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“The man who moves a mountain begins by carrying away small stones.”
— Confucius

“What I can not create, I do not understand.”
— Richard Feynman

“All models are wrong, but some are useful.”
— George Edward Pelham Box
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Abstract

The rapid growth of protein sequence and structure databases has created a significant
annotation gap that manual curation alone cannot bridge. Two recent computational
biology methods, DPCfam and DPCstruct, address this by applying the Density
Peak Clustering (DPC) algorithm to automatically group millions of protein domains
into putative evolutionary families called metaclusters, based purely on pairwise
similarity scores derived from large-scale sequence or structural alignments. This
process has yielded 81,384 sequence-based and 28,246 structure-based families with
no manual curation. Although the datasets derived from both methods are publicly
available on Zenodo under FAIR data principles, exploring them typically requires
downloading and parsing gigabyte-scale archives, including a massive 81 GB XML
file for DPCfam, which presents a technical barrier for many researchers.

In this thesis, we present DPCexplorer, a unified Django web application that
closes this gap. Raw archives were preprocessed on the ORFEO HPC cluster
and loaded into a PostgreSQL database optimized with B-Tree, GIN trigram, and
functional indexes. Built on the Model-View-Template (MVT) pattern, the platform
accepts four query types (DPCfam MCID, DPCstruct MCID, Pfam ID, and
UniProt accession) and returns paginated metadata tables, per-protein domain-
architecture diagrams, and downloadable biological files (FASTA, MSA, HMM, PDB).
Furthermore, for DPCstruct metaclusters, it integrates the PDBe-Mol* 3D viewer
to render AlphaFold2-predicted structures colored by per-residue pLDDT confidence
directly in the browser. We further audit the database indexes and assess DPCexplorer
against the FAIR Principles for Research Software (FAIR4RS). The application
will soon be accessible at https://dpcexplorer.areasciencepark.it and is fully reproducible
from the GitHub repository [1] and the associated Zenodo data deposit [2].

Keywords: Protein domain classification, Density Peak Clustering, UniRef50, DPCfam,
AlphaFold2, DPCstruct, metacluster, Pfam, Django, PostgreSQL, bioinformatics web
application, FAIR data principles, FAIR4RS, Mol*, DPCexplorer.
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Chapter 1

Introduction

1.1 Motivation

Every organism, from a simple bacterium to a human being, depends on proteins to
carry out the chemical reactions that make life possible. Understanding what a protein
does, in other words, knowing its function, is therefore one of the central goals of modern
biology [3].

However, there is a growing and serious problem: the number of protein sequences
and structures deposited in databases far outpace experts’ ability to characterize
their functions experimentally. As of 2024, UniProtKB [4] contains over 245 million
sequences, but only a small fraction of these have been experimentally annotated. The
situation with protein structures has become even more dramatic since the publication
of AlphaFold2 [5], which has produced accurate 3D structure predictions for over 200
million proteins, populating the AlphaFold Protein Structure Database [6].

One established strategy for narrowing this annotation gap is protein domain family
classification. Proteins (or their domains) that belong to the same family typically share
the same evolutionary origin and, importantly, a similar function. If even one member
of a family has a known function, that annotation can be transferred, with appropriate
caution, to other members. This is the basic idea behind databases like Pfam [7], where
proteins are grouped into families based on Multiple Sequence Alignments (MSAs)
and profile Hidden Markov Models (HMMs), enabling sensitive detection of distant
homologs [8].

The project we describe in this thesis builds on two recent computational biology
methods, DPCfam [9] and DPCstruct [10], that adopt an entirely unsupervised
and automated approach to protein domain classification. Unlike Pfam and other tools,

1



CHAPTER 1. INTRODUCTION

which mostly rely on manual expert curation, these methods use the Density Peak
Clustering (DPC) algorithm [11] to automatically group millions of protein domains
into putative families (metaclusters) based purely on pairwise similarity scores. The
datasets derived from both methods are:

• DPCfam [12]: Approximately 23 million sequences from UniRef50 (v.2017_07)
clustered into 81,384 sequence-based metaclusters (46,828 in the Standard subset
and 34,556 in DPCfamB).

• DPCstruct [13]: Approximately 15 million AlphaFold structures (AlphaFold
Database v4.0, the Foldseek Clusters representative set) clustered into 28,246
structure-based metaclusters.

Guided by the FAIR (Findable, Accessible, Interoperable, Reusable) Data
Principles [14], DPCfam [9] and DPCstruct [10] authors established a strong foundation
by sharing their results in public Zenodo [15] repositories ([12, 13]). However, exploring
these raw files still requires significant technical expertise. This thesis contributes to
the ongoing FAIRification [14] of these datasets by developing a unified Django-
based application. By bridging the gap between static data files and interactive
navigation, we believe our platform could facilitate the downstream analysis and
functional annotation of at least one protein through putative domain families identified
by the DPC algorithm.

1.2 Project Overview

This thesis describes the design and development of DPCexplorer, a unified Django
web application for the interactive exploration of the DPCfam and DPCstruct datasets.
The application provides a simple, user-friendly interface that allows biologists and
data scientists to query the database using familiar biological identifiers (UniProt IDs,
Pfam IDs, or DPC metacluster IDs) and to explore the results through metadata tables,
downloadable files, and uniquely an integrated 3D protein structure viewer based on
Mol* [16]. The project was carried out as a six-month internship at the Laboratory of
Data Engineering (LADE), Area Science Park, Trieste, Italy, under the supervision of
Dr. Valerio Piomponi and Dr. Elaheh Saadat. It forms the practical component
of the Professional Master in Data Management and Curation (MDMC) at SISSA.

1.3 Objectives

The main objectives of the project are:

2



CHAPTER 1. INTRODUCTION

1. Develop a unified web interface using Django that allows interactive navigation
and mining of the DPCfam and DPCstruct datasets.

2. Implement search capabilities for four query types: DPCfam MCID, DPCstruct
MCID, Pfam ID (family or clan), and UniProt ID.

3. Enable users to visualize cluster content, including domain metadata, represen-
tative sequences and structures, and cross-links to reputable external databases
(UniProt, InterPro, AlphaFoldDB, etc.).

4. Integrate the Mol* 3D viewer to enable interactive, in-browser visualization of
AlphaFold2-predicted domain structures directly within cluster pages.

1.4 Thesis Structure

The rest of this thesis is organised as follows:

Chapter 2 reviews the biological and computational background: proteins and do-
mains, the main sequence and structure databases, the Density Peak Clustering
algorithm, the DPCfam and DPCstruct pipelines, and the FAIR and FAIR4RS
principles that frame the project.

Chapter 3 explains how the two Zenodo datasets were acquired, cleaned, and analysed
on the ORFEO HPC cluster, and how the exploratory data analysis directly shaped
the application’s design.

Chapter 4 presents the technical “blueprint”: the Django Model-View-Template
(MVT) architecture, the PostgreSQL schema and its indexes, and the unified
routing logic behind the four search types.

Chapter 5 describes how the interface was built: the Django backend, the four-query
search, the embedded Mol* viewer for 3D structural exploration, and the read-
only-by-default administration panel.

Chapter 6 walks through each query type from the user’s perspective, audits the
database indexing strategy, assesses the platform against the FAIR4RS principles,
and discusses reproducibility.

Chapter 7 summarises the main contributions and outlines future directions, such as
a REST API, an in-browser MSA viewer, and a quantitative FAIR score.

The thesis is supported by two Appendices (A-B), which include a complete inventory
of the preprocessing scripts and notebooks, and an overview of the PDB file format,
the backbone of protein 3D visualization.
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Chapter 2

Background

2.1 Proteins and Protein Domains

2.1.1 Proteins in a nutshell

Proteins are essential biological macromolecules that carry out many of the major
functions inside cells [3]. They are built as linear chains of 20 standard amino acids
(see Table B.4 in Appendix), and the order of these amino acids, known as the primary
structure (sequence), is encoded by the organism’s DNA. Once synthesized, the chain
folds into a specific tertiary structure (three-dimensional shape). This folding
is driven largely by the chemical properties of the sequence and is often assisted by
molecular helper proteins called chaperones [3]. A protein’s shape strongly influences
how it interacts with its environment and, therefore, what biological function it can
perform. Because structure and function are tightly linked, even a small change in
sequence can sometimes alter folding and impair function [3].

(a) Sequence (b) Structure (c) Function

Figure 2.1: A Protein Sequence-Structure-Function Paradigm [17].

Figure 2.1 illustrates a progression from (a) the linear sequence of amino acids to (b)
the folded 3D structure, which ultimately enables the protein’s (c) function, such as
the ability of hemoglobin to bind and transport oxygen throughout the body [3].

4



CHAPTER 2. BACKGROUND

2.1.2 Protein Domains

Most large proteins are not single, rigid blocks; instead, they are composed of multiple
domains. These are independent modules that act as the protein’s functional and
structural building blocks. A domain is unique because it can fold independently into a
stable shape, even if separated from the rest of the protein chain [3].

In evolutionary terms, nature treats these domains like “Lego bricks.” Successful domain
designs are reused and combined in different architectures to create new proteins with
diverse capabilities [18]. This modularity allows life to evolve complex new functions by
reshuffling existing, reliable modules rather than starting from scratch.

2.2 Protein Databases Overview

As technology has enabled the discovery of millions of new sequences and structures,
the volume of biological information has exploded. To manage this “protein universe,”
researchers rely on specialized databases designed to store, catalog, and annotate
sequences, 3D models, and functional data.

2.2.1 Sequence Databases: UniProt

The Universal Protein Resource (UniProt)(uniprot.org) [4] is a collaboration
between the European Molecular Biology Laboratory, European Bioinformatics Insti-
tute (EMBL-EBI, UK), the SIB Swiss Institute of Bioinformatics (Switzerland), and
the Protein Information Resource (PIR, USA), serving as the world’s most compre-
hensive resource for protein sequence and functional data. It is organized into three
complementary databases:

1. UniProtKB (Knowledgebase): The central hub for annotated information. It
consists of Swiss-Prot (manually reviewed, high-quality entries) and TrEMBL
(automatically annotated, unreviewed entries).

2. UniRef (Reference Clusters): These datasets reduce redundancy by grouping
sequences at 100%, 90%, and 50% identity thresholds. UniRef50, for instance,
provides an efficient representation of the known protein universe by grouping
similar sequences into clusters represented by a single “seed” sequence [18].

3. UniParc (Archive): A non-redundant repository storing the complete history
of every unique sequence ever deposited. This ensures data provenance even if a
sequence becomes obsolete in its original source [4].

5
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CHAPTER 2. BACKGROUND

2.2.2 Structure Databases

The Protein Data Bank (PDB) (rcsb.org) [19], established in 1971, is the primary
global archive for experimentally determined 3D protein structures obtained through
X-ray crystallography, NMR spectroscopy, or cryo-electron microscopy (cryo-EM). Each
entry is stored as a .pdb or .mmCIF file containing the 3D coordinates of every atom.

While the PDB currently holds over 220,000 structures, it covers only a tiny fraction
of the known protein sequence space. To bridge this gap, the AlphaFold Protein
Structure Database (AlphaFoldDB) (alphafold.ebi.ac.uk) [5, 6] was launched in
2021. It provides high-accuracy predicted structures for over 214 million proteins,
encompassing nearly all entries in UniProtKB. To manage this vast volume of data, the
Foldseek Cluster database (cluster.foldseek.com) [20] was created by clustering the
entire AlphaFoldDB at 50% sequence similarity and 90% structural overlap, resulting
in a non-redundant set of approximately 15 million representative proteins.

2.2.3 Domain Family and Annotation Databases

The Protein family database (Pfam) [7] is a widely used resource that organizes
protein regions into families based on conserved sequence patterns using profile Hidden
Markov Models (HMMs). As of release 37.0 (2024), it contains 21,979 families and
709 clans. A major recent advancement is Pfam-N [8], which uses deep learning
architectures, specifically transformer-based models (Maskformer) and convolutional
neural networks to detect distant homologs, increasing UniProtKB coverage by 8.8%.

InterPro (ebi.ac.uk/interpro) [21] serves as a unified hub that integrates protein “sig-
natures” from Pfam and other specialized databases to power the automatic annotation
of UniProtKB. Following the retirement of the original Pfam website in 2022, InterPro
has become the official portal for exploring Pfam’s extensive family data [8].

While sequence-based tools are vital, structural classification databases organize the
“protein universe” based on three-dimensional folds:

• CATH (cathdb.info) [22] partitions structures into domains and classifies them
into a four-level hierarchy: Class, Architecture, Topology, and Homologous
superfamily.

