palDict[classes1[i]] = colors[i]; 

         

    classDict_Full = {}; 

    for i in classes1: 

        classDict_Full[i] = bgSCAPEclasses[bgSCAPEclasses[i]]; 

     

    # # Find which indices in the BGCs map to which classes. 

    # classDict = {}; # Keys are the classes, each key links to a list of the indices where it was found 

in classList 

    # for i in classes1: 

    #     classDict[i] = [a for a, x in enumerate(classList) if x == i];  

    # Copy superDF2 just incase. 

    superCatDF2 = superDF2.copy(deep=True); 

     

    dictDistMetrics = {}; # initialize empty dictionary for storage 
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    distMets = ['euclidean', 'cosine', 'cityblock', 'l1', 'l2', 'manhattan', 'braycurtis', 'canberra', 

'chebyshev', 'correlation', 'hamming'] # this is where the different strings for distance metrics go 

    superDict0 = {}; # dictionary of the different simplified datasets I want to play with. 

    # Create the datasets (sliced by bigSCAPE categories) 

    for b in classes1:  

        # Store the relevant data from superDF2 based on the bigscape class the BGC contains. 

        superDict0[b+"_orig"] = superCatDF2[superCatDF2.index.isin(classDict_Full[b]['name 1'])] 

         

    # Initialize an empty dictionary 

    dictDistMetrics = {}; 

    # Run the distance metrics, the structure of dictDistMetrics is as follows: 

        # 'Terpene_orig' -> 'Terpene_orig_euclidean", "Terpene_orig_cosine", etc (each is a dataframe) 

    for j in list(superDict0.keys()): 

        dictDistMetrics[j] = {}; 

        print('Iterating over BGC class: ' + j) 

        for i in distMets: 

            print('Computing distance for: ' + i) 

            outputDist0 = pd.DataFrame(sklearn.metrics.pairwise_distances(superDict0[j], Y=None, metric=i, 

n_jobs=None, force_all_finite=True), columns = superDict0[j].index.tolist()); 

            outputDist0.index = superDict0[j].index.tolist(); 

            dictDistMetrics[j][j+"_"+i] = outputDist0; # pop it back in 

    # Convert the distance metrics from dataframes to arrays for MDS. 

    print('Converting dataframes to arrays...') 

    dictArray = {};           

    for j in list(superDict0.keys()): 

        dictArray[j] = {}; 

        for i in distMets: 

            outputArray = dictDistMetrics[j][j+"_"+i].to_numpy(); 

            dictArray[j][j+"_"+i] = outputArray;   

     

    # Perform MDS 

    print('Performing MDS...') 

    dictMDS = {};         

    nComps = 2; # number of components 

    for j in list(superDict0.keys()): 

        print('Iterating over BGC class: ' + j) 

        dictMDS[j] = {}; 

        for i in distMets: 

            print('Metric used for MDS currently: ' + i) 

            mdsModelA = MDS(n_components = nComps, dissimilarity='precomputed', random_state=0); 

            dataTrans = mdsModelA.fit_transform(dictArray[j][j+"_"+i]); 

            dictMDS[j][j+"_"+i] = dataTrans; 

     

    print('Converting to dataframes for ease of usage...') 

    # aveDist = 3; # No longer necessary. I set hardcoded values of 1,2,3,4,5 as k in the below loop. 
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    dictDFMDS = {}; 

    for j in list(superDict0.keys()): 

        dictDFMDS[j] = {}; 

        superDict0_j = superDict0[j]; 

        print('Iterating through: ' + j) 

        for i in distMets: 

            dfMDStemp = pd.DataFrame(dictMDS[j][j+"_"+i], index = superDict0_j.index.tolist()) 

            dfMDStemp['Category'] = j.split("_")[0]; # bigscape product types 

            # grab the <900 >900 information from bigslice 

            # list comprehension (if/else statement). GOal: '> 900' if the BGC fell above 900 in BiGSLICE, 

otherwise '< 900' 

            # bigSLICEinfo = ['> 900' if storage2DF.loc[storage2DF['BGC'] == iter1].Distance.tolist()[0] 

>= 900 else '< 900' for iter1 in superDict0[j].index.tolist()]; 

             

            # Removed dependency on storageDict 

            bigSLICEinfo_v2 = ['> 900' if min(superDF2.loc[iter1]) >= 900 else '< 900' for iter1 in 

superDict0_j.index.tolist()] 

            # find the distance to the closest GCF 

            # closestGCFDist = [storage2DF.loc[storage2DF['BGC'] == iter1].Distance.tolist()[0] for iter1 

in superDict0[j].index.tolist()]; 

             

            # Removed dependency on storageDict 

            closestGCFDist_v2 = [min(superDF2.loc[iter1]) for iter1 in superDict0_j.index.tolist()] 

             

            # Do some average distance calculations. 

            for k in [1,2,3,4,5]: 

                # find the distance to the X closest GCFs, then average them. Where X is set above as 

aveDist 

                # aveDistStorage = [sorted(superDict0_j.loc[iter2])[:k] for iter2 in superDict0_j.index]; 

# list of lists 

                # averageDist = [np.mean(entry1) for entry1 in aveDistStorage]; # average each list inside 

the list of lists 

                # dfMDStemp['Average of ' + str(k) + ' Distances'] = averageDist; 

                dfMDStemp[f'Average of {k} Distances'] = [np.mean(sorted(superDict0_j.loc[iter2])[:k]) for 

iter2 in superDict0_j.index] 

     

             

            dfMDStemp['BIG-SLICE'] = bigSLICEinfo_v2; # not dependent on storageDict anymore 

            dfMDStemp['Distance'] = closestGCFDist_v2; # not dependent on storageDict anymore 

            # dfMDStemp['Average Distance'] = averageDist; 

            # dfMDStemp['# of GCF Distances used'] = aveDist; 

            # Add metadata 

            # bgSCAPEinfo = [bgSCAPEclasses.loc[bgSCAPEclasses['name 1'] == i]['bgc product'].values for i 

in dfMDStemp.index]; 

            # dfMDStemp['Metadata'] = bgSCAPEinfo 
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            dfMDStemp['Metadata'] = dfMDStemp.index.map(lambda x: bgSCAPEclasses.loc[bgSCAPEclasses['name 

1'] == x]['bgc product'].values[0]) 

            dfMDStemp.rename(columns={0:'x', 1:'y'}, inplace=True) # clean up column names for ease of 

reference later 

             

            dictDFMDS[j][j+"_"+i] = dfMDStemp; 

     

    specificMets = distMets # this is where the different strings for distance metrics go 

    dictDFMDS_ALL['dictDFMDS_yesHybridCategory'] = dictDFMDS; 

    # Save to Pickle (in current directory, which should be scriptOutputs) 

    if not os.path.isfile('mds_data_run.pickle'): 

        with open('mds_data_run.pickle', 'wb') as handle: 

            pickle.dump(dictDFMDS_ALL, handle, protocol = pickle.HIGHEST_PROTOCOL) 

 

# Timer 

endTime = time.time() 

lengthTime = endTime - startTime; 

t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 

print('\nCompleted processing in {}'.format(t_str)) 

 

#%% Dash App 

chdir(scriptOutputs) 

 

colorSelectionScale = px.colors.named_colorscales() 

classes1 = ['Terpene', 'PKS I', 'RiPP', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Other', 'Saccharide', 'Hybrid 

(Not PKS/NRPS)']; # matches the colors indices. 

substrings = ['Terpene', 'PKS I', 'RiPP', 'Other', 'PKS Other', 'PKS/NRPS', 'NRPS', 'Saccharide'] 

distMets = ['euclidean', 'cosine', 'cityblock', 'l1', 'l2', 'manhattan', 'braycurtis', 'canberra', 

'chebyshev', 'correlation', 'hamming'] # this is where the different strings for distance metrics go 

 

#%% Initialize App 

 

# Sample empty plot 

empty_plot = px.scatter() 

 

app = dash.Dash(__name__) 

app.title = "BGC Prioritization App" 

 

# Define the layout of the app 

app.layout = html.Div([ 

    # Left column with dropdowns and search bar 

    html.Div([ 

        html.H1("BGC Prioritization Display", style={'textAlign': 'center'}), 

        html.H3("Welcome to the Dash Tool to Assist with Prioritizing BGCs Based on Potential Novelty", 
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                style={'textAlign': 'center'}), 

        html.H5("Developer: Imraan Alas (Bugni Lab)", style={'textAlign':'center'}), 

        html.Div(id="intro", 

                 children="Manipulate the various dropdown bars to customize which data is being 

presented, " 

                          "the metadata used to color the plots, and the associated color scales.", 

                 style={'textAlign': 'center'}), 

        html.P("BGC Class: Choose from pre-defined BGC classes. You can't select Hybrid if Hybrids are not 

separated.", style={'textAlign': 'center'}), 

        dcc.Dropdown( 

            id='bigScapeClass-dropdown', 

            options=[{'label': key, 'value': key} for key in classes1], 

            value=substrings[0],  # Default value 

            style={'width': '48%', 'margin': 'auto', 'text-align': 'center'}, 

            clearable=False, 

            multi=False 

        ), 

        html.P("Distance Metric: Choose the distance metric used for metric dimensional scaling.", 

style={'textAlign': 'center'}), 

        dcc.Dropdown( 

            id='distanceMetric-dropdown', 

            options=[{'label': metric, 'value': metric} for metric in distMets], 

            value= 'chebyshev', # distMets[0],  # Default value 

            style={'width': '48%', 'margin': 'auto', 'text-align': 'center'}, 

            clearable=False, 

            multi=False 

        ), 

        html.P("N Closest Distances: Choose the # of closest GCFs to a BGC that are considered for the 

average distance metadata.", style={'textAlign': 'center'}), 

        dcc.Dropdown( 

            id='averageDistance-dropdown', 

            options=[{'label': metric, 'value': metric} for metric in [1, 2, 3, 4, 5]], 

            value=3,  # Default value 

            style={'width': '48%', 'margin': 'auto', 'text-align': 'center'}, 

            clearable=False, 

            multi=False 

        ), 

        html.P("Color Palette: Choose a relevant color palette based on Plotly's inbuilt color scales.", 

style={'textAlign': 'center'}), 

        dcc.Dropdown( 

            id='colorPalette-dropdown', 

            options=colorSelectionScale, 

            value='rdpu',  # Default value 

            style={'width': '48%', 'margin': 'auto', 'text-align': 'center'}, 

            clearable=False 
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        ), 

        html.P("Hybrids Separated? Selecting 'No' will make BGC evaluations through the BGCPD more 

difficult.", style={'textAlign':'center'}), 

        dcc.Dropdown( 

            id='hybridSelection-dropdown', 

            options=[{'label': metric, 'value': metric} for metric in ['Yes', 'No']], 

            value='Yes',  # Default value 

            style={'width': '48%', 'margin': 'auto', 'text-align': 'center'}, 

            clearable=False 

        ), 

        html.P("Search BGC: Enter BGC name to filter the scatter plot.", style={'textAlign':'center'}), 

        dcc.Input( 

            id='search-input', 

            type='text', 

            value='',  # Default value 

            placeholder='Enter BGC name...', 

            style={'width': '99%', 'margin': 'auto', 'text-align': 'center'}, 

        ), 

    ], style={'width': '48%', 'float': 'left'}), 

 

    # Right column with the scatter plot 

    html.Div([ 

        dash.html.Center(dcc.Graph(id='scatter-plot', figure=empty_plot)), 

    ], style={'width': '48%', 'float': 'right'}) 

 

], style={"backgroundColor": "#f0f0f0", "display": "flex"}) 

 

# Define callback to update the scatter plot 

@app.callback( 

    Output('scatter-plot', 'figure'), 

    [Input('bigScapeClass-dropdown', 'value'), 

     Input('distanceMetric-dropdown', 'value'), 

     Input('averageDistance-dropdown', 'value'), 

     Input('colorPalette-dropdown', 'value'), 

     Input('hybridSelection-dropdown', 'value'), 

     Input('search-input', 'value')] 

) 

def update_scatter_plot(selected_big_scape_class, selected_distance_metric, selected_average_distance, 

                         selected_color_scale, selected_hybrids, search_value): 

    try: 

        selected_key = f"{selected_big_scape_class}_orig_{selected_distance_metric}" 

        if selected_hybrids == 'Yes': 

            selectedHybridVal = 'yes' 

        else: 

            selectedHybridVal = 'no' 
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    except: 

        return empty_plot 

 

    try: 

        if selected_key in dictDFMDS_ALL['dictDFMDS_' + selectedHybridVal + 

'HybridCategory'][selected_big_scape_class + '_orig']: 

            bgcTitleName = selected_key.split('_')[0] 

            metricTitleName = selected_key.split('_')[-1].capitalize() 

            df = dictDFMDS_ALL['dictDFMDS_' + selectedHybridVal + 

'HybridCategory'][selected_big_scape_class + '_orig'][selected_key] 

 

            selected_aveDist = 'Average of ' + str(selected_average_distance) + ' Distances' 

            fig = px.scatter(df, x='x', y='y', color_continuous_scale=selected_color_scale, 

color=selected_aveDist, 

                             size=selected_aveDist, hover_data=['Metadata', 'Distance'], 

                             hover_name=['WMM' + i.capitalize() for i in df.index.tolist()]) 

            fig.update_layout(height=900, width=1000) 

            fig.update_layout(title_text=f'{bgcTitleName} BGCs Analyzed with {metricTitleName} Distance 

Metric ' 

                                          f'<br><sup>Size & Color Described by Average Distance of BGC to 

Closest {selected_average_distance} GCFs</sup>', 

                              title_x=0.5) 

            fig.update_layout(xaxis_title='Dimension 1', yaxis_title='Dimension 2') 

 

            if search_value: 

                df['IsSearchMatch'] = df.index.str.contains(search_value, case=False) 

                fig.update_traces( 

                    marker=dict(line=dict(color='black', width=[3 if is_search_match and search_value else 

0.5 for is_search_match in df['IsSearchMatch']]))) 

            else: 

                fig.update_traces(marker=dict(line=dict(color='white', width=1))) 

            return fig 

        else: 

            return empty_plot 

    except: 

        return empty_plot 

 

# Run the app 

if __name__ == '__main__': 

    print('Open localhost:8002 or 127.0.0.1:8002 to see the dash visualization') 

    app.run_server(port=8002)  # Open 127.0.0.1:8002 or localhost:8002 on your local web browser. 
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Code B.1: Binary classification model hyperparameter optimization 
# -*- coding: utf-8 -*- 
""" 
Created on Wed Oct 25 20:56:40 2023 
 
@author: alas 
""" 
#%% Imports 
 
import os 
from os import chdir 
 
import numpy as np 
import pandas as pd 
import seaborn as sns 
import sklearn 
import pickle 
import sys 
import lightgbm as lgb 
import matplotlib.pyplot as plt 
import time 
import catboost 
import xgboost as xgb 
 
 
from rdkit import Chem 
from rdkit.Chem import Descriptors 
from rdkit.Chem import PandasTools 
from rdkit.Chem import AllChem 
 
from sklearn.model_selection import train_test_split 
from sklearn.model_selection import StratifiedKFold 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.model_selection import cross_validate 
from sklearn.model_selection import GridSearchCV 
from sklearn.metrics import roc_auc_score, average_precision_score 
from sklearn.metrics import make_scorer 
from sklearn.model_selection import cross_val_score 
from sklearn.preprocessing import StandardScaler, MinMaxScaler 
from sklearn.cluster import KMeans 
from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score, 
confusion_matrix 
from sklearn.linear_model import LogisticRegression, RidgeClassifier 
from sklearn.tree import DecisionTreeClassifier 
 
from sklearn.feature_selection import VarianceThreshold,SelectKBest, f_classif, RFECV 
from scipy.signal import find_peaks 
from sklearn.svm import SVC 
from sklearn.neighbors import KNeighborsClassifier 
from sklearn.naive_bayes import GaussianNB, MultinomialNB, BernoulliNB, ComplementNB 
 
from catboost import CatBoostClassifier, Pool 
 
from sklearn.neural_network import MLPClassifier 
from sklearn.metrics import classification_report, average_precision_score, precision_recall_curve, auc, 
PrecisionRecallDisplay 
 
 
#%% Directory 
 
# chdir(r"C:\Users\imraa\Documents\UWM\BugniLab\Tubulin-Binders") 
chdir(r"C:\Users\alas\Documents\Python") 
 
results_df = None; 
 
#%% Load Data: 
 
## LOAD DATA 
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feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
 
#%% The Simplest Classification Model: Logistic Regression 
 
# Retry: This time, train on the entire training dataset. Then, evaluate on the validation data. 
    # Expectation: Everything decreases across the board because there's little to no spillover of 
compounds across training to prediction. 
 
