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Abstract 

Spider silk, renowned for its high performance and biodegradable nature, holds significant 

promise across various industries seeking alternatives to unsustainable petroleum-based fibres. 

However, despite advancements in the artificial spinning of spider silk fibres, much remains to 

be uncovered to achieve both high yield and the exceptional mechanical properties 

characteristic of native silks. 

To address this challenge, the study delved into the expression patterns across 291 spider 

individuals and their silk compositions, aiming to elucidate the factors influencing the toughness, 

tensile strength, strain at break, and young's modulus of silk fibres. Through comprehensive 

analysis, the study sheds light on the challenges of conducting quantitative analyses across 

diverse species. Despite limitations arising from evolutionary distant samples and homologous 

clustering, the novel analysis method revealed signals of combinatory protein expressions and 

their impact on the mechanical properties of the silk fibre. The quantitative expression levels 

appear to contain valuable information when considered alongside protein sequences and 

motifs within Spidroin proteins, indicating paths for further analysis. 

The methodology shows promise, and the findings suggest clear directions for future research, 

paving the way for optimizing silk production and harnessing its full potential in diverse 

applications. 
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Protein-Recept för Tillverkning av Den Ultimata Tråden

Spindeltråd är en enastående fiber —stark, elastisk och lätt. Därför finns det ett
stort intresse av att undersöka det som ligger bakom detta enastående material.
Den här studien tar en titt på vilka mekanismer spindlarna själva använder för att
skapa sin spindeltråd, för att sedan kunna återskapa konstjord tråd med likvärda
egenskaper. Föreställ dig att kunna designa en T-shirt med en specifik stretchighet
och tålighet. Genom att ange önskade egenskaper skulle vi kunna få fram ett
protein- recept för att skapa just den tråden. Det är den spännande tanke och
detta skulle leda till många nya användningsområden för tråden samt bidra till att
vi kan minska användningen av plast och andra material som är dåliga för både
människan och miljön.

För att förstå hur recepten ska skrivas fokuserar den här analysen på att skapa
en modell som länkar silkets egenskaper till de proteiner som spindlar producerar.
Spindlar är evolutionära underverk, som har utvecklats i över 400 miljoner år —
nästan dubbelt så länge som däggdjur. Två olika spindlar kan alltså vara nästan
lika olika som en fisk och människa är. Detta långa evolutionära avstånd gör
spindlar fascinerande men utmanande att studera eftersom olika arter är så olika
varandra. Trots dessa utmaningar har ett lovande sätt att jämföra proteiner hos
över fler än 200 olika spindelarter upptäckts. Studien avslöjar att, även om spindlar
är mycket olika varandra, delar de liknande proteiner som spelar en avgörande roll
i trådproduktionen.

Specifika proteiner har hittats som konsekvent leder till bättre, starkare tråd, samt
de som resulterar i mindre önskvärda egenskaper. Till exempel hittades ett pro-
tein som liknar de klassiska spindeltråds-proteinerna, men saknar några avgörande
delar som behövs för att skapa starka fibrer. I hög närvaro verkar dessa bidra till
färre bra egenskaperna hos tråden. Proteinerna skulle kunna vara rester som ger
mindre plats åt de funktionella spindeltråds- proteinerna vilka bidrar mer till ön-
skvärda egenskaper på tråden. Utöver dessa proteiner har analysen identifierat ett
visst typ av proteiner, som tidigare har kopplats till de mekaniska egenskaperna
hos tråden. Man är inte säker på hur de bidrar till en stark spindeltråd men det
fakum att de även påvisas i denna studie tyder på att de har en viktig roll som
byggsten i spindeltråden.