• The Structural Classification of Proteins (SCOP) (scop.mrc-lmb.cam.ac.uk)
[23] relies on expert manual curation to identify distant evolutionary relationships
that automated methods might overlook.

• The Evolutionary Classification of protein Domains (ECOD) [24]
(prodata.swmed.edu/ecod/) prioritizes an evolutionary perspective, grouping
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domains that share a common ancestor even when their structural similarity has
significantly diverged.

2.3 The Annotation Gap

Advances in sequencing technology have made it easy to map the primary sequences of
millions of proteins, but experimental characterisation remains a painstakingly
slow process [9]. This discrepancy has created a massive “annotation gap,” which
represents one of the central challenges in modern biology [10]. Since protein domains
are evolutionarily conserved, methods such as homology-based inference can predict a
protein’s function based on its known relatives [9]. However, as the volume of data
explodes (Figure 2.2), manual curation can no longer keep pace with the discovery of
new, divergent sequences [18].

Figure 2.2: Yearly growth of the UniProt Knowledgebase [17, 25].

Figure 2.2 illustrates the dramatic scaling of unreviewed sequences (TrEMBL) com-
pared to the stable, linear growth of reviewed entries (Swiss-Prot). Over the last decade,
TrEMBL entries have surged to nearly 250 million, while the high-quality, expert-
curated Swiss-Prot database has remained relatively flat at approximately 570,000.
The temporary decline in TrEMBL records visible in 2015 resulted from new sequence
de-duplication protocols designed to reduce redundancy in bacterial proteomes [25].

To bridge this gap, computational tools capable of automatically organizing the “protein
universe” are essential. At the heart of this solution is the Density Peak Clustering
(DPC) algorithm [11]. Recently applied to both protein sequences (UniRef50) and
three-dimensional structures (AlphaFoldDB), DPC has classified domains into broad
putative families known as “Metaclusters.” These metaclusters act as functional
hypotheses, “turning the lights on” for thousands of novel protein families that manual
curation has yet to reach [9, 10].
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2.4 Density Peak Clustering (DPC)

Clustering is a fundamental task in unsupervised machine learning that involves
partitioning a dataset into meaningful groups based on similarity without the need
for prior labels. However, traditional methods often face significant limitations. For
example, K-means [26] requires the number of clusters to be defined in advance and
assumes they are spherical, which rarely reflects the complexity of real-world data.
While density-based approaches like DBSCAN [27] can handle arbitrary shapes, they
frequently struggle with varying densities and ambiguous boundaries.

The Density Peak Clustering (DPC) algorithm, introduced by Rodriguez and Laio
in 2014 [11], provides a more flexible alternative. It is built on two intuitive principles:

1. Cluster centers have a high local density, meaning they are surrounded by
a large number of neighbors.

2. Cluster centers are located at a relatively large distance from any other
points with a higher density.

The main steps of the algorithm are described below:

2.4.1 Core Quantities: ρ and δ

For a dataset of N points with pairwise distances {dij}, the DPC algorithm computes
two essential values for each point i:

1. Local Density (ρi): This value represents the number of neighbors within a
cut-off distance dc:

ρi =
∑︂
j ̸=i

χ
(︂
dij − dc

)︂
, where χ(x) =

⎧⎪⎨⎪⎩1, x < 0

0, otherwise.
(2.1)

Alternatively, a Gaussian kernel ρi = ∑︁
j ̸=i exp (−(dij/dc)2) can be used for

smoother estimates in smaller datasets.

Rule of thumb: Set dc such that the average number of neighbors per point is
approximately 1–2% of the total dataset [11].

2. Minimum Distance to a Denser Point (δi): This measures the distance to
the closest neighbor that has a strictly higher local density:

δi = min
j : ρj>ρi

(dij) (2.2)
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For the point with the highest overall density, δi is conventionally set to the
maximum distance found in the dataset (δmax = maxj dij) to ensure it remains
an outlier.

2.4.2 Centroid Selection: The Decision Graph and γ

The Decision Graph plots δi (y-axis) against ρi (x-axis). Because cluster centers are
local density maxima far from other dense regions, they appear as prominent outliers
in the upper-right corner of the graph. To automate the selection of these peaks, the γ

score is defined as the product of density and isolation:

γi = ρi · δi. (2.3)

True cluster centers are identified by sorting all points by γ in decreasing order and
searching for a significant numerical gap in the ranking. Points above this gap are
selected as the k centroids. Once centroids are chosen, every other point is assigned to
the same cluster as its nearest neighbor of higher density in a single, non-iterative step.

Algorithm 1 Density Peak Clustering (DPC)
Require: Dataset X = {x1, . . . , xN}, distance metric d(·, ·), cut-off dc

Ensure: Cluster labels {ℓ1, . . . , ℓN}
1: Precompute: Calculate all pairwise distances dij

2: Local Density: Compute ρi for all i (Eq. 2.1)
3: Isolation: Compute δi for all i (Eq. 2.2)
4: Convention: For the point with highest density, set δi = maxj dij

5: Peak Selection:
6: Calculate decision value γi (Eq. 2.3) for all points i

7: Identify centroids C by looking for outliers in the γ distribution
8: Initial Labels: Assign a unique label ℓc for each centroid c ∈ C
9: Clustering: Sort all non-peak points by decreasing density ρ

10: for each point i /∈ C in decreasing ρ order do
11: ℓi ← ℓnn(i), where nn(i) is the nearest neighbor with higher density
12: end for
13: return {ℓi}

Algorithm 1 identifies clusters without requiring prior assumptions about their number
or shape [25]. Peak selection and cutoff distance (dc) are the two key hyperparameters
for tuning this algorithm. This unsupervised approach serves as the foundation for
both DPCfam [9], which operates in protein sequence space, and DPCstruct [10], which
operates in protein structure space to automatically organize millions of protein domains
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into putative families called metaclusters. We summarize their key steps in this thesis
by presenting their pipelines. For an optimal exploration of the mathematics and the
High Performance Computing (HPC) strategies (e.g., matrix parallelization) behind
them, we refer the reader to the papers [9] and [10] or the thesis [25].

2.5 DPCfam Pipeline

DPCfam [9] is a massive, unsupervised classification of protein domains based on
sequence similarity. It was designed to bridge the annotation gap by automatically
grouping sequences into families without relying on manual expert curation. The
pipeline uses UniRef50 (v.2017_07) as its input, which contains approximately 23
million sequences that share no more than 50% identity (see subsection 2.2.1).

2.5.1 Implementation

The pipeline transforms raw sequence data into organised families through four major
stages, as illustrated in Figure 2.3:

Figure 2.3: Overview of the DPCfam sequence clustering pipeline. The process uses
BLASTp for all-versus-all local alignments of 23 million sequences, followed by a two-step
Density Peak Clustering approach: primary clustering segments individual proteins into
domain-like units, while metaclustering groups these units into putative families [25].

1. All-versus-all Local Alignment: Using BLASTp, the algorithm compares the
23 million sequences against one another to identify similar regions. To manage
this enormous task, the authors performed approximately 100,000 batch searches,
with each batch containing 200 query sequences.

2. Primary Clustering: For every individual protein, the resulting alignments are
grouped via the DPC algorithm based on where they overlap on that protein’s
sequence. This segments the protein into domain-like units called primary clusters.

3. Metaclustering: The DPC algorithm is then used to compare these primary
clusters across the entire database. Clusters that share a significant number of
common alignments are grouped into metaclusters.
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4. Merging and Filtering: To reduce redundancy, similar metaclusters are merged,
and outliers are removed to ensure high-quality “seed” families.

2.5.2 Validation and Discovery

To ensure the results were biologically meaningful, the authors compared DPCfam
against the expert-curated Pfam and ECOD databases. The algorithm successfully
recovered approximately 81% of medium-to-large Pfam families and 72% of
ECOD families, demonstrating that unsupervised clustering can accurately capture
established evolutionary relationships.

Beyond matching known data, the pipeline identified metaclusters that completely
lack a Pfam mapping: 14,190 in the Standard subset and 18,989 in DPCfamB.
These represent a significant pool of putative novel protein families [9]. To validate
these findings, the authors collaborated with the Pfam team, who adopted 63 of
these unknown clusters as official new families in Pfam release 35.0 (for example,
MC202620→ PF20147 and MC15137→ PF20146). This discovery highlights the potential
of DPCfam to uncover the “dark matter” of the protein universe [25].

2.6 DPCstruct Pipeline

DPCstruct [10] serves as the structural counterpart to DPCfam. Because protein
structures are often more evolutionarily conserved than sequences, this pipeline is
essential for uncovering remote homology: identifying relationships between proteins
that share less than 20% sequence identity.

2.6.1 Implementation

The DPCstruct pipeline, illustrated in Figure 2.4, is a high-performance adaptation
of the DPCfam logic, specifically re-engineered to handle 3D structural data through
four primary stages:

Figure 2.4: Overview of the DPCstruct structural clustering pipeline. After aligning 15
million AlphaFold structures with Foldseek, the pipeline applies quality filters (pLDDT,
TM-score, and gap thresholds) before using DPC to identify structural domains and
group them into non-redundant metaclusters representing conserved protein folds [25].
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1. Input Data: The process starts with 15 million representative structures
from the Foldseek Clusters database, which provides a non-redundant view of the
structural diversity in AlphaFoldDB (see subsection 2.2.2).

2. Structural Alignment (Foldseek & MMseqs2): Instead of sequence-based
tools like BLAST, the pipeline performs all-versus-all local alignments using
Foldseek [20]. Foldseek “translates” 3D shapes into a structural alphabet, which
allows it to leverage the highly optimized MMseqs2 engine. This approach
transforms structural alignment into a sequence-based problem, enabling searches
that are four to five orders of magnitude faster than traditional methods while
maintaining high sensitivity [25].

3. Post-Alignment Filtering: To handle the complexity of 3D data and en-
sure biological reliability, a rigorous filtering stage is applied. Alignments are
discarded unless they meet three criteria: an average pLDDT ≥ 60 (ensuring
high-confidence structural predictions), a TM-score or LDDT ≥ 0.4 (confirming
global or local shape similarity), and a Gap threshold of < 20%.

4. Two-Step DPC Engine: The core clustering follows a refined two-stage Density
Peak Clustering process:

(a) Primary Clustering: Local alignments for each protein are grouped into
putative domains. To ensure these clusters are both recurrent and distinct,
the pipeline employs a double-threshold criterion: a density (ρ) ≥ 10
(requiring at least 10 overlapping alignments) and an isolation (δ) ≥ 0.4
(ensuring the cluster center is well-separated from other high-density regions).

(b) Metaclustering: These domains are then grouped globally based on their
shared structural elements into 28,246 structural metaclusters.

2.6.2 Validation and Discovery

To ensure DPCstruct produces reliable biological data, the authors compared it against
established, expert-curated standards. The algorithm successfully recovered 91% of
SCOP folds and 83% of CATH folds, confirming that it can automatically identify
known protein shapes with high accuracy. The comparison with the sequence-based
Pfam database, at the clan level, was even more revealing. For this analysis, they
focused on 14,423 metaclusters (approximately 51% of the total) that contained at
least two structures with a known Pfam annotation. Among these, 70% achieved
a perfect consistency score of 1, meaning every member of those clusters shared
the exact same Pfam label. Beyond matching known data, the algorithm also serves
as a powerful discovery tool. Notably, 24% of the metaclusters show no significant
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similarity to any existing database, including Pfam, CATH, or SCOP. These “unknown”
clusters exhibit the same high structural quality as the known ones, pointing toward
the discovery of potentially novel protein folds.

To conclude this chapter, we address the framework used to ensure these results are
shared effectively. The scientific value of these metaclusters depends entirely on their
usability and accessibility to the wider research community.

2.7 FAIR Data Principles

The FAIR Data Principles, formally published in 2016 [14], state that scientific data
should be Findable, Accessible, Interoperable, and Reusable, by both humans
and machines. The upstream DPCfam and DPCstruct datasets already meet them
at the data level: both are published on Zenodo [15, 12, 13] with persistent DOIs, open
downloads, standard identifiers and formats, and documented generation pipelines.

Our own contribution, however, is research software, not a dataset. We therefore
evaluate it against the FAIR Principles for Research Software (FAIR4RS) [28],
which keep the four familiar letters but add software-specific sub-criteria: a citable
version DOI, an open licence, declared dependencies, and qualified links to the digital
objects the software depends on. The full FAIR4RS assessment of DPCexplorer is
presented in Chapter 6.

