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Abstract 

Prostate cancer (PCa) remains one of the most spread tumors worldwide and it is included in 

the top five of cancer death among men. While therapeutic approaches exist, some forms of 

PCa –such as advanced and metastatic forms– continue to be a challenge for the modern 

medicine, leading research towards novel molecular targets. 

Among the emerging candidates, Fatty Acid-Binding Protein 12 (FABP12) has attracted 

attention because of its overexpression in metastatic cancer tissues and its involvement in lipid 

metabolism reprogramming and epithelial-to-mesenchymal transition (EMT). However, no 

selective FABP12 inhibitors have been developed and the lack of a crystalized structure for this 

protein results in a significant challenge for a structure-based drug design pipeline. 

  

This thesis presents the computational work done for the prediction of the FABP12 structure 

and the identification of novel inhibitor candidates. The workflow combines AI-driven structure 

and affinity prediction using Boltz-2, a novel deep learning model for protein-ligand co-folding, 

with traditional homology modeling techniques refined in the Molecular Operating 

Environment (MOE). 

  

In the first phase of the study, the initial dataset of 819 compounds from prior literature were 

screened against FABP12 and the other members of the FABP-family using Boltz-2 affinity 

prediction. After applying quality filters, the ligands with an affinity score better than the 

reference compound T4B were analyzed to identify the ones with a better affinity for FABP12 

compared to other FABP isoforms and to suggest the compounds with preferential binding with 

the target protein. 
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In parallel, a consensus three-dimensional model of FABP12 was derived from the ensemble 

of protein-ligand complexes obtained from Boltz-2 simulations. Per-residue structural 

variability was quantified to guide the following refinement through homology modeling in 

MOE and the resulting structure was validated with standard structural metrics such as 

Ramachandran plot analysis, bond geometry, and energy-based scoring. Furthermore, a 

comparison with the structure obtained from AlphaFold software and template-based homology 

modeling has been performed, highlighting the advantage of the Boltz-driven method to capture 

the ligand-induced structural flexibility of FABP12. 

  

To expand the chemical space beyond the FABP12 binders identified with this work, a large-

scale similarity screening has been performed on the PubChem database using the top ten 

commercially available ligands as queries. The resulting hits were clustered based on Tanimoto 

similarity and a new set of compounds were selected for further evaluation. The focus of this 

step was to obtain a reliable set of chemical fragments that can lead to an ideal molecule to 

build. 

  

Finally, to amplify the knowledge about the characteristics of a good ligand candidate for the 

novel inhibitor, drug-likeness and pharmacokinetic properties has been analyzed through 

SwissADME online software. 

  

In conclusion, this work provides an integrated computational pipeline for the early-stage 

identification of FABP12 inhibitors that involves novel AI-driven software and allowed to 

obtain a curated set of candidates for future experimental validation, as well as detailed 

information about the chemical structure of a good FABP12 inhibitor. 
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Chapter 1  
Prostate cancer: a clinical background 

With an estimated 1.5 million new cases and 397,000 deaths  worldwide, prostate cancer (PCa) 

is the world’s second most frequent cancer and the fifth leading cause of cancer death among 

men in 2022 (Figure 1.1A) [1]. 

The incidence of PCa largely varies by region: the highest age-standardized rates (ASR) are 

observed in Northern Europe (82.8 per 100,000), Australia/New Zealand (78.1), the Caribbean 

(73.9), and Northern America (73.5) while the lowest rates are found in several Asian and 

African regions (Figure 1.1B) [2].  

 

 

 

(A) (B) 

 

Figure 1.1: (A) pie chart of male tumors incidence and mortality; (B) bar chart of the region-specific incidence and 

mortality age-standardized rates for prostate cancer in 2022. Rates are shown in descending order of the world age-

standardized rate, and the highest national age-standardized rate for incidence and mortality is superimposed [1]. 

 



 4 

Notably, mortality rates do not reflect the measured incidence, showing a higher mortality in 

the Caribbean (26.4 per 100,000) and sub-Saharan Africa (17.3–29.7) (Figure 1.2) suggesting 

inequitable access to early detection (such as prostate-specific antigen screening) and advanced 

treatment in these populations [1]. 

 

 

(A) 

 

(B) 

Figure 1.1: Global Cancer Observatory world charts of incidence (A) and mortality (B) of prostate cancer [3]. 
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1.1 Pathophysiology of prostate cancer 

PCa occurs predominantly in older men (median age at diagnosis is 67 years) and it is 

considered highly hereditable [4]: a genome-wide association study [5] identified 451 genomic 

variants associated with risk for prostate cancer, with African ancestry showing particularly 

strong association with both increased incidence and mortality, as reflected in the worldwide 

ASR data, probably caused by the germline alteration of BRCA1 and BRCA2 genes (involved 

in DNA damage repair) that are highly represented in these patients [4]. 

Beyond genetic predisposition, modifiable risk factors include diet, obesity, and metabolic 

factors; but the rising global incidence of PCa is influenced by multiple factors: widespread 

prostate-specific antigen (PSA) screening and improved diagnostic capabilities have increased 

detection rates, while aging populations and lifestyle-related risk factors contribute to genuine 

increases in disease occurrence [3]. 

 

From a pathophysiological perspective, the adult human prostate is structurally divided into 

central, transition, and peripheral zones. The outermost peripheral zone is where most prostate 

tumors arise (Figure 1.3). Prostate cancer initiating cells can be either basal or luminal prostate 

epithelial cells, both of which can originate high grade lesions that resemble adenocarcinomas 

when genetically manipulated. Chronic inflammation and infection due to urinary microbes are 

believed to drive prostate carcinogenesis via oxidative stress and generation of reactive oxygen 

species that induce DNA damage and selection of mutated cells [6].  

 

 

 

Figure 1.3: prostate anatomy [7]. 
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With proliferative inflammatory atrophy, the prostate is enriched for proliferative luminal 

epithelial cells of intermediate phenotype that might be prone to epigenetic and genomic 

chromatin alterations, leading to prostatic intraepithelial neoplasia and malignant 

transformation. Prostatic intraepithelial neoplasia manifests as a hyper proliferation of luminal 

epithelial cells with reduced or loss of basal epithelium, and is thought to be a possible precursor 

to malignancy; it often co-occurs with prostate adenocarcinoma [6]. 

 

Regarding the formation of a metastatic form of the tumor, approximately 75% have localized 

disease (confined to the prostate) at presentation (Figure 1.4A), 14% have metastases in regional 

lymph nodes, and 10% have distant metastases [8].  

Cases of localized prostate cancer are rarely symptomatic: lower urinary tract symptoms, such 

as urinary hesitancy and nocturia, are often described as symptoms of localized prostate cancer; 

however, a strong association has not been demonstrated (Figure 1.4B). 

For patients with metastatic disease at presentation, bone is the most commonly involved site 

(observed in 82%), and may cause bone pain and fractures while metastasis to distant lymph 

nodes (34%) and visceral organs (5%) is less common [4],[6], with some patients presenting 

multiple sites of involvement. 

 

Given the asymptomatic nature of early-stage disease and the heterogeneous clinical course of 

prostate cancer, accurate diagnosis and risk stratification are essential for optimal treatment 

selection. 

 

 

(A) (B) 

 

Figure 1.4: Localized (A) and metastatic (B) variants of prostate cancer [6]. 
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1.2 Screening, diagnosis and classification 

Due to its impact into the worldwide healthcare systems, a way to rapidly discover PCa was 

proposed in the past years using prostate-specific antigen (PSA) screening combined with 

digital rectal examination (DRE). 

 

The most common finding on DRE is the presence of a hard, fixed nodule. Other findings may 

include asymmetry or firmness: the presence of a stony, hard prostate on DRE signifies locally 

advanced disease [9]. After this pre-laboratory procedure, the doctor can suggest a PSA testing. 

 

PSA is a glycoprotein enzyme secreted by the epithelium of the prostate gland which helps 

break down large proteins in semen, thereby decreasing seminal viscosity and  improving sperm 

motility and fertility [10]. Normally, only a small amount of PSA diffuses into the bloodstream. 

However, conditions that disrupt the prostate microarchitecture (e.g., trauma, prostatic 

inflammation, or malignancy) cause an increased diffusion of PSA into extracellular space and 

consequently into the bloodstream through lymphatic channels that can be detected by a serum 

assay.  

This convinced several countries worldwide to start PSA screening campaigns, similarly to the 

ones for breast cancer. However, PSA levels may be increased in benign conditions like benign 

prostatic hyperplasia and prostatitis or after perineal trauma, ejaculation, and in cancer [9]. 

 

Because its wide presence in a large amount of non-oncologic pathologies, a single PSA 

screening remains an unreliable marker for PCa and has been shown not to improve mortality 

after 15 years, but can lead to increased diagnosis of low-risk PCa [11]. 

Due to this factor, PCa screening based solely on PSA risks overdiagnosis and overtreatment of 

indolent disease, psychological effects, including anxiety or depression, and the potential 

complications  associated with biopsy or overtreatment [9]. 

Moreover, the PSA level increases with age (0.04 ng/mL per year) due to increased prostate 

volume; therefore, age-specific reference ranges (e.g., <2.5 ng/mL for men <50 years of age, 

<6.5 ng/mL for ages 70-79 years) should be considered when interpreting PSA values [4]. 

 

The results of the randomized Prostate, Lung, Colorectal and Ovarian (PLCO) screening trial, 

reporting data at 16 years, and the Cluster Randomized Trial of PSA Testing for Prostate Cancer, 

reporting data at 10 years, suggests that men with a baseline PSA of less than 1 ng/mL aged 55-
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70 years might not need further screening, while men with a baseline PSA of 1-2 ng/mL could 

be screened with a lower frequency [12]. 

 

A way to decrease overdiagnosis and overtreatment has been proposed by the European Union 

that now invites countries to pilot screening using PSA and magnetic resonance imaging (MRI) 

for risk assessment [13]: performing MRI prior to biopsy may aid in the detection of clinically 

significant cancer. Evidence from randomized controlled trials shows that MRI directed 

biopsies identify approximately twice as many clinically relevant cancers than standard 

transrectal biopsies (sensitivity 93% vs 48%; p<0.0001) [6]. 

MRI provides details about local extent, seminal vesicle involvement (Figure 1.5A-H), and 

extraprostatic disease (Figure 1.5O) and can help plan surgical techniques to increase negative 

margins, particularly with regards to neurovascular bundle sparing and excision of potential 

extraprostatic sites, but leads to stage migration [9]. 

 

Lastly, a novel technique involving prostate-specific membrane antigen (PSMA) has been 

developed for PCa detection. 

PSMA is a transmembrane protein that is overexpressed on prostate cancer cells, although 

approximately 10% of all prostate cancers may be PSMA-negative [9]. More than 90% of 

intraprostatic lesions are PSMA-avid, with avidity corresponding to the grade of the tumor [14]. 

Therefore PSMA-labeled radiotracers are combined with cross-sectional imaging and are an 

excellent tool in baseline staging [9] (Figure 1.5I-N). 

 

PSMA-positron emission tomography (PSMA-PET) scans have greater sensitivity and 

specificity compared with conventional imaging (CT and bone scan), a lower radiation dose, 

and reduced scan time, although this has not yet been shown to improve clinical outcomes [15].  

Notably, [68Ga]Ga-PSMA-11 PET showed an accuracy of 92%, compared with 65% with 

conventional imaging (p<0.0001) and its treatments results in lower radiation doses and shorter 

imaging durations [6]. 
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1.2.1 Classification 

As mentioned in the previous paragraph, it is essential to diagnosticate clinically relevant PCa 

only to avoid overdiagnosis and overtreatment. With these premises, a way to correctly 

determine the risk level of a tumor is of the utmost importance. 

 

The Gleason grading system is used to evaluate the aggressiveness of prostate cancer cells based 

on the architectural pattern observed in a standard prostate biopsy using 10 to 12 core biopsy 

samples. Each core biopsy sample is given a Gleason grade; the grades range from 1 to 5. A 

higher grade is associated with more aggressive disease and a poorer prognosis [4].  

Figure 1.5: Diagnostic imaging for prostate cancer showing 

prostate MRI (A-H), PSMA-PET (I-N), and whole-body MRI 

(O). MRI features of organ-confined disease, (A) T2; capsular 

bulge and extraprostatic extension, (B) T3a; axial and coronal 

views of seminal vesicle involvement, (C, D) T3b; adjacent 

organ involvement, T4, involving (E) urinary bladder, (F) 

urethra; (G) an exophytic prostatic primary lesion; (H) 

diffusion-weighted MRI showing restriction in the left 

peripheral zone; PSMA-PET scan showing bilateral pelvic 

lymph nodes, (I) N1; common iliac lymph node, (J) M1a; 

mesorectal lymph node, (K) M1a; pelvic bone metastases, (L) 

M1b; with (M) low-volume and high-volume (N) bone 

metastases. 

Adapted from D. Chakrabarti et al., “The contemporary 

management of prostate cancer”, 2025  
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The Gleason score on biopsy is a sum of two numbers: the grade of the predominant pattern 

added to the grade of the highest-grade pattern seen.  In contemporary practice, Gleason grades 

assigned on biopsy range from 3 (moderately differentiated cancer cells) to 5 (no glandular 

features, sheets of abnormal cells); grades 1 and 2 are no longer used in diagnostic biopsies as 

they do not represent true malignancy. If only one Gleason grade is present within the biopsy, 

then it is doubled [16]. Overall grade groups (GGs) have been recommended since 2014 and 

are as follows: GG 1 (GS ≤ 6), GG 2 (GS 3 + 4 = 7), GG 3 (GS  4 + 3 = 7), GG 4 (GS 4 + 4 = 

8), and GG 5 (GS 9-10) [9]. 

 

In addition to histological grading, the TNM (Tumor, Node, Metastasis) staging system is used 

to describe the anatomical extent of disease.  

The T stage describes local tumor extent (T1: non-palpable, T2: organ-confined, T3: 

extraprostatic extension, T4: invasion of adjacent structures), N stage indicates lymph node 

involvement (N0: no regional nodes, N1: positive nodes), and M stage denotes distant 

metastases (M0: absent, M1: present) [17] (Table 1.1).  

 

 

 

Table 1.1: Prostate Cancer American Joint Committee on Cancer TNM classification (eight edition, 2018). Adapted from 

Chakrabarti et al., “The contemporary management of prostate cancer”, 2025. 

  



 11 

Risk stratification systems combine PSA levels, Gleason grade groups, and TNM stage to 

classify patients into low-, intermediate-, and high-risk categories, which guide treatment 

decisions. The National Comprehensive Cancer Network (NCCN) [18] and European 

Association of Urology (EAU) [19] provide widely used risk stratification frameworks that 

integrate these parameters. 

 

1.3 Management of localized disease 

The management of localized prostate cancer is based on risk stratification as discussed into 

the previous paragraph. 

When the treatment is indicated, is always required to consult both a urologic surgeon and a 

radiation oncologist to discuss the benefits and risk of each approach and to avoid overtreatment 

[9]. 

 

In the following paragraphs will be discuss the main options of treatment for a localized disease, 

generally associated with favorable outcomes.  

 

1.3.1 Active surveillance and watchful waiting 

Active surveillance refers to a specific policy of close monitoring for patients that present a 

low-risk or a favorable intermediate-risk type of disease. The goal of this approach is deferring 

or totally avoiding treatment while balancing cancer control [9]. 

Active surveillance differs from watchful waiting, which is a specific track chosen for patients 

for whom radical treatment is not indicated or who have a short life expectancy. In this specific 

case, the intervention is limited to hormone treatment for symptoms or transurethral resection 

for obstruction [6], [9]. 

 

To validate this approach, a large scale study about active surveillance including 2155 patients 

with a low-risk form of the disease shows that, at 10 years after diagnosis, 49% of patients 

remained free of disease progression or treatment, less than 2% developed metastases, and less 

than 1% died of prostate cancer [4]. 

In addition, patient or family anxiety about cancer progression remains a valid reason to choose 

active surveillance prior other treatments[9]. 
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As mentioned before, active surveillance is now the preferred treatment for all patients with a 

low/favorable intermediate-risk PCa and a life expectancy greater that 10 years. This method 

combines PSA testing every six months, multiparametric MRI every 12-24 months, 

consideration of biopsy at 18-24 months and MRI-directed re-biopsy on concerns of 

progression [9]. 

 

1.3.2 Surgery 

Active treatment is recommended for individuals with intermediate- and high-grade localized 

prostate cancer and a life expectancy greater than 10 years [9]. 

 

The most common surgical technique is robot-assisted prostatectomy, followed by radical 

retropubic and perineal approaches. Here, the use of MRI can help to identify extraprostatic 

extension and plan the surgical approach while a nerve-sparing technique can be used to 

preserve the erectile function. In addition, emphasis is placed on pelvic lymph node dissection, 

which is frequently performed to improve staging, but can increase intraoperative 

complications [9].  

 

Post-surgery surveillance includes PSA checking at six to eight weeks, that should be ideally 

undetectable. In case of a new PSA level rising, it can be considered a radiotherapy approach, 

while PSMA-PET scan is recommended for biochemical recurrence once PSA levels exceed 

0.2 ng/mL [9]. 

 

1.3.3 Radiotherapy 

Radiotherapy is the preferred treatment for patient with intermediate and high-risk forms of 

PCa. Currently, the golden standard for radiotherapy techniques is intensity-modulated 

radiotherapy or volumetric-modulated arc therapy with image guidance [9]. 

Due to its differences in the rate of growth and DNA damage repair, PCa presents higher 

sensitivity to increased radiotherapy dose per fraction compared with other cancers which leads 

to experimental trials for hypofractionation (approach that delivers higher daily dose over a 

short total timeframe). This approach shows a slightly worsening in short-term side effects with 

no significant changes in the long-term ones [9]. For this reason, hypofractionation can be 
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addressed in some cases to follow the needing of a shorter treatment without losing 

effectiveness. 

 

Moreover, the combined use of MRI and radiotherapy for MRI-guided radiotherapy allows 

daily adaptation, considering changes in tumor and organ-at-risk position. This can lead to a 

reduction in margins and potentially reducing toxicities [9]. 

 

Patients’ response during radiotherapy is divided between short and long-term effects: 

immediately after the therapy, patients can develop a set of side effects including tiredness and 

urinary and bowel symptoms that resolve 4–8 weeks after completion, while risk of toxicity can 

occur 12–24 months after therapy or more than two years after it [9]. Lastly, it is reported that 

radiotherapy leads to a small but present risk of a secondary cancer development in bladder or 

colon-recto with an incidence of 1 over 250 individuals [9]. 

 

Given the risk of this approach and the possible side effects, patients with intermediate-risk or 

high-risk localized prostate cancer should be encouraged to make an informed choice between 

prostatectomy and radiotherapy, where prostatectomy is more likely to cause urinary 

incontinence or erectile dysfunction but fewer bowel symptoms. In this context, radiotherapy 

is more likely addressed to older patients or those with comorbidities precluding surgery [4], 

[9]. 