Dessa insikter är viktiga för att tillverka artificiell tråd. Genom att kartlägga
proteiner som bidrar till trådens egenskaper kan vi avslöja hemligheterna bakom
den optimala tråden för olika användningsområden och närma oss en model som
kan generera ett protein- recept framtaget med specifika trådegneskaper i åtanke.
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1 Introduction

Spider’s silk is a high-performing biodegradable fibre and is therefore interest-
ing within many fields where the now unsustainable petroleum-based fibres are
frequently used (Rising and Harrington 2023). Currently, a method of spinning
artificial spider’s silk has been developed with the potential of upscaling in sustain-
able ways, such as spinning into aqueous solutions and with ambient temperatures
(Andersson et al. 2013; Arndt et al. 2022; Otikovs et al. 2017; Schmuck et al.
2021). However, there is an inability to replicate all properties of native spider silk
fibres, which is thought to be derived from a lack of understanding of the biology
related to silk production (Rising and Johansson 2015).

The evolutionary history of spiders is a testament to the complexity and sophisti-
cation of silk production. Spiders have evolved for over 380 million years, resulting
in a remarkable diversity within the Araneae order (Garrison et al. 2016). Among
these diverse arachnids, orb-weaving spiders stand out with their varied silk fibres
and silk-producing glands. These glands, found on the spider’s abdomen, can be
as many as seven (Brunetta and Catherine L. Craig 2010; Peakall 1969), with the
major ampullate gland (MaG) recognized for producing the strongest silk fibre -
dragline silk with major ampullate spidroin proteins (MaSps) as main components
of the silk. While proteins have been mapped and the understanding of the mech-
anisms underlying the structure of the silk has been partly explored there is more
to discover.

The study holds an initial investigation into whether the expression patterns of
proteins, in the lower body of a diverse set of spiders, can account for the mechan-
ical properties of spider silk fibres. Additionally, exploring which gene families’
expression profiles appear to be most closely linked to silk characteristics is partic-
ularly crucial. This exploration can unveil novel mechanisms contributing to the
exceptional qualities of spider silk fibres, thereby laying the groundwork for further
important advancements in artificial silk production. An additional long-term ob-
jective of revealing the protein mixture based on requested mechanical properties
would facilitate the customization of artificial spider silk, thus expanding its po-
tential applications. For example, leading to innovations within retail and medical
technology, such as improved implants and sutures would lead to enhanced patient
outcomes and quality of life. The ability to manufacture silk fibres with a broad
spectrum of mechanical properties would also help reduce the reliance on inferior
and unsustainable materials that still dominate some industrial domains.

1



1.1 Spidroin Proteins

Spidroin proteins are the primary constituents of spider silk, featuring highly con-
served sequences at their C and N termini (Garb, Ayoub, and Hayashi 2010). Be-
tween these terminal regions lies a lengthy repeat region comprising polyalanine
blocks and glycine-rich motifs (Ayoub et al. 2007). This structural arrangement
forms the building blocks of silk fibres in spiders, known for their exceptional
mechanical properties. The terminus domains enhance protein solubility, while
the polyalanine blocks form layered beta-sheet structures, contributing to fibre
strength through nanocrystal formation (Nova et al. 2010). Concurrently, the
glycine-rich regions foster an amorphous structure, imparting greater elasticity to
the fibre (Nova et al. 2010). The combination of these characteristics results in
remarkably tough silk fibres highly sought after in various industrial sectors. As
mentioned the Dragline silk is the one thread superior to other types making up a
spiderweb. The spidroin types found there is multiple Major ampullate Spidroin
proteins, so-called MaSps.

Artificial spinning of spidroins into silk using organic solvents is feasible and the
fibres live up to native fibre mechanical properties. However, this approach often
provides a low yield, not favourable for industry (Bowen et al. 2018; Edlund et al.
2018). An alternative approach involves utilising miniaturised versions of spidroin
proteins and mimicking the spider spinning process biochemically, resulting in high
yield without the need for high temperatures or organic solvents (Arndt et al.
2022). However, despite the increased yield and favourable mechanical properties
of the artificial silk, it still falls short of matching the properties of native dragline
silk presumably due to the significantly reduced length of the repetitive region in
the artificial spidroins. Long repeat regions in spidroin proteins have been shown to
contribute to better quality silk and lengthy fibroins have been naturally selected
for (Ayoub et al. 2007) over time.