What was still missing was a way for non-technical users to explore this data without
downloading and parsing gigabyte-scale archives. That is the gap our project fills: a
web application that turns static Zenodo files into an interactive, searchable resource.

In the next chapter, we explain how we acquired and preprocessed the two datasets
before their ingestion into our application’s database.
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Chapter 3

Data Sources, Preprocessing, and
Exploratory Analysis

This chapter tells the story of how raw data files sitting on Zenodo [15] became a clean,
queryable database ready to power a web application. The journey has five stages,
illustrated in Figure 3.1, but this chapter focuses on the first two: where we got the
data and how we prepared it. The remaining three stages: Database design, backend
logic, and the user interface are covered in Chapters 4 and 5.

3.1 Data Sources

The project relies on two publicly available datasets, both hosted on Zenodo [12, 13].

3.1.1 DPCfam Dataset

The DPCfam repository [12] is divided into two subsets based on how many seed
sequences each metacluster contains: the Standard set (≥ 50 seeds per metacluster)
and DPCfamB (25 to 49 seeds per metacluster). The key files are:

• Metadata and Seeds (metaclusters_xml.tar.gz) : XML tables containing un-
aligned seed sequences and statistical metrics such as cluster size, average length,
and low-complexity fractions for each metacluster.

• Model Profiles (msas and hmms.tar.gz) : Multiple Sequence Alignments (MSAs)
and Profile Hidden Markov Models (HMMs) used for family classification.

• Annotated Database (UniRef50_annotated_xml.tar.gz) : An 81 GB XML file
mapping the full UniRef50 database to both Pfam families and DPCfam
metaclusters.
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3.1.2 DPCstruct Dataset

The DPCstruct repository [13] covers approximately 15 million protein structures from
the AlphaFold Database (v4.0). Its key files are:

• Structural Classification (dpcstruct_classification.tsv) : A master list of
1,642,061 identified structural domains, mapping UniProt IDs and residue coordi-
nate ranges to specific metaclusters.

• Metacluster Analytics (mcs_properties.tsv) : Statistical profiles for 28,246
structural metaclusters, including AlphaFold2 confidence (pLDDT) and structural
consistency metrics (TM-scores, lDDT), etc.

• Representative Models (mcs_reps.fasta and mcs_reps_pdbs.zip) : FASTA
sequences and 3D PDB coordinates for the cluster centre or the highest-pLDDT
representative of each metacluster.

• Validation Files Structural alignment results against Pfam 36.0, CATH, and
SCOP classifications, used to assess the biological coherence of the metaclusters.

3.2 Project Pipeline

In order to transform these static Zenodo archives into an interactive web experience,
we developed a five-stage end-to-end pipeline illustrated in Figure 3.1.

Figure 3.1: Full project pipeline. Raw datasets are retrieved from Zenodo and prepro-
cessed using Python notebooks and scripts on the ORFEO HPC cluster. The refined
data is then split: relational metadata populates a PostgreSQL database, while sequence
and structural files (FASTA, PDB, MSA, HMM) are stored as static assets. A Django
backend serves this data to a web interface featuring an integrated Mol* 3D viewer.
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1. Data Acquisition: download of all raw files from Zenodo [15, 12, 13].

2. Preprocessing: parsing, cleaning, and consolidating raw files into CSV tables
using Python notebooks and scripts run on the ORFEO HPC cluster.

3. Database Ingestion: loading the processed CSV files into PostgreSQL, with
indexes tuned for fast lookup by Protein ID, Pfam ID, or Metacluster ID.

4. Backend Logic: Django views that translate user queries into database calls
and package the results for the interface.

5. User Presentation: interactive metadata tables and in-browser 3D visualisation
via the Mol* viewer.

3.3 Data Acquisition and Preprocessing

Due to the size of some source files exceeding the memory capacity of a standard
workstation (the annotated UniRef50 XML alone is 81 GB), the whole preprocessing
was carried out on the ORFEO High-Performance Computing (HPC) cluster
(see hardware specifications in Table A.1, Appendix A). A complete inventory of every
notebook and script is provided in Table A.2 while their corresponding files are located
in the static/ directory of the project repository [1].

3.3.1 Initial Parsing

Both datasets were downloaded directly from Zenodo [15]. For DPCfam [12], the authors
provided a BASH script (parse.sh) that converts the raw XML archives into space-
separated value (SSV) files and per-metacluster FASTA files with seed sequences. These
SSV files are the starting point for all subsequent DPCfam work. For DPCstruct [13],
the metadata was already in TSV format and needed no initial conversion.

3.3.2 Metadata Consolidation

DPCfam - metacluster properties. Each SSV file was first explored individually
in a dedicated notebook (see Table A.2). We then merged all relevant fields into a
single consistent DataFrame using dpcfam_all_mcs_props.ipynb, processing Standard
DPCfam first, then DPCfamB, and finally combining the two. The result is the 81,384-
row master properties table described in Section 3.4.

DPCfam - seed sequences. dpcfam_all_mcs_sequences.ipynb merged all parsed
FASTA files into a single dpcfam_all_mcs_sequences.csv, where each row represents
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one domain from a specific protein within a specific metacluster. This file powers the
Sequences tab on every DPCfam metacluster page.

DPCfam - Pfam and protein data from the 81 GB XML. Loading the full anno-
tated XML into memory is not feasible. We therefore wrote extract_uniref_data.py,
which processes the file with a single streaming pass and extracts three outputs, subse-
quently organized using exploring_uniref50_data.ipynb:

• uniref50_proteins.csv: every UniProt accession present in UniRef50 together
with its protein length in amino acids.

• uniref50_pfam_valid.csv: Pfam family IDs and their coordinate ranges on
each protein.

• uniref50_dpcfam_valid.csv: DPCfam domain coordinate ranges per protein.

DPCstruct - metacluster properties. The mcs_properties.tsv and
dpcstruct_consistency.tsv files were merged in dpcstruct_mcs_properties.ipynb,
producing the 28,246-row dpcstruct_mcs_properties.csv described in Section 3.4.

DPCstruct - structural domain sequences. dpcstruct_mcs_sequences_info.ipynb

read dpcstruct_classification.tsv to collect metacluster IDs, protein accessions,
and domain ranges, then joined in the representative sequences from mcs_reps.fasta.
The notebook also organized sequences into individual per-metacluster .fasta files,
which are available for download on each metacluster detail page.

DPCstruct - organising PDB files. The original mcs_reps_pdbs/ directory was a
flat folder containing thousands of PDB files. We used the dpcstruct_reps_pdbs.ipynb
notebook to reorganize them into MCID_pdb/ subfolders. This precise structure is what
the Django backend needs to serve the PDB files to the Mol* viewer (see section 5.5).
Finally, the notebook packages these subfolders into individual .zip files, allowing users
to download them directly from each metacluster’s detail page.

DPCstruct - resolving protein lengths. Unlike DPCfam, the DPCstruct Zenodo
release provides no protein lengths. These are required for the domain-architecture
diagram on the protein detail page. Across 1,642,061 structural domains, we identified
1,252,179 unique proteins in need of length data. We resolved them through a
four-step cascade:

1. Cross-reference with DPCfam. Every protein already present in our UniRef50
table got its length from there. This resolved 316,461 proteins (≈ 25.27%).
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2. UniProt REST API (UniProtKB). fetch_uniprot_complete.py queried
the live UniProt API for the remaining 935,718 proteins. The API worked for
available proteins but silently skipped removed or obsolete entries.

3. Swiss-Prot and TrEMBL FASTA releases. We downloaded the full UniPro-
tKB release (last modified on 2026-01-28 23:00), containing Swiss-Prot
(∼89 MB compressed) and TrEMBL (∼49 GB compressed), and parsed them
with extract_lengths_from_fasta.py to capture any proteins the API had
missed.

4. UniProt REST API (UniParc). The entries still missing (around 30% of
the total) were proteins that had been removed from UniProtKB but are pre-
served in the UniParc archive. fetch_missing_lengths.py queried UniParc
and successfully retrieved all remaining lengths.

The four outputs were merged by dpcstruct_all_proteins_lengths.ipynb into
dpcstruct_all_proteins_lengths.csv. A final notebook, dpc_protein_lengths.ipynb,
then combined DPCfam and DPCstruct protein data into the master reference file
dpc_protein_lengths.csv. This file has two jobs: validating UniProt ID queries at
search time and supplying lengths to the protein detail page.

Master Pfam reference. dpc_pfam_ids.ipynb collected every unique Pfam family
and clan ID appearing across both datasets and produced dpc_pfam_ids.csv, with
columns pfam_id and pfam_type (Family or Clan). This file is the gatekeeper for Pfam
ID searches: if an ID is not in this table, the application rejects it immediately.

CATH and SCOP annotation files. dpcstruct_explore_cath_in_depth.ipynb
read both CATH annotation files provided with DPCstruct, restricted the analysis to the
stricter qc=0.8 dataset, and produced cleaned_annotated_cath_qc0.8_t0.5_l0.5.csv.
The same logic was applied to SCOP via dpcstruct_explore_scop_in_depth.ipynb,
producing cleaned_annotated_scop_qc0.8_t0.5_l0.5.csv. Both files display struc-
tural consistency data on the DPCstruct Metaclusters home page.

3.4 Exploratory Data Analysis

Once all CSV files were ready, we ran a systematic Exploratory Data Analysis (EDA)
using ydata-profiling (v4.19.1) [29], which generates interactive HTML reports
covering column distributions, missing value patterns, and pairwise correlations. The
ten core files produced by Section 3.3 are listed in Table 3.1 and are accessible at [2].
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Table 3.1: Core preprocessed CSV files ingested into the application [2].

ID Filename Content

1 dpcfam_all_mcs_props.csv DPCfam metacluster properties and
Pfam annotations (81,384 rows)

2 dpcfam_all_mcs_sequences.csv DPCfam domain sequences per meta-
cluster (16,602,778 rows)

3 alphafold_dpcfam_reps.csv AlphaFold representatives for DPCfam
metaclusters (38,668 rows)

4 dpcstruct_mcs_properties.csv DPCstruct metacluster properties and
Pfam annotations (28,246 rows)

5 dpcstruct_mcs_sequences.csv DPCstruct domain sequences and rep-
resentatives (1,642,061 rows)

6 cleaned_annotated_cath_qc0.8_t0.5_l0.5.csv DPCstruct CATH fold annotations
(QC = 0.8, TM = 0.5, L = 0.5, 1,274
rows)

7 cleaned_annotated_scop_qc0.8_t0.5_l0.5.csv DPCstruct SCOP fold annotations
(QC = 0.8, TM = 0.5, L = 0.5, 1,359
rows)

8 uniref50_pfam_valid.csv Pfam IDs and domain coordinate ranges
per protein (14,554,301 rows)

9 dpc_pfam_ids.csv Unique Pfam IDs across both datasets
(19,352 rows)

10 dpc_protein_lengths.csv Master protein length registry
(14,112,858 rows)

We profiled most of the files before any database loading. This section focuses on
the two metacluster properties tables and the structural annotation files, as these are
the most complex and had the greatest impact on application design. Full interactive
reports are available in the project repository under static/profiling_reports/, and
can be downloaded for interactive exploration in any web browser.

3.4.1 DPCfam Metacluster Properties

DataFrame in a nutshell

The final DPCfam properties file merges Standard DPCfam (46,828 metaclusters,
≥ 50 seeds) with DPCFamB (34,556 metaclusters, 25 - 49 seeds), giving 81,384 rows
and 12 columns. After cleaning (described below), the file contains zero missing
values and zero duplicate rows. Table 3.2 describes each column.
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Table 3.2: Column descriptions for the DPCfam metacluster properties file.

Column Description

mcid Unique metacluster identifier (e.g. MC1)
size_uniref50 Number of UniRef50 seed sequences in the metacluster
avg_len Mean domain length of the seeds (in amino acids)
std_avg_len Standard deviation of seed domain lengths
lc_percent % of residues located in low-complexity regions
cc_percent % of residues located in coiled-coil regions
dis_percent % of residues predicted as intrinsically disordered
tm Average number of transmembrane regions per domain

pfam_da Dominant Pfam Architecture: the most frequent Pfam annotation
among seeds; tagged UNKNOWN when no seed carries a Pfam label

da_percent % of seeds matching the Dominant Architecture
avg_ov_percent Average % boundary overlap between the metacluster and Pfam,

computed only for seeds that match the DA
overlap_label Qualitative overlap category (see Figure 3.2)

Data Cleaning

Standard DPCfam. An initial profiling run on the 46,828-row Standard file revealed
42,570 missing cells (7.6%), all concentrated in exactly three columns: da_percent,
avg_ov_percent, and overlap_label, each with 14,190 missing values (30.3%).
The identical count across all three was the first clue. Investigating further confirmed
our hypothesis: every missing row was one where pfam_da = "UNK", meaning there
is no Pfam annotation to measure anything against. The fix was straightforward
and logically consistent: rename "UNK" to "UNKNOWN", then fill the three dependent
columns with da_percent = 0, avg_ov_percent = 0, and overlap_label = "NONE".
Zero duplicate rows were found.