### Load & process the validation data. 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
### Models: 
# Train on training data. Evaluate on validation data. 
# Default model 
clf_def = LogisticRegression(random_state=42,max_iter=10000).fit(X,y); 
 
# Standard Scaler Model 
scaler = StandardScaler(); 
X_standard = scaler.fit_transform(X); 
X_val_standard = scaler.transform(X_val); 
clf_stand = LogisticRegression(random_state=42, max_iter=10000).fit(X_standard,y); 
# Min Max Scaler Model 
min_max_scaler = MinMaxScaler() 
X_min_max = min_max_scaler.fit_transform(X) 
X_val_min_max = min_max_scaler.transform(X_val) 
clf_minmax = LogisticRegression(random_state=42,max_iter=10000).fit(X_min_max,y) 
 
### Evaluate Models: 
dict_yPred = {}; 
y_pred_def = clf_def.predict(X_val); 
dict_yPred['No Scaler'] = y_pred_def; 
report_def = classification_report(y_val,y_pred_def,zero_division=0); 
print('Classification report: no Scaler:\n', report_def); 
y_pred_standard = clf_stand.predict(X_val); 
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dict_yPred['Standard Scaler'] = y_pred_standard; 
report_stand = classification_report(y_val, y_pred_standard,zero_division=0); 
print('Classification report: StandardScaler:\n', report_stand); 
y_pred_minmax = clf_minmax.predict(X_val); 
dict_yPred['MinMax Scaler'] = y_pred_minmax; 
report_minmax = classification_report(y_val,y_pred_minmax,zero_division=0); 
print('Classification report: MinMaxScaler:\n',report_minmax); 
 
# # Store models. 
# clf_storage = {}; 
# clf_storage['No Scaler'] = clf_def; 
# clf_storage['Standard Scaler'] = clf_stand; 
# clf_storage['MinMax Scaler'] = clf_minmax; 
 
# # Generate confusion matrices. 
# for i in list(dict_yPred.keys()): 
#     cm = confusion_matrix(y_val,dict_yPred[i]) 
#     plt.figure(figsize=(6, 4)) 
#     sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
#     plt.xlabel('Predicted') 
#     plt.ylabel('Actual') 
#     plt.title('Confusion Matrix: Logistic Regression with ' + str(i)) 
#     plt.show() 
 
# # Generate precision-recall curves. 
# for i in list(dict_yPred.keys()): 
#     precision1, recall1, threshold1 = precision_recall_curve(y_val,dict_yPred[i]) 
#     display = PrecisionRecallDisplay.from_predictions(y_val,dict_yPred[i], name = i + ' Linear 
Regression') 
#     _ = display.ax_.set_title(i + ' Linear Regression: Precision-Recall Curve') 
#     auc_score = auc(recall1, precision1); 
#     print(i + ' Linear Regression AUPRC Score: ' + str(auc_score)) 
 
# f1_types = ['binary','macro','micro','weighted'] 
# for j in f1_types: 
#     print('\n'+j) 
#     for i in list(dict_yPred.keys()): 
#         f1SCORE1 = f1_score(y_val, dict_yPred[i], average = j); 
#         print(i + ' Linear Regression F1 Score: ' + j + ' ' + str(f1SCORE1)) 
         
# Summarize Everything: 
# Create Results DF     
results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
for i in list(dict_yPred.keys()): 
    cm = confusion_matrix(y_val, dict_yPred[i]); 
    tn, fp, fn, tp = cm.ravel(); 
    precision1, recall1, threshold1 = precision_recall_curve(y_val, dict_yPred[i]) # Precision, Recall 
    auc_score = auc(recall1, precision1) # AUPRC 
    f1_binary = f1_score(y_val, dict_yPred[i], average='binary') # F1-binary 
    f1_macro = f1_score(y_val, dict_yPred[i], average='macro') # F1-macro 
    temp_df = pd.DataFrame({ 
        'Model': [f'Linear Regression ({i})'], 
        'True Negative': [tn], 
        'False Positive': [fp], 
        'False Negative': [fn], 
        'True Positive': [tp], 
        'F1-Score (Binary)': [f1_binary], 
        'F1-Score (Macro)': [f1_macro], 
        'Precision': [precision_score(y_val, dict_yPred[i])], 
        'Recall': [recall_score(y_val, dict_yPred[i])], 
        'AUPRC': [auc_score] 
    }) 
    results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
     
#%% SECOND MODEL: Decision Tree 
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### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
# TIMER: 
startTime = time.time(); 
 
### Define param grid: 
param_grid_DT = { 
    'criterion': ['gini', 'entropy'], 
    'max_depth': [None, 10, 20, 30, 40,50,60], 
    'min_samples_split': [2, 5, 10,20,50], 
    'min_samples_leaf': [1, 2, 4,6,10], 
    'max_features': [None, 'sqrt', 'log2'] 
} 
print('Starting gridsearch!...') 
# GridsearchCV setup: 
grid_search_DT = GridSearchCV(estimator=DecisionTreeClassifier(random_state=42), param_grid=param_grid_DT, 
                           cv=5, scoring=scoring, refit = 'F1-score', n_jobs=-1) 
# Perform the grid search model generation 
grid_search_DT.fit(X,y); 
# Evaluate the best model on the validation data. 
best_model_DT = grid_search_DT.best_estimator_ 
y_pred_val_DT = best_model_DT.predict(X_val); 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
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# Reports 
report_DT = classification_report(y_val,y_pred_val_DT,zero_division=0); 
print('Classification report: Decision Tree (GridSearch 1):\n', report_DT); 
 
cm_DT = confusion_matrix(y_val,y_pred_val_DT) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_DT, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Decision Tree (Default)') 
plt.show() 
 
### Standard Scaler 
print('Starting gridsearch2!...') 
scaler = StandardScaler(); 
X_standard = scaler.fit_transform(X); 
X_val_standard = scaler.transform(X_val); 
grid_search_DT_stand = GridSearchCV(estimator=DecisionTreeClassifier(random_state=42), 
param_grid=param_grid_DT, 
                           cv=5, scoring=scoring, refit = 'F1-score', n_jobs=-1) 
grid_search_DT_stand.fit(X_standard,y); 
best_model_DT_stand = grid_search_DT_stand.best_estimator_ 
y_pred_val_DT_stand = best_model_DT_stand.predict(X_val); 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
report_DT_stand = classification_report(y_val,y_pred_val_DT_stand,zero_division=0); 
print('Classification report: Decision Tree (GridSearch: Standard Scaler):\n', report_DT_stand); 
 
cm_DT_stand = confusion_matrix(y_val,y_pred_val_DT_stand) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_DT_stand, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Decision Tree (StandardScaler)') 
plt.show() 
 
### MinMax Scaler 
print('Starting gridsearch3!...') 
min_max_scaler = MinMaxScaler() 
X_min_max = min_max_scaler.fit_transform(X) 
X_val_min_max = min_max_scaler.transform(X_val) 
grid_search_DT_mm = GridSearchCV(estimator=DecisionTreeClassifier(random_state=42), 
param_grid=param_grid_DT, 
                           cv=5, scoring=scoring, refit = 'F1-score', n_jobs=-1) 
grid_search_DT_mm.fit(X_min_max,y); 
best_model_DT_mm = grid_search_DT_mm.best_estimator_ 
y_pred_val_DT_mm = best_model_DT_mm.predict(X_val); 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
report_DT_mm = classification_report(y_val,y_pred_val_DT_mm,zero_division=0); 
print('Classification report: Decision Tree (GridSearch: MinMax Scaler):\n', report_DT_mm); 
 
cm_DT_mm = confusion_matrix(y_val,y_pred_val_DT_mm) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_DT_mm, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Decision Tree (MinMax Scaler)') 
plt.show() 
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# Summarize Results: 
 
dict_yPred = {}; 
dict_yPred['No Scaler'] = y_pred_val_DT; 
dict_yPred['Standard Scaler'] = y_pred_val_DT_stand; 
dict_yPred['MinMax Scaler'] = y_pred_val_DT_mm 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate the best-performing models (as determined through highest F1 during the gridsearch for ideal 
hyperparameters). Store metrics. 
for i in list(dict_yPred.keys()): 
    cm = confusion_matrix(y_val, dict_yPred[i]); 
    tn, fp, fn, tp = cm.ravel(); 
    precision1, recall1, threshold1 = precision_recall_curve(y_val, dict_yPred[i]) # Precision, Recall 
    auc_score = auc(recall1, precision1) # AUPRC 
    f1_binary = f1_score(y_val, dict_yPred[i], average='binary') # F1-binary 
    f1_macro = f1_score(y_val, dict_yPred[i], average='macro') # F1-macro 
    temp_df = pd.DataFrame({ 
        'Model': [f'Decision Tree ({i})'], 
        'True Negative': [tn], 
        'False Positive': [fp], 
        'False Negative': [fn], 
        'True Positive': [tp], 
        'F1-Score (Binary)': [f1_binary], 
        'F1-Score (Macro)': [f1_macro], 
        'Precision': [precision_score(y_val, dict_yPred[i])], 
        'Recall': [recall_score(y_val, dict_yPred[i])], 
        'AUPRC': [auc_score] 
    }) 
    results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
# Grab the best performing hyperparameters if I had refit based on Average Precision (AUPRC?). 
DT_search_results = pd.DataFrame(grid_search_DT.cv_results_); 
DT_standard_search_results = pd.DataFrame(grid_search_DT_stand.cv_results_); 
DT_mm_search_results = pd.DataFrame(grid_search_DT_mm.cv_results_) 
 
DT_averagePrecision = {}; 
DT_averagePrecision['No Scaler'] = DT_search_results; 
DT_averagePrecision['Standard Scaler'] = DT_standard_search_results; 
DT_averagePrecision['MinMax Scaler'] = DT_mm_search_results; 
 
X_scales = {}; 
X_scales['No Scaler'] = X; 
X_scales['Standard Scaler'] = X_standard; 
X_scales['MinMax Scaler'] = X_min_max; 
 
X_val_scales = {}; 
X_val_scales['No Scaler'] = X_val; 
X_val_scales['Standard Scaler'] = X_val_standard; 
X_val_scales['MinMax Scaler'] = X_val_min_max; 
 
# Generate results_df for best performing hyperparameters based on Average Precision. 
for i in list(DT_averagePrecision.keys()): 
    # Search for best performing Average Precision Model. 
    best_row = DT_averagePrecision[i][DT_averagePrecision[i]['rank_test_Average_Precision'] == 1] 
    # Scrape hyperparameters. 
    best_params = { 
    'criterion': best_row['param_criterion'].values[0], 
    'max_depth': best_row['param_max_depth'].values[0], 
    'min_samples_split': best_row['param_min_samples_split'].values[0], 
    'min_samples_leaf': best_row['param_min_samples_leaf'].values[0], 
    'max_features': best_row['param_max_features'].values[0] 
    }; 
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    # Generate model. 
    best_model_DT = DecisionTreeClassifier(random_state=42, **best_params) 
    best_model_DT.fit(X_scales[i], y); # Fit using the scaled X and the actual y. 
    best_y_pred_DT = best_model_DT.predict(X_val_scales[i]) # Predict using the scaled y. 
    cm = confusion_matrix(y_val,best_y_pred_DT); # Generate confusion matrix. 
    tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
    precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_DT) # Precision, Recall 
    auc_score = auc(recall1, precision1) # AUPRC 
    f1_binary = f1_score(y_val, best_y_pred_DT, average='binary') # F1-binary 
    f1_macro = f1_score(y_val, best_y_pred_DT, average='macro') # F1-macro 
    temp_df = pd.DataFrame({ 
        'Model': [f'Decision Tree ({i}), refit using Average Precision'], 
        'True Negative': [tn], 
        'False Positive': [fp], 
        'False Negative': [fn], 
        'True Positive': [tp], 
        'F1-Score (Binary)': [f1_binary], 
        'F1-Score (Macro)': [f1_macro], 
        'Precision': [precision_score(y_val, best_y_pred_DT)], 
        'Recall': [recall_score(y_val, best_y_pred_DT)], 
        'AUPRC': [auc_score] 
    }) 
    results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
#%% Random Forest: Many Hyperparameters. (GridSearch v1) 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
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scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
param_searchSpace_RF = {'n_estimators':[100,500,1000,2000], 
                        'max_depth': [None,10,30,100],  
                        'max_samples': [1.0],  
                        'min_samples_split':[2,5,15], 
                        'min_samples_leaf':[1,3,5], 
                        'criterion':['gini','entropy'], 
                        'bootstrap':[True,False], 
                        'max_features': ['sqrt','log2']}; 
 
# TIMER: 
startTime = time.time(); 
 
print('\nStarting hyperparameter optimization! Wish me luck!') 
modelRF = 
RandomForestClassifier(n_estimators=800,criterion='gini',max_depth=6,max_samples=1.0,min_samples_split=2,  
                                  
min_samples_leaf=1,max_features=0.15,max_leaf_nodes=None,min_impurity_decrease=0.0, 
                                  bootstrap=True,oob_score=False,n_jobs=-
1,class_weight='balanced',verbose=1) 
 
# GridsearchCV setup: 
grid_search_RF = 
GridSearchCV(estimator=RandomForestClassifier(max_leaf_nodes=None,min_impurity_decrease=0.0,oob_score=Fals
e,class_weight='balanced',random_state=42), 
                               param_grid=param_searchSpace_RF,cv=5, scoring=scoring, refit = 'F1-score', 
n_jobs=-1) 
 
# Perform the grid search model generation 
grid_search_RF.fit(X,y); 
# Evaluate the best model on the validation data. 
best_model_RF = grid_search_RF.best_estimator_ 
y_pred_val_RF = best_model_RF.predict(X_val); 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
# Reports 
report_RF = classification_report(y_val,y_pred_val_RF,zero_division=0); 
print('Classification report: Random Forest Classifier (GridSearch 7):\n', report_RF); 
 
cm_RF = confusion_matrix(y_val,y_pred_val_RF) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_RF, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Random Forest (Gridsearch v7)') 
plt.show() 
 
df_RF1 = pd.DataFrame(grid_search_RF.cv_results_) 
df_RF1['gsearch'] = 1; 
f = open('scriptOutputs/20240307-
script_SpartanComp/Hyperparameter_for_{}_RandomForest_result_opt_v7.txt'.format( feat_type ), 'w' ) 
f.write("Hyperparameter tuning for RandomForest (GridSearch v7):\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_RF.best_params_) 
f.write("The best_score is %s \n" % grid_search_RF.best_score_) 
f.write("\n") 
modelRF.set_params(**grid_search_RF.best_params_) 
f.write("The optimized model parameters are %s \n" % modelRF.get_params()) 
f.close() 
 
df_RF1.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_RForest_defaultParam_v1.csv', 
index=False) 
     
# See if results_df exists already. If not, create it. 
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try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_RF); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_RF) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_RF, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_RF, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Random Forest'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_RF)], 
    'Recall': [recall_score(y_val, y_pred_val_RF)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
# Generate results_df for best performing hyperparameters based on Average Precision. 
df_rf = pd.DataFrame(grid_search_RF.cv_results_); 
 