 

1.3.4 Brachytherapy 

Brachytherapy is a particular technique that can be indicated for carefully selected patients with 

intermediate or high-risk disease. Brachytherapy is administrated implanting seeds (radioactive 

rice-sized capsules used to deliver localized radiation) directly into the tumor or near it to spare 

surrounding healthy tissues. It presents two main variants depending on the dose and life of the 

seeds: low-dose-rate permanent seeds or high-dose-rate temporary seeds [9]. 

 

This type of therapy is carefully addressed alone to patients with intermediate or high-risk 

disease, while it is used as a boost to external-beam radiotherapy for those with high-risk disease 

[4]. The combined use of brachytherapy and external radiotherapy can improve the biochemical 

control and decrease the metastatic failure, but it may increase the risk of toxicity [6], [9]. 
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1.3.5 Androgen deprivation therapy alongside curative radiotherapy 

The androgen deprivation therapy (ADT) is a hormone therapy that reduces male hormones 

(like testosterone) in the body to shrink or slow the growth of PCa cells. 

 

The addition of ADT to radiotherapy improves the overall survival in patients with high-risk 

localized cancer, as suggested by several clinical trials and meta-analyses [6], [9]. In particular, 

multiple meta-analyses show benefits for all clinical endpoints, including a mortality rate 

reduction around 20% [6]. 

ADT can be administered for different durations depending on the patient response, the grade 

group and the risk class and it is reported that a long-course ADT (≥ 2 years) produce better 

results than a short-course ADT (~ 6 months) [9]. Currently, the recommended duration for 

intermediate-risk patients is 4–6 months, while high-risk patients can benefit of a 18–36 months 

[9], [6]. Lastly, about the metastatic spreading of the disease, a meta-analysis proved that ADT 

combined with radiotherapy can significantly improve metastasis-free survival [9]. 

 

Despite the benefits showed previously, ADT should be carefully considered given its wide set 

of negative side effects on quality of life. In fact, it has been reported erectile dysfunction in 

more than 70% of patients, hot flashes in 60%, and changes in body composition with a 9% 

increase in body fat, as well as increased incidence of diabetes, myocardial infarction, and 

sudden cardiac death [4]. 

 

1.3.6 Radiotherapy after prostatectomy 

The current standard of care provides the administration of a early salvage radiotherapy after 

prostatectomy based on PSA rising [9], [6]. This choice seems to be motivated by three 

randomized trials that shows how combining these therapies results in delayed recurrence and, 

potentially, longer overall survival [6]. However, three subsequent trials comparing adjuvant 

with early salvage radiotherapy show no event-free survival benefit of the combined method 

[6].  
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The common procedure provides the administration of the therapy at a PSA of 0.2 ng/mL or 

with two or three consecutive PSA rises after surgery and it is reported that outcomes are most 

favorable if radiotherapy is initiated at a PSA level below 0.5 ng/mL [9]. 

 

Lastly, for ADT and early salvage radiotherapy combination, the RADICALS-HD trial 

established that long-course ADT of 24 months improves metastasis-free survival compared 

with short-course ADT of six months when combined with salvage radiotherapy [9]. Moreover, 

the addition of pelvic radiotherapy improves freedom from progression when combined with 

prostate bed radiotherapy and short-term ADT [9]. 

 

1.3.7 Focal therapy 

Between the emerging therapies for the localized PCa treatment, minimally invasive focal 

therapies are controversial. 

Focal therapy is a class of treatments that includes high-intensity focused ultrasound, 

cryotherapy, vascular-targeted photodynamic therapy, interstitial laser thermotherapy, 

electroporation, brachytherapy, and stereotactic radiotherapy applied focally [9], [6]. 

These techniques have been proposed with the aim of ablating the dominant cancer site to 

mitigate toxicity, but currently there is not enough evidences to recommend them as a standard 

procedure due to a lack of randomized clinical data [9], [6]. 

 

A synthetic representation of systemic therapies is showed in Figure 1.6. 
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Figure 1.6: Mechanisms of drugs used for systemic therapy of prostate cancer [6]. In this figure: ACTH indicates 

adrenocorticotropic hormone; CRH, corticotropin-releasing hormone; FSH, follicle-stimulating hormone; GnRH, 

gonadotropin-releasing hormone; LH, luteinizing hormone. 
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1.4 Management of advanced and metastatic 

disease 

 

1.4.1 Biochemical recurrence 

In PCa, the biochemical recurrence is evaluated from a PSA level screening only and may occur 

in 20% to 40% of patients after a definitive therapy [4]. On the other hand, the definition of 

biochemical failure is more articulated and depends on the primary treatment: after radical 

prostatectomy the most accepted threshold is a PSA level greater than 0.2 ng/mL or two 

consecutive rises; whereas after radiotherapy, failure is indicated by an increase greater than 2 

ng/mL above the nadir PSA (the lowest PSA level recorded after treatment) [4], [9]. 

 

Various strategies are possible in case of biochemical recurrence based on the original 

treatment: in case of prostatectomy, salvage radiotherapy may be considered; while for 

recurrence after initial radiotherapy the choice can be driven to different options including 

radical prostatectomy, cryotherapy, or high-intensity focused ultrasonography [4]. 

Regardless of the chosen therapy, the evolution of relapsed disease is long and life expectancy 

and quality of life must be considered when deciding the further approach [9]. 

 

Identifying biochemical recurrence is crucial to evaluate if the patients only present a relapsed 

disease or a metastatic form of the tumor. In this context, PSMA-PET has been revealed 

fundamental: it improved the ability of localize recurrent disease with a positive scan depending 

on the PSA level, ranging from 33% detection at PSA below 0.2 ng/mL to 95% at PSA of 2 

ng/mL or above [9]. Moreover, a more sensitive PSMA-PET imaging helped to classify around 

the 68% of patients originally defined as biochemical recurrence as patients with a metastatic 

disease [4], furthermore PSMA-PET can help localize the site of recurrence and lead to a change 

in the proposed treatment plan [9]. 

 

Lastly, ADT is usually initiated on development of symptoms or metastases or with a PSA 

doubling time less than six months, but delayed and intermittent ADT is preferred for most 

patients because early ADT does not improve survival [9]. In this context, a randomized clinical 

trial including 1068 patients demonstrated that the combination of enzalutamide and leuprolide 
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improved metastasis-free survival compared with leuprolide alone, achieving 87.3% versus 

71.4% respectively [4], [9]. 

 

1.4.2 Metastatic hormone-sensitive prostate cancer 

Metastases represent a major issue in PCa: around 5–15% of all PCa are metastatic at 

presentation, but this percentage can rise to 20–25% or more in countries with limited access 

to health care [9]. In addition, after a local therapy, a wide proportion of men can develop 

metastatic disease with the risk correlating with Gleason grade (from 2% for grade 1 to 56% 

for grade 5) [4]. Finally, patients that present metastatic disease at the first diagnosis have 

shorter overall survival than patients who develop it after an initial treatment of primary PCa 

[6]. 

 

The foundation of systemic therapy against metastatic PCa is reducing the circulating 

testosterone via chemical or surgical castration. ADT can be achieved surgically via bilateral 

orchiectomy or medically via a gonadotropin-releasing hormone agonist such as leuprolide, 

goserelin, or triptorelin, or a GnRH antagonist such as degarelix or the oral agent relugolix [4], 

[9]. With ADT alone is observed a reduction of PSA of 50% in 60–80% of patients, however 

castration-resistant disease invariably develops, with a median time to progression of 12 to 24 

months [4].  

Because of its limited duration of response, ADT is frequently associated with androgen 

receptor pathway inhibitors (ARPI) that significantly improve survival compared with ADT 

alone as proven in the LATITUDE trial [4], [9]. In this context, a special mention is given to 

darolutamide, the only ARPI that does not cross the blood-brain barrier, reducing neurologic 

side effects [9]. 

 

Regarding systemic therapy, the most common used chemotherapy drug is docetaxel which 

shows high benefits in patients with a high-volume disease with a survival from 34.4 months 

to 51.2 months [4]. However, combination of ADT and ARPI should be preferred for suitable 

patients given the fewer side effects of this therapy [4].  
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Lastly, radiotherapy directed at the prostate has been shown to improve overall survival in 

patients with low-volume metastatic disease when added to standard systemic therapy: the 

STAMPEDE trial shows how radiotherapy resulted in an improvement of 8% in overall survival 

at three years in men with this type of disease [6], [9]. 

 

1.4.3 Non-metastatic castration-resistant prostate cancer 

Non-metastatic castration-resistant prostate cancer (nmCRPC ) is defined by a rising PSA with 

castrate levels of serum testosterone and no evidence of metastatic disease on conventional 

imaging [4], [6]. This scenario is typically associated with patients treated with early and long-

term ADT who show biochemical failure after definitive local therapy [9]. 

 

Several trials show a marked reduction in the rate of metastatic progression, with a good 

tolerability and a health-related quality of life, proving a significant overall survival benefits on 

further follow-up [4], [6], [9]. 

Notably, nmCRPC is being redefined as imaging improves: evaluating patients with PSMA-

PET imaging suggested  that the prevalence of this disease state as traditionally defined will 

decrease substantially over time [4], [6], [9]. 

 

1.4.4 Metastatic castration-resistant prostate cancer 

Castration-resistant prostate cancer (mCRPC) is defined as disease progression despite serum 

testosterone at castrate levels below 50 ng/dL [9]. This condition is often caused by an androgen 

receptor activation –usually intratumoral– which requires ADT to be maintained lifelong [4]. 

The choice of the optimal systemic therapy for mCRPC depends on multiple factors including 

age, fitness, volume of disease, previous treatments received, the presence of DNA-repair 

defects, and PSMA expression [9]. 

 

Regarding chemotherapy, docetaxel remains one of the most commonly used therapies 

alongside other next-generation taxanes and shows improvement in the overall survival rate [4], 

[6], [9]. While, for cancer with an aggressive phenotype (including those with neuroendocrine 

features, visceral metastases, or low PSA) platinum-based chemotherapy carboplatin shows 

modest clinical efficacy and should be reserved for this specific population [6], [9]. 
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Next to cytotoxic approaches, ARPI represent a cornerstone of mCRPC treatment where the 

novel anti-androgens abiraterone and enzalutamide improve overall survival in ARPI-naive 

patients, both before and after docetaxel [9]. 

 

A relevant result emerged from the CARD trial, which confirmed that cabazitaxel (a second-

generation taxane) provides superior overall survival compared with switching to an alternative 

ARPI after progression, leading to the general recommendation of alternating between ARPIs 

and taxanes rather than switching within the same drug class [6]. 

 

The limitations of chemotherapy and ARPIs, have driven the development of molecularly 

targeted approaches. 

In approximately 20–30% of patients with mCRPC, DNA damage response gene defects have 

been identified (most commonly involving BRCA1, BRCA2, and ATM) [9]. These defects are 

responsible for genomic instability that can be treated with PARP inhibitors to induce synthetic 

lethality [6]. Therefore, somatic genetic testing should be offered to all patients with mCRPC, 

and germline testing is encouraged for those with a strong family history or hereditary cancer-

predisposition syndromes [4], [9]. 

Combination of PARP inhibitors with different ARPIs have also been evaluated in several 

studies (abiraterone with olaparib in PROpel [9], enzalutamide with talazoparib in TALAPRO-

2 [9] and abiraterone with niraparib in MAGNITUDE [4]) although it remains unclear if these 

combinations are superior to the subsequential use of each component [4]. 

Beyond systemic pharmacological therapy, radiation-based approaches have also shown 

efficacy in the castration-resistant setting. PSMA is expressed in most prostate tumors and its 

expression increases in mCRPC, making it a useful theranostic target [6]. 

Several trials have shown the improvement of the overall survival in patients treated with 

different PSMA-targeted radioligands after other therapies such as taxanes and/or ARPIs [4], 

[6], [9]. 

 

Finally, regarding immunotherapeutic strategies, the role of immunotherapy in prostate cancer 

remains limited for unselected patients. The first approved vaccine therapy is Sipuleucel-T, 

which showed a median survival advantage of 4.1 months in mCRPC, although the complex 

production and high cost have limited its clinical uptake [4], [6].  

Nonetheless, specific molecular subgroups may derive benefit from immunotherapy, that may 

be guided by molecular selection [6]. 



 21 

In conclusion, there is currently no agreed consensus regarding the best sequencing of all 

available options for mCRPC, but a common principle emerging from the evidence is the 

alternation of different drug classes rather than sequential use of agents of the same class. 

Moreover, molecular characterization through genetic testing is proving to be increasingly 

important to guide individualized therapy selection [4], [6], [9]. 

 

1.4.5 Bone protection and survivorship 

Bone metastases occur in most patients with metastatic PCa and contribute to the presence of a 

large set of collateral events. In a cohort study of 569 men with bone metastases, 43.6% had a 

skeletal-related event such as spinal cord compression or pathological fracture over a median 

follow-up of 2.2 years [4]. 

The most common treatment for this type of issue is bisphosphonate zoledronic acid, shown to 

reduce skeletal-related events, even though denosumab has been shown to be superior in 

delaying the first skeletal event [6]. Nonetheless, neither agent has really shown an effect on 

overall survival [6], [9]. 

 

As mentioned before, the use of lifelong ADT –sometimes in combination with newer 

therapeutic options– can successfully control metastatic PCa, but it is associated with 

significant quality-of-life worsening. In the context of bone-related events, ADT can reduce 

muscle mass and bone mineral density increasing risk of falls and fragility fractures [9]. A 

retrospective study including 50,613 men with prostate cancer reported a higher incidence of 

fracture in those receiving ADT compared with those who did not, at 19.4% versus 12.6% 

respectively [4]. 

For these reasons, patients on lifelong ADT should receive calcium and vitamin D 

supplementation along with a bisphosphonate or regular DEXA scans, with treatment as 

directed. Moreover, structured exercise programs leading to improved muscular strength and 

cardiorespiratory function, are indicated for this class of patients [9]. 

 

A synthetic flow-chart representation of the approaches discussed in this section is showed in 

Figure 1.7. 
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Figure 1.7: Flowchart of systemic therapies for metastatic prostate cancer [6]. 
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Chapter 2  
Fatty Acid Binding Proteins 

Intracellular lipid-binding proteins (iLBPs) are a class of low molecular mass (~15 kDa) 

proteins that can bind retinoids, long-chain fatty acids or other hydrophobic ligands. Among 

iLBPs, the ones that bind long-chain fatty acids (LCFAs) are called fatty acid-binding proteins 

(FABPs) [20].  

This subset of proteins is highly expressed in tissues with a high lipid metabolism and includes 

different isoforms [21]. To date, ten FABP protein-coding genes have been identified in the 

human genome: FABP1 (LFABP, liver), FABP2 (IFABP, intestinal), FABP3 (HFABP, muscle 

and heart), FABP4 (AFABP, adipocyte), FABP5 (EFABP, epidermal), FABP6 (ILBP, ileal), 

FABP7 (BFABP, brain), FABP8 (PMP2, myelin), FABP9 (TFABP, testis), and FABP12 [22] 

(Figure 2.1A).  

 

 

(A) (B) 

 

Figure 2.1: (A) table listing the mammalian FABPs, whose numbers reflect the order of their initial discovery. (B) 

superimposition of crystal structures of unliganded FABP1-9 generated in PyMOL (FABP1, 2F73; FABP2, 1IFC; FABP3, 

6AQ1; FABP4, 3RZY; FABP5, 4LKP; FABP6, 5L8I; FABP7, 1FDQ; FABP8, 3NR3; and FABP9, 4A60).  

Adapted from Storch and Corsico, “The Multifunctional Family of  Mammalian Fatty Acid–Binding  Proteins”, 2023. 
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These different types were originally named for the organ in which they were first identified or 

mostly predominate, but their expression extends beyond that specific tissue [21]. For example, 

FABP3 is mostly present in both cardiac and skeletal muscle and, to a lesser extent, in stomach, 

brain, lung, and mammary gland [22]. Furthermore, in several cell types more than one FABP 

type is expressed, suggesting specialized functions for these proteins [23]. 

 

2.1.1 Gene structure and protein architecture 

The gene structure of FABPs are mainly conserved and consist of four exons separated by three 

introns. For all the FABPs, the position of exons and introns is similar with the principal 

difference between isoforms is the length of the introns. Regarding the structure of genes: exons 

are quite short (~15–60 ammino acids) and genes contain the canonical TATA box upstream of 

the transcription start site [21]. 

Notably, all the isoforms share a moderate sequence homology (~20–70%) but their tertiary 

structures are virtually superimposable [21] (Figure 2.1B). 

 

 

Figure 2.2: Amino acid sequences of the human FABP family members I-9 and 12 are demonstrated using the ClustalW2 

multiple sequences alignment software program. Conservation between amino acids is demonstrated below the alignment, 

where yellow (value of 10) is 100 per cent conserved, and absence of bars (value of O) represents zero conservation among 

the sequences at that point.  

Adapted from Smathers and Petersen, “The human fatty acid-binding protein family: Evolutionary divergences and 

functions”, 2011. 
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Regarding the protein architecture, FABPs comprise ten anti-parallel β-strands (βA–βJ) forming 

a barrel structure that contains a solvent-accessible binding pocket capped by an N-terminal 

helix-turn-helix (αI–αII) (Figure 2.2). This cap is thought to have a regulatory function for the 

binding process [21]. The β-barrel cavity is 2–3 times larger than the volume of a fatty acid and 

its structure reveals to have water molecules inside bound with hydrogen bond to the internal 

polar residues [23]. 

 

As discussed before, all the FABPs are highly superimposable and high-resolution structures 

obtained by X-ray crystallography also show how both ligand-bound and unbound proteins 

have very similar structures. However, nuclear magnetic resonance (NMR) studies revealed a 

large flexibility in the distal half of the αII helix and the turn between β strands C and D related 

to the ligand entry and exit; for this reason, the region comprising the helical domain and 

associated β-strand turns is called the portal region [22]. 

 

2.1.2 Ligand binding properties 

All FABPs are capable of binding LCFAs with the affinity that increased proportionally to the 

ligand hydrophobicity [22]. Normally, each FABP can bind only one ligand per protein, with 

the exception of FABP1 and FABP6 which can bind two ligands simultaneously [22]. 

In the bound form, the ligand is generally oriented with the carboxylate group facing inwards 

and the binding typically involves tyrosine and arginine residues [21]. 

 

In the last decade, several studies showed how FABPs have a broad specificity: besides LCFAs, 

FABP1 can also bind other hydrophobic molecules including lysophospholipids, fatty acyl 

coenzyme A, cholesterol, bile acids, heme, and monoacylglycerols. Moreover, it emerged that 

FABPs are capable of transporting endocannabinoids, cannabinoid-like molecules, and 

phytocannabinoids, thus including these proteins in the endocannabinoid signaling process 

[22]. 

Lastly, FABPs also bind different classes of lipophilic drugs, including hypolipidemic fibrates, 

with differential binding specificities and consequent peroxisome proliferator-activated 

receptors (PPAR) activation [22]. 
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2.1.3 Functions 

The first proposal for FABPs’ function was intracellular fatty acid transport due to their 

intracellular localization and binding properties: bonding to FABPs can reduce detergent-like 

properties and make ligands more soluble. In addition, FABPs traffic these ligands to various 

cellular compartments for storage, oxidation, membrane synthesis, signalling and activation of 

nuclear receptors [21]. 