In addition to spidroin proteins containing N and C.- terminus domains as well as
a characteristic repetitive sequence, additional proteins can be found comprising
dragline silk (Garb, Ayoub, and Hayashi 2010; Sonavane et al. 2024). Spider-silk
Constituting Elements, so-called SpiCE proteins, do not necessarily share structure
or sequence but can be any protein found in silk fibre not considered a characteristic
spidroin protein. Some SpiCE proteins have demonstrated a correlation to silk
mechanical properties (Kono et al. 2021; Watanabe and Arakawa 2023; Yoon et
al. 2023).
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1.2 Multicomponent Structures

The length of the sequence and motifs within the repetitive sequences of spidroin
proteins entails the mechanical properties of the spider silk fibres (Arakawa et al.
2022; Bowen et al. 2018). Similarly, the composition of different proteins mak-
ing up the silk fibre has been shown to impact the properties of the silk, including
MaSp3B and SpiCE, along with MaSp1 and MaSp2 abundance (Kono et al. 2021).
In addition, not only proteins in the silk fibres have been connected to silk pro-
duction (Babb et al. 2017). Based on expression patterns, genes that seem to be
involved in silk production have been linked to environmental determinants within
the glands. For example, the pH gradient within the glands has been seen to be
affected.

1.3 Gland- and Fibre Structure

The major ampullate gland is recognised for producing the strongest silk fibre.
This gland is characterised by three distinct zones—A, B, and C—each dominated
by different cell types, creating a clear distinction between them (Andersson et al.
2013). The different zones of the major ampullate gland of Larinioides Sclopetarius
and the cell types within have recently been connected to the layered structure of
the spider silk fibre (Sonavane et al. 2024). Proteins produced by cell types found
in zone A are situated in the innermost part of the spider silk, those from zone B
cell types form the next layer, and the outer coating layer of the silk stems from
protein production of zone C cells.
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Figure 1: Gland structure (left) and fibre structure (right), reconstructed from Sonavane et al. 2024.
The gland comprises a duct, a sac and a tail divided into three zones (A, B, and C), each dominated
by different cell types. These cells express proteins that contribute to various layers of the silk fibre.
Zone A, located in the inner layer, predominantly consists of MaSp1-2 proteins. Zone B, in the middle
layer, contains a high proportion of MaSp3 and AmSp-like proteins. Zone C, forming the outermost
layer of the silk, is dominated by SpiCE proteins.

In addition to these three distinct layers of the spider silk fibre and its connection
to the gland zones, a specific set of proteins has been identified in L.sclopetarius
(Sonavane et al. 2024). 18 proteins showed to be highly expressed in the major
ampullate gland and abundant in major ampullate silk - two ampullate like spidroin
proteins, six proteins of unknown silk related function defined as SpiCE proteins
and 10 MaSp type spidroins.

The innermost part of the dragline silk corresponding zone A was dominated by
MaSp 1 and Masp2 while the next layer consisted of MaSp3. The utmost part
was dominated by a coating of non-spidroin SpiCE proteins. The SpiCE-LMa1
and SpiCE-LMa2 protein groups exhibit structural similarities to MaSp proteins
and feature spidroin-like repeat motifs however they lack both C and N terminus
domains (Sonavane et al. 2024). In contrast, SpiCE-LMa3–6 proteins are charac-
terised by a high cysteine content and share amino acid composition similarities
with AmSp-like 1 and 2 proteins.

Furthermore, AmSp-like 1 and AmSp-like 2 proteins are categorized as spidroin-
like proteins due to their possession of N-terminal and repetitive sequences (Sona-
vane et al. 2024). However, they lack the C-terminus domain commonly found in
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MaSp proteins. These AmSp-like proteins are co-expressed with Masp3 in the sac
zone B of the gland.