DPCfamB. The 34,556-row DPCfamB file initially showed no missing values, which
sounded like good news. However, a deeper check revealed an internal inconsistency:
18,989 rows (55% of DPCfamB) where pfam_da = "UNK" had da_percent = 100,
avg_ov_percent = 0, and overlap_label = "shifted"; values that directly contra-
dict the logic of the Standard set. We applied the same correction: when pfam_da =
"UNKNOWN", da_percent = avg_ov_percent = 0, and overlap_label = "NONE".

Merged file. After merging Standard and DPCfamB, we also standardised the
pfam_da column: concatenated Pfam IDs such as PF00457PF00123 were reformatted
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with a “-” delimiter to produce PF00457-PF00123, a format that the application can
parse reliably.

Univariate Analysis

Metacluster size. Most metaclusters are small: the median is just 58 sequences, but
a few very large, ancient domain families raise the mean to 204 and create a strong
right skew in the distribution (γ1 = 43.6), with the largest metacluster reaching 131,827
members.

Domain length. Lengths range from 50 to 3,211 amino acids, with a mean of 177.8
aa. The distribution is also right-skewed, though much less dramatically: proteins tend
to keep individual domains short and compact, so there are far fewer extreme outliers
than in metacluster size.

Sequence composition. Coiled-coil regions are rare; 77.8% of metaclusters have none.
Disordered regions are common: on average, 20.7% of residues are disordered, and only
3.3% of metaclusters are fully ordered. Most domains are not membrane-embedded:
62.7% do not show any transmembrane signal.

The overlap_label and Dark Matter

The overlap_label column is the most biologically revealing field. It describes how
the boundary of a DPC-defined domain aligns with its closest Pfam family, and takes
one of five values illustrated in Figure 3.2.

Figure 3.2: Pfam overlap label categories [25]. Equivalent: DPC and Pfam boundaries
agree closely. Reduced, Extended, Shifted: three types of boundary mismatch. NONE :
no Pfam annotation exists for this metacluster: these are dark matter.

Figure 3.3 shows the distribution of these labels across the three datasets.

(a) Standard DPCfam. (b) DPCfamB. (c) DPCfam (merged).

Figure 3.3: Distribution of overlap_label across DPCfam subsets. Dark matter
(NONE) is the single largest category, particularly in DPCfamB.
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The contrast between the two subsets is striking. In Standard DPCfam, 30.3% of
metaclusters are dark matter and 14.2% are classified as Equivalent. In DPCfamB,
dark matter jumps to 55.0% while Equivalent collapses to just 4.1%. This observation
directly informed our decision to implement a three-way filter (DPCfam / Standard
DPCfam / DPCfamB) in the web application’s metacluster table view, so that
users can restrict results to the more reliable Standard subset when annotation quality
matters.

Correlation Analysis

Figure 3.4 shows the Pearson correlation matrix for all numeric columns.

Figure 3.4: DPCfam Pearson correlation matrix. Dark blue = strong positive correlation;
dark red = strong negative correlation.

Three patterns stand out. First, avg_len and std_avg_len are tightly coupled: longer
domains naturally display more internal length variability, simply because there is more
sequence room for divergence. Second, da_percent and avg_ov_percent are nearly
redundant: when no seeds match a Pfam family, both are zero; when many do, both
scale together. Third, and most importantly, size_uniref50 is essentially uncorrelated
with any annotation metric. A large metacluster is not necessarily well-annotated, and
a small one is not necessarily dark matter. Annotation quality in DPCfam is determined
by evolutionary history, not family size.

22



CHAPTER 3. DATA SOURCES, PREPROCESSING, AND EXPLORATORY
ANALYSIS

3.4.2 DPCstruct Metacluster Properties

DataFrame in a nutshell

After merging the properties and Pfam consistency files, we obtained 28,246 rows and
12 columns, with zero missing values and zero duplicate rows after cleaning. Table 3.3
describes each column.

Table 3.3: Column descriptions for the DPCstruct metacluster properties file.

Column Description

mc_id Unique metacluster identifier (e.g. MC0)
mc_size Number of structural domain members
len_aa Mean domain length of all members (amino acids)
len_std Standard deviation of domain lengths
len_ratio Length coefficient of variation
plddt Mean AlphaFold2 confidence score (pLDDT) across all members
disorder Mean fraction of residues predicted as intrinsically disordered
tmscore Mean intra-cluster length-normalized TM-Score (structural consistency)
lddt Mean intra-cluster normalized lDDT score (local structural similarity)
pident Mean intra-cluster sequence identity (%)

pfam_score Global Pfam score quantifying the agreement between the metacluster and
Pfam.

pfam_da Assigned Pfam labels (clans or families); UNKNOWN when absent

Data Cleaning

The raw merge produced 27,646 missing cells (7.0%), all from the Pfam columns:
13,823 metaclusters (48.9%) had no Pfam annotation whatsoever (see subsec-
tion 2.6.2). We applied the same imputation logic used for DPCfam: pfam_score
= 0 and pfam_da = "UNKNOWN" for all unannotated rows.

For the sequences file (1,642,061 rows), 1,585,623 cells in the prot_seq column are
intentionally NaN: only two representative sequences per metacluster are stored, and
the rest of the classification rows are left without sequence data by design. We kept
these as NaN in the database and display an informative message on the application
side. Zero duplicate rows were found in either file.

For the CATH annotations file (1,274 rows), 116 cells in the lddt column were missing
(9.1% of that column); we filled them with zero. The SCOP file (1,359 rows) had no
missing values.
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Univariate Analysis

Metacluster size. The size distribution is again severely right-skewed (γ1 = 38.9):
mean = 58.1 members, median = 16, maximum = 30,643. This mirrors the DPCfam
pattern: a few large families dominate while the majority of families are small.

AlphaFold confidence. The mean pLDDT across all members is 82.5 (IQR: 77.97 -
87.64), comfortably above the threshold of 70 that AlphaFold2 considers “confident”.

Structural consistency. The mean intra-cluster TM-score is 0.699 (range: 0.16 -
1.0), well above the 0.5 threshold used in the literature to define a shared structural
fold.

Sequence identity. The mean intra-cluster sequence identity is only 34.5%, placing
most metaclusters deep inside the twilight zone of sequence comparison, where
standard alignment methods become unreliable. This is DPCstruct’s core contribution:
it groups proteins that share a fold even when their sequences have diverged to the
point of being unrecognisable by sequence-based tools.

Dark matter. pfam_score = 0 in 49.3% of all metaclusters (13,931 out of 28,246).
Roughly half of DPCstruct’s families have no counterpart in Pfam, making them
probable novel structural families.

Correlation Analysis

Figure 3.5 shows the Pearson correlation matrix.

Figure 3.5: DPCstruct Pearson correlation matrix. Dark blue = strong positive
correlation; dark red = strong negative correlation.
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The four structural quality metrics: tmscore, lddt, pident, and plddt form a coherent
positive cluster: metaclusters whose structures are confidently predicted by AlphaFold2
tend to show stronger internal structural consistency and higher intra-cluster sequence
identity. The negative correlation between disorder and this quality block is expected:
highly disordered regions are harder to align structurally and receive lower confidence
scores by design. Crucially, mc_size is nearly uncorrelated with all quality metrics,
confirming that a metacluster does not need to be large to be structurally coherent.
This finding eliminated any need for a size-based filter in the DPCstruct views.

3.4.3 CATH and SCOP Structural Annotations

The CATH (1,274 rows) and SCOP (1,359 rows) annotation files each contain 15 columns
describing the pairwise structural alignment between a DPCstruct representative and
a reference fold from the corresponding database. The key alignment metrics are
qtmscore (TM-score of the query), alntmscore (TM-score over the aligned region),
lddt, pident, and alnlen.

Figure 3.6 plots TM-score against sequence identity for the full DPCstruct dataset and
for each annotation file.
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Figure 3.6: TM-score vs. sequence identity (pident) for DPCstruct overall (a), CATH
annotations (b), and SCOP annotations (c). In all three panels, a dense cloud of points
sits above TM-score = 0.5 but below 30% sequence identity, confirming that DPCstruct
successfully detects remote structural homologs well inside the twilight zone [10].

The cloud of points with TM-score > 0.5 but sequence identity < 30% is the empirical
signature of remote homology detection. DPCstruct groups these proteins together
precisely because sequence-based methods cannot.
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3.5 Key Findings and Their Impact on Design

The EDA step was not a formality: it produced four concrete decisions that shaped the
final application.

1. DPCfamB annotation fix. The 18,989 inconsistent rows were corrected before
any data touched the database, ensuring the annotation logic is coherent and
trustworthy across all 81,384 DPCfam metaclusters.

2. Three-way metacluster filter. The steep drop in annotation quality from
Standard (14.2% Equivalent) to DPCfamB (4.1% Equivalent) justified exposing all
three dataset views: DPCfam / Standard / DPCfamB rather than merging
everything silently behind one table.

3. Dark matter must be visible. With 40.8% of DPCfam and 49.3% of DPCstruct
metaclusters carrying no Pfam label, hiding or deprioritising unannotated families
would obscure the most scientifically interesting results. The application displays
them prominently with UNKNOWN labels.

4. No size-based filtering for DPCstruct. The near-zero correlation between
mc_size and structural quality confirmed that small metaclusters are as struc-
turally reliable as large ones. No size threshold was applied, and all 28,246
metaclusters were loaded into the database.

3.6 From CSV to the Web Framework

The preprocessing stage produces two types of output, each handled differently in the
application:

• CSV files [2] are loaded into PostgreSQL tables. They contain all queryable
metadata: metacluster properties, protein-metacluster assignments, Pfam cross-
references, and structural annotations.

• Biological files (FASTA, PDB, HMM, MSA) are stored as static assets and
served directly to the user via download buttons on detail pages, without any
database involvement.

Chapter 4 now picks up from here and describes how these cleaned CSV files were
ingested into PostgreSQL, how the database schema was designed, and how Django’s
ORM exposes the data through the four supported query types.
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System Design and Architecture

This chapter provides the technical “blueprint” of our application. It details the choice
of the Model-View-Template (MVT) architecture, the rationale behind the selected
technology stack, the relational database design in PostgreSQL, and how these choices
support the FAIR data principles.

4.1 Overview

The application is built with the Django web framework and follows Django’s
Model-View-Template (MVT) architecture. In this pattern, the model layer
manages data, the view layer handles request processing and response generation,
and the template layer controls presentation. This separation of concerns improves
maintainability and keeps the codebase easier to extend [30].

The full interaction cycle for a typical user request is illustrated in Figure 4.1.

User
(Browser)

URL Router
(urls.py)

View
(views.py)

Model
(models.py)

+ PostgreSQL

Template
(.html)

Response
(HTML + Mol*)

HTTP Request dispatch

ORM queryqueryset

context rendered HTML

HTTP Response

Figure 4.1: Simplified view of the Django MVT architecture. The user’s browser sends
an HTTP request; the URL router dispatches it to the appropriate View. The View
queries PostgreSQL through the ORM, receives a queryset, and passes it as context to
the HTML template. The rendered page, which may include the Mol* 3D viewer for
structural data, is then returned to the browser.
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4.2 Technology Stack Justification

The choice of tools was driven by the specific needs of scientific data engineering:

• Python: Selected as the primary language because it dominates data science and
bioinformatics, offering a rich ecosystem of libraries for parsing complex biological
data formats.

• Django [30]: Chosen for its “Don’t Repeat Yourself” (DRY) philosophy and
its ability to build maintainable, database-driven applications rapidly [31]. Its
Object-Relational Mapper (ORM) allows us to interact with biological data
through Python classes, avoiding error-prone raw SQL.

• PostgreSQL [32]: Selected over simpler engines like SQLite because it handles
millions of records reliably and supports the advanced indexing strategies that
our dataset sizes require. It integrates seamlessly with Django through the official
psycopg2 adapter.

4.3 Django Application Structure

To keep the codebase modular and maintainable, the platform is split into three
specialized Django applications, each with its own models, views, and templates:

• dpc: The core application. It acts as the shared registry for all entities that
both datasets rely on: UniProt protein records, Pfam domain identifiers, and the
junction table that maps each UniRef50 protein to its Pfam domain annotations.