Regarding the ligand-transfer mechanism, fluorescence resonance energy transfer (FRET) 

assay showed that most of the FABPs examined (FABP2, FABP3, FABP4, FABP5 and FABP8) 

bind and deliver ligands by contact/collision with a membrane, while FABP1 only transfer its 

ligand via aqueous-phase diffusion [22]. In this process, the helix-turn-helix portal domain 

appears to determine the transfer mechanism [22]. 

 

More recent studies have demonstrated how FABPs participate in lipid metabolism, both 

directly and via regulation of gene expression [22]: FABPs can target fatty acids to transcription 

factors such as the PPAR family in the nucleus. Notably, the FABP1, FABP3, FABP4 and 

FABP5 genes are themselves regulated by PPARs via fatty acid activation, creating a feedback 

loop. [21]. Moreover, several FABP-family members have been demonstrated to affect the 

regulation of cognate nuclear transcription factor activity via ligand-dependent translocation to 

the nucleus [22]. 

Lastly, it has been studied how FABPs may be secreted and take part in systemic metabolism 

via circulation [22]. 

 

Given the large amount of processes involving FABPs, the dysregulation of these protein’s 

expression and function seems to be related to several diseases and disorders: a change in 

FABPs functionality has been detected in inflammatory diseases including obesity, obesity-

related disorders and multiples types of cancer leading to a more in-depth study of these proteins 

[22]. 
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2.2 Lipids and FABPs role in cancer 

Diverse FABP isoforms have been found to play a role in several cancer types: their 

dysregulation can both promotes or suppresses tumor growth depending on tissue context and 

whether the protein acts intracellularly or extracellularly [24]. Regarding tumor progression, 

FABPs can act following several mechanisms including enhanced fatty acid uptake, activation 

of nuclear receptors, promotion of angiogenesis, and modulation of cell survival pathways [24], 

[25]. 

 

The role of individual FABPs in cancer is various and context dependent: FABP1 can both 

tumor-promote and tumor-suppress in hepatocellular and colorectal cancers; FABP3 is 

upregulated in uveal melanoma and non-small cell lung cancer (NSCLC) but downregulated in 

the breast one; FABP7 promotes the progression of glioblastoma yet is associated with better 

outcomes in triple-negative breast cancer [24]. A special mention is given to FABP4, which 

suppresses tumor growth when acting intracellularly (endogenous) while promotes cancer cell 

invasiveness and metastasis when secreted by adipocytes in the tumor microenvironment [24]. 

Lastly, some of the strongest clinical evidence of the role of FABPs in cancer development and 

progression have emerged in PCa, where multiple FABP isoforms are involved in co-

amplification and overexpression, particularly in the metastatic disease [26]. 

This various behavior of FABPs in cancer highlights the need for isoform-specific therapeutic 

strategies. 

 

2.2.1 FABPs in prostate cancer 

Five FABP genes (FABP12, FABP4, FABP9, FABP8/PMP2, FABP5) are packed in a relatively 

small cluster mapped within ~0.3 million base pairs at the chromosome 8q21.13 [26] (Figure 

2.3). The amplification of this cluster is reported to increase from 7–8% in primary PCa to 17–

25% in metastatic PCa: it is reported how mRNA levels are highly increased in metastatic 

versus primary tumors, particularly for FABP12 (24.5-fold), FABP9 (6.5-fold), and FABP4 

(5.2-fold) [26]. Additionally, FABP4 and FABP9 correlate with Gleason grade and disease 

recurrence [26]. 
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Figure 2.3: FABP gene cluster at chromosome 8q21.13. Adapted from Liu and Godbout, “An Amplified Fatty Acid-Binding 

Protein Gene Cluster in Prostate Cancer: Emerging Roles in Lipid Metabolism and Metastasis”, 2020. 

 

The most widely studied cluster member in relation to PCa is FABP5. Normally, the prostate 

tissue has minimal FABP5 expression, but its levels highly increase in case of tumor and 

correlate with reduced patient survival [27]. Moreover, FABP5 is one of the fifteen signature 

genes whose upregulation can help to predict PCa and a greater than 20-fold upregulation is 

observed in lymph node metastases compared with the primary tumor [27]. 

In metastases, FABP5 promotes PCa progression by delivering fatty acid ligands to PPARγ and 

PPARβ/δ in the nucleus, activating transcription of protumoral genes including VEGF, matrix 

metalloproteinases (MMP2, MMP9) and NF-κB [26], [27]. Studies suggest that the malignant 

progression of castration-resistant prostate cancer (CRPC) is promoted by the replacement of 

the androgen receptor-activated pathway with FABP5-PPARγ signaling pathway [28]. Levels 

of biologically active PPARγ increase with cellular malignancy, and the proportion regulated 

through the FABP5 pathway is higher in androgen-independent PC3-M cells than in androgen-

responsive (AR) 22RV1 cells, suggesting that FABP5-targeted treatment would be most 

effective in AR-negative CRPC [28]. 

 

Notably, FABP12 –the most recently identified member of the cluster– has the highest mRNA 

fold-increase in metastatic PCa and is involved in EMT induction and lipid-derived energy 

production via PPARγ activation [26]. 

 

Given its involvement in PCa progression, several approaches to inhibit FABP5 have been 

explored: the small molecule SBFI-26 decreased proliferation and migration of CRPC cells 
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both in vitro and in vivo by competitively binding FABP5 and preventing fatty acid delivery to 

PPARγ. Moreover, second-generation inhibitors SBFI-102 and SBFI-103 showed improved 

potency reducing tumor growth in vivo [27]. The chemical structure of these FABP5 inhibitors 

is showed in Figure 2.4. 

Lastly, an important synergy has been demonstrated between FABP5 inhibitors SBFI-102 and 

SBFI-103 and taxane chemotherapeutics docetaxel and cabazitaxel: the combination of these 

molecules improved cytotoxic effects in vitro and the co-administration potentiated the 

antitumoral effects of docetaxel in vivo [27]. 

 

 

 

Figure 2.4:Chemical structure of FABP5 inhibitors. Adapted from O’Sullivan and Kaczocha, “FABP5 as a novel molecular 

target in prostate cancer”, 2020. 

 

 

2.3 FABP12 

As previously discussed, FABP12 was recently discovered as a novel member of FABP-family 

and its gene resides in the FABP cluster at chromosome 8q21.13 [20]. Also, rat and mouse share 

approximately 80% of the FABP12’s structure with humans and human FABP12 have almost  

47–66% identity with the other members of the FABP family, where the higher identity is with 

FABP8 (60–66%) [20]. 

Reverse transcription-polymerase chain reaction (RT-PCR) analysis showed that FABP12 

expression in physiological conditions is highly restricted –primarily detected in adult retina 

and testis– [20], but it can significantly increase in pathological condition [29]. 

 

2.3.1 Role in prostate cancer 

Despite its restricted distribution in health tissues, FABP12 plays a significant role in PCa 

progression and evolution. As discussed in Section 2.2.1, FABP12 has the highest mRNA fold-
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increase among FABPs in metastatic versus primary tumors, confirmed by the examination of 

nine human PCa which shows how the amplification is usually associated with metastatic 

disease (17–30%) compared to localized tumors (5–8%) [29]. 

 

Ectopic expression of FABP12 in PCa cell lines induces EMT, characterized by loss of E-

cadherin, upregulation of vimentin and Slug, and nuclear translocation of β-catenin [29]. Slug 

is crucial for explain the role of FABP12 in PCa: its depletion reverse the cell motility induced 

by FABP12 [29]. 

This process seems to involve PPARγ signaling activated by FABP12 without altering this 

receptor expression levels. PPARγ inhibition or depletion attenuates the expression of Slug 

induced by FABP12, the cell motility, and the fatty acid β-oxidation [29]. In parallel, FABP12 

expression promotes lipid droplet accumulation, mitochondrial respiration, citrate synthase 

activity, and intracellular ATP levels. This indicates a metabolic shift towards fatty acid β-

oxidation which acts as fuel for metastatic transformation [29]. 

 

Regarding therapies, FABP12 has been recently shown to confer docetaxel resistance [30]. This 

fact seems related to the Survivin (BIRC5) –a potent inhibitor of apoptosis– enhanced 

expression caused by FABP12 through the FABP12→PPARγ→Slug→Survivin regulatory axis 

[30]. 

 

Summarizing, FABP12 promotes PCa progression through two different mechanisms: 

1. Inducing metastatic transformation via EMT and lipid metabolic reprogramming [29]; 

2. Suppressing chemotherapy-induced apoptosis via the Slug-Survivin axis [30]. 

 

The restricted distribution of FABP12 in normal tissues makes it attractive for a novel 

therapeutic inhibitor, as inhibition would be expected to have fewer off-target effects compare 

to other more widely expressed FABPs [30]. 

 

2.3.2 Computational perspectives 

To date, no computational studies specifically targeting FABP12 have been reported. However, 

the FABP family has been analysed through structure-based drug discovery studies, providing 

a methodological framework directly applicable to FABP12. 
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Berger et al. conducted a virtual screening of over one million compounds from ZINC database 

using DOCK against FABP7 and from the alignment of this FABP with the FABP5 emerges 

that the key binding residues Arg106, Arg126, and Tyr128 being identical between the two 

proteins [31]. 

Since FABP12 conserve these binding residues [20] and protein-ligand binding modeling using 

COACH has already identified the FABP inhibitor T4B (CAS300657-03-8) as a top-ranked 

ligand for FABP12 [29], analogous computational studies can successfully lead to the 

identification of a novel FABP12-selective inhibitor. 
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Chapter 3  
Aims and objectives 

As discussed in the previous chapter, advanced prostate cancer remains a major clinical 

challenge, particularly in the castration-resistant form where chemoresistance frequently 

develops [4], [9]. In this context, FABP12 emerges as a promising target for its restricted 

expression in normal tissues and its marked overexpression in metastatic PCa [31]. Despite the 

interest in FABP12, no selective inhibitors have been developed to date and the absence of a 

3D structure for this protein obstacle structure-based drug design. 

 

This thesis work was carried out at the University of Alberta within the research group of Prof. 

Roseline Godbout at the Cross Cancer Institute, Department of Oncology. The project is part of 

a broader research initiative funded by the Alberta Cancer Foundation through the 2024 Game 

Changer Competition, which awarded $1.25 million to Prof. Godbout's team to develop novel 

therapeutic strategies targeting FABP12 in metastatic prostate cancer [32]. In this context, the 

present thesis contributes to the computational component of the pipeline, aiming to improve 

the knowledge about the target structure and guiding the selection of candidate inhibitors for 

future experimental validation. 

 

Specifically, the objectives of this work are: 

1. Predict and validate a reliable 3D structure of FABP12 by deriving a consensus model 

from an ensemble of Boltz-2 protein–ligand co-folding simulations, followed by 

refinement through homology modeling in the Molecular Operating Environment; 

2. Perform a large-scale affinity screening of known FABP inhibitors against FABP12 and 

other FABP family members using Boltz-2 affinity prediction to identify good and 

selective binders; 
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3. Expand the chemical space beyond the initial dataset through similarity-based virtual 

screening on PubChem, followed by molecular clustering and diversity-based selection 

of novel candidate compounds; 

4. Characterize the drug-likeness and pharmacokinetic properties of the selected 

candidates using SwissADME analysis. 

 

The following chapters analyze the computational methods employed (Chapter 4) and the 

specific materials and procedures adopted throughout the study (Chapter 5). 
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Chapter 4  
Computational methods and resources 

This chapter aims to be a technical glossary to support the comprehension of the Material and 

Methods section. It covers the computational methods used, the resources and databases 

accessed and the functionality and training of AI-tools employed in this study. Therefore, it 

creates the background needed to fully understand the work presented in this thesis. 

 

4.1 Chemical databases 

The foundation of computational drug discovery is the availability of a large set of chemical 

structures from which candidate molecules can be identified, filtered and screened. 

The databases considered for this work span between three complementary sets of data: a 

comprehensive database of literature-related and commercially available compounds 

(PubChem), an ultra-large-scale library of purchasable ligands (ZINC20) and a focused drug 

repurposing collection (ReFRAME). 

 

4.1.1 PubChem 

PubChem (https://pubchem.ncbi.nlm.nih.gov) is a public chemical information resource 

maintained by the National Center for Biotechnology Information (NCBI) at the National 

Institutes of Health (NIH) [33]. It represents one of the largest open-access chemical databases 

in the world and as of September 2024 contained approximately 119 million unique compounds 

and 322 million substance entries from more than 1,000 data sources [33]. 

 

Data are organized into multiple collections: 

1. Substance: chemical descriptions as uploaded by individual depositors; 

https://pubchem.ncbi.nlm.nih.gov/
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2. Compound: unique chemical structures obtained from Substance records through a 

standardization process; 

3. BioAssay: description and results of experiments (PubChem contains around 295 

million bioactivity data points from over 1.67 million assays [33]); 

4. Protein, Gene, Pathway, Cell Line, Taxonomy, and Patent: target-centric views, linking 

chemical and biological activity information to specific targets [33]. 

 

Regarding computational drug discovery, PubChem can be useful as a first reference to identify 

known bioactive compounds and experimentally validated molecules for a given target. 

Moreover, it provides programmatic access through standardized web interfaces that help the 

integration into an automatized screening process. 

 

4.1.2 ZINC20 

ZINC20 (https://zinc20.docking.org) is a database specifically designed for ligand discovery 

[34]. It is the twentieth iteration of the ZINC platform that began from fewer than one million 

compounds in 2005 to over 1.4 billion, of which around 1.3 billion are classified as purchasable 

[34]. Notably, this database applies a strict data freshness policy: over 90% of catalogues are 

updated every 90 days and over 90% of compounds have been verified as purchasable in the 

preceding three months [34]. 

 

The compounds derive from 310 catalogs provided by 150 vendors. In addition to this large 

amount of molecules, ZINC also offers a make-on-demand chemical libraries. In ZINC20, 

molecules are free-to-download in 3D representations and ready for docking, with subsets 

organized by physicochemical properties [34]. 

The database supports several search modalities: SmallWorld for graph-based similarity, Arthor 

for pattern matching and conventional 3D approaches such as docking [34].  

 

4.1.3 ReFRAME 

The Repurposing, Focused Rescue, and Accelerated Medchem (ReFRAME) library 

(https://reframedb.org) is an open-access drug collection assembled at the Scripps Research 

Institute (Calibr) [35]. This library was created by querying three major commercial drug 

https://zinc20.docking.org/
https://reframedb.org/
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databases –Clarivate Integrity, GVK Excelra GoStar, and Citeline Pharmaprojects– integrating 

a patent mining process to identify small molecules that had been dosed in humans [35]. 

The composition of this library is particular: it contains around 12,000 compounds of which 

~38% are FDA-approved drugs and ~59% are investigation compounds in any phase of clinical 

development [35]. 

 

The strength of the ReFRAME library is that its compounds have already undergone clinical or 

preclinical safety evaluation, reducing the time required to advance a repurposed candidate into 

clinical trials [35]. Lastly, all the results obtained using this collection are shared through the 

portal helping in follow-up studies and collaborative research [35]. 

 

4.2 Similarity-based virtual screening 

Molecular similarity is the base of computational drug discovery and rests on the empirical 

observation that structural related molecules tend to exhibit similar physicochemical and 

biological properties [36]. This is the reason behind ligand-based virtual screening: using a 

compound with known biological activity as a starting point can lead to the discovery of 

analogous candidates that may share the same activity. 

For this work, structure-based approaches are not ideal since FABP12 still has a non-confirmed 

structure. Therefore, it has been decided to use ligand-based methods which only rely on 

chemical information encoded in the known active molecule [36]. 

 

4.2.1 Molecular fingerprints 

The first step to computationally compare molecules is translating their information into a 

numerical representation suitable for mathematical operation. Molecular fingerprints serve this 

purpose: they are vectors encoding the presence or absence of specific structural features of the 

molecule. Each position (or bit) in a fingerprint corresponds to a particular fragment or atomic 

environment creating a computational summary of the molecule’s structure [37]. 

 

Extended-connectivity fingerprints (ECFPs) –also known as Morgan fingerprints– are some of 

the most widely adopted representations of molecular structure. They are part of the class of 

circular fingerprints that encode molecular features by considering concentric neighborhoods 

of atoms around each atom in the molecule [37]. 
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The generation of ECFPs follows an iterative process: 

1. Each non-hydrogen atom is assigned an integer identifier based on a set of atomic 

properties (such as number of heavy-atom neighbors, valence, atomic number, atomic 

mass, charge, number of attached hydrogens, ring membership) and these identifiers are 

collected; 

2. In the following iterations, the identifiers of each atom are updated considering the 

information from its immediate neighbors; 

3. The process is repeated for a certain number of iterations and all identifiers are collected 

in the final fingerprint, which each identifier represent an atom-centered structure of 

progressively increasing radius [37]. 

 

ECFPs are divided by their diameter –maximum size of the neighborhoods considered– and 

named ECFP_n, where n equals twice of the iteration performed. For example, ECFP_4 is 

created with two iterations and captures substructures up to four bonds in diameter. This 

resolution is normally considered sufficient for similarity searching [37]. 

Notably, ECFPs are not predefined, unlike dictionary-based fingerprint such as MACCS which 

rely on a set of substructural patterns. This can allow ECFPs to represent an unlimited number 

of different molecular features. Furthermore, the nature of ECFPs allows them to encode both 

presence and absence of substitution which is relevant for capturing biological activity [37]. 

 

4.2.2 A measure of similarity: the Tanimoto coefficient 

After the computing of fingerprints, it is needed a quantitative measure of similarity. The 

Tanimoto coefficient is the most used metric to compare binary fingerprints and it is defined by 

Equation 4.1 [38]: 

T(𝐴, 𝐵) =
𝑐

𝑎 + 𝑏 − 𝑐
 (4.1) 

 

where a is the number of bits set to 1 in molecule A, b is the number of bits set to 1 in molecule 

B, and c is the number of bits set to 1 in both molecules simultaneously.  

The coefficient ranges from 0, indicating no common features, to 1, indicating identical 

fingerprints [38]. 
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In practice, similarity thresholds are applied to classify the compounds obtained from a 

screening. The specific cutoff needs to be chosen depending on fingerprint types, databases and 

context of the study. 

 

4.2.3 General workflow of similarity-based virtual screening 

Starting from a known active compound, its fingerprints is calculated and used as a reference 

against all the entries in the target database. Tanimoto coefficient (or others similarity metrics) 

is then calculated between the reference compound and each database entry, and molecules 

above the chosen similarity threshold are saved as candidate hits. The schematic flow-chart of 

these steps is showed in Figure 4.1. 

From the computational side, many of these steps can be carried out using open-source 

cheminformatics tools such as RDKit [39] which are able to implement both fingerprint 

generation and Tanimoto similarity computation. 

 

Given the number of compounds contained in the modern databases, a critical point in 

similarity-based virtual screening is the scale of the process. Accordingly, parallelization 

strategies and high-performance computing resources are needed to successfully complete these 

large-scale screenings within practical timeframes [36]. 

 

 

 

Figure 4.1: Flow-chart of the general methodology for a similarity-based virtual screening approach [37]. 