 
# Search for best performing Average Precision Model. 
best_row_RF = df_rf[df_rf['rank_test_Average_Precision'] == 1]; 
# Scrape hyperparameters. 
# Pulled it out manually 
best_paramsRF = {'bootstrap': True, 'criterion': 'entropy', 'max_depth': None, 'max_features': 'sqrt', 
'max_samples': 1.0, 'min_samples_leaf': 1, 'min_samples_split': 5, 'n_estimators': 2000}; 
# Generate model. 
best_model_RF = 
RandomForestClassifier(random_state=42,max_leaf_nodes=None,min_impurity_decrease=0.0,oob_score=False,class
_weight='balanced', **best_paramsRF) 
best_model_RF.fit(X, y); # Fit using the scaled X and the actual y. 
best_y_pred_RF = best_model_RF.predict(X_val) # Predict using X 
cm = confusion_matrix(y_val,best_y_pred_RF); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_RF) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, best_y_pred_RF, average='binary') # F1-binary 
f1_macro = f1_score(y_val, best_y_pred_RF, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': [f'Random Forest ({i}), refit using Average Precision'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, best_y_pred_RF)], 
    'Recall': [recall_score(y_val, best_y_pred_RF)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
#%% Support Vector Machine (GridSearch v2) 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
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# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
svm_model = SVC(); 
 
param_grid = { 
    'C': [0.1, 1, 10,100,200,300,400,500,1000,1500,2000],        # Regularization parameter 
    'kernel': ['linear', 'poly', 'rbf'],  # Kernel type 
    'gamma': ['scale', 'auto', 0.1, 1,10],  # Kernel coefficient 
} 
 
# TIMER: 
startTime = time.time(); 
 
print('\nStarting hyperparameter optimization! Wish me luck!') 
 
grid_search_SVM = GridSearchCV(estimator=svm_model, param_grid=param_grid, scoring = scoring, refit = 'F1-
score',cv=5,n_jobs=-1) 
grid_search_SVM.fit(X,y); # fixed to X,y in v3_2 
best_svm_model = grid_search_SVM.best_estimator_ 
y_pred_val_SVM = best_svm_model.predict(X_val); 
 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
 
# Reports 
report_SVM = classification_report(y_val,y_pred_val_SVM,zero_division=0); 
print('Classification report: SVM (Gridsearch v3_2)):\n', report_SVM); 
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cm_SVM = confusion_matrix(y_val,y_pred_val_SVM) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_SVM, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: SVM (Gridsearch v3)') 
plt.show() 
 
# Hyperparameter optimization (individual results) 
df_SVM = pd.DataFrame(grid_search_SVM.cv_results_) 
df_SVM['gsearch'] = 2; 
f = open('scriptOutputs/20240307-script_SpartanComp/Hyperparameter_for_{}_SVM_result_opt_v1.txt'.format( 
feat_type ), 'w' ) 
f.write("Hyperparameter tuning for SVM:\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_SVM.best_params_) 
f.write("The best_score is %s \n" % grid_search_SVM.best_score_) 
f.write("\n") 
svm_model.set_params(**grid_search_SVM.best_params_) 
f.write("The optimized model parameters are %s \n" % svm_model.get_params()) 
f.close() 
 
df_SVM.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_SVM_defaultParam_v1.csv', index=False) 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_SVM); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_SVM) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_SVM, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_SVM, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['SVM'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_SVM)], 
    'Recall': [recall_score(y_val, y_pred_val_SVM)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
# Generate results_df for best performing hyperparameters based on Average Precision. 
df_SVM = pd.DataFrame(grid_search_SVM.cv_results_); 
 
 
# Search for best performing Average Precision Model. 
best_row_SVM = df_SVM[df_SVM['rank_test_Average_Precision'] == 1]; 
# Scrape hyperparameters. 
# Pulled it out manually 
best_paramsSVM = {'C': 10, 'gamma': 'scale', 'kernel': 'poly'}; 
# Generate model. 
best_model_SVM = SVC(random_state=42,**best_paramsSVM) 
best_model_SVM.fit(X, y); # Fit using the scaled X and the actual y. 
best_y_pred_SVM = best_model_SVM.predict(X_val) # Predict using X 
cm = confusion_matrix(y_val,best_y_pred_SVM); # Generate confusion matrix. 
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tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_SVM) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, best_y_pred_SVM, average='binary') # F1-binary 
f1_macro = f1_score(y_val, best_y_pred_SVM, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['SVM, refit using Average Precision'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, best_y_pred_SVM)], 
    'Recall': [recall_score(y_val, best_y_pred_SVM)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% KNN: GridSearch v4 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
knn_model = KNeighborsClassifier(); 
 
param_grid = { 
    'n_neighbors': [2,3,4,5,6,7,8,9,10],  # Number of neighbors to consider 
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    'weights': ['uniform', 'distance'],  # Weighting of neighbors 
    'p': [1, 2],  # Minkowski distance metric (1 for Manhattan, 2 for Euclidean) 
} 
 
# TIMER: 
startTime = time.time(); 
 
print('\nStarting hyperparameter optimization! Wish me luck!') 
 
grid_search_KNN = GridSearchCV(estimator=knn_model, param_grid=param_grid, scoring = scoring, refit = 'F1-
score',cv=5,n_jobs=-1) 
grid_search_KNN.fit(X,y); 
best_KNN_model = grid_search_KNN.best_estimator_ 
y_pred_val_KNN = best_KNN_model.predict(X_val); 
 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
 
# Reports 
report_KNN = classification_report(y_val,y_pred_val_KNN,zero_division=0); 
print('Classification report: KNN (Gridsearch v1):\n', report_KNN); 
 
cm_KNN = confusion_matrix(y_val,y_pred_val_KNN) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_KNN, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: KNN (Gridsearch v1)') 
plt.show() 
 
# Hyperparameter optimization (individual results) 
df_KNN = pd.DataFrame(grid_search_KNN.cv_results_) 
df_KNN['gsearch'] = 4; 
f = open('scriptOutputs/20240307-script_SpartanComp/Hyperparameter_for_{}_KNN_result_opt_v1.txt'.format( 
feat_type ), 'w' ) 
f.write("Hyperparameter tuning for KNN:\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_KNN.best_params_) 
f.write("The best_score is %s \n" % grid_search_KNN.best_score_) 
f.write("\n") 
knn_model.set_params(**grid_search_KNN.best_params_) 
f.write("The optimized model parameters are %s \n" % knn_model.get_params()) 
f.close() 
 
df_KNN.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_KNN_defaultParam_v1.csv', index=False) 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_KNN); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_KNN) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_KNN, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_KNN, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['KNN'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
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    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_KNN)], 
    'Recall': [recall_score(y_val, y_pred_val_KNN)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
# Generate results_df for best performing hyperparameters based on Average Precision. 
df_KNN = pd.DataFrame(grid_search_KNN.cv_results_); 
 
 
# Search for best performing Average Precision Model. 
best_row_KNN = df_KNN[df_KNN['rank_test_Average_Precision'] == 1]; 
# Scrape hyperparameters. 
# Pulled it out manually 
best_paramsKNN = {'n_neighbors': 10, 'p': 2, 'weights': 'distance'}; 
# Generate model. 
best_model_KNN = KNeighborsClassifier(**best_paramsSVM) 
best_model_KNN.fit(X, y); # Fit using the scaled X and the actual y. 
best_y_pred_KNN = best_model_KNN.predict(X_val) # Predict using X 
cm = confusion_matrix(y_val,best_y_pred_KNN); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_KNN) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, best_y_pred_KNN, average='binary') # F1-binary 
f1_macro = f1_score(y_val, best_y_pred_KNN, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['KNN, refit using Average Precision'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, best_y_pred_KNN)], 
    'Recall': [recall_score(y_val, best_y_pred_KNN)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Naive Bayes (GridSearch v5) 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
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# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
nb_model = GaussianNB(); 
 
print('\nNo Hyperparameters for Gaussian Naive Bayes') 
 
nb_model.fit(X,y); 
y_pred_val_nb = nb_model.predict(X_val); 
# Histogram 
y_pred_val_nb_range = nb_model.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_nb_range) 
 
# Reports 
report_nb = classification_report(y_val,y_pred_val_nb,zero_division=0); 
print('Classification report: Naive Bayes (Gridsearch v5):\n', report_nb); 
 
cm_nb = confusion_matrix(y_val,y_pred_val_nb) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_nb, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Naive Bayes (Gridsearch v5)') 
plt.show() 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_nb); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_nb) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_nb, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_nb, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Gaussian Naive Bayes'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_nb)], 
    'Recall': [recall_score(y_val, y_pred_val_nb)], 
    'AUPRC': [auc_score] 
}) 
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results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
#%% Naive Bayes (Multinomial, Complement, and Bernoulli): 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
# Multinomial Naive Bayes: 
mb_model = MultinomialNB(); 
mb_model.fit(X,y); 
y_pred_val_mb = mb_model.predict(X_val); 
y_pred_val_mb_range = mb_model.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_mb_range); # Check value range. 
# Reports (Multinomial Naive Bayes) 
report_mb = classification_report(y_val,y_pred_val_mb,zero_division=0); 
print('Classification report: Multinomial Naive Bayes (Gridsearch v6):\n', report_mb); 
 
cm_mb = confusion_matrix(y_val,y_pred_val_mb) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_mb, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Multinomial Naive Bayes (Gridsearch v6)') 
plt.show() 
 
# Complement Naive Bayes: 
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param_grid = { 
    'alpha': [0.1, 0.5, 1.0],  # Values for Laplace smoothing 
    'fit_prior': [True, False],  # Whether to learn class priors 
    'class_prior': [None, [0.3, 0.7]],  # Prior probabilities of classes (if fit_prior is False) 
    'norm': [True, False]  # Whether to normalize term counts 
} 
startTime = time.time(); 
print('\nStarting hyperparameter optimization! Wish me luck!') 
cnb_model = ComplementNB() 
grid_search_cnb = GridSearchCV(estimator=cnb_model, param_grid=param_grid, scoring = scoring, refit = 'F1-
score',cv=5,n_jobs=-1) 
grid_search_cnb.fit(X,y); 
best_cnb_model = grid_search_cnb.best_estimator_ 
y_pred_val_cnb = best_cnb_model.predict(X_val); 
y_pred_val_cnb_range = best_cnb_model.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_cnb_range) 
 
#Plot the histogram of predicted probabilities 
plt.figure(figsize=(10, 6)) 
sns.histplot(y_pred_val_cnb_range, bins=50, kde=True, color='blue', label='Predicted Probabilities') 
 
# Overlay the histogram with vertical lines at the actual class values (0 or 1) 
plt.axvline(x=y_pred_val_cnb_range[y_val == 0].mean(), color='red', linestyle='dashed', linewidth=2, 
label='Actual 0 Mean') 
plt.axvline(x=y_pred_val_cnb_range[y_val == 1].mean(), color='green', linestyle='dashed', linewidth=2, 
label='Actual 1 Mean') 
 
# Add labels and legend 
plt.xlabel('Predicted Probabilities') 
plt.ylabel('Frequency') 
plt.title('Histogram of Predicted Probabilities with Actual Class Means') 
plt.legend() 
 
# Show the plot 
plt.show() 
 
# THIS PLOT SHOWS CONFUSION MATRIX AS A FUNCTION OF THRESHOLD 
 
# Define threshold values 
# thresholds = np.arange(0.499, 0.511, 0.001) 
thresholds = np.linspace(min(y_pred_val_cnb_range), max(y_pred_val_cnb_range), 100) 
 
# Initialize lists to store results 
tn_percentages = [] 
fp_percentages = [] 
fn_percentages = [] 
tp_percentages = [] 
 
# Calculate metrics for each threshold 
for threshold in thresholds: 
    # Convert probabilities to binary predictions based on the threshold 
    y_pred_binary = (y_pred_val_cnb_range > threshold).astype(int) 
 
    # Calculate confusion matrix 
    conf_matrix = confusion_matrix(y_val, y_pred_binary) 
 
    # Calculate percentages 
    total_samples = len(y_val) 
    tn_percentages.append(conf_matrix[0, 0] / total_samples * 100) 
    fp_percentages.append(conf_matrix[0, 1] / total_samples * 100) 
    fn_percentages.append(conf_matrix[1, 0] / total_samples * 100) 
    tp_percentages.append(conf_matrix[1, 1] / total_samples * 100) 
 
# Plot the bar graph 
plt.figure(figsize=(10, 6)) 
plt.bar(thresholds, tn_percentages, width=0.002, label='True Negatives') 
plt.bar(thresholds, fp_percentages, width=0.002, label='False Positives', bottom=tn_percentages) 
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plt.bar(thresholds, fn_percentages, width=0.002, label='False Negatives', bottom=np.array(tn_percentages) 
+ np.array(fp_percentages)) 
plt.bar(thresholds, tp_percentages, width=0.002, label='True Positives', bottom=np.array(tn_percentages) + 
np.array(fp_percentages) + np.array(fn_percentages)) 
 
plt.xlabel('Threshold') 
plt.ylabel('Percentage') 
plt.title('Percentage of Confusion Matrix Elements as a Function of Threshold') 
plt.legend() 
plt.show() 
 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
 
# Reports (CNB) 
report_cnb = classification_report(y_val,y_pred_val_cnb,zero_division=0); 
print('Classification report: Complement Naive Bayes (Gridsearch v6):\n', report_cnb); 
 
cm_cnb = confusion_matrix(y_val,y_pred_val_cnb) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_cnb, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Complement Naive Bayes (Gridsearch v6)') 
plt.show() 
 
df_cnb = pd.DataFrame(grid_search_cnb.cv_results_) 
df_cnb['gsearch'] = 6; 
f = open('scriptOutputs/20240307-
script_SpartanComp/Hyperparameter_for_{}_CNBayes_result_opt_v1.txt'.format( feat_type ), 'w' ) 
f.write("Hyperparameter tuning for CNBayes:\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_cnb.best_params_) 
f.write("The best_score is %s \n" % grid_search_cnb.best_score_) 
f.write("\n") 
cnb_model.set_params(**grid_search_cnb.best_params_) 
f.write("The optimized model parameters are %s \n" % cnb_model.get_params()) 
f.close() 
 
df_cnb.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_CNBayes_defaultParam_v1.csv', 
index=False) 
 
# Bernoulli Naive Bayes: 
     
param_grid = { 
    'alpha': [0.1, 0.5, 1.0],  # Values for Laplace smoothing 
    'binarize': [0.0, 0.2, 0.5],  # Thresholds for binarizing features 
    'fit_prior': [True, False],  # Whether to learn class priors 
    'class_prior': [None, [0.3, 0.7]],  # Prior probabilities of classes (if fit_prior is False) 
} 
startTime = time.time(); 
print('\nStarting hyperparameter optimization! Wish me luck!') 
bnb_model = BernoulliNB() 
grid_search_bnb = GridSearchCV(estimator=bnb_model, param_grid=param_grid, scoring = scoring, refit = 'F1-
score',cv=5,n_jobs=-1) 
grid_search_bnb.fit(X,y); 
best_bnb_model = grid_search_bnb.best_estimator_ 
y_pred_val_bnb = best_bnb_model.predict(X_val); 
y_pred_val_bnb_range = best_bnb_model.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_bnb_range) 
 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
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print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
 