• dpcfam: Dedicated to the sequence-based clusters. It manages metacluster prop-
erties, the domain seed sequences linked to each metacluster, and the AlphaFold
representative structures used for 3D visualization.

• dpcstruct: Dedicated to the structure-based clusters. It stores metacluster
properties, the representative sequences, and the fold annotation tables that link
metaclusters to entries in the CATH and SCOP databases.

4.4 Database Design

Each preprocessed CSV file [2] listed in Table 3.1 was mapped to a relational table
in our PostgreSQL database. By defining the foreign key relationships between these
entities, we established a schema organized into three functional zones.

28



CHAPTER 4. SYSTEM DESIGN AND ARCHITECTURE

4.4.1 Schema Overview

The PostgreSQL database contains ten tables organized into three interconnected zones,
as illustrated in Figure 4.2. Think of our schema as three islands connected by bridges:
the central Core island holds the shared entities that both datasets depend on, and
the two outer islands hold the sequence-based and structure-based data respectively.

Figure 4.2: Entity-Relationship diagram of the database schema, generated using the
https://dbdiagram.io platform. The architecture is organized into three functional
zones: the Core zone (center) serves as the primary registry for both datasets, while
the Sequence zone (left, DPCfam) and the Structure zone (right, DPCstruct)
integrate with the core via protein_id foreign key relationships.

Zone 1 : Core (dpc)

The three core tables are the foundation of the whole schema. dpc_uniprot_proteins
is the master protein registry: every protein that appears anywhere in the application
must first exist here, identified by its UniProt accession (protein_id) and its total
amino-acid length (protein_length). This single source of truth eliminates redundancy
and makes it possible to draw a protein’s full domain picture: Pfam, DPCfam, and
DPCstruct matches from one query.

dpc_pfam_domains stores the universe of known Pfam family and clan identifiers
(pfam_id) together with their type (Family or Clan). This table validates every Pfam
search query at runtime: if a user types a Pfam ID that does not exist here, the
application returns an informative error rather than an empty result.

dpc_uniref50_pfam is the junction table that connects proteins to their Pfam annota-
tions. Each row records that a given protein carries a particular Pfam domain within
a specific coordinate range. Because one protein can carry several non-overlapping
domains, this table has a many-to-many character, hence the surrogate BIGSERIAL
primary key. Foreign keys to both parent tables are enforced with ON DELETE CASCADE,
so that removing a protein or a Pfam entry automatically cleans up all related rows.
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Zone 2 : Sequence (dpcfam)

Three tables cover the sequence-based metaclusters. dpcfam_mcs_properties is the
central summary table for DPCfam: each row is one metacluster identified by its mcid
(e.g., MC1042), and its columns capture both the intrinsic properties of the cluster and
its relationship with Pfam (see Table 3.2). dpcfam_mcs_sequences is the large mapping
table that links every seed protein to its metacluster. Finally, dpcfam_alphafold_reps
lists the reported AlphaFold2 representative structures for some metaclusters (38,668
MCs). This table feeds the “3D Viewer” tab on each DPCfam metacluster page.

Zone 3 : Structure (dpcstruct)

Four tables cover the structure-based metaclusters. dpcstruct_mcs_properties stores
one row per structural metacluster: unlike the DPCfam equivalent, its columns em-
phasize 3D quality metrics (see Table 3.3). dpcstruct_mcs_sequences maps the
representative protein structures to their metacluster. The two annotation tables,
dpcstruct_cath and dpcstruct_scop, record the results of aligning DPCstruct meta-
clusters against CATH and SCOP folds. Each row links a specific CATH or SCOP fold
identifier (the “query”) to a DPCstruct metacluster through the foreign key
dpc_mcid, and stores the full set of alignment quality scores (query and target coverage,
query/target/alignment TM-scores, lDDT, and percent identity).

4.4.2 Performance Optimization

To keep the application responsive when dealing with millions of rows, we implemented
three indexing strategies:

B-Tree indexes on foreign key columns. By default, PostgreSQL does not
automatically index foreign keys. Omitting these indexes would severely penalise
every relational JOIN operation. To prevent this, every foreign key column in the
mapping tables carries a standard B-Tree index. Specifically, protein_id in both
dpcfam_mcs_sequences and dpcstruct_mcs_sequences, mcid in dpcfam_mcs_sequences
and dpcfam_alphafold_reps, mc_id in dpcstruct_mcs_sequences, and dpc_mcid in
both dpcstruct_cath and dpcstruct_scop are strictly indexed. With these indexes in
place, cross-referencing a protein across all distinct datasets completes in milliseconds,
regardless of table size.

GIN trigram indexes for Pfam text search. The pfam_da column in both
dpcfam_mcs_properties and dpcstruct_mcs_properties is a free-text field contain-
ing concatenated Pfam IDs, separated by dashes (e.g., PF00001-PF02985). When a
user searches for a specific Pfam ID, the application relies on a regular expression
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to locate metaclusters containing that precise ID as an isolated token rather than a
substring. Since standard B-Tree indexes cannot accelerate internal pattern matching,
we enabled PostgreSQL’s pg_trgm extension and applied a GIN (Generalized Inverted
Index) to pfam_da across both tables. A GIN trigram index decomposes stored strings
into overlapping three-character windows, indexing them simultaneously. During execu-
tion, the search pattern undergoes the same decomposition, allowing PostgreSQL to
quickly intersect matching sets. This approach turns a costly full-table scan into an
instantaneous index lookup.

Functional index for natural numeric sorting. Metacluster identifiers logically
follow the pattern MC{n}, where n is an integer. While storing them as VARCHAR is
structurally appropriate, a standard ORDER BY mcid sorts them lexicographically: MC1,
MC10, MC100, MC1000, and eventually MC2. To enforce natural numerical sorting without
burdening the application layer, we implemented a functional index that extracts the
numeric component at the time of index creation (Figure 4.3).

Figure 4.3: Functional index for natural numeric sorting of MCIDs.

The index uses a POSIX regular expression to isolate the digit sequence from the
identifier string before converting it into a standard integer. Consequently, when Django
processes queries, PostgreSQL directly utilizes this pre-built index to retrieve all rows
in the correct numeric order instantly.

4.5 Query Types and Routing

To offer a single, unified entry point, all search traffic is routed through one central
endpoint: /search/?database={type}&query_id={id}. The view behind this URL
reads the two parameters and dispatches the request to the correct database lookup, as
summarised in Table 4.1.

Table 4.1: Query types supported by the web application.

Query Type Example Input Result

DPCfam MCID MC1042 Detail page for DPCfam metacluster 1042
DPCstruct MCID MC5 Detail page for DPCstruct metacluster 5
Pfam ID PF00001 All metaclusters linked to this Pfam family
UniProt ID A0A182N2I3 Domain architecture page for this protein
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This design means all database requests run through a unified search router. From the
landing page, a researcher simply selects their target database (DPCfam, DPCstruct,
Pfam, or UniProt) via a radio button and inputs their identifier. The application’s
routing view then handles the underlying complexity and dispatches to the correct logic.
For DPCfam and DPCstruct MCIDs, the router performs an exact primary-key lookup
and redirects directly to the detail page. For Pfam IDs, it queries the pfam_da column in
both dpcfam_mcs_properties and dpcstruct_mcs_properties using indexed regular
expressions, presenting the matching metaclusters from both datasets side by side.
For UniProt IDs, it queries the dpc_uniprot_proteins table and efficiently fetches
the related sequence mappings and dpc_uniref50_pfam domains via the application’s
ORM. It then assembles a unified domain architecture view that shows, on a single
graphical scale, which DPCfam regions, DPCstruct regions, and Pfam domains cover
which parts of the protein.

Table 4.2 provides a complete map of all URL patterns exposed by the application.

Table 4.2: All primary HTTP routes exposed by the Django web framework.

Endpoint (URL Pattern) Method Content & User Expectation
/ GET Landing page with the universal search

bar.
/search/?database={db}&query_id={id} GET Central router dispatching to the correct

dataset or detail page.
/pfam/{pfam_id}/ GET Metaclusters from DPCfam and DPC-

struct that carry this Pfam domain.
/protein/{protein_id}/ GET Graphical domain architecture for a sin-

gle UniProt accession.
/dpcfam/mcs/ GET Paginated, filterable table of all DPC-

fam metacluster properties.
/dpcfam/mcs/{mcid}/ GET Detail page with four tabs: Summary,

Sequences, 3D Viewer, Downloads.
/dpcstruct/mcs/ GET Paginated table of DPCstruct metaclus-

ter properties, with CATH and SCOP
sub-views.

/dpcstruct/mcs/{mc_id}/ GET Detail page with four tabs: Summary,
Sequences, 3D Viewer (Mol* 3D viewer),
Downloads.

/dpcfam/downloads/ &
/dpcstruct/downloads/

GET Download portals for FASTA, HMM,
MSA, and PDB files.

/about/ & /faqs/ GET Static documentation and frequently
asked questions.
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4.6 REST API for Data Downloads

In its current state, each metacluster detail page provides direct download links to static
biological files: FASTA seeds, HMM profiles, and MSA files for DPCfam, and FASTA
sequences and zipped PDB files for DPCstruct. These files are served by WhiteNoise, a
Python middleware that compresses and caches static assets efficiently without requiring
a separate web server. In a planned future release, the global “Downloads” menu will be
upgraded into a proper REST API using the Django REST Framework (DRF).
The planned endpoints will accept an MCID or a list of MCIDs and return the requested
biological file in the appropriate format, making it straightforward for external scripts to
programmatically fetch data. Filtering by sub-dataset (Standard DPCfam, DPCfamB,
or DPCstruct) will also be supported.

With the architecture, the database schema, and the routing logic now in place, Chapter 5
moves from blueprint to construction. It shows how each of these design choices was
turned into working code, from the landing-page search to the Mol* 3D viewer embedded
in every DPCstruct metacluster page.
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Implementation

In chapter 4, we presented the blueprint of our system. This chapter now walks through
how that blueprint was actually built from the home page to the 3D molecular viewer
embedded inside each DPCstruct metacluster page. We follow the same four-query
logic introduced earlier, explaining each part of the user interface.

5.1 Technology Stack

Our application is written entirely in Python and served by Django 6.0.1 [30]. The
key packages are listed in Table 5.1.

Table 5.1: Python dependencies (requirements.txt).

Package Role

Django 6.0.1 Web framework: URL routing, ORM, templating
psycopg2-binary 2.9.11 PostgreSQL adapter used by Django’s ORM
django-tables2 2.8.0 Renders querysets as paginated, sortable HTML tables
django-filter 25.2 Attaches filter forms to querysets
whitenoise 6.11.0 Serves static files (CSS, JS, PDB, FASTA) efficiently
sqlparse 0.5.5 SQL query formatting used internally by Django
python-decouple 3.8 Reads configuration and secrets (database credentials,

the admin flag) from the .env file

On the frontend, the application relies on Bootstrap 5.3.2 loaded from a CDN,
which handles all responsive layout and navigation components. No custom JavaScript
framework (React, Vue, etc.) was introduced; we relied simply on plain JavaScript.
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5.2 The Landing Page and Search

The application has a single entry point: the landing page at /. From there, the user
selects a database source (DPCfam, DPCstruct, Pfam, or UniProt) using radio
buttons and types a valid identifier into a text field. Submitting the form sends a GET
request to /search/?database={type}&query_id={id}.

The central search() view in dpc_fam_and_struct_webapp/views.py handles routing.
Its logic is to check whether the submitted identifier exists in the relevant database
table and, if so, redirects the user directly to the correct detail page. If not, it attaches
an error message to the response and returns the user to the landing page.

5.3 DPCfam Metacluster Pages

The DPCfam section of the application is served by the dpcfam Django app and exposes
two main views.

5.3.1 The Metacluster List

The list view at /dpcfam/mcs/ is powered by DpcfamMcsPropertyListView, which com-
bines SingleTableMixin (from django-tables2) with FilterView (from django-filter).
The queryset is sorted numerically, not alphabetically, by casting the integer part of
the MCID to a PostgreSQL integer (Figure 5.1):

Figure 5.1: Numeric sorting of DPCfam MCIDs.