  



 40 

4.3 Classical structure-based methods 

Structure-based drug discovery is founded on the knowledge of the 3D architecture of the 

biological target –in the context of this work, a protein– to allow the identification and 

optimization of candidate molecules. 3D models are usually obtained through X-ray 

crystallography, nuclear magnetic resonance spectroscopy or cryo-electron microscopy 

analyses, but they are not always available, especially for newly-discovered targets. 

In this context, different computational methods can be applied to a protein sequence to obtain 

a prediction of its 3D structure [40]. Computationally, homology modeling and molecular 

docking are classical approaches at the basis of structure-based drug discovery, widely used in 

previous decades and still today [41]. 

 

4.3.1 Homology modeling 

Homology modeling is a technique that predicts the 3D structure of a given protein sequence –

the target– based on its alignment to one or more proteins with a known structure –the 

templates– [40]. This is possible following the principle that the protein 3D structure is more 

evolutionary conserved than the amino acid sequence, thus proteins with sufficient sequence 

similarity fold in similar ways, creating comparable 3D structures [40]. 

 

The prediction process consists of different sequential steps (Figure 4.2): 

1. Identification of a suitable template; 

2. Target-template alignment, where all the target residues (amino acids) are mapped 

against the template; 

3. Model building, where the coordinates of the target residues are estimated based on the 

alignment; 

4. Model evaluation to verify the quality and reliability of the resulting structure [40]. 

 

To implement homology modeling, several software tools have been developed, ranging from 

dedicated programs such as MODELLER to integrated commercial platforms like the 

Molecular Operating Environment (MOE) [42], used throughout this work.  
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Figure 4.2: Flow-chart of general homology modeling approach [40]. 

 

Homology modeling has proven highly effective when used with a template sufficiently 

identical to the target sequence, but its accuracy is significantly reduced by the lack of closely 

related structures in existing databases. Therefore, alternative approaches have been developed 

using physics-based ab initio and fragment assembly strategies and nowadays new deep 

learning approaches have emerged [43]. 

 

AlphaFold family algorithms have opened the way to structure predictions with experimentally-

accurate results, as demonstrated through successive rounds of the Critical Assessment of 

protein Structure Prediction (CASP) benchmarks [43]. This has expanded the structure-based 

approaches to targets with no validated structure or suitable template such as FABP12. 
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4.3.2 Molecular docking 

In the context of classical structure-based virtual screening, when the 3D structure of the target 

is available, molecular docking is the natural following step. Docking methods fit a compound 

into the target binding site, predicting the ligand conformational changes and evaluating the 

binding energy of the resulting complex [41]. 

 

Molecular docking was originally developed in the 1970s to study the mechanisms of molecular 

recognition between macromolecular targets and small molecules. It has then evolved into one 

of the most widely employed in silico techniques for drug discovery [44]. 

 

Molecular docking involves two core components (Figure 4.3): 

1. A sampling algorithm that explores the conformational and orientational space of the 

ligand when inserted into the target binding site, generating a set of binding poses; 

2. A scoring function to evaluate each pose and determine how likely each complex is to 

form [44]. 

 

 

Figure 4.3: Visual representation of molecular docking [41]. 

 

Applying molecular docking to virtual screening opens the field to evaluate a large number of 

compound databases, allowing a more efficient selection of candidates for further experimental 

testing [44]. Moreover, molecular docking is the starting point for structure-based ligand 

optimization and bioactive evaluations [41]. 

Here MOE provides an integrated platform to perform ligand and protein preparation, binding 

site identification, docking execution and pose analysis [42]. 
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A special mention goes to ComBind technique (Figure 4.4), a particular approach combining 

the docking of a query molecule in a target binding site with the docking of other ligands 

previously known to bind in that particular position. Using ComBind can improve the chances 

to find a ligand conformation and position actually reliable because, unlike standard docking, 

where ligand poses are randomly generated, this approach uses the known binding poses of 

other ligands to narrow the field of possibilities [41]. 

 

 

 

Figure 4.4: Visual representation of how ComBind method works and how it differs from standard docking. Adapted from 

Paggi et al., “The Art and Science of Molecular Docking”, 2024. 

 

Despite its widespread adoption, molecular docking is affected by several limitations: scoring 

functions employ mathematical approximations which do not accurately evaluate certain 

thermodynamics contributions to binding energy, in particular entropy changes upon binding 

and solvation effects [44]. Moreover, the target binding site is often treated as a rigid or semi-

rigid body which cannot account its binding flexibility [44]. 

To mitigate these limitations, different strategies have been developed such as consensus 

scoring combining multiple scoring functions, parallel docking runs and combinations of 

docking with molecular dynamics simulations and binding free energy evaluations [44]. 

Recently, also machine learning and physics-based approaches have been integrated to improve 

the reliability of molecular docking [41]. 
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4.4 Boltz: AI-based structure prediction 

The prediction of protein folding without any template to follow has been one of the most 

relevant open challenges in computational biology. Despite the progresses obtained from 

physics-based simulations and co-evolutionary analysis, computational methods lacked the 

atomic-level accuracy required for drug design applications. 

In this context it is inserted the 2020 release of AlphaFold2 (AF2), developed by DeepMind, 

and validated at the 14th Critical Assessment of protein Structure Prediction (CASP14) where 

it demonstrated an accuracy comparable to experimentally determined structure in most cases 

[45]. AlphaFold2 merged a novel deep learning architecture with physical and biological 

knowledge and enabled the production of per-residue coordinate predictions and associated 

confidence estimation, using multi-sequence alignments (MSAs) to predict the protein folding 

[45]. 

The impact of AlphaFold2 on bioinformatics was recognized in 2024 with the Nobel Prize in 

Chemistry [46]. 

 

An important limitation of AF2 was its inability of predict biomolecular complexes –such as 

protein-ligand complexes– that are central to drug discovery. 

This limitation was addressed in 2024 with the release of AlphaFold3 (AF3), capable of 

predicting complexes including proteins, nucleic acids, small molecules, ions and modified 

residues [47]. This was made possible by replacing the original AF2 structure module with a 

diffusion-based generative model [47]. 

AF3 demonstrated to improve accuracy over previous tools –particularly for protein-ligand 

interactions– and to outperform classical docking methods [47]. 

 

The most significant limitations regarding large-scale computational studies using AF3 were 

the releasing conditions of the model: it was proprietary and accessible only through a web 

server that enabled a limited number of predictions that could be submitted. Moreover, AF3 

model weights and training data were not public at the time of its initial release, leading to the 

need for an open-source and locally deployable alternative capable of replace AF3 for large-

scale simulations. 
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Boltz was developed to answer this precise request. It was created by researchers at the MIT 

Jameel Clinic for Machine Learning in Health and provides a fully open-source solution for 

biomolecular structure predictions that replicates and then extends the capabilities of AF3 [48]. 

All code, model weights, training data and benchmarks of Boltz have been released under the 

MIT licence and are freely available for both academic and commercial use [48]. 

 

4.4.1 How Boltz works 

To run predictions, Boltz takes as input a structured YAML file (Figure 4.5) that contains the 

protein sequence(s) in FASTA format, the ligand structure represented using either a SMILES 

string or a Chemical Component Dictionary (CCD) code and, optionally, other additional 

parameters such as binding pocket constraints defined by the user or other properties to be 

predicted (e.g., binding affinity in Boltz-2 and later versions) [49]. 

The YAML format represents a flexible and human-readable interface for defining complex 

biomolecular assemblies and it can also include multi-chain complexes and structures with 

covalent modifications [49]. The output of a Boltz prediction is the 3D structure of the complex 

–usually protein-ligand– accompanied by several confidence scores quantifying the reliability 

of the prediction [48]. 

 

 

 

Figure 4.5: example of a YAML file using throughout this work. In blue, the identifiers of biological entities, in green the 

path to the MSA file –here pre-computed locally– that can also be computed automatically when the prediction is launched, 

in orange the additional properties to evaluate beside the 3D co-folding –in this case affinity because using Boltz-2. 

 

Within the prediction process, Boltz implements a diffusion-based generative model to create 

all-atoms coordinate predictions. This model act in two phases (Figure 4.6): 

1. A forward phase where the known structure is progressively corrupted by adding 

random noise until it becomes indistinguishable from pure noise; 
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2. A reverse phase where the neural network learns how to reconstruct the starting structure 

by iteratively removing noise [48]. 

 

During inference, the model starts from random coordinates for all atoms and iteratively refines 

them through a series of denoising steps, implementing a control on physical properties [48]. 

This process allows Boltz to model the full distribution over atomic positions, capturing the 

flexibility of biomolecular structures. 

 

Naming as tokens all the components of the complex to predict, such as protein residues and 

ligand atoms, the neural network encodes pairwise relationships between all tokens in the 

system using attention-based modules, among which one of the most relevant is PairFormer. 

This module encodes both single-representation features –capturing per-token properties– and 

pair-representation features –capturing relationships between tokens– allowing the model to 

comprehend complex chemical dependencies such as hydrogen bonds or hydrophobic contacts 

across the bind interface [48]. 

 

 Another fundamental component of the Boltz architecture is the incorporation of MSAs of 

homologous protein sequences, which provide evolutionary context helping constrain the 

predicted fold. This feature follows what was previously implemented in AF3 while adds 

innovation in the training and the inference procedures[48]. 

 

 

 

Figure 4.6: Diagram of the architecture of Boltz-1. Adapted from Wohlwend et al., “Boltz-1 Democratizing Biomolecular 

Interaction Modeling”, 2025. 
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4.4.2 Training 

Like AF3, the first training of Boltz is based on experimentally determined structures from the 

Protein Data Bank (PDB) which contains over 200,000 structures obtained from X-ray 

crystallography, cryo-electron microscopy, and nuclear magnetic resonance spectroscopy with 

the addition of a large number of protein-ligand complexes useful to teach the model to predict 

binding interactions [48]. 

 

These data cannot be sufficient to train the model to predict arbitrary complexes, so not only 

experimental structure were used but also large-scale augmented datasets created through a 

process known as self-distillation [48]. 

For this goal were used predictions produced by previously trained model –in this case, AF2– 

to expand the training data. Specifically, Boltz incorporates in the training process both long 

(>200 residues) and short (4–200 residues) monomer distillation sets as well as distilled 

structures of disordered protein regions with inserted ligands [48]. This process allows the 

model to generalize to novel protein folds and binding modes [48]. 

 

From a practical point of view, the training process involves the use of noise-corrupted versions 

of the known structure and training the neural network to reconstruct the original coordinates. 

Through this process, the model learns to map together the sequence information, the 

evolutionary features from MSAs and the chemical descriptors of ligands onto 3D atomic 

coordinates. In addition, Boltz implements a fine-tuning of the model’s trunk layers using a 

confidence model, rather than as a separate prediction head [48]. 

 

Notably, the computational resources required for training are substantial, making practically 

complex to small research groups to retrain the model even with the training processes and data 

fully available to download and use [49]. However, the prediction of single complexes –using 

the pre-trained model– is less demanding and can be implemented locally or on high-

performance computing (HPC) clusters for large-scale virtual screening [48]. 
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4.4.3 The three versions: Boltz-1, Boltz-2, and BoltzGen 

To date, the Boltz project has released three distinct models, each extending the capabilities of 

the previous version. 

 

Boltz-1, released in November 2024, was the first open-source model to obtain an accuracy 

similar to AlphaFold 3 [48]. It was developed at the MIT Jameel Clinic with computational 

support from Genesis Therapeutics and the U.S. Department of Energy and beyond its 

capability to replicate the AF3 performances, it introduced several innovations, including a 

more efficient MSA pairing algorithm and the ability to condition predictions on user-defined 

binding pockets [48]. Boltz-1 was validated against AF3 and Chai-1 –another structure 

prediction model– on both 539 structures obtained from recent PDBs (Figure 4.7A) and 66 

CASP15 benchmarks (Figure 4.7B), resulting in comparable performance across all evaluated 

modalities [48]. Additionally, in the updated Boltz-1x release, a novel function was 

implemented: Boltz-steering allows to correct non-physical predictions –such as steric clashes 

or unrealistic bond geometries– by applying physics-inspired potential functions during the 

reverse diffusion process. 

(A)  

(B)  

 

Figure 4.7: Visual summary of the performance of AlphaFold3, Chai-1, Boltz-1 and Boltz-1x on the PDB validation set (A) 

and the CASP15 benchmarks (B). Adapted from Wohlwend et al., “Boltz-1 Democratizing Biomolecular Interaction 

Modeling”, 2025. 
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Boltz-2 was released in June 2025. It presents a moderately improved structure prediction 

accuracy –with notable gains on RNA chains and DNA-protein complexes–, while 

implementing a relevant update that integrate binding affinity prediction of protein-ligand 

complexes [50] (Figure 4.8). Additionally, Boltz-2 is the first AI model to approach the 

performance obtainable from physics-based free-energy perturbation (FEP) methods when 

predicting small molecules-protein binding affinity, while being around 1000 times more 

efficient in terms of computational resources [50]. This innovation paved the way for accurate 

in silico prediction, useful for early-stage drug discovery. Lastly, Boltz-2 introduces setting 

parameters: the conditioning on experimental method, the possibility to set distance constrains 

between atoms and residues and the multi-chain template integration [50]. On the CASP16 

affinity challenge, Boltz-2 outperformed all competing methods without any fine-tuning or 

input curation [50]. 

Boltz-2 is the model employed in this work for the prediction of ligand-protein complexes and 

evaluating binding affinity. 

 

 

 

BoltzGen was released in November 2025 extends the Boltz framework of possibilities from 

predictive to generative [51]. While Boltz-1 and 2 are designed to predict the structure of a 

given protein-ligand complex, BoltzGen can also generate novel protein and peptide binders 

against a wide range of biomolecular targets [51]. This important new feature is possible 

because BoltzGen unifies structure prediction and design within a single all-atom diffusion 

 

 

Figure 4.8: Diagram of the updated architecture of Boltz-2. Adapted from Passaro et al., “Boltz-2 Towards Accurate and 

Efficient  Binding Affinity Prediction”, 2025. 
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model [51]. Although it was not used within this work, BotzGen surely represent a major 

turning point in the drug design field and the natural extension of what is presented in the 

present thesis.  

 

4.4.4 Boltz confidence metrics 

The ability to estimate the reliability of a prediction is a crucial aspect of any structure 

prediction software. Boltz provides a set of confidence metric employed within this work and 

are therefore described here in detail. 

 

The predicted Local Distance Difference Test (pLDDT) is a per-residue confidence score 

ranging from 0 to 100 that estimates the accuracy of the local structural environment around 

each residue. It is obtained by the comparison between predicted interatomic distances with 

those in the reference structure. Higher pLDDT values indicates greater confidence and scores 

above 90 typically show a very high confidence, but values between 70 and 90 are also 

considered to indicate confident predictions [45]. The pLDDT is useful to identify well-folded 

domains versus disordered segments –such-as the carboxy-terminal region of a protein. 

 

The Predicted Aligned Error (PAE) estimates the expected positional error (in Å) between 

two residues after optimal superposition between the predicted and the true structure. PAE 

produces a matrix indicating how well the relative positions of residue pairs are predicted and 

low values for inter-chain residue pairs indicate that the spatial relationship between the two 

structure is predicted with high confidence [47]. The PAE is particularly informative for 

evaluating interface quality. 

 

The interface predicted Template Modelling score (ipTM) is a global indicator of the 

goodness of the predicted interface between different molecular chains (e.g., protein-protein or 

protein-ligand complexes) and derives from the PAE matrix. It ranges from 0 to 1 and values 

closer to 1 indicate higher confidence in the predicted relative arrangement of the chains. In 

protein-ligand complexes, ipTM shows the reliability of the model regarding the binding pose 

of the ligand within the protein binding site [47]. Normally, values above 0.8 indicate high-

quality predictions with strong confidence, while values below 0.6 suggest potentially 

unreliable predictions. It is important to carefully evaluate scores in the intermediate zone where 

values are between 0.6 and 0.8 [52]. 
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Boltz combines pLDDT and ipTM into a composite metric called Confidence Score. It 

provides an overall quality assessment for the predicted complex, balancing local structural 

accuracy (from pLDDT) with global interface reliability (from ipTM). The need for a composite 

metric, that unifies prediction confidence evaluation, derives from the high variety of data Boltz 

used within the training process. Confidence score is defined as showed in Equation 4.2 [52]: 

 

confidence score = 0.8 × complex_pLDDT + 0.2 × ipTM (4.2) 

 

Releasing Boltz-2, the model introduces two additional metrics related to binding affinity 

prediction evaluation. 

The affinity predicted value is designed to estimate the predicted binding affinity and it is 

defined as showed in Equation 4.3 [52]: 

 

affinity predicted value = log10(IC50) (4.3) 

 

where IC₅₀ is the half maximal inhibitor concentration expressed in micromolar (μM), which 

indicates the concentration of a compound required to inhibit 50% of the activity of the target 

molecule. As defined, the affinity predicted value indicates stronger binding affinity when 

values are lower [52]. This metric results particularly useful during the ligand optimization 

phase of drug discovery, where the goal is to quantify and compare active molecules against 

the same target, not to discriminate actives from inactives [52]. 

 

The affinity probability binary is a metric specifically designed for the hit discovery phase, 

where the goal is to distinguish active compounds (binders) from inactive ones. It expresses the 

probability that a ligand is a binder and ranges from 0 to 1, where values closer to 1 indicate a 

likely binder [52]. 

 

4.4.5 Limitations 

Despite the advantages represented by the Boltz family of models, some relevant limitations 

must be considered when interpreting the results. 

First, the accuracy of predicted binding poses degrades for highly flexible ligands –large and 

flexible ligands cause the conformational space to explore to grow exponentially– or for 

proteins with atypical binding sites –related to their poorly representation in the training data 
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[48]. Moreover, even if the computational demand for a single Boltz prediction is manageable, 

large-scale campaigns –such as the one describe in this work– must be carried out on HPC 

resources as will be described in Section 4.6. 

Lastly, the affinity predictions introduced in Boltz-2 are still in an early stage. Although the 

model achieves strong correlation with experimental readouts on multiple benchmarks, its 

affinity predictions remain below those of some high-end physics-based approaches for specific 

target classes [50]. 

 

4.5 Molecular clustering 

A similarity-based virtual screen yields a large number of candidate compounds. These hits, 

because of the nature of the screening method itself, may share a large structural similarity that 

introduces redundancy without increasing the chemical and/or pharmacological information 

gained. Therefore, a strategy to reduce the candidate pool while preserving diversity is needed. 

Molecular clustering and diversity-based selection group structurally or pharmacologically 

related compounds, allowing the following choice of representative molecules from each group 

[53]. 

 

4.5.1 Similarity-based clustering 

The goal of a similarity-based process is maximizing chemical diversity among the selected 

candidates to explore a wider chemical and biological space. This is particularly important when 

only a restricted number of compounds can be experimentally tested.  

 

A widely adopted method for molecular clustering is the algorithm proposed by Butina [53]. 

This unsupervised approach uses molecular fingerprints and the Tanimoto similarity coefficient 

to divide a compound set into homogeneous clusters: molecular fingerprints (see Section 4.2) 

encode the structural features of each molecule into a binary string and the Tanimoto coefficient 

evaluates the similarity between two fingerprints. 