Connections between both SpiCE and MaSp variants and mechanical properties
of the silk fibre have been noted in a variety of studies (Blackledge et al. 2012;
Yoon et al. 2023). For example, MaSp2 has been connected to enhanced elasticity,
yielding high toughness of the silk (Arakawa et al. 2022; Blackledge et al. 2012).
Masp1 appears to enhance fibre strength and the paralogue Masp3 emerged as
particularly prominent in contributing to fibre toughness (Arakawa et al. 2022).
Additionally, SpiCE proteins of lower molecular weight than spidroin proteins have
been observed to enhance the mechanical properties of the dragline silk (Yoon et
al. 2023).

1.4 Mechanical Properties

The four dependent mechanical properties toughness, young’s modulus, strain at
break, and tensile strength (Meyers and Chawla n.d.) are the ones being specifically
considered in this study.

The remarkable elasticity of spider silk fibres is tied to their mechanical prop-
erties, particularly Young’s modulus, and toughness. Young’s modulus, defining
the material’s stiffness, plays a significant role in determining how much the fibre
can stretch under stress. Higher Young’s modulus values indicate greater stiff-
ness, potentially leading to reduced elasticity as the fibre becomes less deformable.
Toughness, instead represents the fibre’s ability to absorb energy before fractur-
ing, which also influences elasticity. A balance between stiffness and toughness is
crucial. While high stiffness may limit stretchability, high toughness allows the
fibre to withstand considerable deformation before breaking, enhancing its elastic-
ity. The tensile strength denotes the load per area unit and is the strength of the
fibre. Moreover, the crystalline structure formed within the fibre contributes to its
overall strength (Keten et al. 2010). These crystalline regions provide rigidity and
strength, making the thread less prone to breaking under tension. However, ex-
cessive crystalline formation can render the fibre brittle, potentially compromising
its elasticity.

Therefore, spider silk fibres exhibit a delicate balance between elasticity, stiffness,
toughness, and crystalline formation. While stiffness and crystallinity contribute
to strength, toughness ensures the fibre’s resilience against breakage, ultimately
preserving its elasticity despite the presence of rigid crystalline structures.
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Figure 2: Stress-strain relationships denoting all mechanical properties in the scope of the study.
Stress (GPa) is plotted on the y-axis and strain on the x-axis. Strain at break represents material
deformation before failure. Tensile strength measures the maximum stress endured before breaking.
Toughness, the area under the curve, reflects the material’s energy absorption capacity. Young’s
modulus indicates material stiffness and resistance to deformation under stress, providing insights
into mechanical behaviour and performance.
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1.5 Models and Algorithms

Biological data analysis poses many challenges due to inherent characteristics such
as noise, high dimensionality, and the complex interplay of various molecular path-
ways. Machine learning models have become indispensable tools in extracting
meaningful insights from biological datasets. However, traditional statistical ap-
proaches may struggle to cope with the complexity and dimensionality of such
data, necessitating cautious and specialized methodologies for effective analysis
(Chattopadhyay and T.-P. Lu 2019).

1.6 Curse of Dimensionality

The curse of dimensionality looms large in biological data analysis, where datasets
often comprise numerous features relative to the sample size (Smith et al. 2018).
This high abundance of dimensions can lead to sparsity, computational ineffi-
ciency, and an increased risk of overfitting. Dimensional reduction techniques,
such as principal component analysis (PCA) and t-distributed stochastic neigh-
bour embedding (t-SNE), play pivotal roles in navigating high-dimensional spaces,
aiding in data exploration, and uncovering underlying patterns.

Tree-based algorithms, such as Random Forest, offer robust solutions for handling
high-dimensional genomic data (Breiman 2001; Chen and Ishwaran 2012). Ran-
dom Forest is an assembly of multiple decision tree estimators. Each estimator is
built upon a bootstrap set of the original data, introducing a step of randomness
to the model. By combining these estimators the predictive accuracy of the model
can be significantly improved (Breiman 2001) in comparison to using a single deci-
sion tree. As the number of trees in the forest increases, the generalization error of
the Random Forest converges to the expected mean-squared error of the average
predictor. This highlights the effectiveness of Random Forests as the ensemble
size grows (Breiman 2001). However, the computational complexity of the model
increases with the number of estimators included in the model.