# Reports (CNB) 
report_bnb = classification_report(y_val,y_pred_val_bnb,zero_division=0); 
print('Classification report: Bernoulli Naive Bayes (Gridsearch v6):\n', report_bnb); 
 
cm_bnb = confusion_matrix(y_val,y_pred_val_bnb) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_bnb, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: Bernoulli Naive Bayes (Gridsearch v6)') 
plt.show() 
 
df_bnb = pd.DataFrame(grid_search_bnb.cv_results_) 
df_bnb['gsearch'] = 6_1; 
f = open('scriptOutputs/20240307-
script_SpartanComp/Hyperparameter_for_{}_BNBayes_result_opt_v1.txt'.format( feat_type ), 'w' ) 
f.write("Hyperparameter tuning for BNBayes:\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_bnb.best_params_) 
f.write("The best_score is %s \n" % grid_search_bnb.best_score_) 
f.write("\n") 
bnb_model.set_params(**grid_search_bnb.best_params_) 
f.write("The optimized model parameters are %s \n" % bnb_model.get_params()) 
f.close() 
 
df_bnb.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_BNBayes_defaultParam_v1.csv', 
index=False) 
 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
y_pred_NaiveBayes = {}; 
y_pred_NaiveBayes['Multinomial'] = y_pred_val_mb 
y_pred_NaiveBayes['Complement'] = y_pred_val_cnb 
y_pred_NaiveBayes['Bernoulli'] = y_pred_val_bnb 
 
for i in list(y_pred_NaiveBayes.keys()): 
    # Get model results (evaluation metrics) 
    cm = confusion_matrix(y_val, y_pred_NaiveBayes[i]); 
    tn, fp, fn, tp = cm.ravel(); 
    precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_NaiveBayes[i]) # Precision, 
Recall 
    auc_score = auc(recall1, precision1) # AUPRC 
    f1_binary = f1_score(y_val, y_pred_NaiveBayes[i], average='binary') # F1-binary 
    f1_macro = f1_score(y_val, y_pred_NaiveBayes[i], average='macro') # F1-macro 
    temp_df = pd.DataFrame({ 
        'Model': [i + ' Naive Bayes'], 
        'True Negative': [tn], 
        'False Positive': [fp], 
        'False Negative': [fn], 
        'True Positive': [tp], 
        'F1-Score (Binary)': [f1_binary], 
        'F1-Score (Macro)': [f1_macro], 
        'Precision': [precision_score(y_val, y_pred_NaiveBayes[i])], 
        'Recall': [recall_score(y_val, y_pred_NaiveBayes[i])], 
        'AUPRC': [auc_score] 
    }) 
    results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
# Generate results_df for best performing hyperparameters based on Average Precision. 
df_CNB = pd.DataFrame(grid_search_cnb.cv_results_); 
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# Search for best performing Average Precision Model. 
best_row_CNB = df_CNB[df_CNB['rank_test_Average_Precision'] == 1]; 
# Scrape hyperparameters. 
# Pulled it out manually 
best_paramsCNB = {'alpha': 0.1, 'class_prior': None, 'fit_prior': True, 'norm': True}; 
# Generate model. 
best_model_CNB = ComplementNB(**best_paramsCNB) 
best_model_CNB.fit(X, y); # Fit using the scaled X and the actual y. 
best_y_pred_CNB = best_model_CNB.predict(X_val) # Predict using X 
y_pred_val_CNB_range_AP = best_model_CNB.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_CNB_range_AP) 
cm = confusion_matrix(y_val,best_y_pred_CNB); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_CNB) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, best_y_pred_CNB, average='binary') # F1-binary 
f1_macro = f1_score(y_val, best_y_pred_CNB, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Complement Naive Bayes, refit using Average Precision'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, best_y_pred_CNB)], 
    'Recall': [recall_score(y_val, best_y_pred_CNB)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
thresholds = np.linspace(min(y_pred_val_CNB_range_AP), max(y_pred_val_CNB_range_AP), 100) 
 
# Initialize lists to store results 
tn_percentages = [] 
fp_percentages = [] 
fn_percentages = [] 
tp_percentages = [] 
 
# Calculate metrics for each threshold 
for threshold in thresholds: 
    # Convert probabilities to binary predictions based on the threshold 
    y_pred_binary = (y_pred_val_CNB_range_AP > threshold).astype(int) 
 
    # Calculate confusion matrix 
    conf_matrix = confusion_matrix(y_val, y_pred_binary) 
 
    # Calculate percentages 
    total_samples = len(y_val) 
    tn_percentages.append(conf_matrix[0, 0] / total_samples * 100) 
    fp_percentages.append(conf_matrix[0, 1] / total_samples * 100) 
    fn_percentages.append(conf_matrix[1, 0] / total_samples * 100) 
    tp_percentages.append(conf_matrix[1, 1] / total_samples * 100) 
 
# Plot the bar graph 
plt.figure(figsize=(10, 6)) 
plt.bar(thresholds, tn_percentages, width=0.002, label='True Negatives') 
plt.bar(thresholds, fp_percentages, width=0.002, label='False Positives', bottom=tn_percentages) 
plt.bar(thresholds, fn_percentages, width=0.002, label='False Negatives', bottom=np.array(tn_percentages) 
+ np.array(fp_percentages)) 
plt.bar(thresholds, tp_percentages, width=0.002, label='True Positives', bottom=np.array(tn_percentages) + 
np.array(fp_percentages) + np.array(fn_percentages)) 
 
plt.xlabel('Threshold') 
plt.ylabel('Percentage') 
plt.title('Percentage of Confusion Matrix Elements as a Function of Threshold') 
plt.legend() 
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plt.show() 
 
 
# 
df_BNB = pd.DataFrame(grid_search_bnb.cv_results_); 
 
 
# Search for best performing Average Precision Model. 
best_row_BNB = df_BNB[df_BNB['rank_test_Average_Precision'] == 1]; 
# Scrape hyperparameters. 
# Pulled it out manually 
best_paramsBNB = {'alpha': 0.1, 'binarize': 0.5, 'class_prior': None, 'fit_prior': True}; 
# Generate model. 
best_model_BNB = BernoulliNB(**best_paramsBNB) 
best_model_BNB.fit(X, y); # Fit using the scaled X and the actual y. 
best_y_pred_BNB = best_model_BNB.predict(X_val) # Predict using X 
y_pred_val_BNB_range_AP = best_model_BNB.predict_proba(X_val)[:,1] 
sns.histplot(y_pred_val_BNB_range_AP) 
cm = confusion_matrix(y_val,best_y_pred_BNB); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_val,best_y_pred_BNB) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, best_y_pred_BNB, average='binary') # F1-binary 
f1_macro = f1_score(y_val, best_y_pred_BNB, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Bernoulli Naive Bayes, refit using Average Precision'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, best_y_pred_BNB)], 
    'Recall': [recall_score(y_val, best_y_pred_BNB)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Gradient Boost (XGBoost): 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
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val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
param_searchSpace_XGB = {'n_estimators': [800, 1000, 1200, 1600], 
                         'max_depth': [6, 8, 10], 
                         'learning_rate': [0.01, 0.1, 0.2], 
                         'reg_alpha': [0, 0.1, 0.5], 
                         'reg_lambda': [0,0.1, 0.5]} 
 
modelXGB = xgb.XGBClassifier(n_estimators=800, 
                         max_depth=6, 
                         learning_rate=0.01, 
                         objective='binary:logistic', 
                         booster='gbtree', 
                         eval_metric='logloss',  # Set the appropriate evaluation metric 
                         n_jobs=-1, 
                         verbosity=2) 
 
startTime = time.time() 
print('Starting hyper parameter optimization...') 
 
grid_search_XGB = GridSearchCV(estimator=modelXGB, param_grid=param_searchSpace_XGB, 
scoring=scoring,refit='F1-score', cv=5, n_jobs=-1) 
grid_search_XGB.fit(X, y) 
best_XGB_model = grid_search_XGB.best_estimator_ 
y_pred_val_XGB = best_XGB_model.predict(X_val); 
 
# Timer 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished this hyperparameter optimization in {}'.format(t_str)) 
 
# Reports (CNB) 
report_XGB = classification_report(y_val,y_pred_val_XGB,zero_division=0); 
print('Classification report: XGBoost (Gridsearch v1):\n', report_XGB); 
 
cm_XGB = confusion_matrix(y_val,y_pred_val_XGB) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_XGB, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: XGBoost (Gridsearch v1)') 
plt.show() 
 
df_XGB = pd.DataFrame(grid_search_XGB.cv_results_) 
df_XGB['gsearch'] = 7; 
f = open('scriptOutputs/20240307-
script_SpartanComp/Hyperparameter_for_{}_XGBoost_result_opt_v7.txt'.format( feat_type ), 'w' ) 
f.write("Hyperparameter tuning for XGBoost:\n") 
f.write("Tuned several hyperparameters\n") 
f.write("The best_params are %s \n" % grid_search_XGB.best_params_) 
f.write("The best_score is %s \n" % grid_search_XGB.best_score_) 
f.write("\n") 
modelXGB.set_params(**grid_search_XGB.best_params_) 
f.write("The optimized model parameters are %s \n" % modelXGB.get_params()) 
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f.close() 
 
df_XGB.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_XGBoost_defaultParam_v7.csv', 
index=False) 
 
#%% XGBoost with optimized parameters (computer broke): 
     
modelXGB = xgb.XGBClassifier(n_estimators=800, 
                         max_depth=6, 
                         learning_rate=0.02, 
                         objective='binary:logistic', 
                         booster='gbtree', 
                         reg_alpha =0, 
                         reg_lambda = 0, 
                         eval_metric='logloss',  # Set the appropriate evaluation metric 
                         n_jobs=-1, 
                         verbosity=2) 
xgbParams_F1 = {'learning_rate': 0.2, 'max_depth': 6, 'n_estimators': 800, 'reg_alpha': 0, 'reg_lambda': 
0} 
 
modelXGB = xgb.XGBClassifier(objective='binary:logistic', eval_metric='logloss', booster='gbtree', 
**xgbParams_F1) 
modelXGB.fit(X,y); 
y_pred_val_XGB = modelXGB.predict(X_val); 
# Reports (CNB) 
report_XGB = classification_report(y_val,y_pred_val_XGB,zero_division=0); 
print('Classification report: XGBoost (Gridsearch v7):\n', report_XGB); 
 
cm_XGB = confusion_matrix(y_val,y_pred_val_XGB) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_XGB, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: XGBoost (Gridsearch v7)') 
plt.show() 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_XGB); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_XGB) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_XGB, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_XGB, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['XGBoost (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_XGB)], 
    'Recall': [recall_score(y_val, y_pred_val_XGB)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
# Based on Average Precision 
 
xgbParams_AP = {'learning_rate': 0.1, 'max_depth': 6, 'n_estimators': 1200, 'reg_alpha': 0.1, 
'reg_lambda': 0}; 
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modelXGB_AP = xgb.XGBClassifier(objective='binary:logistic', eval_metric='logloss', booster='gbtree', 
**xgbParams_AP) 
modelXGB_AP.fit(X,y); 
y_pred_val_XGB_AP = modelXGB_AP.predict(X_val); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_XGB_AP); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_XGB_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_XGB_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_XGB_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['XGBoost (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_XGB_AP)], 
    'Recall': [recall_score(y_val, y_pred_val_XGB_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% LightGBM 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
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val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
# param_base_LGB = {'n_estimators': 500, 'subsample':0.8, 'colsample_bytree':0.8,'subsample_freq':1} 
# param_search1_LGB = {'n_estimators':[100, 250, 500, 750, 1000]} # 5 
# param_search2_LGB = {'num_leaves':[15, 31, 45, 60, 75],'min_child_samples':[10, 20, 30, 40]}  # 5* 4 = 
20 
# param_search3_LGB = {'subsample':[0.6, 0.7, 0.8, 0.9, 1.0], 'colsample_bytree':[0.6, 0.7, 0.8, 0.9, 
1.0], 'subsample_freq': [0,1,3,5]} # 5*5*4 =100 
# param_search4_LGB = {'reg_alpha':[0, 0.2, 0.5, 0.8], 'reg_lambda':[0, 0.2, 0.5, 0.8]}  # 4*4 = 16 
 
# param_search_LGB = {'n_estimators':[100, 250, 500, 750, 1000], 
#                       'num_leaves':[15, 31, 45, 60, 75],'min_child_samples':[10, 20, 30, 40], 
#                       'subsample':[0.6, 0.7, 0.8, 0.9, 1.0],'colsample_bytree':[0.6, 0.7, 0.8, 0.9, 
1.0],'subsample_freq': [0,1,3,5], 
#                       'reg_alpha':[0, 0.2, 0.5, 0.8], 'reg_lambda':[0, 0.2, 0.5, 0.8]} 
 
param_search_LGB = {'n_estimators':[100,1500,2000,2500], 
                      'num_leaves':[15,30,50],'min_child_samples':[210, 1000,2000], 
                      'subsample':[0.6],'colsample_bytree':[1.0],'subsample_freq': [5], 
                      'reg_alpha':[0,1], 'reg_lambda':[0.8,1]} 
startTime = time.time(); 
print('Starting hyper parameter optimization...') 
# IA: the lightGBM documents say you shouldn't use class_weight and is_unbalance at the same time?? 
# model = lgb.LGBMClassifier( n_estimators=500, objective='binary', is_unbalance='true', 
class_weight='balanced', subsample=0.8, colsample_bytree=0.8, subsample_freq=1, n_jobs=20 ) 
model = lgb.LGBMClassifier( n_estimators=500, objective='binary', is_unbalance='true', subsample=0.8, 
colsample_bytree=0.8, subsample_freq=1, n_jobs=-1 ) 
 
# Sequential Grid search with stratified 5-fold cross-validation 
# will use stratified k-fold by default if integer supplied to 'cv' argument 
gsearch1 = GridSearchCV( estimator=model, param_grid=param_search_LGB, scoring=scoring, refit='F1-score', 
cv=5, n_jobs=-1, verbose=1 ) 
#gsearch1 = GridSearchCV( estimator=model, param_grid=param_search1_LGB, scoring='f1', cv=3, n_jobs=20 ) 
gsearch1.fit(X, y) 
df1 = pd.DataFrame( gsearch1.cv_results_ ) 
df1['gsearch'] = 8 
f = open( 'scriptOutputs/20240307-script_SpartanComp/Hyperparameter_for_{}_LightGBM_opt_v2.txt'.format( 
feat_type ), 'w' ) 
f.write("Hyperparameter tuning for LightGBM:\n") 
f.write("The 1st round of tuning n_estimators\n") 
f.write("The best_params are %s \n" % gsearch1.best_params_) 
f.write("The best_score is %s \n" % gsearch1.best_score_) 
f.write("\n") 
 
model.set_params(**gsearch1.best_params_) 
 
f.write("The optimized model parameters are %s \n" % model.get_params()) 
f.close() 
 
# df = pd.concat( [df1, df2, df3, df4], axis=0 ) 
df1.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_LGBM_v2.csv', index=False ) 
 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished hyperparameter optimization in {}'.format(t_str)) 
 
best_LGBM_model = gsearch1.best_estimator_; 
y_pred_val_LGBM = best_LGBM_model.predict(X_val) 
 
# Reports (CNB) 



143 
 

report_LGBM = classification_report(y_val,y_pred_val_LGBM,zero_division=0); 
print('Classification report: LightGBM (Gridsearch v2):\n', report_LGBM); 
 
cm_LBGM = confusion_matrix(y_val,y_pred_val_LGBM) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_LBGM, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: LightGBM (Gridsearch v12)') 
plt.show() 
 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_LGBM); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_LGBM) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_LGBM, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_LGBM, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['LightGBM (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_LGBM)], 
    'Recall': [recall_score(y_val, y_pred_val_LGBM)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
 
# Based on Average Precision 
 
lgbParams_AP = {'colsample_bytree': 1.0, 'min_child_samples': 210, 'n_estimators': 2000, 'num_leaves': 15, 
'reg_alpha': 0, 'reg_lambda': 1, 'subsample': 0.6, 'subsample_freq': 5}; 
modelLGB_AP = lgb.LGBMClassifier(objective='binary', is_unbalance='true', **lgbParams_AP) 
modelLGB_AP.fit(X,y); 
y_pred_val_LGB_AP = modelLGB_AP.predict(X_val); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_LGB_AP); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_LGB_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_LGB_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_LGB_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['LightGBM (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
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    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_LGB_AP)], 
    'Recall': [recall_score(y_val, y_pred_val_LGB_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% MLPClassifier 
 
### Load the training data: 
## LOAD DATA 
feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load the validation data 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
# Define a grid of hyperparameters to search over 
param_grid = { 
    'hidden_layer_sizes': [(100,),(256,128),(256,64),(256,32),(256,16),(64, 32), (128, 64), (32, 16), 
(16,8)], 
    'activation': ['relu', 'tanh','logistic'], 
    'solver': ['adam', 'sgd', 'lbfgs'], 
    'alpha': [0.0001, 0.001, 0.01, 0.1], 
} 
 
param_grid2 = { 
    'hidden_layer_sizes': [(512,), (1024,), (1536,), (2048,), (256,256), (512,512), (1024,1024), 
(1536,1536), (2048,2048)], 
    'activation': ['relu', 'tanh','logistic'], 



145 
 

    'solver': ['adam', 'sgd', 'lbfgs'], 
    'alpha': [0.0001, 0.001, 0.01, 0.1], 
    'early_stopping': [True], 
} 
param_grid = param_grid2; 
 
startTime = time.time(); 
print('Starting hyper parameter optimization...') 
# Create GridSearchCV 
clf = MLPClassifier(random_state=42, max_iter=2000) 
gsearch1 = GridSearchCV(clf, param_grid, cv=5, scoring=scoring, refit='F1-score', n_jobs=-1,verbose=2) 
 