The Butina algorithm first computes a pairwise similarity matrix for all compounds, then 

molecules are ranked by the number of neighbours they have above a user-defined similarity 

threshold and the molecule with the higher ranking becomes the first cluster centroid. Then, all 

its neighbors are assigned to that cluster and removed from the pool. The process is repeated 

iteratively until all compounds are assigned or defined as singletons –clusters of a single 
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compound [53]. An important property of this method is that every member of a given cluster 

is at least as similar to its centroid as the chosen threshold, ensuring intra-cluster homogeneity 

[53]. 

Compared to earlier approaches, the Butina method can produce more consistent and 

homogeneous clusters with minimal operator intervention [53]. 

In practice, structural fingerprints for clustering are commonly computed using open-source 

toolkits such as RDKit [39]. 

 

4.5.2 ADME-based clustering 

Similarity-based clustering captures structural analogies but does not account for the 

pharmacokinetic and physicochemical properties. To complement the structural perspective, 

clustering can also be performed based on molecular descriptors related to absorption, 

distribution, metabolism, and excretion (ADME). 

SwissADME is a free web tool developed by the Swiss Institute of Bioinformatics that rapidly 

computes physicochemical properties, pharmacokinetics, drug-likeness, and medicinal 

chemistry friendliness for small molecules [54]. SwissADME requires the molecular structure 

encoded in SMILES format and produces a large number of descriptors, including partition 

coefficient between n-octanol and water (LogP), molecular weight, topological polar surface 

area (TPSA), number of hydrogen bond donors and acceptors, number of rotatable bonds and 

aqueous solubility [54]. 

Among drug-likeness criteria, the widely adopted is the Rule of Five formulated by Lipinski 

and colleagues [55]. This rule predicts that poor intestinal absorption or membrane permeation 

is more likely for molecules that violate two or more of the following conditions: 

1. Molecular weight greater than 500 Da; 

2. Calculated LogP greater than 5; 

3. More than 5 hydrogen bond donors; 

4. More than 10 hydrogen bond acceptors [55]. 

 

Although this rule has well-known exceptions, it remains one of the most widely applied filters 

in early-stage drug discovery [55]. 

 

From the combination of structural clustering and property-based clustering, it is possible to 

select molecules that are diverse both in terms of chemical scaffold and in terms of 
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pharmacokinetic behavior. From each cluster, one or more representative compounds are 

selected based on drug-likeness profiles or distance from the centroid. 

This dual approach allows the exploration of a relevant chemical and pharmacological space, 

maximizing the information content for further experimental validation. 

 

4.6 High-performance computing resource 

From similarity-based virtual screening across large databases to the prediction of protein-

ligand complexes using AI-based models such as Boltz-2, these methods impose computational 

demands that cannot be satisfied using standard desktop workstations. Therefore, dedicated 

high-performance computing (HPC) infrastructure becomes essential. 

 

The computational work described in this thesis was implemented using computational 

resources provided by the Digital Research Alliance of Canada (the Alliance). This is a national 

non-profit organization funded by the Government of Canada, providing free access to a 

network of HPC clusters –equipped with large numbers of CPUs, GPUs and high-capacity 

storage systems– to Canadian academic institutions [56]. 

 

Job scheduling and resource allocation on this HPC infrastructure are managed by SLURM 

(Simple Linux Utility for Resource Management), a cluster management system originally 

developed at the Lawrence Livermore National Laboratory [57]. 

SLURM allows users to allocate access to compute nodes for a predetermined duration, manage 

the execution and monitoring of single or parallel jobs and distribute resources by controlling 

a priority-ordered job queue [57].  

 

Lastly, in the context of this work, custom automation workflows were developed in Python, 

handling the preparation of the inputs, their submission to the SLURM scheduler and the 

parsing of results into datasets. 
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Chapter 5  
Material and Methods 

5.1 Ligands affinity ranking using Boltz-2 

5.1.1 How simulations were performed 

This work starts using a ligand dataset obtained from previous research conducted within the 

group, containing a collection of known binders for various members of the FABP family –

FABP12 excluded– for a total of 819 ligands. 

These ligands were screened against 19 FABP targets. In detail: 

1. For FABP1 through FABP9 both predicted AlphaFold structures (from previous work) 

and experimentally resolved crystallographic structures were used, resulting in 18 

entities; 

2. For FABP12, since no validated structure existed, the amino acid sequence deposited in 

UniProt was used. 

 

Each ligand was tested against each of the 19 protein versions individually, for a total of 

approximately 15,000 Boltz-2 co-folding simulations. 

 

All simulations were performed using Boltz-2 (see Section 4.4) preparing each protein-ligand 

complex as YAML file input, specifying: the protein amino acid sequence in FASTA format, 

the ligand structure as SMILES string, the path pointing to a pre-computed MSA file in A3M 

format and a declaration of the affinity prediction property (Figure 4.5). 

 

In this context, a clarification is needed. Boltz-2 can self-compute the MSA for the target protein 

in the YAML file by specifying the --use_msa_server flag when the prediction is lunched, 
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however it requires internet access during the execution of the software to query a remote 

MMseqs2 server and generate sequence alignments. This was not possible in the computational 

environment used for these simulations; therefore, it was chosen to pre-compute the MSA files 

required locally: single Boltz runs were executed for each protein sequence generating the 19 

MSA files. These were created by Boltz in CSV format and then converted to the standard A3M 

format using a custom Python script. Finally, the pre-computed files were stored on the 

computational cluster and the path was included in the YAML file, eliminating the need for 

repeated server queries and ensuring reproducibility across runs. 

  

Simulations were performed on the HPC infrastructure provided by the Digital Research 

Alliance of Canada (see Section 4.6). Specifically, the Narval cluster, equipped with NVIDIA 

A100 GPUs in MIG (Multi-Instance GPU) partition mode, was chosen for this purpose. 

Jobs were submitted through the SLURM manager with the following resource allocations: 

1. One GPU; 

2. One CPU core; 

3. 16 GB of RAM; 

4. Maximum run time of 25 hours per job (one job for each protein sequence). 

 

The software environment consisted of Python 3.12 with Boltz-2 installed in a virtual 

environment, CUDA 12.9 and RDKit 2024.09.6 loaded as cluster modules. Moreover, the --

no_kernels flag was set at execution to bypass compatibility issues with the cuEquivariance 

library on the available GPU architectures. 

 

Regarding the job organization, the first approach consisted of a single SLURM job for each 

protein sequence that iterated sequentially over all YAML input files using a shell loop, 

processing each ligand-protein complex in series within one GPU allocation. The second 

approach was, instead, to parallelize the execution using SLURM array jobs, with each array 

task processing a subset of input files independently. The choice between the two strategies 

depended on queue availability and the number of ligands to process for each protein. 

 

By performing these simulations the computational efficiency of Boltz-2 was demonstrated by 

the relatively short time required: less than 24 hours for each protein structure to complete 819 

co-folding predictions and affinity evaluations. 
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Even though this summary may seem excessively detailed, it is important to consider that Boltz 

(and Boltz-2 specifically) is a recently released model and the implementation of simulations 

can significantly vary across different architectures. Therefore, a detailed description of 

procedural choices can be useful for further validation. 

 

The output of each Boltz-2 simulation included: 

1. A predicted 3D structure of the protein-ligand complex in mmCIF format; 

2. Several JSON files containing confidence and affinity metrics. 

 

A custom Python script was then developed to parse all JSON output files and combine the 

extracted metrics into a single Excel spreadsheet for downstream analysis. 

 

5.1.2 Results evaluation criteria 

Boltz-2 provides a large set of metrics for each predicted complex. During this work, some of 

them were chosen to evaluate the goodness of the prediction and the binding affinity (definitions 

and ranges in Section 4.4.4), in particular: 

1. The confidence score, to quantify the overall reliability of the predicted 3D structure; 

2. The ipTM, to evaluate the quality of the predicted ligand conformation within the 

complex; 

3. The affinity predicted value, to estimate the binding affinity between the ligand and the 

protein. 

 

Before analyzing the affinity of each ligand, a quality filtering step was implemented: minimum 

threshold of 0.7 for the confidence score and 0.6 for the ipTM score was applied. All the 

complexes falling below either threshold were excluded from further analysis, because the 

structural prediction was considered insufficiently reliable to support affinity comparisons. 

 

Before considering the affinity between each ligand and each protein from the FABP family, it 

was checked whether any difference emerged from the use of the experimentally resolved 

crystallographic structures (exp) for FABP1-9 and the AlphaFold (AF) generated ones. To this 

end, the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE) were computed. 
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Specifically, for each pair of FABPn_exp(A)–FABPn_AF(A) –where A indicates a specific 

protein-ligand complex– both MAE and RMDE were calculated using the affinity score. Then 

all the scores were averaged and the standard deviation was calculated. 

In this way, a single value of MAE and RMSD was obtained for each of the FABP1-9 proteins 

and two different thresholds were set to ensure the interchangeability of the two types of 

structures: 

1. MAE < 0.8; 

2. RMSE < 1.0. 

 

The MAE quantifies the average absolute difference in predicted affinity scores between the 

computational and experimental protein structures for the same ligand and a lower MAE 

indicates better agreement between the two structure types. The RMSE measures the average 

deviation of affinity predictions, giving more weight to larger errors. With this evaluation, the 

interchangeability of affinity predictions was confirmed, considering as comparable and 

reliable both the ones obtained from experimental structures and those from AlphaFold. 

 

Regarding the affinity evaluation, the affinity predicted value was chosen instead of the affinity 

probability binary: since all ligands were extracted from studies evaluating FABP family 

inhibitors, a binder/non-binder classification –such as the one provided by the affinity 

probability binary– would provide limited discriminatory power. The continuous affinity 

predicted value enabled a precise ranking among compounds that are all expected to bind to 

some extent. 

 

At this point, the affinity ranking was performed considering the affinity scores specifically for 

FABP12 and a reference threshold was established using T4B –the only ligand experimentally 

tested for this isoform. Only ligands with a predicted affinity equal to or better than that of T4B 

were considered for the following steps. 

 

To ensure selectivity toward FABP12 over other FABP isoforms, a selectivity score (S) was 

defined as shown in Equation 5.1: 

 

S(x, L) = affinity_FABP12(L) − affinity_FABPx(L) (5.1) 
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Where affinity_FABP12 is the affinity score of ligand L for FABP12, and affinity_FABPx is 

the affinity score of the same ligand for the x FABP isoform. By definition, a negative selectivity 

score indicates preferential binding to FABP12 over other FABPs, with more negative values 

reflecting stronger selectivity. 

All the selectivity scores were then sorted into a matrix showing in detail whether a ligand is 

more selective for FABP12 and –in case of preferential binding to another isoform– which one 

is preferred over FABP12 for that specific ligand. 

 

Finally, the Boltz-2 affinity ranking was compared against the previous ranking based on the S 

Score methodology. The comparison was performed using Bland-Altman analysis to quantify 

the degree of agreement and systematic differences between the two independent ranking 

approaches. This contextualized the Boltz-2 results within the previous work on FABP12 ligand 

identification and assess whether the two methodologies converge on similar sets of candidate 

compounds. 

 

The ligands obtained after applying quality filtering, affinity ranking and selectivity analysis 

were then used as input for the next phase of the pipeline: ligand selection (see Section 5.3). 

 

5.2 Structure prediction using homology modeling 

Alongside affinity predictions, Boltz-2 simulations also generate a predicted 3D structure for 

each protein-ligand complex. Considering all the predictions for the FABP12, the predicted 

protein conformation varies slightly across complexes, reflecting ligand-induced 

conformational changes. From the ensemble of all predicted structures, a consensus model for 

FABP12 was built by combining multiple Boltz-2 outputs, reducing stochastic noise and 

capturing the conformational variability of the protein across different binding states. 

 

5.2.1 Consensus modeling 

The output structures from Boltz-2 are stored in mmCIF format and contain both the protein 

and the ligand. Therefore, a custom Python script based on the BioPython library (Bio.PDB 

module) was developed to identify and remove all non-protein residues from each mmCIF file, 

creating a cleaned output containing the protein chain only. This process was applied to all the 

complexes that had passed the quality filtering. 



 60 

To ensure a meaningful comparison across structures, all protein models were superimposed 

onto a common reference. This structural alignment was performed using the BioPython 

Superimposer module, minimizing the Root Mean Square Deviation (RMSD) between 

corresponding atoms. 

The RMSD quantifies the average distance between equivalent atomic positions in two 

superimposed structures: lower RMSD values indicate higher structural similarity, while higher 

values indicate greater divergence. 

The alignment was computed on backbone Cα atoms only: this approach provides a reliable 

representation of the overall structure while being less sensitive to conformational noise in the 

side chains. 

 

After the alignment, the variability of each of the 140 FABP12 residues was evaluated by 

computing the per-residue RMSD across the entire ensemble. Specifically, the RMSD was 

calculated over the Cα coordinates from all aligned structures for each residue position, creating 

a single variability value per residue. This process allows the identification of both the regions 

that adopt a consistent conformation regardless of the bound ligand (low RMSD) and the 

regions more sensitive to binding and/or intrinsically flexible (high RMSD). 

Based on this analysis, each residue was then classified based on three thresholds as: 

1. Stable: RMSD ≤ 0.53 Å; 

2. Intermediate: 0.53 Å < RMSD ≤ 0.85 Å; 

3. Variable: RMSD > 0.85 Å. 

 

Using this thresholds, variable residues were expected to include those in the loop regions 

where ligand bindings occurs, and those in the C-terminal tail of FABP12, known to be 

intrinsically flexible in the FABPs. 

 

The consensus model (in PDB format) was generated by averaging the atomic coordinates of 

corresponding atoms across all aligned structures. 

The per-residue RMSD values were mapped onto the B-factor field of the consensus PDB file 

to encode the regional uncertainty of the model. Normally, the B-factor –also known as 

temperature factor– is used to represent the atomic displacement around its mean position, with 

higher values indicating greater positional uncertainty or flexibility. Therefore, the storage of 

the per-residue RMSD as a pseudo-B-factor allows the identification of which regions are 
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structurally reliable, enabling the homology modeling software to apply differential restraint 

weights during refinement. 

 

Although the rationale for this process was adequate, the raw RMSD values could not be 

directly stored as B-factors because their range was incompatible with the values expected by 

the refinement software: the per-residue RMSD spanned from approximately 0.23 Å for the 

most stable residues to over 14 Å for the C-terminal tail, whereas standard B-factors typically 

fall in the 10–100 Å²  range. 

To address this problem, different normalization strategies were tested and the final choice fell 

on a robust percentile-based normalization using the 5th and 95th percentiles of the RMSD 

distribution as reference boundaries, as shown in Equation 5.2: 

 

𝐵 = 𝐵𝑚𝑖𝑛 +
RMSD − RMSD_P5

RMSD_P95 − RMSD_P5
× (𝐵𝑀𝐴𝑋 − 𝐵𝑚𝑖𝑛) (5.2) 

 

Where Bmin = 10 Å² and BMAX = 100 Å², and RMSD_P5 and RMSD_P95 are the 5th and 95th 

percentile values of the per-residue RMSD distribution, respectively. Accordingly, residues 

with RMSD below the 5th percentile were clamped to Bmin, and residues with RMSD above the 

95th percentile were clamped to BMAX. 

 

This approach improved the spread across the B-factor range: stable core residues, intermediate 

loop regions and highly flexible segments received well-differentiated their B-factor values, 

enabling the homology modeling software to apply appropriately graded restraints during 

refinement without introducing artificial distortion. 

 

5.2.2 Modeling and validation 

The consensus model with pseudo-B-factors was used as the template for homology modeling 

in MOE (see Section 4.3.1). The target sequence was the same FABP12 amino acid sequence 

of 140 residues used for the Boltz simulations and obtained from UniProt, which shares 100% 

identity with the template since the consensus model was itself derived from FABP12 

predictions. 
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Therefore, the goal of this step was not to predict an unknown 3D structure from a homolog, 

but to perform energy-based geometric refinement: optimizing molecular geometry, minimizing 

steric clashes and refining side-chain orientations under a physics-based force field. 

The Table 5.1 shows the MOE settings for this particular homology modeling. 

 

Setting Value Comments 

Number of models generated 10  

Main chain conformational samples 10  

Side chain rotamer samples 300  

Rotamer library MOE standard  

C/N-terminal outgap modeling disabled 

Since the template covers all 140 residues, 

enabling this could introduce modeling 

artifacts at the termini 

Refinement method GB/VI 

This introduces implicit solvation through 

the Generalized Born model, suitable for 

globular proteins such as FABPs, with 

accurate van der Waals energy evaluation 

through Volume Integration 

Energy minimization gradient limit 0.5 kcal/mol/Å  

Refinement applied to intermediate models enabled  

Automatic disulfide bond detection enabled  

Protonate3D applied before final model 

selection 
enabled  

 

Table 5.1: MOE settings for FABP12 homology modeling. 

 

 

After homology modeling, the best model among the 10 generated was selected by MOE based 

on the lowest GB/VI energy score. 

Finally, the quality of the final model was ensured using standard structural validation criteria: 

1. RMSD between the final model and the consensus template, to verify how much the 

refinement process has changed the overall backbone geometry; 

2. Ramachandran plot analysis, to evaluate the distribution of backbone dihedral angles (φ 

and ψ) for each residue, where outliers of the allowed regions may indicate local 

geometric distortions; 

3. Z-score profiles for backbone bond angles and backbone bond lengths, comparing each 

measured value against the expected distributions from high-resolution crystal 

structures – values within ±2 standard deviations are considered acceptable. 
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Lastly, a comparison of the Boltz-2 derived structure of FABP12 with other models obtained 

previously within the research group was performed. 

Specifically, the per-residue RMSD was calculated between this new structure and two 

alternatives: one obtained from an AlphaFold ab initio prediction and one from homology 

modeling using FABP8 as the template. This approach aimed to highlight the distinctive 

features of the ligand-informed consensus approach relative to standard single-prediction 

methods. 

 

5.3 Ligands selection 

The ligands that passed the affinity ranking cutoff described in Section 5.1.2 constituted the 

starting pool for the selection of candidates to be submitted to experimental validation. 

However, an availability search must be executed to verify which of those ligands are actually 

purchasable for experimental testing and a selection based on diversity must be performed to 

ensure that in vitro testing covers an adequate portion of the chemical space. 

 

5.3.1 Commercial Availability 

The majority of the top-ranked ligands were obtained from published studies that synthetized 

them for specific research purposes, with no commercial supplier offering them for purchase. 

To systematically assess availability, a custom Python script was developed to query multiple 

chemical databases for each of the top-ranked ligands.  This script performed SMILES 

matching and, where supported, similarity-based lookup against PubChem, ZINC20, 

ChemSpider and Mcule. For each entry, the script aggregated the results into a record file 

including a binary flag for availability, the list of identified vendors, vendor URLs and the 

database-specific compound identifier (e.g., CID for PubChem) for future reference. 

 

From this search, PubChem was found to provide the most comprehensive and up-to-date 

coverage of research compounds, due to its broader scope and more frequent indexing of newly 

published compounds compared to vendor-oriented databases. 