The page also exposes a three-way dataset filter: a user can browse DPCfam (all
81,384 metaclusters), Standard DPCfam (those with ≥ 50 seeds), or DPCfamB
(those with 25 - 49 seeds), using toggle buttons at the top of the page. This design
decision was directly motivated by the EDA findings in Chapter 3, which showed a
sharp quality gap between the two subsets.
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5.3.2 The Metacluster Detail

Navigating to /dpcfam/mcs/{mcid}/ opens the detail page for a single metacluster.
The page uses a Bootstrap tab navigation bar to organise four panels:

(1) Summary : Table listing all properties of the metacluster (size, average length,
Pfam dominant architecture, overlap label, etc.). Each Pfam ID in the pfam_da
field is rendered as a hyperlink that redirects to the Pfam query results page.

(2) Sequences : Paginated table (10 rows per page) listing every seed sequence in
the metacluster with its UniProt ID, domain coordinate range, sequence length,
and the first 85 characters of the amino acid sequence. Each UniProt ID is also a
hyperlink to the protein detail page.

(3) 3D Viewer : AlphaFold representative structure (if any) for the metacluster,
served through a table of clickable link to the AlphaFoldDB. This is different
from DPCstruct, where structures are rendered inline, as explained in Section 5.5.

(4) Downloads : Direct download links for the seed FASTA file, the Multiple Se-
quence Alignment (MSA), and the Profile Hidden Markov Model (HMM) of the
metacluster.

The Django view builds the context by querying two managers: self.object.sequences
for the seed table and self.object.alphafolds for the AlphaFold representative en-
tries. File paths for downloads are constructed dynamically using Django’s static()
utility, pointing into the production_files/dpcfam/ subtree of the static directory.

5.4 DPCstruct Metacluster Pages

The DPCstruct section mirrors the DPCfam section in structure but reflects the
additional richness of the structural dataset: three different views of the data are
available in the list page, and the detail page includes an inline 3D molecular viewer.

5.4.1 The Metacluster List

The list view at /dpcstruct/mcs/ is handled by DpcStructMetaclustersListView,
a TemplateView subclass that manages three sub-views toggled by a URL parameter
(?view=properties|cath|scop):

• Properties: the main table of structural metacluster characteristics.

• CATH: alignment data between DPCstruct representatives and CATH folds.

• SCOP: equivalent data for SCOP folds.

36

https://alphafold.ebi.ac.uk/


CHAPTER 5. IMPLEMENTATION

For the Properties view, the same numeric MCID sorting trick used in DPCfam is
applied here. Each view also supports an optional search by MCID and, for CATH
and SCOP, by fold identifier. All three views paginate at ten rows per page using
django-tables2’s built-in paginate() method.

5.4.2 The Metacluster Detail

The detail page at /dpcstruct/mcs/{mc_id}/ is structured around the same four-tab
layout as DPCfam (Summary, Sequences, 3D Viewer, Downloads). What makes it
different is the 3D Viewer tab: instead of linking out to an external resource, it renders
representative PDB structures directly inside the browser, as described below.

5.5 Mol* Integration

Each DPCstruct metacluster has at most two representative PDB files: the cluster
center and the member with the highest pLDDT score [10]. In some clusters,
they are the same, resulting in one representative (e.g, MC2011). These files are
AlphaFold2 predictions, stored under
static/production_files/dpcstruct/dpcstruct_reps_pdbs/{mc_id}_pdb/. The
goal is to let the user interact with these structures directly in the browser, without
installing any external software.

5.5.1 Mol* in a nutshell

Mol* [16] is a modern, open-source JavaScript library for the 3D visualization of
macromolecular structures in the web browser. It was jointly developed by PDBe
(Protein Data Bank in Europe, EMBL-EBI) and RCSB PDB (Research Collaboratory
for Structural Bioinformatics), and serves as their primary 3D viewer. It is:

• Client-side: It runs entirely in the browser using WebGL (Web Graphics Library),
the same technology that powers browser-based 3D games, so no server-side GPU
is needed.

• Feature-rich: It allows users to rotate, zoom, measure distances, color by
property, take screenshots, switch representations, and view the sequence.

• Open-source: It is released under the MIT license and is actively maintained.

• Embeddable: It can be loaded from a CDN1 using only two files (one CSS and
one JS) and initialized with a few lines of JavaScript.

1A Content Delivery Network (CDN) is a system of distributed servers that cache and deliver files
quickly based on the user’s location.
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5.5.2 Why PDBe-Molstar

Our initial implementation used vanilla Mol* [16]. It worked, but it has no built-
in awareness of AlphaFold structures: by default, it colours the structure by atom
type, which is not very informative for predicted models. We therefore switched to
PDBe-Molstar (pdbe-molstar), a pre-configured wrapper around Mol* maintained
by the Protein Data Bank in Europe. PDBe-Molstar adds one key feature that was
decisive for our use case: it recognises AlphaFold PDB files and automatically applies
the AlphaFold confidence colouring scheme, where each residue is coloured by its
per-residue pLDDT score. This gives researchers an immediate visual sense of which
parts of a structure are reliably predicted and which are uncertain. We present the
pLDDT colour scale in Table 5.2.

Table 5.2: AlphaFold pLDDT confidence colour scheme as rendered by PDBe-Molstar.

pLDDT range Interpretation Colour

> 90 Very high confidence Dark blue
70− 90 Confident Light blue / cyan
50− 70 Low confidence Yellow
< 50 Very low confidence Orange

A custom overlay legend at the bottom-left of the canvas keeps this colour scale visible
at all times, without opening any menu inside the viewer.

5.5.3 Loading PDBe-Molstar

Like the original Mol*, PDBe-Molstar is loaded from a CDN (we used jsDelivr) using
two files: a CSS stylesheet and a JavaScript bundle:

(a) CSS.

(b) JS script.

Figure 5.2: Loading PDBe-Molstar from a CDN in dpcstruct_detail.html template.
No local installation is needed; the browser caches the files after the first load.

5.5.4 The Django Backend: Preparing PDB File Paths

The Django view DpcStructDetailView is responsible for locating the PDB files on
disk and passing their URLs to the template. Inside get_context_data(), the view
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scans the per-metacluster PDB folder using Python’s os.listdir(), builds a list of
dictionaries (each containing a name and a url), and places it in the template context
under the key pdb_files (Figure 5.3):

Figure 5.3: Building the pdb_files context variable in DpcStructDetailView.

5.5.5 Passing Data to JavaScript

The template cannot call Python functions directly. To transfer the pdb_files list
to JavaScript, we use Django’s built-in json_script template filter, which serialises
a Python object to JSON and embeds it inside a <script> block with a known id
attribute (Figure 5.4):

Figure 5.4: Injecting pdb_files into the HTML safely.

On JavaScript side, the data is recovered with a standard JSON.parse call (Figure 5.5):

Figure 5.5: Reading the JSON data in JavaScript.

5.5.6 Lazy Initialisation and Structure Switching

Because 3D rendering is computationally intensive, the viewer is not initialised when
the page loads. Instead, we listen for the Bootstrap shown.bs.tab event on the “3D
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Viewer” tab button. Only when the user explicitly clicks that tab does the initialisation
function run for the first time (Figure 5.6):

Figure 5.6: Lazy loading: the viewer is initialised only when the tab is opened.

The initViewer() function instantiates a new PDBeMolstarPlugin object, passes it a
configuration object, and calls render() on the HTML <div> container (Figure 5.7):

Figure 5.7: Initialising the PDBe-Molstar viewer with AlphaFold coloring.

The alphafoldView: true option is the key setting that activates the pLDDT-based
colouring described in Table 5.2. The sequencePanel and leftPanel options keep the
residue sequence bar and the structure control panel visible by default. The landscape
flag forces a horizontal layout, which fits the page without requiring full-screen mode.

When the user clicks the second structure button (if a second PDB is available), the
viewer is updated by calling render() again with the new URL, effectively replacing
the previous structure (Figure 5.8):
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Figure 5.8: Switching between the two representative structures.

5.6 The Pfam Query

When a user submits a Pfam ID (e.g., PF00001) through the landing page search form,
the search() router first checks that the ID exists in the dpc_pfam_domains table and
then redirects to /pfam/{pfam_id}/, served by the pfam_detail() view.

The view queries both the DPCfam and DPCstruct metacluster property tables for
any row whose pfam_da field contains the given Pfam ID. Because pfam_da is a text
column storing dash-separated identifiers (e.g., PF00001-PF00456), a simple equality
filter would miss multi-domain architectures. We therefore use a PostgreSQL regex
filter (Figure 5.9):

Figure 5.9: Regex filter for Pfam ID in multi-domain architectures.

This pattern matches the Pfam ID only at the start or end of the string, or surrounded
by dashes, ensuring that PF00001 does not match PF000012 by accident. This query is
accelerated by the GIN trigram index created on pfam_da during database initialisation
(see subsection 4.4.2).

The results are presented in a two-column layout: the left column shows the DPCfam
metaclusters and their average Pfam overlap percentage, while the right column shows
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the DPCstruct metaclusters with their global Pfam consistency score. Each percentage
is visualised as a “battery” bar that changes colour from red to green depending on
the overlap/score value, giving the reader an instant qualitative signal of how well the
cluster matches the queried family. Then, special handling is included for Pfam clan
identifiers, which are redirected to a different InterPro URL than regular family entries.

5.7 The UniProt Query

Submitting a UniProt accession (e.g., P05067) routes the user to /protein/{protein_id}/,
served by the protein_detail() view. This page is the most visually rich in our applica-
tion: it presents a domain architecture diagram that maps all DPCfam, DPCstruct,
and Pfam annotations simultaneously onto the full-length protein sequence.

5.7.1 The Domain Architecture Diagram

The diagram is built using only HTML and CSS absolute positioning; no external
charting library was needed. The view computes, for each protein domain, a left offset
and a width as percentages of the full protein length (Figure 5.10):

Figure 5.10: Computing domain positions as percentages of protein length.

Three horizontal tracks are drawn: two above the scale line for both DPCfam domains
(green palette) and DPCstruct domains (red palette), and one below for Pfam domains
(blue palette). Hovering over any domain box triggers a CSS tooltip showing the exact
identifier and coordinate range.

5.7.2 Toggles and Responsive Layout

Below the diagram, three checkboxes allow the user to show or hide each track inde-
pendently. Toggling a checkbox fires a plain JavaScript function that adjusts both the
diagram track opacity and the column width of the corresponding detail table below
the diagram. When only one track is visible, that table automatically expands to fill
the full width of the page.

5.8 The Administration Panel

By default and by construction, the Django administration site at /admin/ is read-only
for all models: an administrator can inspect every table but cannot add, change, or delete
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any row, not even a superuser. To enable full CRUD, set DPCEXPLORER_ADMIN_WRITABLE=True

in the .env file and restart the server; permissions then follow Django’s normal per-user
rules. We keep read-only as the default because the database is generated by a repro-
ducible pipeline, which stays the single source of truth. For the full design, including
the performance tuning that keeps the large tables responsive in the admin, we refer
the reader to the repository’s ADMIN_PANEL.md [1].
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Results and Discussion

This chapter walks through the final web application from the user’s perspective. We
focus on how the tool looks and what it delivers. We also evaluate how well the system
aligns with the FAIR principles introduced in Chapter 2 and discuss its reproducibility.

6.1 Application Demonstration

The application is currently running locally at http://127.0.0.1:8000/ and will soon
be publicly accessible at https://dpcexplorer.areasciencepark.it/, where the IT
team at Area Science Park will deploy it using Docker containers orchestrated by
Kubernetes on the ORFEO HPC cluster. Key pages are:

6.1.1 Landing Page

The first thing a user sees is the landing page, shown in Figure 6.1. It is deliberately
minimal: a short welcome message, a set of four radio buttons to select the target
database (DPCfam, DPCstruct, Pfam, or UniProt), and a single text field for
the query identifier. Pressing Search triggers the central routing logic described in
Chapter 4, which validates the ID and redirects the user to the appropriate detail page.

Figure 6.1: The unified landing page. Users select a database source and type a valid
identifier to reach any metacluster, Pfam family, or UniProt protein in the system.
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6.1.2 DPCfam Metacluster Table

Clicking on Metaclusters/DPCfam in the navigation bar, or choosing /dpcfam/mcs/,
opens the metacluster table shown in Figure 6.2. By default, all 81,384 metaclusters are
listed and paginated, ten rows per page, sorted numerically (MC1, MC3,. . . ). Three
toggle buttons at the top right let the user restrict the view to Standard DPCfam
(size ≥ 50), DPCfamB (size 25 - 49), or keep the full DPCfam combined set.

Figure 6.2: The DPCfam metacluster table with the default view (DPCfam, 81,384
rows). The three toggle buttons on the top right switch between DPCfam, Standard,
and DPCfamB. The search bar on the top left allows direct lookup by MCID. Columns
include Metacluster intrinsic properties, and their Pfam Annotations (see Table 3.2).