Random Forest approaches to genomic data analysis have been promoted, pin-
pointing the method’s robust and versatile approach for addressing the challenges
of variable selection in high-dimensional genomic datasets (Chen and Ishwaran
2012). Additionally, Random Forest presents correlations and interactions among
features, provides variable importance measures, captures nonlinear relationships,
and has been found to be resilient to outliers (Chen and Ishwaran 2012).
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While Random Forest algorithms can be applied directly to datasets with higher
dimensions than the number of observations, regression models must introduce
penalty terms in handling high-dimensional datasets (Zou and Hastie 2005). Reg-
ularisation techniques offer a principled approach to address the challenges posed
by high-dimensional genomic datasets. These methods promote model simplicity
and prevent overfitting by imposing constraints on model parameters during train-
ing. Several regularisation techniques commonly employed in biological settings
include: Ridge, Lasso, and Elastic Net regression which mitigate overfitting by
penalizing the magnitude of regression coefficients (Zou and Hastie 2005). These
techniques excel in feature selection and model regularisation, making them invalu-
able tools for identifying genomic predictive features of silk fibre properties. By
selectively shrinking coefficients of features associated with low predictive power,
regularisation methods facilitate feature selection, enhancing model interpretabil-
ity and performance.

Elastic Net combines the penalties of both L1 (Lasso) and L2 (Ridge) regularisation
techniques and is particularly useful when dealing with high-dimensional datasets
with multicollinearity. The Elastic Net objective function can be written as:

minimize
(

1

2n
∥y − Xβ∥22 + λ1

(
1− α

2
∥β∥22 + α ∥β∥1

))
(1)

where:

• y vector of observed outcomes

• X matrix of predictors/features

• β vector of coefficients to be estimated

• n number of samples

• λ1 regularisation parameter controlling the overall strength of regularisation

• α mixing parameter between L1 and L2 penalties α = 0, Elastic Net reduces
to Ridge regression, while α = 1 gives Lasso regression

• ∥·∥22 L2 norm (Euclidean norm) of a vector, calculated as the sum of the
squared elements

• ∥·∥1 L1 norm (Manhattan norm) of a vector, calculated as the sum of the
absolute values of its elements.
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In Elastic Net, the first term represents the ordinary least squares (OLS) loss
function, measuring the squared difference between the predicted and observed
outcomes. The second term comprises the regularisation penalties, where the first
part (1−α

2
∥β∥22) corresponds to the Ridge penalty and the second part (α ∥β∥1)

corresponds to the Lasso penalty.

The goal of the Elastic Net algorithm is to find the optimal values of the coefficients
β that minimize this combined loss function, effectively balancing between the
bias-variance trade-off and promoting sparsity in the coefficient estimates.

In summary, Elastic Net and Random Forest regression provides flexible and pow-
erful approaches for feature selection and regularization, offering advantages over
more classic regression models in scenarios where there are correlated predictors
and a need for model interpretability. They have previously been shown to be ef-
fective on genomic datasets (Chen and Ishwaran 2012; Torang, Gupta, and Klinke
2019).

1.7 Related Work

An extensive dataset, encompassing sequenced bulk RNA from 1098 spider species
and mechanical property measurements from 446 silk-producing species, has
yielded significant insights both taxonomically and in establishing connections
between spidroin proteins and the valuable qualities of spider silk (Arakawa et
al. 2022). This comprehensive approach, linking species transcriptomes with the
presence of spidroins to the mechanical properties of their corresponding dragline
qualities, revealed noteworthy correlations. The presence of Masp2 was found to
have a positive correlation with fibre elasticity, while Masp1 appeared to enhance
fibre strength. Notably, the paralogue Masp3 emerged as particularly prominent
in contributing to fibre toughness.