 

The screening identified 12 compounds that were both commercially available and selective for 

FABP12. Notably, the highest-ranked compounds among these 12 appeared only at position 49, 

meaning that the 48 ligands on the top positions were not purchasable from any of the queried 
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sources. This highlights a recurrent problem in computational drug discovery: the most 

promising candidates are often proprietary research compounds with no established supply 

chain. 

 

5.3.2 Similarity Evaluation 

To ensure chemical diversity between the commercially available compounds, a pairwise 

structural similarity analysis was performed: Morgan circular fingerprints (ECFP4, radius = 2, 

2048 bits) were computed for each compound using RDKit and all pairwise Tanimoto 

coefficients were calculated as described in Section 4.2. The results were then sorted into a 

similarity heatmap and 8 compounds were chosen among the most diverse ones, all with a 

Tanimoto similarity lower than 0.5. 

The low average similarity confirmed that the chosen compounds span a broad region of the 

chemical space, reducing the risk of redundant information from experimental testing. 

The ligands selected and heatmaps are shown in Chapter 6. 

 

5.3.3 Research Compounds 

Given that the top 48 positions in the affinity ranking were filled by non-commercial 

compounds exclusively, an alternative strategy was pursued for these ligands. 

A subset of 8 compounds occupying top-ten positions in the ranking were identified as 

originally synthesized by the research group of Dr. Ojima Iwao at Stony Brook University, New 

York. These compounds were either absent from PubChem or listed without any associated 

vendor. Upon direct contact, Dr. Ojima agreed to provide these compounds free of charge for 

the purposes of this study. 

 

Notably, many of these compounds share a recurring structural motif, suggesting they originate 

from a common scaffold optimization campaign within the Stony Brook group. Their structure 

and similarity heatmap are shown in Chapter 6. 

 

The combination of the two strategies yielded a final set of 16 ligands designated for in vitro 

testing: 8 commercially available compounds, 4 research compounds included in PubChem 

without any vendors –provided by the Stony Brook collaborators– and 4 research compounds 

absent from PubChem and equally obtained from the same collaboration. 
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5.4 Similarity screening 

The 16 ligands selected in Section 5.3 represent the most promising candidates from the original 

dataset of known FABP binders. However, this dataset was created from previously published 

studies and only contains compounds that had already been studied in the context of FABP 

family research. To expand the chemical space and identify novel structures with potential 

affinity for FABP12, a similarity screening campaign was conducted. The goal of this step was 

to identify compounds structurally related to the top-ranked ligands but not previously tested 

against any FABP and to select a representative subset for Boltz-2 affinity prediction. 

 

5.4.1 PubChem Similarity Screening 

Given the number of compounds included in ZINC20, a first attempt was made to perform 

similarity screening against the ZINC20 database using the SmallWorld API –which 

implements a graph-edit distance algorithm– and retrieved compounds were then filtered 

locally using RDKit-computed Tanimoto coefficients –initially set at 0.95, then lowered to 0.90. 

However, this approach led to very few hits above the thresholds, probably due to the 

commercially oriented nature of the ZINC database. Therefore, the ZINC-based approach was 

abandoned. 

 

The screening was then redirected to PubChem, which offered broader coverage of research 

compounds. The 10 commercially available compounds identified in Section 5.3.1 were used 

as query molecules. For each, a 2D similarity search was performed using the PubChem web 

interface and a Tanimoto similarity threshold of 90%. The choice of using commercially 

available ligands as queries instead of the highest-ranked ones derived from a precise rationale: 

should the similarity search highlight the need for structural analogues, using commercially 

available molecules as starting points ensures that the chemical space being explored is close 

to accessible precursors. This significantly facilitates the practical feasibility of any required 

synthetic modifications. 

 

This process returned approximately 10,000 new compounds across the 10 queries. 
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5.4.2 Evaluation of the Ideal Candidate Profile 

Filtering these 10,000 compounds down to a manageable set for Boltz-2 simulations required a 

selection criterion: the physicochemical profile of known FABP12-selective ligands was used 

to guide the selection instead of arbitrary cutoffs. 

 

To evaluate these properties, ligands identified in Section 5.1.2 as more selective for FABP12 

than the other FABP isoforms (selectivity score < 0) were used to compute a set of molecular 

descriptors from their SMILES using RDKit. 

Ten properties were chosen for the profile definition: 

1. Molecular weight (MW) 

2. Octanol-water partition coefficient (LogP) 

3. Number of hydrogen bond donors (HBD) 

4. Number of hydrogen bond acceptors (HBA) 

5. Number of rotatable bonds 

6. Topological polar surface area (TPSA) 

7. Molar refractivity (MR) 

8. Fraction of sp3-hybridized carbon atoms (FractionCSP3) 

9. Number of aromatic rings 

10. Number of heteroatoms 

 

These ten descriptors, computed for each ligand in the evaluation pool, were selected to define 

complementary aspects of these molecules, without introducing circular dependence between 

the properties. 

Each property was then averaged across all the ligands considered and the values obtained were 

used for the diversity-based selection described in the following section. 

The ideal profile of a good candidate for a FABP12-selective bond will be discussed in Chapter 

6. 

 

5.4.3 Clustering and Selection 

The goal of this step was to select approximately 200 structurally diverse compounds from the 

~10,000 PubChem similarity hits, prioritizing those with physicochemical properties close to 

the ideal FABP12-selective profile defined above. 
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The similarity hits were sorted in an Excel file containing one sheet per reference compound 

(i.e., per query used in the PubChem similarity search) and each ligand was uniquely identified 

by the PubChem CID, SMILES string and the name of the reference compound from which the 

hit was retrieved. 

 

For all compounds in each sheet, the Morgan circular fingerprints (ECFP4, radius = 2, 2048 

bits) were computed using RDKit and a pairwise Tanimoto distance matrix was then 

constructed. The distance between two entries was computed as 1 minus the Tanimoto similarity 

coefficient. This distance matrix was then used as input for the clustering algorithm. 

 

Agglomerative hierarchical clustering was applied to group structurally similar compounds 

within each sheet. In this context, each compound initially forms its own cluster and at each 

iteration, the two closest clusters are merged according to a linkage criterion; the process 

continues until a stopping condition is reached. 

The average linkage method was used: the distance between two clusters is defined as the 

arithmetic mean of all pairwise distances between their members. This approach creates a 

compromise between the single-linkage approach —which tends to produce elongated, chain-

like clusters— and the complete-linkage approach —which tends to produce compact but 

overly restrictive clusters. 

Clustering was performed using scipy.cluster.hierarchy.linkage on the condensed 

distance matrix obtained via scipy.spatial.distance.squareform. Lastly, the number of 

clusters for each sheet was set to 20 and controlled via the maxclust criterion. For sheets 

containing 20 or fewer compounds, the clustering step was skipped and all molecules were 

retained directly. 

 

Within each cluster, a single representative compound was selected based on its proximity to 

the ideal FABP12-selective profile computed. This proximity was quantified using the 

Mahalanobis distance, a multivariate metric that accounts for correlations between properties 

and differences in their variances. 
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For a compound with property vector x, the Mahalanobis distance from the reference centroid 

is defined as shown in Equation 5.3: 

 

𝐷𝑀(𝑥) = √(𝑥 − μ)𝑇  𝑆−1 (x − μ) (5.3) 

 

where µ is the mean vector of the 10 properties computed across the FABP12-selective 

reference ligands and S is their covariance matrix.  

 

Unlike Euclidean distance, this formulation accounts for the fact that some properties vary more 

than others and that certain properties are correlated (e.g., MW and number of heteroatoms). A 

compound that deviates from the reference mean along a direction of high natural variance 

receives a smaller Mahalanobis distance than one deviating by the same absolute amount along 

a direction of low variance. Lastly, to ensure numerical stability during matrix inversion, a small 

regularization term (identity matrix scaled by 10⁻⁶) was added to the covariance matrix before 

inversion. 

 

For each compound in each cluster, the 10 descriptors listed in the previous section were 

computed using RDKit and the Mahalanobis distance from the reference centroid was 

evaluated. Therefore, the compound with the lowest distance –i.e., the one most close to the 

ideal profile– was selected. 

A maximum of 20 compounds per reference query was selected to prevent unbalanced final 

selection across the queries. Moreover, compounds already selected from previously processed 

sheets –identified by their PubChem CID– were excluded to avoid duplicates in the final pool. 

 

Lastly, the number of selected compounds per reference query was verified to ensure an 

approximately balanced representation and to ensure that no single query introduced a bias 

toward a specific region of the chemical space. 

 

Through this process, approximately 180 compounds were selected. These were combined with 

the 18 ligands selected for experimental validation (see Section 5.3) and the pool of compounds 

was submitted to Boltz-2 affinity prediction against both FABP12 and the other FABP isoforms 

following the same pipeline described in Section 5.1. 
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5.5 SwissADME properties 

To complement the affinity and structural analyses described in the previous sections, the 

pharmacokinetic and drug-likeness profiles of the FABP12-selective ligands were evaluated 

using SwissADME, a free web tool developed by the Swiss Institute of Bioinformatics (see 

Section 4.5). The ligands identified as more selective for FABP12 than for the other FABP 

isoforms were submitted to the platform in batch mode using their SMILES as input. 

 

SwissADME provides a comprehensive set of metrics, including four main categories: 

physicochemical descriptors to characterize the fundamental chemical features of each 

compound, drug-likeness evaluated through several established rules together with an overall 

bioavailability score, Pharmacokinetic properties to predict the biological barriers permeability 

and inhibitor profiles and, lastly, some medicinal chemistry alerts such as PAINS (Pan-Assay 

Interference Compounds) substructures. 

 

In the context of FABP12, SwissADME results were interpreted as an informative 

characterization rather than as an eliminatory filter. This is motivated by the hydrophobic nature 

of the FABP12 binding pocket, causing ideal binders to fall within the recognized category of 

"beyond Rule of Five" (bRo5) molecules [58]. Therefore, the SwissADME output was used to 

identify specific pharmacokinetic liabilities and medicinal chemistry alerts across the candidate 

set, rather than to discard compounds solely on the basis of rule violations.  

Lastly, the ideal profile of a good candidate had already been computed using RDKit (see 

Section 5.4.2) and the use of SwissADME represents an independent validation of the 

previously computed profile using a well-established tool.
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Chapter 6  
Results and Discussion 

6.1 Ligands affinity ranking using Boltz-2 

6.1.1 Comparison Between Computational-Generated and 

Experimental Structures 

Before applying Boltz-2 to predict FABP12-ligand interactions, a preliminary validation step 

was performed to ensure the interchangeability between the AF-generated structures and the 

experimentally resolved crystallographic ones. This was a necessary prerequisite both to 

validate the work previously done within the research group and to confidently use only one 

type of structure for the further evaluations. For each of nine FABP isoforms with available 

crystallographic data (FABP1–9), the same set of 819 ligands was submitted to Boltz-2 using 

both the AF and the experimental structure as input. The resulting affinity predicted values were 

then compared pairwise and the agreement was quantified using the MAE and RMSE across 

all ligands for each isoform as shown in Table 6.1. 

 

 MAE RMSE 

FABP1 0.395 0.489 

FABP2 0.838 0.970 

FABP3 0.657 0.828 

FABP4 0.673 0.856 

FABP5 0.587 0.756 

FABP6 0.548 0.660 

FABP7 0.592 0.764 

FABP8 0.716 0.945 

FABP9 0.560 0.707 

MEAN ± STD 0.619 ± 0.124 0.775 ± 0.148 

 

Table 6.1: MAE and RMSE between AlphaFold and experimental structure affinity predictions for FABP1–9. 
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All nine isoforms had MAE values below the 8.0 threshold and RMSE values below 1.0, with 

overall means of 0.619 ± 0.124 and 0.775 ± 0.148, respectively. The lowest difference was 

observed for FABP1 (MAE = 0.395, RMSE = 0.489), indicating near-identical affinity 

regardless of the input structure; while the highest discrepancy was found for FABP2 (MAE = 

0.838, RMSE = 0.970), which slightly exceeded the MAE threshold. This result was not 

considered disqualifying, as the thresholds were adopted as indicative guidelines rather than 

strict exclusion criteria, and the RMSE for FABP2 remained within the acceptable range. Lastly, 

the overall consistency across all nine isoforms provided sufficient confidence that AF can be 

used instead of the experimental ones in the context of Boltz-2 affinity predictions.  

 

6.1.2 Affinity Ranking for FABP12 

Following the validation described in the previous section, Boltz-2 co-folding simulations were 

performed for the full set of 819 ligands against the UniProt FASTA sequence of FABP12 as 

described in Section 5.1.1. 

Quality filtering based on confidence (> 0.7) and ipTM (> 0.6) thresholds retained 810 out of 

819 simulations, corresponding to a pass rate of 98.9%. The nine excluded ligands were 

discarded form all subsequent analyses. 

 

The 810 ligands that passed quality filtering were ranked based on their Boltz-2 affinity 

predicted value. As described in Section 4.4.4, this score is expressed on a logarithmic scale, 

where more negative values indicate stronger affinity. In this context, a biological cutoff was 

applied using T4B, the only ligand with experimentally confirmed binding to FABP12 and all 

ligands with a predicted affinity weaker than T4B were discarded, resulting in 325 ligands out 

of 810 for further analyses. Table 6.2 reports the affinity ranking for the top 10 ligands and for 

the T4B. 

Notably, despite T4B having been already experimentally tested, its Boltz-computed affinity 

was not even closer to the top positions of the ranking. 

 

The filtering process can be summarized as follows: 819 initial ligands → 810 after quality 

filtering (98.9% retained) → 325 after T4B affinity cutoff (39.7% of the original set). This 

substantial reduction ensures that only ligands with meaningful predicted binding strength were 

carried forward into the selectivity analysis. 
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RANK Ligand Affinity with FABP12 

1 Compound_alpha-1A -0.9629 

2 Compound_3I -0.7964 

3 Compound_gamma3 -0.7588 

4 Compound_23_1 -0.7455 

5 Compound_alpha-26 -0.7091 

6 Compound_alpha-32 -0.6861 

7 Compound_32f -0.6846 

8 Compound_alpha-5A -0.6693 

9 Compound_alpha-9 -0.6573 

10 Compound_gamma-9 -0.6521 

⋮ ⋮ ⋮ 

325 T4B 0.7151 

 

Table 6.2: Ligands ranking based on their affinity with FABP12 

 

6.1.3 Selectivity Ranking 

The 325 ligands retained after the T4B-affinity cutoff were evaluated for selectivity toward 

FABP12 relative to the nine other FABP isoforms (1–9). For each of these ligands, the 

selectivity score was calculated as defined in Section 5.1.2 and the scores were sorted into a 

matrix as shown in Table 6.3.  

In this context a negative selectivity score indicates that the ligand is more affine to the FABP12 

than to the other isoforms. Therefore, a ligand is classified as more affine to FABP12 if all nine 

pairwise differences were negative. Of the 325 ligands, 166 (51.1%) met this criterion and were 

classified FABP12-selective, while the remaining 159 (48.9%) showed higher predicted affinity 

for at least one competing isoform. Notably, despite the ligand set not having been specifically 

designed or optimized for FABP12, this split was roughly even and more than half of the top-

affinity compounds were predicted to preferentially bind to FABP12. 

 

Among the 159 non-selective ligands, the competing isoform distribution revealed a clear 

pattern. FABP2 emerged as the dominant competitor in all cases of non-selectivity: 77 ligands 

were more affine to FABP2 alone, 77 to the combination of FABP2, 3 and 6, and 5 to FABP2 

and 6 together. No other isoforms appeared as competitor in the tested pool of candidates, 

suggesting that further studies between FABP12 and FABP2 could be useful for the 

identification of FABP12-selective compounds which do not interfere with FABP2. 
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RANK S(1) S(2) S(3) S(4) S(5) S(6) S(7) S(8) S(9) More affine to  

1 -2.100 -1.154 -1.483 -1.825 -2.109 -1.462 -2.001 -2.145 -1.799 12 

2 -1.934 -0.988 -1.316 -1.658 -1.943 -1.295 -1.834 -1.978 -1.632 12 

3 -1.896 -0.950 -1.279 -1.621 -1.905 -1.258 -1.796 -1.940 -1.595 12 

4 -1.883 -0.937 -1.265 -1.607 -1.892 -1.244 -1.783 -1.927 -1.581 12 

5 -1.847 -0.900 -1.229 -1.571 -1.855 -1.208 -1.747 -1.891 -1.545 12 

6 -1.824 -0.877 -1.206 -1.548 -1.832 -1.185 -1.724 -1.868 -1.522 12 

7 -1.822 -0.876 -1.205 -1.547 -1.831 -1.183 -1.722 -1.866 -1.521 12 

8 -1.807 -0.861 -1.189 -1.531 -1.815 -1.168 -1.707 -1.851 -1.505 12 

9 -1.795 -0.849 -1.177 -1.519 -1.803 -1.156 -1.695 -1.839 -1.493 12 

10 -1.790 -0.844 -1.172 -1.514 -1.798 -1.151 -1.690 -1.834 -1.488 12 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

166 -0.949 -0.003 -0.332 -0.674 -0.958 -0.311 -0.850 -0.994 -0.648 12 

167 -0.946 0.000 -0.329 -0.671 -0.955 -0.307 -0.846 -0.990 -0.645 2 

168 -0.943 0.003 -0.326 -0.668 -0.952 -0.305 -0.844 -0.988 -0.642 2 

169 -0.943 0.003 -0.326 -0.668 -0.952 -0.305 -0.844 -0.988 -0.642 2 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

243 -0.640 0.306 -0.022 -0.364 -0.648 -0.001 -0.540 -0.684 -0.338 2 

244 -0.637 0.309 -0.020 -0.362 -0.646 0.002 -0.537 -0.681 -0.336 2, 6 

245 -0.631 0.315 -0.014 -0.356 -0.640 0.008 -0.531 -0.675 -0.330 2, 6 

246 -0.628 0.318 -0.010 -0.352 -0.637 0.011 -0.528 -0.672 -0.326 2, 6 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

248 -0.624 0.322 -0.007 -0.349 -0.633 0.015 -0.524 -0.668 -0.323 2, 6 

249 -0.611 0.335 0.006 -0.336 -0.620 0.027 -0.512 -0.656 -0.310 2, 3, 6 

250 -0.611 0.335 0.006 -0.336 -0.620 0.028 -0.511 -0.655 -0.310 2, 3, 6 

251 -0.611 0.335 0.007 -0.335 -0.620 0.028 -0.511 -0.655 -0.309 2, 3, 6 

⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 

325 -0.422 0.524 0.195 -0.147 -0.431 0.216 -0.323 -0.467 -0.121 2, 3, 6 

 

Table 6.3: The table shows a representative excerpt of the selectivity matrix, where the first column indicates the affinity-

ranking position of the ligand (from which the compound can be traced), while the last column indicates the FABP isoforms 

to which that ligand is more affine. In grey are highlighted the selectivity score values which identify that ligand as more 

selective for an isoform other than FABP12. 

 

An important observation from the ranking is that the top-ranked ligands by affinity (Table 6.2) 

also are the most selective: all compounds in the top 10 by affinity predicted value were 

classified as FABP12-selective. This indicates a convergence of high affinity and high 

selectivity in the same pool of compounds suggesting them as preferential candidates for 

experimental testing. 