# Fit the model to the training data 
gsearch1.fit(X, y) 
 
df1 = pd.DataFrame(gsearch1.cv_results_ ) 
df1['gsearch'] = 13 
f = open( 'scriptOutputs/20240307-script_SpartanComp/Hyperparameter_for_{}_MLPClass_opt_v2.txt'.format( 
feat_type ), 'w' ) 
f.write("Hyperparameter tuning for MLPClassifier:\n") 
f.write("The 1st round of tuning n_estimators\n") 
f.write("The best_params are %s \n" % gsearch1.best_params_) 
f.write("The best_score is %s \n" % gsearch1.best_score_) 
f.write("\n") 
 
clf.set_params(**gsearch1.best_params_) 
 
f.write("The optimized model parameters are %s \n" % clf.get_params()) 
f.close() 
 
# df = pd.concat( [df1, df2, df3, df4], axis=0 ) 
df1.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_MLPClass_v2.csv', index=False ) 
 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished hyperparameter optimization in {}'.format(t_str)) 
 
best_MLPC_model = gsearch1.best_estimator_; 
y_pred_val_MLPC = best_MLPC_model.predict(X_val) 
 
# Reports (CNB) 
report_MLPC = classification_report(y_val,y_pred_val_MLPC,zero_division=0); 
print('Classification report: MLPClassifier (Gridsearch v2):\n', report_MLPC); 
 
cm_MLPC = confusion_matrix(y_val,y_pred_val_MLPC) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_MLPC, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: MLPClassifier (Gridsearch v2)') 
plt.show() 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_MLPC); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_MLPC) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_MLPC, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_MLPC, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
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    'Model': ['MLPClassifier (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_MLPC)], 
    'Recall': [recall_score(y_val, y_pred_val_MLPC)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
# Based on Average Precision 
 
# mlpParams_AP = {'activation': 'relu', 'alpha': 0.01, 'hidden_layer_sizes': (32, 16), 'solver': 'adam'}; 
# modelMLP_AP = MLPClassifier(random_state=42, max_iter=500, **mlpParams_AP) 
# modelMLP_AP.fit(X,y); 
# y_pred_val_MLP_AP = modelMLP_AP.predict(X_val); 
 
# # See if results_df exists already. If not, create it. 
# try: 
#     results_df 
# except: 
#     results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 
'True Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# # Get model results (evaluation metrics) 
# cm = confusion_matrix(y_val, y_pred_val_MLP_AP); 
# tn, fp, fn, tp = cm.ravel(); 
# precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_MLP_AP) # Precision, Recall 
# auc_score = auc(recall1, precision1) # AUPRC 
# f1_binary = f1_score(y_val, y_pred_val_MLP_AP, average='binary') # F1-binary 
# f1_macro = f1_score(y_val, y_pred_val_MLP_AP, average='macro') # F1-macro 
# temp_df = pd.DataFrame({ 
#     'Model': ['MLPClassifier (AP)'], 
#     'True Negative': [tn], 
#     'False Positive': [fp], 
#     'False Negative': [fn], 
#     'True Positive': [tp], 
#     'F1-Score (Binary)': [f1_binary], 
#     'F1-Score (Macro)': [f1_macro], 
#     'Precision': [precision_score(y_val, y_pred_val_MLP_AP)], 
#     'Recall': [recall_score(y_val, y_pred_val_MLP_AP)], 
#     'AUPRC': [auc_score] 
# }) 
# results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
#%% Ridge Classifier: 
 
### Load & process the validation data. 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
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# Define scoring: 
scoring = { "ROCAUC": "roc_auc", "Average_Precision":"average_precision", "F1-score":"f1" } 
 
# Define a grid of hyperparameters to search over 
param_grid = { 
    'solver': ['auto', 'svd', 'cholesky', 'lsqr','sparse_cg','sag','saga','lbfgs'], 
    'alpha': [0.0001, 0.001, 0.01, 0.1, 0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0], 
    'class_weight':[None, 'balanced']} 
 
startTime = time.time(); 
print('Starting hyper parameter optimization...') 
# Create GridSearchCV 
ridgeCLF = RidgeClassifier(random_state=42, max_iter=2000) 
gsearch1 = GridSearchCV(ridgeCLF, param_grid, cv=5, scoring=scoring, refit='F1-score', n_jobs=-
1,verbose=1) 
 
# Fit the model to the training data 
gsearch1.fit(X, y) 
 
df1 = pd.DataFrame(gsearch1.cv_results_ ) 
df1['gsearch'] = 13 
f = open( 'scriptOutputs/20240307-script_SpartanComp/Hyperparameter_for_{}_RidgeClass_opt_v1.txt'.format( 
feat_type ), 'w' ) 
f.write("Hyperparameter tuning for RidgeClassifier:\n") 
f.write("The 1st round of tuning n_estimators\n") 
f.write("The best_params are %s \n" % gsearch1.best_params_) 
f.write("The best_score is %s \n" % gsearch1.best_score_) 
f.write("\n") 
 
ridgeCLF.set_params(**gsearch1.best_params_) 
 
f.write("The optimized model parameters are %s \n" % ridgeCLF.get_params()) 
f.close() 
 
# df = pd.concat( [df1, df2, df3, df4], axis=0 ) 
df1.to_csv('scriptOutputs/20240307-script_SpartanComp/grid_opt_RidgeClass_v1.csv', index=False ) 
 
endTime = time.time() 
lengthTime = endTime - startTime; 
t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
print('\nFinished hyperparameter optimization in {}'.format(t_str)) 
 
best_RC_model = gsearch1.best_estimator_; 
y_pred_val_RC = best_RC_model.predict(X_val) 
 
# Reports (CNB) 
report_RC = classification_report(y_val,y_pred_val_RC,zero_division=0); 
print('Classification report: RidgeClassifier (Gridsearch v1):\n', report_RC); 
 
cm_RC = confusion_matrix(y_val,y_pred_val_RC) 
plt.figure(figsize=(6, 4)) 
sns.heatmap(cm_RC, annot=True, fmt='d', cmap='Blues', xticklabels=['Predicted 0', 'Predicted 1'], 
yticklabels=['Actual 0', 'Actual 1']) 
plt.xlabel('Predicted') 
plt.ylabel('Actual') 
plt.title('Confusion Matrix: RidgeClassifier (Gridsearch v13)') 
plt.show() 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_RC); 
tn, fp, fn, tp = cm.ravel(); 
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precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_RC) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_RC, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_RC, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Ridge Classifier (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_RC)], 
    'Recall': [recall_score(y_val, y_pred_val_RC)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
rcParams_AP = {'alpha': 1.0, 'class_weight': 'balanced', 'solver': 'auto'} 
 
modelRC_AP = RidgeClassifier(random_state=42, max_iter=2000, **rcParams_AP) 
modelRC_AP.fit(X,y); 
y_pred_val_RC_AP = modelRC_AP.predict(X_val); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
     
# Get model results (evaluation metrics) 
cm = confusion_matrix(y_val, y_pred_val_RC_AP); 
tn, fp, fn, tp = cm.ravel(); 
precision1, recall1, threshold1 = precision_recall_curve(y_val, y_pred_val_RC_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_val, y_pred_val_RC_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_val, y_pred_val_RC_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Ridge Classifier (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_val, y_pred_val_RC_AP)], 
    'Recall': [recall_score(y_val, y_pred_val_RC_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
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Code B.2: Binary classification model evaluation on 20% testing data. 
# -*- coding: utf-8 -*- 
""" 
Created on Wed Oct 25 20:56:40 2023 
 
@author: alas 
""" 
#%% Imports 
 
import os 
from os import chdir 
 
import numpy as np 
import pandas as pd 
import seaborn as sns 
import sklearn 
import pickle 
import sys 
import lightgbm as lgb 
import matplotlib.pyplot as plt 
import time 
import catboost 
import xgboost as xgb 
 
 
from rdkit import Chem 
from rdkit.Chem import Descriptors 
from rdkit.Chem import PandasTools 
from rdkit.Chem import AllChem 
 
from sklearn.model_selection import train_test_split 
from sklearn.model_selection import StratifiedKFold 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.model_selection import cross_validate 
from sklearn.model_selection import GridSearchCV 
from sklearn.metrics import roc_auc_score, average_precision_score 
from sklearn.metrics import make_scorer 
from sklearn.model_selection import cross_val_score 
from sklearn.preprocessing import StandardScaler, MinMaxScaler 
from sklearn.cluster import KMeans 
from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score, 
confusion_matrix 
from sklearn.linear_model import LogisticRegression, RidgeClassifier 
from sklearn.tree import DecisionTreeClassifier 
 
from sklearn.feature_selection import VarianceThreshold,SelectKBest, f_classif, RFECV 
from scipy.signal import find_peaks 
from sklearn.svm import SVC 
from sklearn.neighbors import KNeighborsClassifier 
from sklearn.naive_bayes import GaussianNB, MultinomialNB, BernoulliNB, ComplementNB 
 
from catboost import CatBoostClassifier, Pool 
 
from sklearn.neural_network import MLPClassifier 
from sklearn.metrics import classification_report, average_precision_score, precision_recall_curve, auc, 
PrecisionRecallDisplay 
 
 
#%% Directory 
 
# chdir(r"C:\Users\imraa\Documents\UWM\BugniLab\Tubulin-Binders") 
chdir(r"C:\Users\alas\Documents\Python") 
 
results_df = None; 
 
#%% Data Preparation 
 
### Load & process the training data. 
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feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load & process the validation data. 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
### Load & process the testing data 
feat_type = 'ms2fp'; 
# load data, get features 
test_df = pd.read_pickle('scriptOutputs/testing_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
test_df = test_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
test_df['CID'] = test_df['CID'].astype(str) 
# get molids 
molid_list_test = test_df.CID.tolist() 
# features 
test_col_list = test_df.columns.tolist() 
test_feat_cols = [ c for c in test_col_list[2:] if 'ms2fp_' in str(c) ] 
X_test = test_df[test_feat_cols].values 
# labels 
y_test = test_df.Positive.values 
# weird issue with int type i 
y_test = np.array(y_test, np.int64) 
 
### Group the 60% Training & 20% Validation 
 
X_train = np.concatenate((X, X_val)); 
y_train = np.concatenate((y,y_val)); 
     
#%% Model #5: SVM, with hyperparameters optimized based on Average Precision. 
 
svm_param_AP = {'C': 10, 'gamma': 'scale', 'kernel': 'poly'} 
svm_model_AP = SVC(random_state = 42, **svm_param_AP) 
svm_model_AP.fit(X_train, y_train); 
y_pred_SVM_AP = svm_model_AP.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
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try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_SVM_AP); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_SVM_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_SVM_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_SVM_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['SVM (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_SVM_AP)], 
    'Recall': [recall_score(y_test, y_pred_SVM_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Model #4: SVM, with hyperparameters optimized based on F1. 
 
svm_param_F1 = {'C': 1, 'break_ties': False, 'cache_size': 200, 'class_weight': None, 'coef0': 0.0, 
'decision_function_shape': 'ovr', 'degree': 3, 'gamma': 'scale', 'kernel': 'linear', 'max_iter': -1, 
'probability': False, 'shrinking': True, 'tol': 0.001, 'verbose': False} 
svm_model_F1 = SVC(random_state = 42, **svm_param_F1) 
svm_model_F1.fit(X_train, y_train); 
y_pred_SVM_F1 = svm_model_F1.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_SVM_F1); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_SVM_F1) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_SVM_F1, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_SVM_F1, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['SVM (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_SVM_F1)], 
    'Recall': [recall_score(y_test, y_pred_SVM_F1)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Model #3: LightGBM, with hyperparameters optimized based on F1. 
 
lgb_param_F1 = {'boosting_type': 'gbdt', 'class_weight': None, 'colsample_bytree': 1.0, 'importance_type': 
'split', 'learning_rate': 0.1, 'max_depth': -1, 'min_child_samples': 1000, 'min_child_weight': 0.001, 
'min_split_gain': 0.0, 'n_estimators': 2500, 'n_jobs': -1, 'num_leaves': 15, 'objective': 'binary', 
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'reg_alpha': 1, 'reg_lambda': 0.8, 'silent': 'warn', 'subsample': 0.6, 'subsample_for_bin': 200000, 
'subsample_freq': 5, 'is_unbalance': 'true'}; 
lgb_model_F1 = lgb.LGBMClassifier(random_state=42, **lgb_param_F1) 
lgb_model_F1.fit(X_train, y_train); 
y_pred_LGB_F1 = lgb_model_F1.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_LGB_F1); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_LGB_F1) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_LGB_F1, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_LGB_F1, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['LightGBM (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_LGB_F1)], 
    'Recall': [recall_score(y_test, y_pred_LGB_F1)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
 
#%% Model #2: MLPClassifier, with hyperparameters optimized based on AP. 
 
mlp_param_AP = {'activation': 'relu', 'alpha': 0.01, 'hidden_layer_sizes': (32, 16), 'solver': 'adam'}; 
mlp_model_AP = MLPClassifier(random_state=42, max_iter=500, **mlp_param_AP) 
mlp_model_AP.fit(X_train, y_train); 
y_pred_MLP_AP = mlp_model_AP.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_MLP_AP); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_MLP_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_MLP_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_MLP_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['MLPClassifier (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_MLP_AP)], 
    'Recall': [recall_score(y_test, y_pred_MLP_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 



153 
 

 
#%% Model #1: MLPClassifier, with hyperparameters optimized based on F1. 
 
mlp_param_F1 = {'activation': 'logistic', 'alpha': 0.0001, 'batch_size': 'auto', 'beta_1': 0.9, 'beta_2': 
0.999, 'early_stopping': False, 'epsilon': 1e-08, 'hidden_layer_sizes': (128, 64), 'learning_rate': 
'constant', 'learning_rate_init': 0.001, 'max_fun': 15000, 'max_iter': 500, 'momentum': 0.9, 
'n_iter_no_change': 10, 'nesterovs_momentum': True, 'power_t': 0.5, 'random_state': 42, 'shuffle': True, 
'solver': 'lbfgs', 'tol': 0.0001, 'validation_fraction': 0.1, 'verbose': False, 'warm_start': False}  
mlp_param_F1_v2 = {'activation': 'logistic', 'alpha': 0.0001, 'batch_size': 'auto', 'beta_1': 0.9, 
'beta_2': 0.999, 'early_stopping': True, 'epsilon': 1e-08, 'hidden_layer_sizes': (256, 256), 
'learning_rate': 'constant', 'learning_rate_init': 0.001, 'max_fun': 15000, 'max_iter': 2000, 'momentum': 
0.9, 'n_iter_no_change': 10, 'nesterovs_momentum': True, 'power_t': 0.5, 'random_state': 42, 'shuffle': 
True, 'solver': 'lbfgs', 'tol': 0.0001, 'validation_fraction': 0.1, 'verbose': False, 'warm_start': False}  
mlp_param_F1 = mlp_param_F1_v2 
mlp_model_F1 = MLPClassifier(**mlp_param_F1) # max_iter & random_state already included in mlp_param_F1 
mlp_model_F1.fit(X_train, y_train); 
y_pred_MLP_F1 = mlp_model_F1.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_MLP_F1); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_MLP_F1) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_MLP_F1, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_MLP_F1, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['MLPClassifier v2 (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_MLP_F1)], 
    'Recall': [recall_score(y_test, y_pred_MLP_F1)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Ridge Classifier (F1) 
 
rc_param_F1 = {'alpha': 0.6, 'class_weight': 'balanced', 'copy_X': True, 'fit_intercept': True, 
'max_iter': 2000, 'positive': False, 'random_state': 42, 'solver': 'sparse_cg', 'tol': 0.0001} 
rc_model_F1 = RidgeClassifier(**rc_param_F1); 
rc_model_F1.fit(X_train,y_train); 
y_pred_RC_F1 = rc_model_F1.predict(X_test) 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_RC_F1); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_RC_F1) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_RC_F1, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_RC_F1, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
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    'Model': ['Ridge Classifier (F1)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_RC_F1)], 
    'Recall': [recall_score(y_test, y_pred_RC_F1)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
 