Each MCID in the table is a clickable link. It leads to that metacluster’s own detail
page, where the full set of properties, seed sequences, AlphaFold representatives, and
downloadable files can be explored. Figure 6.3 shows the detail page for one metacluster.
It is organized into four tabs: Summary, Sequences, 3D Viewer, and Downloads. The
Summary tab presents the key metrics from the dpcfam_mcs_properties table, simply
the MCID row, as illustrated above in Figure 6.2. The Sequences tab lists all seed
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domains with their UniProt ID, range, and amino acid sequence, paginated 10 rows at
a time. The 3D Viewer tab shows the AlphaFold-predicted structure of the cluster’s
representative (if any) retrieved from the AlphaFoldDB, and the Downloads tab offers
one-click access to the FASTA seeds, MSA profile, and HMM model for that metacluster.

Figure 6.3: Detail page for DPCfam MC1 (Summary tab active). The table lists MC1
biological properties, including its dominant Pfam architecture rendered as a clickable
hyperlink, the percentage of seeds matching it, and the qualitative overlap label.

6.1.3 DPCstruct Metacluster and 3D Viewer

The DPCstruct section follows the same layout philosophy, but it handles structural
data. Navigating to /dpcstruct/mcs/ opens the paginated table shown in Figure 6.4.
Three view buttons at the top right switch between the Properties tab (the default),
the CATH annotations tab, and the SCOP annotations tab.
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Figure 6.4: The DPCstruct metacluster table in the default Properties view (28,246
rows). The three toggle buttons at the top right switch between the Properties, CATH,
and SCOP annotation views. Columns include structural quality metrics such as average
pLDDT, TM-score, lDDT, and Pfam Annotations (see Table 3.3).

Clicking any metacluster opens its detail page. The most distinctive feature here is
the 3D Viewer tab, powered by the Mol* library introduced in Chapter 5. Figure 6.5
shows a representative PDB structure loaded inside the browser without any plugin or
external software. The structure is colored by AlphaFold2 pLDDT confidence, and the
viewer allows rotation, zoom, distance measurements, and representation changes in
real time. A custom legend overlay (bottom-left of the canvas) explains the color scale.
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Figure 6.5: The integrated Mol* 3D viewer on the detail page of DPCstruct MC5
(3D Viewer tab active). The structure is colored by AlphaFold2 pLDDT confidence:
dark blue indicates very high confidence (pLDDT > 90), light blue indicates high
confidence (70–90), yellow indicates low confidence (50–70), and orange indicates very
low confidence (< 50). The viewer runs entirely in the browser using WebGL; no
server-side GPU is required.

An important design detail: Mol* is loaded lazily (see subsection 5.5.6). It is only
initialized when the user explicitly clicks the 3D Viewer tab. This keeps the page
responsive for users who only need the sequence data, and avoids loading a heavyweight
WebGL canvas for no reason.

6.1.4 Pfam Query Results

When a user enters a valid Pfam identifier (e.g. PF02990) and selects Pfam from the
landing page, the application queries both the DPCfam and DPCstruct tables and
renders the results side by side, as shown in Figure 6.6. For DPCfam, metaclusters are
listed by their average Pfam overlap percentage, displayed as a battery-style progress
bar. For DPCstruct, they are listed by their Pfam (global)consistency score, with the
associated Pfam families or clans rendered as clickable badges.
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Figure 6.6: Results for a Pfam query. The page is divided into two columns: DPCfam
metaclusters (left) listed by average overlap percentage, and DPCstruct metaclusters
(right) listed by Pfam (global)consistency score. Each metacluster ID is a direct link to
its detail page. The battery-style bars give an immediate visual sense of how strongly
each metacluster overlaps with the queried Pfam family.

It is worth noting that the pfam_score field in the DPCstruct database is a global
score assigned to a group of up to five Pfam IDs per metacluster, rather than to each
Pfam ID individually. Therefore, where applicable, we display the full list of Pfam IDs
to which the global score is assigned and from which the displayed ID is selected.

6.1.5 UniProt Query Results

The UniProt query is the most visual feature of our application. Given a valid UniProt
accession (e.g. A0A182N2I3), the system retrieves the full protein record from the
dpc_uniprot_proteins table, identifies all its DPCfam domains, DPCstruct domains,
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and Pfam annotations, and renders the domain architecture diagram shown in Figure 6.7.

Figure 6.7: Domain architecture diagram for UniProt A0A182N2I3. Three horizontal
tracks are drawn above and below a scale line representing the full protein length:
DPCfam domains (top), DPCstruct domains (middle), and Pfam annotations (bottom).
Each colored block is a detected domain region, with its position on the sequence
determined by the range stored in the database. The three toggle checkboxes below the
diagram allow users to show or hide each track independently. Below the diagram, a
table lists all detected domains with their metacluster IDs and coordinate ranges.

The three tracks are drawn in proportion to the protein’s full length, using percentage-
based CSS left and width values computed server-side in the protein_detail view
(see subsection 5.7.1). Hovering over any domain block reveals a tooltip with the MCID
and exact residue range. Domains are sorted by width in descending order before
rendering, so that smaller domains are drawn on top of larger ones and are not hidden.

6.2 System Evaluation

The indexing strategy of Chapter 4 promised fast lookups regardless of table size. This
section checks that promise against reality.

We ran a verification suite, verify_dpcexplorer_db_indexes.sql [1], on a fully popu-
lated local instance (Ubuntu 24.04.3 LTS, PostgreSQL 16.11, a 4-core virtual processor,
16 GB RAM). Using PostgreSQL’s EXPLAIN (ANALYZE, BUFFERS), it confirms that each
index is built over real data and that the planner actually chooses it for the query it was
designed for: the GIN trigram index for Pfam text search, the functional index for natural
MCID sorting, and the B-Tree foreign-key indexes for the protein and metacluster joins.
It also reports the live usage counters and the index-usage rate per table. The complete
output is archived in the repository report dpcexplorer_schema_outputs.txt [1].

Every audited query pattern resolved through an index scan rather than a sequential
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scan, exactly the behaviour the design intended, and each one returns in under 5 ms.
The live counters tell the same story: the four most-queried tables alone had already
been used by the query planner more than 65 million times. Table 6.1 reports the
index-usage rate per table.

Table 6.1: Index usage rate per table after real application traffic, from Section 7 of the
verification report. The four most-queried tables all reach 100%.

Table Live rows Usage rate

dpc_uniprot_proteins 14,121,433 100%

dpcfam_mcs_sequences 16,602,634 98.2%

dpc_uniref50_pfam 14,554,934 83.3%

dpcstruct_mcs_sequences 1,642,061 97.3%

dpcfam_mcs_properties 81,384 100%

dpcfam_alphafold_reps 38,668 97.0%

dpcstruct_mcs_properties 28,246 100%

dpc_pfam_domains 19,352 100%

dpcstruct_scop 1,359 84.9%

dpcstruct_cath 1,274 83.3%

The four most-queried tables, on which every user-visible query ultimately depends, all
reach a 100% indexed-access rate. The lower rates on the remaining tables are a counting
artefact: PostgreSQL’s counters include the one-time sequential COPY operations that
bulk-loaded the data during initialisation. As real user traffic accumulates, those rates
climb toward 100% as well.

6.3 FAIR4RS Assessment

While the upstream datasets [12, 13] and our preprocessed deposit [2] were already
aligned with the original 2016 FAIR data principles [14] through their Zenodo
deposits, here we focus on DPCexplorer as a software artifact and evaluate it
against the FAIR Principles for Research Software (FAIR4RS) [28]. Unlike
data, research software is executable, constantly evolves, and often functions as a
complex collection of interdependent parts. FAIR4RS therefore extends the original
four principles with software-specific sub-criteria, which we address below.
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Findable: persistent identification and metadata. To make the project
easy for both humans and machines to find, we assigned globally unique and
persistent identifiers to the work (F1). The software application has its own citable
DOI [1], while the preprocessed datasets are stored under a separate DOI [2] (F1.1).
Specific releases, such as version v1.0.3, are assigned their own distinct records
under a single concept DOI (https://doi.org/10.5281/zenodo.20575268) that
always resolves to the latest release (F1.2). The project is described with rich,
machine-readable metadata through a CITATION.cff file and an About page (F2),
which explicitly include the project’s identifiers to keep a clear link to the software
(F3). At the metacluster level, every entry has a stable, bookmarkable URL (e.g.,
/dpcfam/mcs/MC1/), and the universal search bar resolves any known biological
identifier directly. Finally, by registering all artifacts on Zenodo, the metadata is
searchable and indexable in a global repository (F4).

Accessible: standardised protocols and longevity. The software and its
metadata are retrievable using the standardised HTTPS protocol (A1), which
is open, free, and universally implementable (A1.1). DPCexplorer is a public
resource that requires no login, authentication, or authorisation to explore the data
or download biological files (A1.2). Because the project metadata is deposited on
Zenodo, it remains accessible even if the web application at https://dpcexplorer.
areasciencepark.it were taken offline (A2).

Interoperable: data exchange and linked objects. DPCexplorer exchanges
data with other software through domain-relevant community standards, including
FASTA, PDB, HMM, MSA, and CSV formats (I1). It also provides qualified
references to other digital objects (I2): every Pfam ID links to InterPro/Pfam,
every UniProt accession links to UniProt, and every DPCfam AlphaFold repre-
sentative links to AlphaFoldDB.

Reusable: licensing, provenance, and standards. To help researchers assess
the suitability of the data for their own work, we provide a range of accurate
attributes, including interactive profiling reports for the database tables (R1).
The project is released under clear licences: the MIT licence for the application
source code and CC BY 4.0 for the preprocessed datasets [2] (R1.1). We provide
detailed provenance by sharing all the preprocessing notebooks and scripts required
to transform the raw data into the final results (R1.2). The repository lists every
dependency in a standard requirements.txt file (R2), and the software meets

52

https://doi.org/10.5281/zenodo.20575268
https://dpcexplorer.areasciencepark.it
https://dpcexplorer.areasciencepark.it


CHAPTER 6. RESULTS AND DISCUSSION

domain-relevant community standards by using the Django [30] framework and
PostgreSQL [32] following modern web development patterns (R3).

A programmatic REST API, the one remaining gap toward full machine accessibility,
is left to future work (Chapter 7).

6.4 Reproducibility

Reproducibility was treated as a first-class concern from the very beginning of the
project. From a fresh clone to a running web server, the full stack is rebuilt in five
steps, documented in the repository’s README.md [1] and largely automated by a single
setup script.

1. Clone and create an environment. Clone the repository and create a
Python 3.12 virtual environment. The application code, Django migrations, SQL
scripts, and all preprocessing notebooks and scripts live in this single repository.

2. Install dependencies. A single pip install -r requirements.txt command
installs all Python packages the project depends on.

3. Fetch the data automatically. The setup_dpcexplorer_data.sh script down-
loads the compressed archives from our data deposit [2] and the original DPCfam
repository [12], extracts them into the expected static/ layout, and validates
the file counts on its own. It offers two modes: a Full installation (∼50 GB, all
DPCfam and DPCstruct files) and a Lightweight mode (∼25 GB, DPCstruct
and the CSV tables only) for a fast review.

4. Initialise the database. Three pairs of SQL scripts (one pair for each application:
dpc, dpcfam, dpcstruct) create all tables, enable the pg_trgm trigram extension
required for fast Pfam regex search, bulk-load the CSV files with COPY, and build
the indexes.

5. Run the server. A single python3 manage.py runserver command starts the
application at http://127.0.0.1:8000/.

In short, the preprocessed Zenodo repository [2] serves as the reproducibility check-
point: researchers do not need to download or parse any heavy raw archive to get the
application running. Those who prefer to rebuild everything from the raw source files
can still do so with the preprocessing notebooks, though that path needs a powerful
machine (Table A.1), since the 81 GB DPCfam XML exceeds the memory of a stan-
dard workstation. Once the CSV files are loaded into PostgreSQL [32], the database
initialisation is fast and works on any computer.
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Conclusion and Future Work

This project started with a concrete problem: two scientifically valuable datasets,
DPCfam and DPCstruct, were sitting on Zenodo as raw archives that most researchers
had no practical way to explore interactively. Our mission was to change that.