 

6.1.4 Comparison with the previous ranking 

To evaluate the relationship between the Boltz-2 affinity ranking and a classical structure-based 

approach, a comparison was performed against the S Score ranking previously obtained through 

molecular docking. 
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Of the 325 ligands over the T4B cutoff obtained from Boltz-2 affinity predictions, 57 were 

present in the S Score dataset above the threshold of T4B (here set at 121), while only one of 

the Boltz-top-ranked compounds is present above the threshold for the Boltz ranking but under 

the threshold for the S Score ranking (ligand ZTY28, PubChem CID 168355560). 

 

To compare these two methodologies, which base their ranking on different scores, both 

rankings were normalized to a 0–100 scale to enable meaningful comparison despite the 

different dataset size. A Bland-Altman analysis was then performed to assess the degree of 

agreement between the two methods (Figure 6.1). 

 

 

 

Figure 6.1: Bland-Altman plot comparing normalized Boltz-2 affinity ranking and S Score ranking for 57 common ligands 

above the T4B cutoff. 

 

The mean difference (bias) between the two methods was –5.60, indicating a modest tendency 

for Boltz-2 to assign relatively higher rankings (lower affinity values) compared to the S Score. 

However, the standard deviation of the differences was 38.18, yielding limits of agreement of 

−80.43 to +69.23, spanning nearly the entire normalized scale. 

These results demonstrated that the two methods are not interchangeable: even though the bias 

between them is minimal, the agreement for individual ligands is poor. 

This outcome is not unexpected since the methods were fundamentally different in nature: S 

Score is derived from classical docking with rigid or semi-rigid binding pocket treatment, while 

Boltz-2 implements full co-folding of the protein-ligand complex using a deep learning 

architecture. 
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Lastly, a comparison of the rankings generated by these two methods was conducted on the 

ligands previously selected for in vitro experimental validation –chosen according to S Score 

and commercial availability. 

As shown in Table 6.4, three of the ligands previously selected fell under the T4B cutoff for the 

Boltz-2 ranking (bolded). 

 

Selected Compounds S Score Ranking Boltz Ranking 

T4B 121 325 

OMDM1 54 457 

GW7647 2 188 

STK-15 56 275 

AM404 105 544 

AM1172 40 541 

STK-22 28 254 

 

Table 6.4: Comparison between S Score ranking and Boltz affinity ranking for the ligands selected for in vitro experimental 

validation 

 

 

6.2 Structure prediction 

6.2.1 Structure validation 

The consensus template for FABP12 was generated from the ensemble of 819 Boltz-2 co-

folding structures, following the weighted averaging procedure described in Section 5.2.  

Per-residue RMSD across all the structures was computed to characterize the conformational 

variability at each position along the 140-residue sequence, and the results are presented in 

Figure 6.2. 

 

 

 

Figure 6.2: Per-residue RMSD along the FABP12 sequence across 819 Boltz-2 predicted structures. 
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The global RMSD across all residues was 1.045 Å, with a median of 0.684 Å, indicating that 

the majority of the protein backbone adopts a well-conserved conformation across the 819 co-

folding predictions. 

Using the per-residue RMSD, the residues were classified into three categories: stable (RMSD 

≤ 0.53 Å), intermediate (0.53 < RMSD ≤ 0.85 Å), and variable (RMSD > 0.85 Å). This 

classification yielded 35 stable residues (25.0%), 70 intermediate residues (50.0%), and 35 

variable residues (25.0%). From this classification, it was observed that stable residues were 

concentrated in two main regions: the central core of the β-barrel (residues 93–108) and a 

second cluster spanning residues 116–126. These regions correspond to the internal β-strands 

forming the structural scaffold of the FABP fold, which is normally rigid regardless of the bound 

ligand. 

Variable residues were, instead, distributed to several separate regions. A moderate variability 

is found in residues 27–38 and 55–60, corresponding to loop and turn regions connecting the 

β-strands, known to participate in ligand access from the binding cavity. Moreover, their 

flexibility is consistent with the expectation that different ligands induce different loop 

conformations upon binding. The highest variability was found in the C-terminal tail (residues 

130–140), where RMSD sharply increased from 1.03 Å at residue 132 to 14.06 Å at residue 

140, indicating that this region is essentially disordered across the ensemble, consistent with 

the known structural properties of FABP C-terminal tails, which are typically unstructured and 

solvent-exposed. 

 

This per-residue RMSD profile reflects well-known structural features, demonstrating that 

using the ensemble of the 819 Boltz-2 predicted structures can capture well the protein 

conformation reducing noise and prediction artifacts. 

 

The consensus template was subsequently refined through homology modeling in MOE, as 

described in Section 5.2, to produce the final FABP12 structural model, which quality was 

assessed through a set of geometric validation metrics.  

 

The global RMSD between the consensus template and the final refined model was 1.171 Å 

(Cα atoms), indicating that MOE preserved the overall fold established by the Boltz-2 

consensus while introducing local geometric optimization. A new per-residue RMSD was 

computed between the two structures as shown in Figure 6.3, showing that most of the residues 

remained within 1 Å of their template positions. In this context, the highest variability still be 
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observed in the C-terminal tail (residues 133–140, with values reaching 4.67 Å at residue 140) 

and loop region around residues 76–78 (approximately 2.2–2.5 Å), confirming that the 

refinement primarily affected regions that were already characterized by high conformational 

uncertainty in the Boltz-2 ensemble, while leaving the stable core essentially unchanged. 

 

 

 

Figure 6.3: per-residue RMSD between the consensus template and the final refined model of FABP12 computed by MOE. 

 

The Ramachandran plot analysis (Figure 6.4) identifies a single outlier out of 140 residues, 

indicating excellent backbone geometry. This result is noteworthy for a model built from a 

computational consensus rather than from experimental data and reflects the capability of MOE 

to regularize the backbone dihedral angles. 

 

 

Figure 6.4: Ramachandran plot of the final refined model computed by MOE. 

 

Backbone bond length analysis revealed no outliers above the Z-score threshold of 4.0 (Figure 

6.5A), while the backbone bond angle analysis (Figure 6.5B) identified eight residues with Z-

scores exceeding 4.0, all involving the pC–N–Cα angle type. These outliers were mostly located 

in regions classified as variable or terminal in the ensemble analysis, suggesting that the angular 

deviations reflect the difficulty of regularizing geometry in conformationally uncertain regions 

rather than systematic modeling errors. Moreover, no atom clashes were detected in the final 

model. 
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(A) (B) 

 

Figure 6.5: Z-Score profiles of backbone bond lengths (A) and of backbone bond angles (B) both computed by MOE. 

 

Taken together, these validation metrics showed that the final FABP12 model presents good 

overall stereochemical quality, with a well-defined β-barrel core and regular backbone 

geometry, with only localized imperfections confined to intrinsically flexible regions. 

Therefore, the single Ramachandran outlier and the absence of bond length violations or steric 

clashes indicate a model suitable for further structure-based applications. 

 

6.2.2 Comparison with previous works 

To ensure the robustness of the FABP12 structural model generated in this work, the Boltz-2 

consensus + homology modeling structure (hereafter referred to as Boltz) was compared with 

two independently derived FABP12 models: the AF ab initio prediction (hereafter referred to 

as AlphaFold)  and a conventional homology model built using FABP8 as template (hereafter 

referred to as HM). The pairwise global RMSD values among the three structures is shown in 

Figure 6.6A. All three pairwise comparisons yielded very low RMSD values, with an overall 

mean RMSD of 0.928 Å. 

The three-way superposition is shown in Figure 6.6B. 

 

The strong convergence among three models derived through fundamentally different 

methodologies –deep learning-based co-folding with ligand ensemble information (Boltz), deep 

learning-based ab initio structure prediction from sequence alone (AlphaFold), and template-
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based homology modeling from a related isoform (HM)– provides robust evidence that the 

predicted FABP12 fold is reliable. Moreover, since none of the three methods shares the same 

assumptions or training data, their agreement cannot be attributed to a common source of 

systematic error and, instead, reflects the convergence toward the true structural solution. 

 

 

 

(A) (B) 

 

Figure 6.6: (A) pairwise global RMSD of the models constructed using the three different methods computed by MOE. (B) 

superimposition of the three structures in MOE: Boltz derived in green, AlphaFold in blue and HM in orange. 

 

It is important to note that the Boltz method represents a novel approach to FABP12 structure 

prediction and the model generated is not a prediction of the apo structure nor a snapshot of any 

single holo conformation. Rather, it represents a structurally averaged representation that 

captures the central tendency of the ligand-induced conformational landscape particularly 

useful for ligand design, as it implicitly encodes information about the functional dynamics of 

the binding pocket. 

 

Finally, a limitation of this comparison is certainly the absence of an experimental crystal 

structure for FABP12, making none of the three models definitively validated against ground 

truth. However, the sub-angstrom agreement among three independent methods provides the 

strongest currently available evidence that the predicted fold is correct. 
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6.3 Ligand selection 

6.3.1 Commercially available compounds 

The 166 FABP12-selective compounds identified through the affinity and selectivity ranking 

were subjected to a commercial availability search using the PubChem database for the reasons 

described in Section 5.3. the goal of this step was to identify ligands that could be physically 

obtained for in vitro experimental validation. 

The search revealed that most of the 166 selective ligands were custom-synthesized molecules 

and not commercially available from chemical vendors. Particularly, only 12 out of 166 (7.2%) 

were identified as commercially purchasable, with the first available compound (THC) 

appearing at rank 49. This substantial gap between the top of the affinity ranking (rank 1) and 

the first purchasable compound highlights a recurrent challenge in computational drug 

discovery: the highest-ranked candidates identified through virtual screening are often 

proprietary research molecules with no established supply chain. 

From the 12 identified compounds, 8 were selected for further experimental validation as shown 

in Table 6.5 (structures in Figure 6.7). 

 

Ligand Name Affinity 

Score 

Rank Smiles PubChem 

CID 

THC -0.275 49 
CCCCCc1cc(c2c(c1)OC([C@H]3[C@H] 

2C=C(CC3)C)(C)C)O 
16078 

SR-144528 -0.274 50 

CC1=CC=C(C=C1)CN2C(=CC(=N2)C(= 

O)N[C@H]3[C@]4(CC[C@H](C4)C3(C) 

C)C)C5=CC(=C(C=C5)Cl)C 

3081355 

SBFI-26 -0.248 60 

C1C=CC([C@@H]2[C@@H](C(OC3C4C 

=CC=CC=4C=CC=3)=O)[C@@H](C3=C 

C=CC=C3)[C@@H]2C(O)=O)=CC=1 

1002969 

HU-210 -0.120 89 
CCCCCCC(C)(C)C1=CC2=C([C@@H]3C 

C(=CC[C@H]3C(O2)(C)C)CO)C(=C1)O 
9821569 

GW4064 -0.052 106 

O=C(C1=CC=CC(/C=C/C2=CC=C(C=C2Cl 

)OCC3=C(ON=C3C4=C(Cl)C=CC=C4Cl)C 

(C)C)=C1)O 

9893571 

Compound_m1 0.039 131 
CC(C1C=C(C(C)C)C(S(N2C=NC=C2)(=O) 

=O)=C(C(C)C)C=1)C 
521274 

Compound_12_RO6806051 0.146 156 
C1CCN(C2C(C3NN=NN=3)=C(C3C=CC= 

CC=3)C3C=C(Cl)C=CC=3N=2)CC1 
71556425 

Paliperidone 0.157 158 

O=C/1N5/C(=N\C(=C\1CCN4CCC(c3noc2 

cc(F)ccc23)CC4)C)[C@H](O)CCC5 9802545 

 

Table 6.5: Commercially available compounds selected for in vitro validation. 
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In order to select these 8 compounds, a cost-effective rationale was applied to the original set 

of 12. Moreover, to assess the structural diversity among the 8 selected commercial compounds, 

pairwise Tanimoto similarity was computed using Morgan circular fingerprints (ECFP4, radius 

= 2, 2048 bits). The results of this evaluation are shown in Figure 6.8. 

The mean pairwise Tanimoto coefficient was 0.104, with a maximum of 0.389 between THC 

and HU-210 –consistent with their shared cannabinoid scaffold. All remaining pairwise values 

were below 0.2, indicating that the selected compounds cover a broad range of chemical space. 

This high structural diversity, moreover, ensures that the experimental testing will consider 

multiple distinct binding modes rather than testing minor variations caused by similar molecular 

templates. 

  

 

 

Figure 6.7: Structures of the 8 commercially available compounds selected for in vitro validation. 
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Figure 6.8: Tanimoto similarity heatmap for the 8 commercially available compounds. 

 

6.3.2 Research compounds 

To avoid to totally exclude from experimental validation the best ranked compounds, a 

collaboration was established with Prof. Ojima Iwao at Stony Brook University (New York), 

who provided 8 research compounds free of charge. These occupy the highest positions in the 

affinity ranking and, among these 8, 4 were present in PubChem but not commercially available 

(Compound_alpha-1A, Compound_3I, Compound_alpha-32, and Compound_alpha-5A) and 

other 4 were entirely absent from PubChem (Compound_gamma3, Compound_alpha-26, 

Compound_alpha-9, and Compound_gamma-9). 

Table 6.6 reports the full details of these 8 research compounds, while Figure 6.9 shows their 

structures. 

 

All 8 research compounds share a common cyclobutane-based scaffold bearing aryl substituents 

and a carboxylic acid moiety, reflecting their origin from a common medicinal chemistry 

optimization campaign. In the context of these research compounds, evaluating the pairwise 

diversity with Tanimoto was not useful, given the goal of testing the top-ranked compounds 

independently from their similarities.  
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Ligand Name Affinity 

Score 

Rank Smiles PubChem 

CID 

Compound_alpha-1A -0.963 1 

C1C=CC(C2C=CC(C#N)=C(OC([C@H]3 

[C@@H](C4C=CC=CC=4)[C@H](C(O)= 

O)[C@@H]3C3C=CC=CC=3)=O)C=2)=CC=1 

169551533 

Compound_3I -0.796 2 

[C@@H]1([C@H](C2=CC=CC=C2)[C@H] 

(C(=O)OC2=CC=C(C3=CC=CC=C3)C=C2) 

[C@H]1C1=CC=CC=C1)C(=O)O 

130428272 

Compound_gamma3 -0.759 3 

C1=CC([C@@H]2[C@H](C(CC3C=C(C4= 

CC=CC=C4)C=CC=3C#N)=O)[C@@H](C3 

=CC=CC=C3)[C@@H]2C(=O)O)=CC=C1 

 

Compound_alpha-26 -0.709 5 

C1C=CC=C([C@@H]2[C@H](C(OC3C=C 

(C=CC=3CC#N)C3=CC4=C(C=C3)OCO4) 

=O)[C@@H](C3C=CC=CC=3)[C@H]2C 

(O)=O)C=1 

 

Compound_alpha-32 -0.686 6 

C1C=CC=C([C@@H]2[C@H](C(OC3C= 

CC=CC=3C3C=CC=CC=3)=O)[C@@H](C3 

C=CC=CC=3)[C@H]2C(O)=O)C=1 

130428268 

Compound_alpha-5A -0.669 8 

C1C=CC([C@@H]2[C@@H](C(OC3C(C# 

N)=CC=C(C4CCOCC=4)C=3)=O)[C@@H] 

(C3C=CC=CC=3)[C@@H]2C(O)=O)=CC=1 

172466279 

Compound_alpha-9 -0.657 9 

C1C=CC=C([C@@H]2[C@H](C(OC3=C 

(C=CC(C4C=CC=CC=4)=C3)CC#N)=O)[C@ 

@H](C3C=CC=CC=3)[C@H]2C(O)=O)C=1 

 

Compound_gamma-9 -0.652 10 

C1=CC([C@H]2[C@@H](C(=O)O)[C@H] 
(C3=CC=CC=C3)[C@H]2C(=O)OC2C=C 

(C3=CC=CC=C3)C=CC=2CC#N)=CC=C1 
 

 

Table 6.6: Research compounds obtained from Stony Brook University selected for in vitro validation. 

 

 

Figure 6.9: Structures of the 8 research compounds obtained from Stony Brook University selected for in vitro validation. 
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6.3.3 Final set for in vitro validation 

The combined set of 16 ligands for in vitro testing comprises 8 commercially available 

compounds and 8 research compounds from Stony Brook University. The overall Tanimoto 

similarity heatmap (Figure 6.10) reveals the complementary nature of the two subsets: the 

commercial compounds form a low-similarity region (upper-left quadrant), while the research 

compounds cluster together with higher internal similarity (lower-right quadrant). Cross-group 

similarity values are uniformly low, indicating that the two subsets occupy distinct regions of 

chemical space. 

A special mention is given to compound SBFI-26 which, despite its commercial availability, is 

included in the Dr. Ojima study, thus showing high similarity with the 8 research compounds. 

Moreover, Compound_alpha-9 and Compound_gamma-9 show a Tanimoto coefficient of 1.00, 

indicating identical Morgan fingerprint despite different SMILES representation. This is 

motivated by the stereoisomeric nature of the two compounds, sharing the same topological 

connectivity but differing in the spatial arrangement of their chiral centers, that can lead to a 

different behaviour within the FABP12 binding pocket. 

 

 

 

Figure 6.10: Tanimoto similarity heatmap for all the 16 compounds selected for in vitro validation. 
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The composition of the final set reflects a balance between two selection strategies: the research 

compounds are included because their highest ranking position, ensuring that computational 

predictions can be translated into experimental evidences; the commercial compounds, on the 

other hand, were included to maximize the chemical space analyzed during the in vitro 

validation, searching for different molecular scaffolds that can also achieve FABP12 binding. 

Finally, it is important to highlight that all the selected compounds, even the commercial ones 

with a low-ranking position, are included both in the set of compounds with a rank higher than 

the control (T4B) and in the set of the FABP12-selective compounds. Therefore, good results 

are expected in vitro for both the research compounds in the top-ranking positions and the 

commercially available compounds. 

 

6.4 Similarity screening 

6.4.1 Ideal profile of a good candidate 

The physicochemical profile of the 166 FABP12-selective ligands was characterized to guide 

the selection of structurally similar compounds from chemical databases. In this context, a set 

of molecular descriptors were computed with RDKit and the resulting profile defines the ideal 

properties of a compound likely to bind FABP12 with high affinity and selectivity. This profile 

served as the reference for the Mahalanobis distance-based selection as described in Section 

5.4.3. 

Table 6.7 summarized the mean, standard deviation and range of the 10 key descriptors 

evaluated across 166 ligands, while Figure 6.11 provides a visual representation of the profile. 