#%% Ridge Classifier (AP) 
 
rc_param_AP = rcParams_AP = {'alpha': 1.0, 'class_weight': 'balanced', 'solver': 'auto'} 
rc_model_AP = RidgeClassifier(random_state = 42, max_iter = 2000, **rc_param_AP); 
rc_model_AP.fit(X_train,y_train); 
y_pred_RC_AP = rc_model_AP.predict(X_test) 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
# Evaluate results 
cm = confusion_matrix(y_test,y_pred_RC_AP); # Generate confusion matrix. 
tn, fp, fn, tp = cm.ravel(); # Get relevant values. 
precision1, recall1, threshold1 = precision_recall_curve(y_test,y_pred_RC_AP) # Precision, Recall 
auc_score = auc(recall1, precision1) # AUPRC 
f1_binary = f1_score(y_test, y_pred_RC_AP, average='binary') # F1-binary 
f1_macro = f1_score(y_test, y_pred_RC_AP, average='macro') # F1-macro 
temp_df = pd.DataFrame({ 
    'Model': ['Ridge Classifier (AP)'], 
    'True Negative': [tn], 
    'False Positive': [fp], 
    'False Negative': [fn], 
    'True Positive': [tp], 
    'F1-Score (Binary)': [f1_binary], 
    'F1-Score (Macro)': [f1_macro], 
    'Precision': [precision_score(y_test, y_pred_RC_AP)], 
    'Recall': [recall_score(y_test, y_pred_RC_AP)], 
    'AUPRC': [auc_score] 
}) 
results_df = pd.concat([results_df, temp_df], ignore_index = True) 
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Code B.3: Binary classification model evaluation on GNPS spectra 
# -*- coding: utf-8 -*- 
""" 
Created on Wed Oct 25 20:56:40 2023 
 
@author: alas 
""" 
#%% Imports 
 
import os 
from os import chdir 
 
import numpy as np 
import pandas as pd 
import seaborn as sns 
import sklearn 
import pickle 
import sys 
import lightgbm as lgb 
import matplotlib.pyplot as plt 
import time 
import catboost 
import xgboost as xgb 
 
 
from rdkit import Chem 
from rdkit.Chem import Descriptors 
from rdkit.Chem import PandasTools 
from rdkit.Chem import AllChem 
 
from sklearn.model_selection import train_test_split 
from sklearn.model_selection import StratifiedKFold 
from sklearn.ensemble import RandomForestClassifier 
from sklearn.model_selection import cross_validate 
from sklearn.model_selection import GridSearchCV 
from sklearn.metrics import roc_auc_score, average_precision_score 
from sklearn.metrics import make_scorer 
from sklearn.model_selection import cross_val_score 
from sklearn.preprocessing import StandardScaler, MinMaxScaler 
from sklearn.cluster import KMeans 
from sklearn.metrics import accuracy_score, precision_score, recall_score, f1_score, roc_auc_score, 
confusion_matrix 
from sklearn.linear_model import LogisticRegression, RidgeClassifier 
from sklearn.tree import DecisionTreeClassifier 
 
from sklearn.feature_selection import VarianceThreshold,SelectKBest, f_classif, RFECV 
from scipy.signal import find_peaks 
from sklearn.svm import SVC 
from sklearn.neighbors import KNeighborsClassifier 
from sklearn.naive_bayes import GaussianNB, MultinomialNB, BernoulliNB, ComplementNB 
 
from catboost import CatBoostClassifier, Pool 
 
from sklearn.neural_network import MLPClassifier 
from sklearn.metrics import classification_report, average_precision_score, precision_recall_curve, auc, 
PrecisionRecallDisplay 
 
 
#%% Directory 
 
# chdir(r"C:\Users\imraa\Documents\UWM\BugniLab\Tubulin-Binders") 
chdir(r"C:\Users\alas\Documents\Python") 
 
results_df = None; 
 
#%% Data Preparation 
 
### Load & process the training data. 
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feat_type = 'ms2fp'; 
# load data, get features 
df = pd.read_pickle('scriptOutputs/training_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
df = df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
df['CID'] = df['CID'].astype(str) 
# get molids 
molid_list = df.CID.tolist() 
# features 
col_list = df.columns.tolist() 
feat_cols = [ c for c in col_list[2:] if 'ms2fp_' in str(c) ] 
X = df[feat_cols].values 
# labels 
y = df.Positive.values 
# weird issue with int type in y, had to set type to match X 
y = np.array(y, np.int64) 
 
### Load & process the validation data. 
feat_type = 'ms2fp'; 
# load data, get features 
val_df = pd.read_pickle('scriptOutputs/validation_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
val_df = val_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
val_df['CID'] = val_df['CID'].astype(str) 
# get molids 
molid_list_val = val_df.CID.tolist() 
# features 
val_col_list = val_df.columns.tolist() 
val_feat_cols = [ c for c in val_col_list[2:] if 'ms2fp_' in str(c) ] 
X_val = val_df[val_feat_cols].values 
# labels 
y_val = val_df.Positive.values 
# weird issue with int type i 
y_val = np.array(y_val, np.int64) 
 
### Load & process the testing data 
feat_type = 'ms2fp'; 
# load data, get features 
test_df = pd.read_pickle('scriptOutputs/testing_data_gitter_v1_20231025.pkl') # already split 
# in descriptors, had to replace infinite values with NaNs 
test_df = test_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
test_df['CID'] = test_df['CID'].astype(str) 
# get molids 
molid_list_test = test_df.CID.tolist() 
# features 
test_col_list = test_df.columns.tolist() 
test_feat_cols = [ c for c in test_col_list[2:] if 'ms2fp_' in str(c) ] 
X_test1 = test_df[test_feat_cols].values 
# labels 
y_test1 = test_df.Positive.values 
# weird issue with int type i 
y_test1 = np.array(y_test1, np.int64) 
 
### Group the 60% Training & 20% Validation & 20% testing data. 
 
X_train = np.concatenate((X, X_val, X_test1)); 
y_train = np.concatenate((y,y_val,y_test1)); 
 
### Load & process the GNPS data 
feat_type = 'ms2fp'; 
# load data, get features 
gnps_df = pd.read_csv('scriptOutputs/GNPS_tubulin_binding_fingerprints.tsv', sep='\t') # already split 
# in descriptors, had to replace infinite values with NaNs 
gnps_df = gnps_df.replace( [np.inf, -np.inf], np.nan ) 
# Force all elements in CID to be strings. 
gnps_df['CID'] = gnps_df['CID'].astype(str) 
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# Create a dictionary to map old column names to new ones 
column_rename_map = {str(i): f'ms2fp_{i}' for i in range(3878)}  # Assuming you want columns up to 3877 
# Rename the columns using the dictionary 
gnps_df = gnps_df.rename(columns=column_rename_map) 
 
# get molids 
molid_list_gnps = gnps_df.CID.tolist() 
# Get parent classes 
parent_classes_gnps = gnps_df['Parent Class'].tolist() 
# features 
gnps_col_list = gnps_df.columns.tolist() 
gnps_feat_cols = [ c for c in gnps_col_list[2:] if 'ms2fp' in str(c) ] 
X_test = gnps_df[gnps_feat_cols].values 
# I have no labels for the GNPS data. 
# There is no y_test. 
 
 
     
#%% Model #5: SVM, with hyperparameters optimized based on Average Precision. 
 
svm_param_AP = {'C': 10, 'gamma': 'scale', 'kernel': 'poly'} 
svm_model_AP = SVC(random_state = 42, **svm_param_AP) 
svm_model_AP.fit(X_train, y_train); 
y_pred_SVM_AP = svm_model_AP.predict(X_test); 
 
#%% Model #4: SVM, with hyperparameters optimized based on F1. 
 
svm_param_F1 = {'C': 1, 'break_ties': False, 'cache_size': 200, 'class_weight': None, 'coef0': 0.0, 
'decision_function_shape': 'ovr', 'degree': 3, 'gamma': 'scale', 'kernel': 'linear', 'max_iter': -1, 
'probability': False, 'shrinking': True, 'tol': 0.001, 'verbose': False} 
svm_model_F1 = SVC(random_state = 42, **svm_param_F1) 
svm_model_F1.fit(X_train, y_train); 
y_pred_SVM_F1 = svm_model_F1.predict(X_test); 
 
# See if results_df exists already. If not, create it. 
try: 
    results_df 
except: 
    results_df = pd.DataFrame(columns=['Model', 'True Negative', 'False Positive', 'False Negative', 'True 
Positive', 'F1-Score (Binary)', 'F1-Score (Macro)', 'Precision', 'Recall', 'AUPRC']) 
 
#%% Model #3: LightGBM, with hyperparameters optimized based on F1. 
 
lgb_param_F1 = {'boosting_type': 'gbdt', 'class_weight': None, 'colsample_bytree': 1.0, 'importance_type': 
'split', 'learning_rate': 0.1, 'max_depth': -1, 'min_child_samples': 1000, 'min_child_weight': 0.001, 
'min_split_gain': 0.0, 'n_estimators': 2500, 'n_jobs': -1, 'num_leaves': 15, 'objective': 'binary', 
'reg_alpha': 1, 'reg_lambda': 0.8, 'silent': 'warn', 'subsample': 0.6, 'subsample_for_bin': 200000, 
'subsample_freq': 5, 'is_unbalance': 'true'}; 
lgb_model_F1 = lgb.LGBMClassifier(random_state=42, **lgb_param_F1) 
lgb_model_F1.fit(X_train, y_train); 
y_pred_LGB_F1 = lgb_model_F1.predict(X_test); 
 
#%% Model #2: MLPClassifier, with hyperparameters optimized based on AP. 
 
mlp_param_AP = {'activation': 'relu', 'alpha': 0.01, 'hidden_layer_sizes': (32, 16), 'solver': 'adam'}; 
mlp_model_AP = MLPClassifier(random_state=42, max_iter=500, **mlp_param_AP) 
mlp_model_AP.fit(X_train, y_train); 
y_pred_MLP_AP = mlp_model_AP.predict(X_test); 
 
#%% Model #1: MLPClassifier, with hyperparameters optimized based on F1. 
 
mlp_param_F1 = {'activation': 'logistic', 'alpha': 0.0001, 'batch_size': 'auto', 'beta_1': 0.9, 'beta_2': 
0.999, 'early_stopping': False, 'epsilon': 1e-08, 'hidden_layer_sizes': (128, 64), 'learning_rate': 
'constant', 'learning_rate_init': 0.001, 'max_fun': 15000, 'max_iter': 500, 'momentum': 0.9, 
'n_iter_no_change': 10, 'nesterovs_momentum': True, 'power_t': 0.5, 'random_state': 42, 'shuffle': True, 
'solver': 'lbfgs', 'tol': 0.0001, 'validation_fraction': 0.1, 'verbose': False, 'warm_start': False}  
# mlp_param_F1_v2 = {'activation': 'logistic', 'alpha': 0.0001, 'batch_size': 'auto', 'beta_1': 0.9, 
'beta_2': 0.999, 'early_stopping': True, 'epsilon': 1e-08, 'hidden_layer_sizes': (256, 256), 
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'learning_rate': 'constant', 'learning_rate_init': 0.001, 'max_fun': 15000, 'max_iter': 2000, 'momentum': 
0.9, 'n_iter_no_change': 10, 'nesterovs_momentum': True, 'power_t': 0.5, 'random_state': 42, 'shuffle': 
True, 'solver': 'lbfgs', 'tol': 0.0001, 'validation_fraction': 0.1, 'verbose': False, 'warm_start': False}  
# mlp_param_F1 = mlp_param_F1_v2; 
mlp_model_F1 = MLPClassifier(**mlp_param_F1) # max_iter & random_state already included in mlp_param_F1 
mlp_model_F1.fit(X_train, y_train); 
y_pred_MLP_F1 = mlp_model_F1.predict(X_test); 
 
#%% Ridge Classifier (F1) 
 
rc_param_F1 = {'alpha': 0.6, 'class_weight': 'balanced', 'copy_X': True, 'fit_intercept': True, 
'max_iter': 2000, 'positive': False, 'random_state': 42, 'solver': 'sparse_cg', 'tol': 0.0001} 
rc_model_F1 = RidgeClassifier(**rc_param_F1); 
rc_model_F1.fit(X_train,y_train); 
y_pred_RC_F1 = rc_model_F1.predict(X_test) 
 
#%% Ridge Classifier (AP) 
 
rc_param_AP = rcParams_AP = {'alpha': 1.0, 'class_weight': 'balanced', 'solver': 'auto'} 
rc_model_AP = RidgeClassifier(random_state = 42, max_iter = 2000, **rc_param_AP); 
rc_model_AP.fit(X_train,y_train); 
y_pred_RC_AP = rc_model_AP.predict(X_test) 
 
#%% MLPCLassifier, v2 hyperparameters (F1) 
 
mlp_param_F1_v2 = {'activation': 'logistic', 'alpha': 0.0001, 'batch_size': 'auto', 'beta_1': 0.9, 
'beta_2': 0.999, 'early_stopping': True, 'epsilon': 1e-08, 'hidden_layer_sizes': (256, 256), 
'learning_rate': 'constant', 'learning_rate_init': 0.001, 'max_fun': 15000, 'max_iter': 2000, 'momentum': 
0.9, 'n_iter_no_change': 10, 'nesterovs_momentum': True, 'power_t': 0.5, 'random_state': 42, 'shuffle': 
True, 'solver': 'lbfgs', 'tol': 0.0001, 'validation_fraction': 0.1, 'verbose': False, 'warm_start': False}  
mlp_model_F1_v2 = MLPClassifier(**mlp_param_F1_v2) # max_iter & random_state already included in 
mlp_param_F1 
mlp_model_F1_v2.fit(X_train, y_train); 
y_pred_MLP_F1_v2 = mlp_model_F1_v2.predict(X_test); 
 
#%% MLPClassifier, v2 hyperparameters (AP) 
 
mlp_param_AP_v2 = {'activation': 'tanh', 'alpha': 0.01, 'early_stopping': True, 'hidden_layer_sizes': 
(1536,), 'solver': 'adam'} 
mlp_model_AP_v2 = MLPClassifier(random_state = 42, max_iter = 2000, **mlp_param_AP_v2) 
mlp_model_AP_v2.fit(X_train, y_train) 
y_pred_MLP_AP_v2 = mlp_model_AP_v2.predict(X_test) 
 
#%% Investigate results 
 
# Store data. 
y_values = pd.DataFrame(data={'SVM (AP)': y_pred_SVM_AP, 
                              'SVM (F1)': y_pred_SVM_F1, 
                              'LGB (F1)': y_pred_LGB_F1, 
                              'MLP (AP)': y_pred_MLP_AP, 
                              'MLP (F1)': y_pred_MLP_F1, 
                              'RC (F1)': y_pred_RC_F1, 
                              'RC (AP)': y_pred_RC_AP, 
                              'MLP v2 (F1)': y_pred_MLP_F1_v2, 
                              'MLP v2 (AP)': y_pred_MLP_AP_v2}); 
# Add metadata 
y_values['Parent Class'] = parent_classes_gnps; 
# Check sums (if predicted No, has a 0. If predicted 'yes', has a 1). 
print(y_values.sum()) 
# Select rows where at least one column has a value of 1. 
positive_guesses = y_values[(y_values == 1).any(axis=1)]; 
# Get the number of unique parent compound classes: 
unique_entries = y_values['Parent Class'].value_counts(); 
print(unique_entries) 
 
# See summed_df for number of positive guesses by parent class. 
summed_df = y_values.groupby(by='Parent Class').sum() 
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Code B.4: Multiclass classification model hyperparameter optimization and evaluation 
# -*- coding: utf-8 -*- 
""" 
Created on Thu Apr  4 20:24:19 2024 
 
@author: alas 
""" 
 
#%% Imports 
 
import os 
from os import chdir 
 
#%% Directory 
 
chdir('C:/Users/alas/Documents/Python/20240404-tubulin_binding_work') 
 
#%% Imports (Nathan) 
 
""" 
Goal: this notebook will be the experimental notebook for the training and testing metrics of each model 
type against the training/testing data as well as the GNPS testing data. 
 