7.1 Summary and Contributions

To achieve our goals, we designed a five-stage end-to-end pipeline. The first
stage was data acquisition, where we downloaded all source files from Zenodo [12, 13].
The second stage, the most demanding one, was preprocessing. Everything ran on
the ORFEO HPC cluster through a series of Python notebooks and scripts. For
DPCfam, we parsed the XML archives, streamed the 81 GB annotated file to extract
protein lengths, Pfam annotations, and domain coordinate ranges, and merged some
outputs into consistent CSV dataframes. Similarly, for DPCstruct, we consolidated the
metacluster properties, resolved protein lengths through a four-step cascade involving
the UniProt REST API, the full Swiss-Prot and TrEMBL FASTA releases, and UniParc,
and reorganized the PDB files into per-metacluster subfolders ready for the Mol* viewer.
At the end of this stage, we had ten clean, database-ready CSV files, on which we
performed a systematic Exploratory Data Analysis, covering 81,384 DPCfam
(Standard and DPCfamB subsets) and 28,246 DPCstruct metaclusters.

The third stage was database ingestion, where relational metadata were loaded into
a PostgreSQL database organized into ten tables and optimized with B-Tree, GIN
trigram, and functional indexes, later audited through query-plan analysis (Section 6.2),
to keep every query fast regardless of table size, while static biological files (FASTA
seeds, MSA profiles, HMM models, and PDB structures) were stored separately and
served directly from the Django static file system, without any database involvement.
The fourth and fifth stages brought everything together: a Django 6.0.1 backend
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exposed the data through four query types (DPCfam MCID, DPCstruct MCID,
Pfam ID, UniProt accession), with paginated metacluster tables, a graphical
domain architecture diagram per protein, and an embedded PDBe-Molstar viewer
for interactive in-browser visualization of AlphaFold2-predicted structures, colored by
pLDDT confidence.

Through this pipeline, we delivered four concrete contributions. First, we built a
unified discovery portal that removes the technical barrier to entry: anyone can
now explore the DPCfam and DPCstruct datasets through a browser without writing a
single line of parsing code; the tool will soon be accessible at https://dpcexplorer.
areasciencepark.it/. Second, we produced a structured relational resource that
returns complex queries in milliseconds, even across millions of protein assignments.
Third, we integrated a 3D visualization tool that brings AlphaFold2-predicted
structures directly into the browser with no external software. Finally, we shared a
fully reproducible workflow: every script, notebook, schema, and cleaned dataset is
publicly available on GitHub and on a dedicated Zenodo deposit [2], inheriting the open
licences of the upstream sources [12, 13], so that anyone can reproduce, reuse, or extend
our work. Beyond these four, the latest release (v1.0.3) [1] adds a read-only-by-default
administration panel for safe data inspection and an automated setup script that turns a
fresh clone into a running instance, and we assessed the platform against the FAIR4RS
principles for research software.

7.2 Future Work and Closing Thoughts

Our work is a small but deliberate step in the ongoing FAIRification of the DPCfam and
DPCstruct datasets: big goal, small steps. The next person who picks this up has a solid
foundation to build on, and three improvements would make the platform significantly
more powerful. First, a REST API built on the Django REST Framework would
make the platform truly machine-accessible, so that a researcher running a pipeline can
programmatically fetch JSON metadata or biological files for any MCID, elevating the
project from good FAIR to excellent FAIR. Second, an in-browser MSA viewer would
let researchers inspect DPCfam Multiple Sequence Alignments (MSAs) without leaving
the platform, the same way Mol* already handles PDB files. Third, a quantitative
FAIR assessment covering the 15 sub-principles encapsulated within the FAIR
framework and producing a measurable, reproducible score would replace the qualitative
evaluation of Chapter 6 with something trackable across future releases.

We hope DPCexplorer becomes a practical entry point for the experimental identification
of at least some of the putative protein domain families that automatic clustering has
brought to the surface.
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Appendix A

Preprocessing Inventory

A.1 Experimental Environment

Our preprocessing was conducted on the ORFEO HPC cluster. Jobs were sub-
mitted via the SLURM workload manager to an epyc compute node. The technical
characteristics of the HPC environment are summarized in Table A.1 below, while the
accompanying Python notebooks and scripts are listed in Table A.2.

Table A.1: Hardware characteristics and SLURM environment configurations used on
the ORFEO HPC cluster for computational tasks.

Characteristic Details

Physical Node Specifications (epyc)

Machine Type / Architecture x86_64 Server Node (Little Endian)
CPU Platform Dual AMD EPYC 7H12 64-Core Processors ( 2.6 GHz max)
Node vCPUs 128 (1 thread per core, 64 cores per socket, 2 sockets)
Node RAM 503 GB
Storage 4.8 PB Network Attached Storage (CephFS)
GPUs None

Allocated Job Environment

Workload Manager SLURM
Allocated vCPUs 12
Python Version 3.13.2
Job Launcher VSCode Tunnel

A.2 Inventory

The table below lists every notebook and script produced during the preprocessing
stage, as presented in Section 3.3. The main outputs of our preprocessing can be found
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in a dedicated Zenodo repository [2]. For a running instance, these outputs are fetched
and arranged automatically by the setup_dpcexplorer_data.sh script (Chapter 6);
the inventory here documents how they were produced in the first place.

Table A.2: Complete inventory of Python notebooks and scripts produced during the
preprocessing stage. All files are stored under static/ in the GitHub Repository [1]:

ID Filename Dataset Output / Purpose

1 parse.sh DPCfam Transforms Metacluster XML data into
space-separated tables and FASTA files.
Note: Must be run separately for
Standard and DPCfamB subsets.

2 alphafoldDB.ipynb DPCfam Explores alphafoldDB.txt (generated
in the previous step (1)), which
lists AlphaFoldDB representative
structures for some metaclusters
in Standard DPCfam. It produces
alphafold_dpcfam_reps.csv (see
Table 3.1).

3 mclist.ipynb DPCfam Conducts basic exploration of the
mclist.txt (SSV) file (from (1)) and
converts it into mclist.csv. Simi-
larly, every other SSV file listed in the
README of [12] is mapped to a note-
book of the same name; this applies
to both Standard and DPCfamB (e.g.,
mclistB.ipynb) subsets.

4 final_merged_dataframe.ipynb DPCfam Concatenates all sub-dataframes derived
from the previous step (3) for Stan-
dard DPCFam. For DPCFamB, we used
final_merged_dataframeB.ipynb.

5 dpcfam_all_mcs_props.ipynb DPCfam Merges the two dataframes derived from
the previous step (4) into a master
dpcfam_all_mcs_props.csv file (MC
Properties - Table 3.2).

6 parse_fasta_files.ipynb DPCfam Parses fasta files from (1) and orga-
nizes them in a dataframe for the Stan-
dard dataset. For DPCFamB, we used
parse_fasta_filesB.ipynb.

7 dpcfam_all_mcs_sequences.ipynb DPCfam Merges the two dataframes derived
from the previous step (6) into a master
dpcfam_all_mcs_sequences.csv file
(MC Sequences - Table 3.1 ).

8 extract_uniref_data.py DPCfam Streams 81 GB XML; extracts protein
IDs, lengths, Pfam and DPCfam domain
ranges.
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9 exploring_uniref50_data.ipynb DPCfam Explores UniRef50 XML outputs from
the previous step (8), and pro-
duces uniref50_proteins.csv, ... ,
uniref50_pfam_valid.csv - Table 3.1.

10 dpcstruct_mcs_properties.ipynb DPCstruct Produces MC properties master file
dpcstruct_mcs_properties.csv (MC
Properties - Table 3.3).

11 dpcstruct_mcs_sequences_info.ipynb DPCstruct Produces
dpcstruct_mcs_sequences.csv -
Table 3.1 and per-MC FASTA files.

12 dpcstruct_reps_pdbs.ipynb DPCstruct Reorganises PDB files into MCID_pdb/
hierarchy for Mol* viewer and
MCID_pdb.zip for downloads.

13 fetch_uniprot_complete.py DPCstruct Queries UniProt REST API - UniPro-
tKB for missing protein lengths.

14 extract_lengths_from_fasta.py DPCstruct Extracts lengths from Swiss-Prot and
TrEMBL FASTA releases (∼55 GB).

15 fetch_missing_lengths.py DPCstruct Queries UniProt REST API - UniParc
for remaining missing lengths.

16 dpcstruct_all_proteins_lengths.ipynb DPCstruct Consolidates protein lengths from all
retrieval steps (13 - 16).

17 dpc_protein_lengths.ipynb Both Produces proteins master
dpc_protein_lengths.csv file -
Table 3.1.

18 dpc_pfam_ids.ipynb Both Produces Pfam master
dpc_pfam_ids.csv file - Table 3.1.

19 dpcstruct_explore_cath_in_depth.ipynb DPCstruct Produces cleaned CATH annotation
CSV (qc=0.8 - Table 3.1).

20 dpcstruct_explore_scop_in_depth.ipynb DPCstruct Produces cleaned SCOP annotation
CSV (qc=0.8 - Table 3.1).
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The PDB File Format

The Protein Data Bank format (.pdb) is a plain-text file that records the 3D
coordinates of every atom in a protein structure. Introduced in 1971, it remains the
most widely used format for exchanging structural data and is the native format of
both the RCSB PDB [19] and the AlphaFold Protein Structure Database [6].

Overall Layout

A PDB file is column-based and fixed-width: every line is at most 80 characters wide
and begins with a six-character record type keyword, left-justified and padded with
spaces. The major record categories are listed in Table B.1.

Table B.1: Major record categories in the PDB format.

Record Section Meaning

HEADER Title Molecule class, deposition date, PDB ID
TITLE Title Free-text description of the structure
SEQRES Sequence Amino acid sequence of each chain
CRYST1 Crystal Unit cell dimensions and space group
ATOM Coordinates Standard amino acid atom coordinates
HETATM Coordinates Ligands, water molecules, modified residues
TER Coordinates Marks the end of a polymer chain
CONECT Connectivity Explicit bonds (mainly for HETATM atoms)
MODEL / ENDMDL Coordinates Encloses one conformer in multi-model files
END Bookkeeping Last record in the file
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The CRYST1 Record in AlphaFold Files

AlphaFold2 structures are predicted, not crystallised, so they carry no real unit cell
information. The CRYST1 line is still written to satisfy the format specification, but the
axes are set to 1.000 Å (a placeholder). Structure viewers such as PDBe-Molstar
simply ignore it for predicted models.

The ATOM Record

This is the most important record. Each line describes one atom and follows the column
layout shown in Table B.2.

Table B.2: Column layout of an ATOM record.

Columns Field Example

1–6 Record name ATOM
7–11 Serial number 1
13–16 Atom name N (see Table B.3)
18–20 Residue name LEU (see Table B.4)
22 Chain ID A
23–26 Residue number 11
31–38 X coordinate (Å) -39.628
39–46 Y coordinate (Å) -10.652
47–54 Z coordinate (Å) -11.804
55–60 Occupancy 1.00
61–66 B-factor / pLDDT 38.59
77–78 Element symbol N

In experimental X-ray crystallography, the B-factor (also called temperature factor)
measures how much each atom vibrates. AlphaFold2 [5] repurposes this column to
store the pLDDT score a per-residue confidence measure between 0 and 100. PDBe-
Molstar (see section 5.5) is aware of this convention and reads pLDDT values directly
from this column to apply the confidence colour scheme (Table 5.2).

The standard backbone atom names (N, CA, C, O, CB) together with the 20 standard
three-letter amino acid codes are listed in Tables B.3 and B.4.

64



APPENDIX B. THE PDB FILE FORMAT

Table B.3: Standard backbone atoms in the PDB format.

Name Element Role

N N Backbone nitrogen (peptide bond)
CA C Alpha-carbon (chiral centre of residue)
C C Backbone carbonyl carbon
O O Backbone carbonyl oxygen
CB C Beta-carbon (first sidechain carbon)

Table B.4: The 20 standard amino acids with their three- and one-letter codes.

Code 1-Ltr Name Code 1-Ltr Name

ALA A Alanine LEU L Leucine
ARG R Arginine LYS K Lysine
ASN N Asparagine MET M Methionine
ASP D Aspartate PHE F Phenylalanine
CYS C Cysteine PRO P Proline
GLN Q Glutamine SER S Serine
GLU E Glutamate THR T Threonine
GLY G Glycine TRP W Tryptophan
HIS H Histidine TYR Y Tyrosine
ILE I Isoleucine VAL V Valine

A Mathematical View

Each ATOM line provides a point in R3 (the x, y, z coordinates) labelled with metadata
about which atom and residue it represents. The entire PDB file is therefore a labelled
point cloud in three-dimensional space, which is exactly what a 3D viewer like
PDBe-Molstar renders on screen (see section 5.5 and subsection 6.1.3).
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