 

Property Mean SD Min Max 

MW (g/mol) 477.5 48.9 314.5 612.4 

LogP 6.22 0.97 2.07 8.87 

Num. H-Bond Donors 1.19 0.6 0 3 

Num. H-Bond Acceptors 4.2 0.98 2 7 

Num. Rotatable Bonds 7.42 2.87 3 19 

TPSA (Å2) 77.8 15.2 29.5 121.9 

Molar Refractivity 131.3 11.7 93.2 156.2 

Fraction Csp3 0.252 0.119 0.04 0.68 

QED 0.331 0.121 0.16 0.73 

Num. Rings 4.54 1.1 1 6 

 

Table 6.7: Physicochemical profile of the 166 FABP12-selective ligands. 
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Figure 6.11: Spider plot of the ideal physicochemical profile for a FABP12-selective ligand. Values reported on the vertices 

are derived from the ideal profile discussed, while the positions of the mean values are normalized in a 0-100 range in order 

to obtain a consistent representation. Blue area is defined as mean value ± standard deviation, both normalized.  

 

The profile reveals a consistent physicochemical signature characterized by moderate-to-high 

molecular weight (mean 477.5 ± 48.9 Da), high lipophilicity (mean LogP 6.2 ± 1.0), low 

hydrogen bond donor count (mean 1.2 ± 0.6), moderate hydrogen bond acceptor count (mean 

4.2 ± 1.0), and moderate topological polar surface area (mean TPSA 77.8 ± 15.2 Å²). The 

compounds are predominantly aromatic (mean 3.6 aromatic rings out of 4.5 total rings), with a 

low fraction of sp3-hybridized carbons (mean Csp3 0.25) and low quantitative estimate of drug-

likeness (mean QED 0.33). 

This profile is consistent with the known features of FABP12 and the FABP family. Since 

FABPs are intracellular lipid-binding proteins whose binding pocket is designed for long-chain 

fatty acids, effective inhibitors of these proteins are expected to be lipophilic, moderately sized 

molecules with limited polarity, thus the precise features captured by the ideal profile. 

In the context of drug-likeness, 65.7% of the 166 ligands were compliant with the Lipinski Rule 

of Five (≤ 1 violation), while 84.3% satisfied the Veber criteria for oral bioavailability. The only 

partial compliance with Lipinski rule is primarily driven by the high LogP values, but remains 

an aspect well-documented in literature for compounds targeting lipid-binding proteins. 

Therefore, this final observation, aligns with the "beyond Rule of Five" (bRo5) framework 

which recognizes that biologically active compounds targeting hydrophobic binding sites 

frequently exceed classical Lipinski thresholds without compromising their pharmacological 

utility.  
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6.4.2 Second-round Boltz-2 simulations 

10 compounds were used as reference queries for the PubChem similarity search at Tanimoto 

threshold of 90%. These compounds were selected between the 12 commercially available: the 

8 compounds selected for in vitro validation were chosen and were also included 2 other 

compounds from the same set, which were sufficiently different from the others. This choice 

allows the exploration of a wide section of the chemical space and yielded approximately 

10,000 structurally similar compounds. 

To reduce this set, the clustering and Mahalanobis distance-based selection pipeline described 

in Section 5.4.3 was applied. For each reference compound, a maximum of 20 hits were selected 

after the clustering and a deduplication step was implemented to ensure that compounds 

appearing as hits for multiple references were not selected more than once. 

The selection yielded 162 unique compounds distributed across the 10 reference queries. The 

distribution per reference compound is shown in Figure 6.12. 

 

 

 

Figure 6.12: Number of selected similar compounds per reference query. 

 

The 162 selected similar compounds were combined with the 10 reference compounds and 8 

research compounds from Stony Brook University (with slightly modified SMILES as provided 

by the Ojima group) to form a set of 180 ligands submitted to a second round of Boltz-2 co-

folding simulations against FABP12, following the same protocol described in Section 5.1.  

After quality filtering based on confidence score and ipTM thresholds, 164 out of 180 

compounds were retained for affinity and selectivity ranking. 



 89 

This result demonstrate that the similarity screening successfully identified novel high-affinity 

compounds. The top-ranked compound in the second round (CID 129017068, affinity predicted 

value −1.236) obtained a stronger predicted affinity than the best compound from the original 

screening (Compound_alpha-1A, −0.963 in the first round). This indicates that the chemical 

space surrounding the previously tested binders contains compounds with even stronger 

predicted binding, which were not represented in the original ligand dataset. 

 

Table 6.8 reports the top-ranked compounds from the second round that are also FABP12-

selective. In the table, compounds identified only by the PubChem CID are the novel 

candidates, while compounds bolded are the research compounds obtained from the Stony 

Brook University (if identified with the R) or the reference compounds that guided the similarity 

search. 

 

A structural inspection of the top-ranked FABP12-selective compounds from the second-round 

screening (Figure 6.13) reveals that all 14 candidates converge on one of two dominant 

scaffolds: a 1,2,3,4-tetrasubstituted cyclobutane core bearing two phenyl groups, an aromatic 

ester, and a carboxylic acid moiety, or a 3-(2,6-dichlorophenyl)-5-cyclopropylisoxazole nucleus 

connected through a methoxy linker to an arylacetic acid group. The recurrence of these two 

structural motifs across both reference compounds and newly identified analogues reinforces 

the hypothesis that these scaffolds encode key pharmacophoric features for FABP12 

recognition and supports their prioritization as lead structures for future optimization 

campaigns. 

 

Selectivity analysis revealed that 23 out of 164 compounds (14.0%) were classified as FABP12-

selective, of which 15 were newly identified similar compounds, 4 were Ojima research 

variants, and 4 were original reference compounds. The lower selectivity rate compared to the 

first round (14.0% vs. 51.1%) is expected because the similarity search was designed to identify 

structural analogues of known binders, not to optimize for isoform selectivity. Moreover, 

compounds that are structurally similar to FABP12 binders may also resemble binders of related 

FABP isoforms.  
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Ligand Name Affinity 

Score 

Rank Smiles PubChem 

CID 

129017068 -1.236 1 

CC1=C(C=CC(=C1)OCC2=C(ON=C2C3=C 

(C=CC=C3Cl)Cl)C4CC4)C5CC5C6=CC=C 

(C=C6)C(=O)O 

129017068 

163249775 -0.935 4 

C1=CC=C(C=C1)[C@@H]2C(C(C2C(=O)OC3 

=C(C=CC(=C3)C4=CC=CC=C4)C#N)C5=CC 

=CC=C5)C(=O)O 

163249775 

R_alpha1A -0.916 5 

OC(=O)[C@H]1[C@@H]([C@@H]([C@H]1 

C1=CC=CC=C1)C(=O)OC1=CC(=CC=C1C# 

N)C1=CC=CC=C1)C1=CC=CC=C1 

  

R_gamma3 -0.898 6 

OC(=O)C1[C@@H](C([C@@H]1C1=CC=CC 

=C1)C(=O)OC1=C(C=CC(=C1)C1=CC=CC= 

C1)C#N)C1=CC=CC=C1 

  

R_alpha32 -0.857 8 

OC(=O)C1[C@@H](C([C@H]1C1=CC=CC= 

C1)C(=O)OC1=CC=C(C=C1)C1=CC=CC=C1) 

C1=CC=CC=C1 

  

Compound_3I -0.753 11 

C1=CC=C(C=C1)[C@H]2C([C@@H](C2C 

(=O)OC3=CC=C(C=C3)C4=CC=CC=C4)C5 

=CC=CC=C5)C(=O)O 

130428272 

172466279 -0.746 12 

C1COCC=C1C2=CC(=C(C=C2)C#N)OC(=O) 

C3[C@H](C([C@@H]3C4=CC=CC=C4)C(=O) 

O)C5=CC=CC=C5 

172466279 

Compound_23_1 -0.713 15 
CC1=C(C=CC(=C1)CC(=O)O)C2=CC=C(C=C2) 

OCC3=C(ON=C3C4=C(C=CC=C4Cl)Cl)C5CC5 
170551881 

Compound_alpha-5A -0.712 16 

C1COCC=C1C2=CC(=C(C=C2)C#N)OC(=O)C3 

[C@H](C([C@@H]3C4=CC=CC=C4)C(=O)O) 

C5=CC=CC=C5 

172466279 

R_alpha5A -0.647 22 

OC(=O)[C@H]1[C@@H]([C@@H]([C@H]1C1= 

CC=CC=C1)C(=O)OC1=CC(=CC=C1C#N)C1 

=CCOCC1)C1=CC=CC=C1 

  

Compound_21_1 -0.532 28 

C1CC1C2=C(C(=NO2)C3=C(C=CC=C3Cl) 

Cl)COC4=C(C=C(C=C4)C5=CC=C(C=C5)C 

C(=O)O)Cl 

170551884 

145307128 -0.517 30 

C1CC1C2=C(C(=NO2)C3=C(C=CC=C3Cl)Cl)C 

(O)OC4=CC(=C(C=C4)[C@H]5CC5C6=CC 

=C(C=C6)C(=O)O)Cl 

145307128 

170388188 -0.481 35 

CC1=CC=CC=C1[C@H]2[C@H]([C@@H]([C@ 

@H]2C(=O)OC3=CC=CC=C3C4=CC=CC=C4) 

C5=CC=CC=C5OC)C(=O)O 

170388188 

170551896 -0.398 40 

CC1=C(C=CC(=C1)OCC2=C(ON=C2C3=C(C=C 

C=C3Cl)Cl)C4CC4)C5=CC=C(C=C5)CC(=O)O 170551896 

 

Table 6.8: Top-ranked and FABP12-selective compounds from the second-round Boltz-2 simulations. 
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Figure 6.13: Structures of the top-ranked and FABP12-selective compounds from the second-round Boltz-2 simulations. 
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6.5 SwissADME properties 

The 166 FABP12-selective ligands from the first round of Boltz simulations were submitted to 

SwissADME for independent evaluation of their physicochemical, pharmacokinetic, and drug-

likeness properties, as described in Section 5.5. This analysis served to validate the RDKit-

computed ideal profile using an established external tool. 

 

The SwissADME properties were compared with the RDKit-computed values across the eight 

shared descriptors (Figure 6.14). Six of the eight properties showed excellent agreement (Δ < 

5%): MW (483.6 vs. 477.5), TPSA (80.1 vs. 77.8), MR (134.7 vs. 131.3), rotatable bonds (7.1 

vs. 7.4), HBD (1.06 vs. 1.19) and FractionCsp3 (0.229 vs. 0.252). Notably, two properties 

showed larger deviations. LogP differed by 17% (SwissADME Consensus Log P 5.17 vs. 

RDKit 6.22), caused by the different computational approach: RDKit implements a single 

algorithm (Wildman-Crippen), while SwissADME creates a consensus score using five 

different methods to moderate extreme values. Also, HBA differed by 25.5% (SwissADME 5.3 

vs. RDKit 4.2), reflecting known differences in hydrogen bond acceptor counting conventions 

between the two tools. Nevertheless, the predicted profile for a FABP12-selective binder does 

not change: a good binder remains characterized as lipophilic, moderately sized and with low-

polarity. 

 

 

 

Figure 6.14: Spider plot comparison of the RDKit and SwissADME physicochemical profiles. Values in the vertices are 

obtained from the analysis, while mean points and areas are normalized in a 0–100 range. 
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According to the SwissADME analysis, the Lipinski Rule of Five compliance was 66.3% 

(110/166, ≤ 1 violation) and Veber compliance was 99.4% (165/166). In addition, SwissADME 

has also evaluated Ghose (11.4%), Egan (34.3%) and Muegge (14.5%) rules, which are 

presented as significantly lower, reflecting their stricter lipophilicity constraints. As discussed 

in the previous sections, this behaviour is consistent with the bRo5 framework for hydrophobic 

targets. Lastly, in the context of drug-likeness behaviour, PAINS analysis identified only 2 out 

of 166 compounds (1.2%) with structural alerts, confirming that the candidate set is largely free 

of assay-interfering substructures. 

 

Regarding the pharmacokinetics, high gastro-intestinal (GI) absorption was predicted for 57.2% 

of the ligands (95/166), while blood brain barrier (BBB) permeability was predicted for only 

9.0% (15/166). This could be a favorable profile for molecules targeting a peripheral district of 

the body, such as where prostate cancer resides. 

Moreover, CYP2C9 inhibition was the most prevalent cytochrome P450 liability (87.3%), 

consistent with the lipophilic and aromatic-rich nature of the ligand set. Inhibition of other CYP 

isoforms was less frequent: CYP2D6 (39.8%), CYP2C19 (34.3%), CYP3A4 (30.1%), and 

CYP1A2 (11.4%). Finally, P-glycoprotein substrate status was predicted for 53.6% of the 

compounds. 

These pharmacokinetic results represent optimization targets for future medicinal chemistry 

campaigns. 

 

Overall, the SwissADME analysis confirms the RDKit-computed ideal profile and shows that 

the 166 FABP12-selective compounds have a pharmacochemical behaviour consistent with the 

target biology, also showing expected deviations from the classical drug-likeness thresholds 

consistent with the FABP target class.  
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Chapter 7  
Conclusions and future perspectives 

This work presented an integrated computational pipeline for the identification of novel 

inhibitors candidates of the FABP12. During this project, two main goals were addressed: the 

proposal of a three-dimensional structure of the target protein and the definition of promising 

inhibitor candidates for in vitro experimental validation, along with the definition of the ideal 

profile of a FABP12-selective binder. To successfully complete these tasks, a workflow 

combining AI-driven structure and affinity prediction through Boltz-2 with classical homology 

modeling refinement in MOE was developed and applied across four interconnected objectives. 

 

Regarding the structure of the FABP12, a consensus 3D template of the protein was derived 

from an ensemble of 819 Boltz-2 protein-ligand complexes. Per-residue RMSD analysis across 

the ensemble revealed a well-conserved core with conformational variability localized in loop 

regions –induced by the ligand binding– and in the C-terminal tail. After the refinement in MOE 

through homology modeling, the final model was validated using standard metrics, which 

confirmed excellent stereochemical quality: only a single Ramachandran outlier was detected 

out of 140 residues, no bond length violations or steric clashes were identified, and the eight 

bond angle outliers were confined to intrinsically flexible regions. Moreover, the Boltz-derived 

model was compared with two independently generated FABP12 structures –an AlphaFold ab 

initio prediction and a conventional homology model built from FABP8– yielding a mean 

pairwise RMSD of 0.928 Å. The convergence between three different methodologies provides 

robust evidence that the predicted fold is reliable. Finally, this Boltz-derived structure 

intrinsically encodes the ligand-induced conformational variability, assisting the definition of 

the FABP12 binding pocket features.  
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Regarding the affinity and selectivity screening, the full initial set of 819 candidates was tested 

against the FABP12 and the other FABP isoforms. After a first quality filtering, a biologically 

motivated cutoff at the T4B reference compound and a selectivity evaluation, a pool of 166 

compounds was identified as FABP12-selective, highlighting the FABP2 as dominant 

competing isoform in all cases of non-selectivity. Notably, all the ligands which were defined 

as FABP12-selective, also were ranked in the top positions of the affinity evaluation, suggesting 

them as preferential candidates for experimental testing.  

In this context, 16 compounds were selected to advance into experimental assays. In this set of 

compounds, 8 were chosen between the FABP12-selective and commercially available ones, 

while 8 were obtained free-of-charge from a promising collaboration with the research group 

of Dr. Ojima Iwao at the Stony Brook University in New York. 

To move beyond the boundaries of the initial dataset, a similarity-based virtual screening was 

performed on PubChem using the commercially available and FABP12-selective compounds 

identified previously as reference queries at a Tanimoto threshold of 90%. This process 

resulting in approximately 10,000 new hits, then reduced to 162 unique compounds through 

hierarchical clustering and Mahalanobis distance-based selection, ensuring both structural 

diversity and adherence to the physicochemical profile of known FABP12 binders. This new 

pool of candidates was submitted to a new round of Boltz-2 simulations, which highlighted a 

stronger predicted affinity in this new set of ligands. This result demonstrates that the chemical 

space surrounding identified binders contains compounds with even stronger predicted binding 

activity which had not yet been considered, suggesting that the similarity screening strategy is 

an effective method to expand the pool of FABP12 binding candidates. 

 

Lastly, regarding the drug-likeness and pharmacokinetic characterization, the profile of the 

ideal FABP12-selective binder was defined using both RDKit and SwissADME (for 

independent validation). The profile that emerged from this analysis identifies as good 

candidates ligands with moderate-to-high molecular weight (mean 477.5 Da), high lipophilicity 

(mean LogP 6.2), low hydrogen bond donor count, moderate topological polar surface area, and 

predominantly aromatic character. This is consistent with the biological function of the FABPs 

as intracellular lipid-binding proteins. 

Lipinski Rule of Five compliance reached 66.3%, with partial compliance primarily driven by 

high LogP values –a well-documented feature for compounds targeting hydrophobic binding 

sites, consistent with the beyond Rule of Five (bRo5) framework. Meanwhile, PAINS analysis 

confirmed that the candidate set is largely free of assay-interfering substructures. Finally, the 
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pharmacokinetic profile showed favorable characteristics for a peripheral target (57.2% of the 

compounds were predicted to have high gastrointestinal absorption), while CYP2C9 inhibition 

was identified as the most prevalent cytochrome P450 liability, representing an optimization 

target for future medicinal chemistry efforts. 

 

7.1 Limitations 

The absence of an experimental crystal structure for FABP12 means that all structural models, 

including the one generated in this work, remain computationally predicted and cannot be 

definitively validated against ground truth. 

Moreover, Boltz-2 affinity predicted values, while useful for ranking purposes, are not 

equivalent to experimentally measured binding affinities, which is why this work is inserted 

into a broader study that also includes the experimental validation of the results. 

Furthermore, despite the information obtained form the expansion of the chemical space with 

the large-scale similarity screening, the selectivity of the second pool of candidates remains low 

(14.0% vs. 51.1% of the first round), suggesting that structural analogy to known FABP12 

binders does not guarantee isoform selectivity, particularly given the high structural homology 

within the FABP family. 

Finally, the high prevalence of CYP2C9 inhibition and the elevated LogP values across the 

candidate set indicate that pharmacokinetic optimization will be necessary before any 

compound can progress toward clinical development. 

 

7.2 Future Perspectives 

The results reported in this thesis established a foundation for different directions of future 

investigations. 

 

The most immediate next step is the in vitro experimental validation of the 16 compounds 

selected. Binding assays can confirm the computational predictions and establish structure–

activity relationships, also supported by the binder profile computed and validated in this work. 

Compounds demonstrating confirmed binding to FABP12 could then undergo medicinal 

chemistry optimization to improve metabolic stability (particularly addressing the CYP2C9 

liability) and to enhance isoform selectivity (especially related to FABP2, which emerged as 

the dominant competing isoform). 
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From a structural perspective, several studies can be performed to provide the first experimental 

validation of the predicted fold and enable a more refined structure-based drug design 

campaign. Additionally, molecular dynamics simulations on the top-ranked Boltz-2 complexes 

could lead to a deeper comprehension of the binding mode stability, residence time, and the role 

of protein flexibility in ligand recognition. 

 

Finally, the computational pipeline developed in this work – combining Boltz-2 co-folding with 

consensus-based structure derivation, selectivity profiling, similarity screening, and 

pharmacokinetic filtering– is not limited to FABP12 and could be extended to other protein 

targets lacking experimental structural data. Moreover, successfully applying Boltz-2, a 

recently released AI model, to this computational work contributes to the growing body of 

evidence supporting the integration of AI-driven methods into early-stage drug discovery 

pipelines. 
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