Steps: 
1. Import data for training/testing and GNPS testing 
2. Initiate a variety of model types 
3. Train each model type 
4. Test each model type 
5. Get the metrics for each model type on the training/testing data and GNPS testing data 
6. Evaluate the false positive rate for each model type on the random spectra 
7. Sort the models by their metrics 
 
Author: Nathan Brittin  
Date: 12 - 08 - 23 
 
""" 
import pandas as pd 
import numpy as np 
import matplotlib.pyplot as plt 
import seaborn as sns 
import pickle 
from tqdm import tqdm 
import warnings 
from sklearn.model_selection import train_test_split 
from sklearn import linear_model 
from sklearn import neural_network 
from sklearn import svm 
from sklearn import neighbors 
from sklearn import tree 
from sklearn.metrics import mean_squared_error, r2_score, accuracy_score, precision_score, recall_score, 
f1_score, roc_auc_score, matthews_corrcoef, make_scorer, average_precision_score 
from sklearn.preprocessing import LabelBinarizer 
from sklearn.preprocessing import LabelEncoder 
from sklearn.multiclass import OneVsRestClassifier 
from sklearn.model_selection import GridSearchCV 
import time 
import copy 
 
 
#%% Pre-process data 
 
positive_filepath = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/Training and 
Testing/Fingerprints/Tubulin_Binding_Compounds_Positive_Fingerprint_Matrix.tsv" 
negative_filepath = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/Training and 
Testing/Fingerprints/Negative_Fingerprint_Matrix.tsv" 
 
""" 
Importing the datasets 
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""" 
 
# Get the postive and negative dataframes and read in the pickle files 
positive_df = pd.read_csv(positive_filepath, sep="\t", header=0) 
negative_df = pd.read_csv(negative_filepath, sep="\t", header=0) 
 
print("Positive dataframe shape: ", positive_df.shape) 
print("Negative dataframe shape: ", negative_df.shape) 
 
combined_df = pd.concat([positive_df, negative_df], axis=0) 
print("Combined dataframe shape: ", combined_df.shape) 
# display(combined_df.head()) 
 
X = combined_df.copy() 
X.set_index("CID", inplace=True) 
smiles = X.pop("SMILES") 
family = X.pop("Positive") 
name = X.pop("Name") 
y = X.pop("Family") 
 
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=42, stratify=y) 
# Encode the labels 
le = LabelEncoder() 
y_train_encoded = le.fit_transform(y_train) # Converts the text labels into numbers representing each 
unique label 
y_test_encoded = le.transform(y_test) 
 
print(f"X_train shape: {X_train.shape}, y_train shape: {y_train.shape}, X_test shape: {X_test.shape}, 
y_test shape: {y_test.shape}") 
 
#%% Once done with Hyperparameter Optimization: 
 
# If you run this, do not run the section titled: Model: Test 
    # That section was previously used to evaluate the 80% trained model on the 20% held out. 
    # This section re-designs the data such that you're now training on 100% of the data. 
 
# # Store old X_train, y_train 
# old_X_train = X_train; 
# old_y_train = y_train; 
# old_y_train_encoded = y_train_encoded; 
# old_X_test = X_test; 
# old_y_test = y_test; 
# old_y_test_encoded = y_test_encoded; 
 
# # Re-use X_train to keep code functional 
# X_train = pd.concat([X_train, X_test], sort=False) 
# # Re-use y_train to keep code function 
# y_train = y;  
# y_train_encoded = le.fit_transform(y_train); 
 
 
#%% Models: List 
 
models_list = [ 
            linear_model.RidgeClassifier(random_state=42),  
            linear_model.Perceptron(random_state=42, n_jobs=-1),  
            linear_model.PassiveAggressiveClassifier(random_state=42, n_jobs=-1),  
            linear_model.SGDClassifier(random_state=42, n_jobs=-1),  
            # linear_model.LogisticRegression(random_state=42, n_jobs=-1), 
            neighbors.KNeighborsClassifier(n_jobs=-1),  
            svm.SVC(random_state=42), 
            neural_network.MLPClassifier(random_state=42, hidden_layer_sizes=(128,)), 
            ] 
 
#%% Models: Previously Attempted Hyperparameters 
 
# param_grid = {'RidgeClassifier': {'solver': ['auto', 'svd', 'cholesky', 
'lsqr','sparse_cg','sag','saga','lbfgs'], 
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#                                                 'alpha': [0.0001, 0.001, 0.01, 0.1, 
0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0], 
#                                                 'class_weight':[None, 'balanced']}, 
#               'Perceptron': {'penalty':[None,'l2','l1','elasticnet'], 
#                               'alpha': [0.001,0.001,0.1,0.5], 
#                               'early_stopping': [False, True], 
#                               'class_weight': [None, 'balanced'], 
#                               'max_iter': [1000, 2000]}, 
#               'PassiveAggressiveClassifier': {'max_iter': [1000,2000], 
#                                               'early_stopping': [False, True], 
#                                               'class_weight': [None, 'balanced'], 
#                                               'C': [0.1,0.5,0.8,0.9]}, 
#               'SGDClassifier': {'loss': ['hinge', 'log_loss', 'modified_huber', 'squared_hinge', 
'perceptron', 'squared_error', 'huber', 'epsilon_insensitive', 'squared_epsilon_insensitive'], 
#                                 'penalty': ['l2','l1','elasticnet',None], 
#                                 'alpha': [0.001,0.1,0.5], 
#                                 'max_iter': [1000,2000], 
#                                 'early_stopping': [False, True], 
#                                 'class_weight': [None, 'balanced']}, 
#               'LogisticRegression': {'penalty': ['l1','l2','elasticnet',None], 
#                                       'C': [0.1,0.5,0.8,0.9], 
#                                       'class_weight': [None, 'balanced'], 
#                                       'solver': ['lbfgs','liblinear','newton-cg','newton-
cholesky','sag','saga'], 
#                                       'max_iter': [1000,2000], 
#                                       'multi_class': ['auto','ovr','multinomial']}, 
#               'KNeighborsClassifier': {'n_neighbors': [3,5,10,15,20,50,100], 
#                                         'weights': ['uniform','distance'], 
#                                         'algorithm': ['ball_tree','kd_tree','brute'], 
#                                         'p': [1,2], 
#                                         'leaf_size': [15, 30, 45, 60]}, 
#               'SVC': {'C': [0.1,0.5,0.8,0.9], 
#                       'kernel': ['linear', 'poly', 'rbf','sigmoid'], 
#                       'gamma': ['scale','auto'], 
#                       'class_weight': [None, 'balanced'], 
#                       'decision_function_shape': ['ovr','ovo']}, 
#               'MLPClassifier': {'hidden_layer_sizes': [(512,), (1024,), (1536,), (2048,), (256,256), 
(512,512), (1024,1024), (1536,1536), (2048,2048)], 
#                                 'activation': ['relu', 'tanh','logistic'], 
#                                 'solver': ['adam', 'sgd', 'lbfgs'], 
#                                 'alpha': [0.0001, 0.001, 0.01, 0.1], 
#                                 'early_stopping': [True]}, 
#               } 
 
#%% Models: Current Hyperparameters (Storage For Later) 
 
param_grid = {}; 
# Weighted_F1 
param_grid = {'RidgeClassifier': {'alpha': [0.01], 'class_weight': ['balanced'], 'solver': ['sparse_cg']}, 
              'Perceptron': {'alpha': [0.001], 'class_weight': [None], 'early_stopping': [False], 
'max_iter': [1000], 'penalty': [None]}, 
              'PassiveAggressiveClassifier': {'C': [0.1], 'class_weight': [None], 'early_stopping': 
[False], 'max_iter': [1000]}, 
              'SGDClassifier': {'alpha': [0.001], 'class_weight': [None], 'early_stopping': [False], 
'loss': ['hinge'], 'max_iter': [1000], 'penalty': ['l2']}, 
              'LogisticRegression': {'C': [0.1], 'class_weight': [None], 'max_iter': [1000], 
'multi_class': ['ovr'], 'penalty': [None], 'solver': ['newton-cg']}, 
              'KNeighborsClassifier': {'algorithm': ['ball_tree'], 'leaf_size': [15], 'n_neighbors': [3], 
'p': [1], 'weights': ['distance']}, 
              'SVC': {'C': [0.1], 'class_weight': [None], 'decision_function_shape': ['ovr'], 'gamma': 
['auto'], 'kernel': ['linear']}, 
              'MLPClassifier': {'activation': ['tanh'], 'alpha': [0.1], 'early_stopping': [True], 
'hidden_layer_sizes': [(256, 256)], 'solver': ['lbfgs'], 'max_iter':[10000]} 
              } 
 
# Note: Logistic Regression with these hyperparameters doesn't converge with 1000 iterations. 
# MLPClassifier had to be bumped to 10,000 max_iters to converge. 
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#%% Scoring 
 
scoring = {'macro_f1': make_scorer(f1_score, average='macro'), 
           'weighted_f1': make_scorer(f1_score, average='weighted')# , 
           # 'average_precision': make_scorer(average_precision_score, average = 'macro', 
multi_class='ovr'), 
           # 'macro_rocauc': make_scorer(roc_auc_score, average = 'macro', multi_class='ovo') 
           } 
optimized_models = []; 
grid_search_storage = []; 
 
#%% Models: Train (Hyperparameters) 
 
# for model in tqdm(models_list): 
#     model.fit(X_train, y_train_encoded) 
 
# If using optimized hyperparameters: 
for model in tqdm(models_list): 
    model_name = str(model).split('(')[0] 
    print('\n' + model_name) 
    startTime = time.time(); # Check Time 
    params = param_grid[model_name] 
    single_val_params = {key: val[0] for key, val in params.items()} 
    model.set_params(**single_val_params) 
    model.fit(X_train, y_train_encoded) 
    print('Completed training for ' + model_name) 
    endTime = time.time() 
    lengthTime = endTime - startTime; 
    t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
    print('\nFinished this model in {}'.format(t_str)) 
    optimized_models.append(model) 
 
# If searching hyperparameters 
# for model in tqdm(models_list): 
#     model_name = str(model).split('(')[0] 
#     print('\n' + model_name) 
#     startTime = time.time(); # Check Time 
#     if model_name in param_grid: 
#         params = param_grid[model_name] 
#         # print("here") 
#         grid_search = GridSearchCV(model,params,scoring=scoring,refit='weighted_f1',cv=5,n_jobs=-1, 
verbose=0) 
#         # print("here 2") 
#         grid_search.fit(X_train, y_train_encoded); 
#         # print("here 3") 
#         best_model = grid_search.best_estimator_; 
#         # print("here 4") 
#         optimized_models.append(best_model) 
#         grid_search_storage.append(grid_search); 
#         print('\nCompleted Hyperparameter Search for: ' + model_name) 
#     else: 
#         model.fit(X_train, y_train_encoded) 
#         print('Completed training for ' + model_name) 
#         optimized_models.append(model) 
#     endTime = time.time() 
#     lengthTime = endTime - startTime; 
#     t_str = '{}h{}m{}s'.format(int(lengthTime/3600),int(lengthTime%3600/60),int(lengthTime%3600%60)) 
#     print('\nFinished this model in {}'.format(t_str)) 
 
# If searching hyperparameters, save the hyperparameters somewhere. 
# for grid_search_result in grid_search_storage: 
#     counter = 1; # Always start from 1. 
#     gridSearchDF = pd.DataFrame(grid_search_result.cv_results_) 
#     model_name_pull = str(grid_search_result).split('estimator=')[1].split('(')[0] # assumptions: the 
model name is referenced by estimator, and the model name always does model() 
#     possible_file_name = 'C:/Users/alas/Documents/Python/20240404-
tubulin_binding_work/Scripts_Imraan/scriptOutputs/grid_opt_' + model_name_pull + '_v' + str(counter) + 
'.csv'; 
#     while os.path.isfile(possible_file_name): 
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#         # if file exists, increment the counter 
#         counter += 1; 
#         # update the filename 
#         possible_file_name = 'C:/Users/alas/Documents/Python/20240404-
tubulin_binding_work/Scripts_Imraan/scriptOutputs/grid_opt_' + model_name_pull + '_v' + str(counter) + 
'.csv'; 
#     gridSearchDF.to_csv(possible_file_name, index=False) 
 
print('Finished training...') 
 
#%% Model: Test 
 
training_results_df = pd.DataFrame(columns=['Model', 'Accuracy', 'Precision', 'Recall', 'F1', 'MCC']) 
for model in tqdm(optimized_models): 
    predictions = model.predict(X_test) 
    predictions = np.rint(predictions).astype(int) 
    accuracy = accuracy_score(y_test_encoded, predictions) 
    precision = precision_score(y_test_encoded, predictions, average='weighted', zero_division=0) 
    recall = recall_score(y_test_encoded, predictions, average='weighted', zero_division=0) 
    f1 = f1_score(y_test_encoded, predictions, average='weighted', zero_division=0) 
    mcc = matthews_corrcoef(y_test_encoded, predictions) 
    model_name = str(model).split('(')[0] 
    temp_df = pd.DataFrame({'Model': model_name, 'Accuracy': accuracy, 'Precision': precision, 'Recall': 
recall, 'F1': f1, 'MCC': mcc}, index=[0]) 
    training_results_df = pd.concat([training_results_df, temp_df], axis=0, ignore_index=True) 
training_results_df = training_results_df.sort_values(by=['MCC'], ascending=False) 
print("Testing results for each model type:") 
print(training_results_df) 
 
#%% Find duplicate CIDs across FPR dataset and GNPS dataset 
 
 
# FPR dataset contains all negatives, we expect. 
fpr_filepath = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/False Positive 
Testing/Random_Fingerprints/Random_GNPS_fingerprints.tsv" 
fpr_fingerprints = pd.read_csv(fpr_filepath, sep="\t", header=0) 
fpr_fingerprints.set_index("CID", inplace=True) 
 
# GNPS dataset contains all positives, as we expect. 
 
# Import GNPS fingerprints 
gnps_file = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/GNPS Spectra 
Testing/Fingerprints/GNPS_tubulin_binding_fingerprints.tsv" 
gnps_fingerprints = pd.read_csv(gnps_file, sep="\t", header=0) 
print(gnps_fingerprints["Family"].value_counts()) 
 
# save original gnps df 
original_gnps = copy.deepcopy(gnps_fingerprints); 
 
y_gnps = gnps_fingerprints.pop("Family") 
# Replace the Taxoles label with Taxols 
y_gnps = y_gnps.replace("Taxoles", "Taxols") 
# Didn't realize that Podophyllotoxin (the label that was used for training) had a space at the end. Make 
this match, can fix later. 
y_gnps = y_gnps.replace("Podophyllotoxin", "Podophyllotoxin ") 
y_gnps_encoded = le.transform(y_gnps) 
print(pd.DataFrame(y_gnps_encoded).value_counts()) 
gnps_fingerprints.set_index("CID", inplace=True) 
 
# If we combine the two, we get a picture of the models effectiveness. 
y_FPR = pd.Series(["Negative"]*5041, name="Family") 
y_all = pd.concat([y_gnps, y_FPR], ignore_index=True) 
fingerprints_all = pd.concat([gnps_fingerprints, fpr_fingerprints]) 
print("Shape of concatenated DataFrame:", fingerprints_all.shape) 
print("Unique index values in concatenated DataFrame:", len(fingerprints_all.index.unique())) 
# Determine overlapping values? 
duplicated_indexes = fingerprints_all[fingerprints_all.index.duplicated(keep=False)] 
stored_duplicated_families = original_gnps.iloc[:0,:].copy(); 
# See which families the duplicated indexes belong to 



164 
 

for i in set(duplicated_indexes.index.tolist()): # only get 1 of the 2 duplicated values for each 
duplicated instance 
    stored_duplicated_families = pd.concat([stored_duplicated_families, original_gnps[original_gnps['CID'] 
== i]]); 
 
# Check if all the values of the rows with duplicated CIDs match each other 
all_rows_match = []; 
for index in set(duplicated_indexes.index.tolist()): 
    doubled_rows = fingerprints_all.loc[index] 
    first_row = doubled_rows.iloc[0]; 
    second_row = doubled_rows.iloc[1]; 
    rows_match = first_row.equals(second_row) 
    all_rows_match.append(rows_match) 
 
# Convert the list to a Series 
all_rows_match_series = pd.Series(all_rows_match, index=set(duplicated_indexes.index.tolist())) 
print(all_rows_match_series) 
 
# Note: Remove duplicates from FPR, not GNPS. Current assumption: They're actually positives, so they 
should not be a part of the FPR dataset. 
duplicated_CIDs = list(set(duplicated_indexes.index.tolist())); 
 
#%% Models: Evaluate on GNPS. 
 
# Import GNPS fingerprints 
gnps_file = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/GNPS Spectra 
Testing/Fingerprints/GNPS_tubulin_binding_fingerprints.tsv" 
gnps_fingerprints = pd.read_csv(gnps_file, sep="\t", header=0) 
print(gnps_fingerprints["Family"].value_counts()) 
 
# save original gnps df 
original_gnps = copy.deepcopy(gnps_fingerprints); 
 
y_gnps = gnps_fingerprints.pop("Family") 
# Replace the Taxoles label with Taxols 
y_gnps = y_gnps.replace("Taxoles", "Taxols") 
# Didn't realize that Podophyllotoxin (the label that was used for training) had a space at the end. Make 
this match, can fix later. 
y_gnps = y_gnps.replace("Podophyllotoxin", "Podophyllotoxin ") 
y_gnps_encoded = le.transform(y_gnps) 
print(pd.DataFrame(y_gnps_encoded).value_counts()) 
gnps_fingerprints.set_index("CID", inplace=True) 
 
storage_accuracy = []; 
gnps_results = pd.DataFrame(columns=["Model", "Accuracy","Precision","Recall","F1","MCC"]) 
for model in tqdm(optimized_models): 
    model_name = str(model).split("(")[0] 
    y_pred = model.predict(gnps_fingerprints) 
    y_pred = np.round(y_pred) 
    y_pred = y_pred.astype(int) 
    # Decode the labels 
    y_pred = le.inverse_transform(y_pred) 
    # print(pd.DataFrame(y_pred).value_counts()) 
    accuracy = accuracy_score(y_gnps, y_pred) 
    storage_accuracy.append(accuracy) 
    precision = precision_score(y_gnps, y_pred, average='weighted', zero_division=0) 
    recall = recall_score(y_gnps, y_pred, average='weighted', zero_division=0) 
    f1 = f1_score(y_gnps, y_pred, average='weighted', zero_division=0) 
    mcc = matthews_corrcoef(y_gnps, y_pred) 
    temp_df = pd.DataFrame({'Model': model_name, 'Accuracy': accuracy, 'Precision': precision, 'Recall': 
recall, 'F1': f1, 'MCC': mcc}, index=[0]) 
    gnps_results = pd.concat([gnps_results, temp_df], axis=0) 
     
gnps_results.sort_values(by="MCC", ascending=False, inplace=True) 
 
#%% Models: Calculate FPR 
 
# Import FPR fingerprint dataset. 
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fpr_filepath = "C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/False Positive 
Testing/Random_Fingerprints/Random_GNPS_fingerprints.tsv" 
fpr_fingerprints = pd.read_csv(fpr_filepath, sep="\t", header=0) 
fpr_fingerprints.set_index("CID", inplace=True) 
 
# Save original fpr dataset 
original_fpr = copy.deepcopy(fpr_fingerprints); 
 
# Remove duplicate CIDs that were in the GNPS dataset. 
fpr_fingerprints.drop(duplicated_CIDs, inplace=True); 
 
# Get the predictions for each model on the FPR dataset 
fpr_results = pd.DataFrame(columns=["Model", "Number of False Positives", "False Positive Rate"]) 
for model in tqdm(optimized_models): 
    y_pred = model.predict(fpr_fingerprints) 
    y_pred = np.round(y_pred) 
    y_pred = y_pred.astype(int) 
    # Decode the labels 
    y_pred = le.inverse_transform(y_pred) 
    negative_count = y_pred.tolist().count("Negative") 
    num_fp = len(y_pred) - negative_count 
    fpr = num_fp / len(y_pred) 
    fpr = fpr * 100 
    model_name = str(model).split("(")[0]  
    temp_df = pd.DataFrame({"Model": [model_name], "Number of False Positives": [num_fp], "False Positive 
Rate": [fpr]}) 
    fpr_results = pd.concat([fpr_results, temp_df], axis=0) 
     
fpr_results.sort_values(by="False Positive Rate", ascending=True, inplace=True) 
# display(fpr_results) 
 
#%% Evaluate across FPR dataset & GNPS dataset 
 
# If we combine the two, we get a picture of the models effectiveness. 
y_FPR = pd.Series(["Negative"]*5033, name="Family") # 5033 after removing the 8 from 5041 
y_all = pd.concat([y_gnps, y_FPR], ignore_index=True) 
fingerprints_all = pd.concat([gnps_fingerprints, fpr_fingerprints]) # Combine the gnps_fingerprint & the 
fpr (de-duplicated) fingerprint 
 
all_results = pd.DataFrame(columns=["Model", "Accuracy", "Precision","Recall","F1","MCC"]) 
for model in tqdm(optimized_models): 
    model_name = str(model).split("(")[0] 
    y_pred = model.predict(fingerprints_all) 
    y_pred = np.round(y_pred) 
    y_pred = y_pred.astype(int) 
    # Decode the labels 
    y_pred = le.inverse_transform(y_pred) 
    # print(pd.DataFrame(y_pred).value_counts()) 
    accuracy = accuracy_score(y_all, y_pred) 
    precision = precision_score(y_all, y_pred, average='weighted', zero_division=0) 
    recall = recall_score(y_all, y_pred, average='weighted', zero_division=0) 
    f1 = f1_score(y_all, y_pred, average='weighted', zero_division=0) 
    mcc = matthews_corrcoef(y_all, y_pred) 
    temp_df = pd.DataFrame({'Model': model_name, 'Accuracy': accuracy, 'Precision': precision, 'Recall': 
recall, 'F1': f1, 'MCC': mcc}, index=[0]) 
    all_results = pd.concat([all_results, temp_df], axis=0) 
     
#%% Check Results: 
 
# See the effectiveness of the models on the GNPS data (all positives). 
print(gnps_results) 
# See the effectiveness of the models on the GNPS data (all negatives). 
print(fpr_results) 
# See the effectiveness of the models on all the data (GNPS & FPR datasets). 
print(all_results) 
 
collected_results = {}; 
collected_results['GNPS'] =  gnps_results 
collected_results['FPR'] =  fpr_results 
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collected_results['All'] =  all_results 
 
#%% Evaluate within Spectra Categories 
 
# Load the FPR dataset & GNPS dataset, specifically connecting CIDs to Spectra Quality. 
quality_FPR_df = pd.read_csv('C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/Assessing 
Spectral Quality/FPR_set_spectral_quality_summary.tsv', sep='\t'); 
quality_GNPS_df = pd.read_csv('C:/Users/alas/Documents/Python/20240404-tubulin_binding_work/Assessing 
Spectral Quality/tubulin_binding_GNPS_spectral_quality_summary.tsv', sep='\t'); 
 
# Pull the combined FPR/GNPS dataset (duplicate CIDs across the two types removed) 
fingerprints_all; 
 
# For each CID in fingerprints_all, store information regarding Spectra Quality. 
columnsSpectraQuality = ['CID', 'Family', 'Quality Grade', 'Number of Peaks', 'Fold Difference', 'Base 
Peak Intensity']; 
model_names = [str(i).split("(")[0] for i in optimized_models] 
# columnsSpectraQuality.extend(model_names); 
dict_storage = {}; 
spectra_quality_DF = pd.DataFrame(columns = columnsSpectraQuality); 
# For each CID, get the relevant 'Family', 'Grade', # of Peaks', 'Fold Difference', 'Base Peak Intensity' 
for i in fingerprints_all.index.tolist(): 
    # Find the correct dataset. 
    if i in list(quality_GNPS_df['CID']): 
        relevant_df = quality_GNPS_df; 
    elif i in list(quality_FPR_df['CID']): 
        relevant_df = quality_FPR_df 
    else: 
        print('Didn\'t find a match') 
        continue 
    # Scrape the relevant content 
    relevantRow = relevant_df[relevant_df['CID'] == i] 
    quality_data = relevantRow[['Quality Grade', 'Number of Peaks', 'Fold Difference', 'Base Peak 
Intensity']].values.flatten() 
    qData_dict = {'CID': i}; 
    qData_dict.update(zip(columnsSpectraQuality[2:], quality_data)) 
    # Put into dictionary of dictionaries 
    dict_storage[i] = qData_dict 
 
# Create dataframe of links. 
qualityDF = pd.DataFrame.from_dict(dict_storage, orient='index'); 
 
# Take the best-performing model. 
final_model = optimized_models[5]; 
y_pred = final_model.predict(fingerprints_all) 
y_pred = np.round(y_pred) 
y_pred = y_pred.astype(int) 
# Decode the labels 
y_pred = le.inverse_transform(y_pred) 
accuracy = accuracy_score(y_all, y_pred) 
precision = precision_score(y_all, y_pred, average='weighted', zero_division=0) 
recall = recall_score(y_all, y_pred, average='weighted', zero_division=0) 
f1 = f1_score(y_all, y_pred, average='weighted', zero_division=0) 
mcc = matthews_corrcoef(y_all, y_pred) 
final_df = pd.DataFrame({'Model': model_name, 'Accuracy': accuracy, 'Precision': precision, 'Recall': 
recall, 'F1': f1, 'MCC': mcc}, index=[0]) 
 
# Note: qualityDF is in order of gnps_fingerprints then fpr_fingerprints 
# This is the same order as fingerprints_all 
# This is the same order as y_all and y_pred 
 
qualityDF['Predicted'] = y_pred; 
qualityDF['Truth'] = y_all.values; 
 
# Split dataset up by Grades. 
gradeDict = {}; 
gradeList = ['S', 'A', 'B', 'C', 'D', 'E', 'F', 'Really Bad!']; 
for i in gradeList: 
    slicedDF = qualityDF[qualityDF['Quality Grade'] == i]; 
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    slicedPred = slicedDF['Predicted'].tolist(); 
    slicedTruth = slicedDF['Truth'].tolist(); 
    accuracyGrade = accuracy_score(slicedTruth, slicedPred); 
    slicedDict = {'Grade': i, 'Accuracy': accuracyGrade} 
    gradeDict[i] = slicedDict; 
 
# Accuracy by Grade. 
accuracyGradeDF = pd.DataFrame.from_dict(gradeDict, orient='index') 
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Code B.5: Function to determine spectra quality grades 
def assign_quality_group(num_peaks, fold_diff, base_peak_intensity): 
    """ 
    Assign a quality group based on the number of peaks, fold difference, and base peak intensity 
    """ 
    # Initialize the quality group 
    quality_group = 1 
    # Assign the quality group based on the number of peaks, fold difference, and base peak intensity 
    if num_peaks < 20 and fold_diff < 30 and base_peak_intensity < 20000: 
        quality_group = 4 
        if num_peaks < 15: 
            quality_group = 5 
    elif num_peaks < 30 and fold_diff < 50 and base_peak_intensity < 50000: 
        quality_group = 3 
        if num_peaks < 25: 
            quality_group = 4 
    elif num_peaks < 40 and fold_diff < 200 and base_peak_intensity < 100000: 
        quality_group = 2 
        if num_peaks < 35: 
            quality_group = 3 
    if num_peaks < 50: 
        quality_group = quality_group + 1 
    if fold_diff < 100: 
        quality_group = quality_group + 1 
    if base_peak_intensity < 10000: 
        quality_group = quality_group + 1 
    grade_dict = {1: "S", 2: "A", 3: "B", 4: "C", 5: "D", 6: "E", 7: "F", 8: "Poor"} 
    quality_grade = grade_dict[quality_group] 
    return quality_grade 
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Table B.1: Hyperparameters for multiclass classification 

Models: Hyperparameters Searched: 

Ridge Classifier 'solver': ['auto', 'svd', 'cholesky', 'lsqr','sparse_cg','sag','saga','lbfgs'],                                                

'alpha': [0.0001, 0.001, 0.01, 0.1, 0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,1.0],                                                

'class_weight':[None, 'balanced'] 

Perceptron 'penalty':[None,'l2','l1','elasticnet'], 

'alpha': [0.001,0.001,0.1,0.5], 

'early_stopping': [False, True], 

'class_weight': [None, 'balanced'], 

'max_iter': [1000, 2000] 

Passive Aggressive 

Classifier 

'max_iter': [1000,2000], 

'early_stopping': [False, True], 

'class_weight': [None, 'balanced'], 

'C': [0.1,0.5,0.8,0.9] 

SGD Classifier 'loss': ['hinge', 'log_loss', 'modified_huber', 'squared_hinge', 'perceptron', 

'squared_error', 'huber', 'epsilon_insensitive', 

'squared_epsilon_insensitive'], 

'penalty': ['l2','l1','elasticnet',None], 

'alpha': [0.001,0.1,0.5], 

'max_iter': [1000,2000], 

'early_stopping': [False, True], 

'class_weight': [None, 'balanced'] 

Logistic Regression 'penalty': ['l1','l2','elasticnet',None], 

'C': [0.1,0.5,0.8,0.9], 

'class_weight': [None, 'balanced'], 

'solver': ['lbfgs','liblinear','newton-cg','newton-cholesky','sag','saga'], 

'max_iter': [1000,2000], 

'multi_class': ['auto','ovr','multinomial'] 

K Neighbors 

Classifier 

'n_neighbors': [3,5,10,15,20,50,100], 

'weights': ['uniform','distance'], 

'algorithm': ['ball_tree','kd_tree','brute'], 

'p': [1,2], 

'leaf_size': [15, 30, 45, 60] 

SVC (Support 

Vector Machine) 

'C': [0.1,0.5,0.8,0.9], 

'kernel': ['linear', 'poly', 'rbf','sigmoid'], 

'gamma': ['scale','auto'], 

'class_weight': [None, 'balanced'], 

'decision_function_shape': ['ovr','ovo'] 

MLP Classifier 'hidden_layer_sizes': [(512,), (1024,), (1536,), (2048,), (256,256), 

(512,512), (1024,1024), (1536,1536), (2048,2048)], 

'activation': ['relu', 'tanh','logistic'], 

'solver': ['adam', 'sgd', 'lbfgs'], 

'alpha': [0.0001, 0.001, 0.01, 0.1], 

'early_stopping': [True] 

Table B.1. Hyperparameters explored for multiclass classification models. Parameter grids 

were searched using GridSearchCV. Hyperparameters were trained and evaluated on 5-fold 
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splits using 80% training datasets, scored using F1-macro and F1-weighted, and the best 

performing hyperparameters were selected using F1-weighted. Any hyperparameters not 

shown used default values. 
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Table B.2: Hyperparameters selected for multiclass classification 

Models: Hyperparameters Selected: 

Ridge Classifier 'alpha': [0.01],  

'class_weight': ['balanced'],  

'solver': ['sparse_cg'] 

Perceptron 'alpha': [0.001],  

'class_weight': [None],  

'early_stopping': [False],  

'max_iter': [1000],  

'penalty': [None] 

Passive Aggressive 

Classifier 

'C': [0.1],  

'class_weight': [None],  

'early_stopping': [False],  

'max_iter': [1000] 

SGD Classifier 'alpha': [0.001],  

'class_weight': [None],  

'early_stopping': [False],  

'loss': ['hinge'],  

'max_iter': [1000],  

'penalty': ['l2'] 

Logistic Regression 'C': [0.1],  

'class_weight': [None],  

'max_iter': [1000],  

'multi_class': ['ovr'],  

'penalty': [None],  

'solver': ['newton-cg'] 

K Neighbors 

Classifier 

'algorithm': ['ball_tree'],  

'leaf_size': [15],  

'n_neighbors': [3],  

'p': [1],  

'weights': ['distance'] 

SVC (Support 

Vector Machine) 

'C': [0.1],  

'class_weight': [None],  

'decision_function_shape': ['ovr'],  

'gamma': ['auto'],  

'kernel': ['linear'] 

MLP Classifier 'activation': ['tanh'],  

'alpha': [0.1],  

'early_stopping': [True],  

'hidden_layer_sizes': [(256, 256)],  

'solver': ['lbfgs'],  

'max_iter':[10000] 

Table B.2. Hyperparameters selected for multiclass classification models. Parameter grids 

were searched using GridSearchCV. Hyperparameters were trained and evaluated on 5-fold 

splits using 80% training datasets, scored using F1-macro and F1-weighted, and the best 

performing hyperparameters were selected using F1-weighted. 
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