Related work published by Lu Wei et al. has utilised the data of the Arwakaras
group by creating a generative large-language model connecting MaSp sequences
to their corresponding mechanical properties (W. Lu, Kaplan, and Buehler 2024).
The model created, provides a two-way predictor, connecting sequences and prop-
erties as a means of engineering novel proteins with optimized sequences. Assess-
ment of the predictor was made in four ways. First of all, comparing the novel
sequences to BLAST matches finding that most similarity could be found in MaSp
proteins. Secondly both the sequence and structure were compared to naturally
occurring proteins and last of all a motif analysis was conducted showing that
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the novel proteins share motifs with the naturally occurring ones. However, it
is also stated that the study is built upon three bold assumptions. Firstly, the
MaSp proteins alone are assumed to be governing the mechanical properties of
the silk fibre. Secondly, the mechanical properties with an included Standard de-
viation value, are assumed to account for the influence of other factors than the
single spidroin sequence. Lastly, the study itself has not provided evidence that
the sequence generated can form silk fibre at all and more assessment and test-
ing is suggested to validate the outcome of the created Silk Proteome Generative
Pretrained Transformer.

A notable limitation of Lu Wei et al.’s work is its reliance on the assumption that
the composition of various spidroins and other proteins does not collectively influ-
ence the properties of the silk thread. Instead, their analysis primarily focuses on
individual spidroin sequences, neglecting the interplay between different proteins.
This oversight disregards the potential synergistic or antagonistic effects resulting
from the combined presence and expression levels of multiple proteins.

Moreover, while the data generated by the Arakawa group considers the presence
or absence of various spidroins, it does not account for the expression levels of
each protein within the spiders. Consequently, the composition and proportions
of different contributing proteins remain overlooked, limiting the comprehensive
understanding of the silk thread’s properties. Additionally, these studies inten-
sively focus on spidroins and known groups of proteins related to silk, limiting the
dataset’s inclusion to already known determinants.

1.8 Purpose and Goals

The goal is to examine how the relational proportions of expressed proteins are
linked to silk mechanics. In addition, the study aims to identify novel genes acting
as property determinants, searching beyond those previously linked to silk fibre
formation. To achieve these goals, the foundation of the study is to construct a
dataset including a large and evolutionarily diverse set of spiders and to form com-
parative gene sets with corresponding expression level values. By doing so, novel
genes involved in the extraordinary characteristics of native spider silk fibres can
be pinpointed. Additionally, the purpose of a quantitative measure of expression
across genes and spider individuals is to reveal proportional relations of expression
and to determine whether this data holds relevant exploratory power concerning
silk mechanics.
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2 Method

The analysis involves collecting data and creating datasets filtered into various
dimensions of different values, Table 1. Initially, the datasets include a diverse set
of spiders across 165 910 orthogroups, D0. Sequentially, the dataset went through
initial filtering removing lowly expressed orthogroups and orthogroups with low
coverage across spider individuals (D1). Thereafter the scope was narrowed down
to only include species from the Araneidae family (D2). Lastly, the focus is put on
known gland-specific genes (D3). The values in dataset D3 range from boolean to
gene counts to quantitative expression levels. In addition to the datasets mentioned
D(1-3), a dataset with transcripts, classified by Arakawa et al (Arakawa et al.
2022), of known spidroins was created as well (D4).

Table 1: Dataset overview: This table provides a summary of all datasets, including their dimensions
in terms of the number of samples (individual spiders) and features (gene groups), the type of values
set for each dataset, and the annotation methods used for the features. Samples) The number of
individual spiders included in the datasets. Features) The number of features or gene groups present
in the datasets. Values) The type of values set for all features in the respective data frames, spanning
logarithmic values of quantitative expression levels, boolean values of expressed or non-expressed
genes, and gene count values describing the number of genes counted in the same orthogroup per
sample. Annotations) The methods used to annotate the different gene groups (features), spanning
annotations deduced from L.sclopetarius annotations or the Arakawa paper grouping of spidroin
proteins for dataset D4.

Dataset Samples (individual spiders) # Features (Orthogroups/genes) Values Annotations

D0: Full dataset 291 165 910 Quantitative expression: log(sum(tpm)) L.sclopetarius included genes
D1: All families 291 8418 Quantitative expression: log(sum(tpm)) L.sclopetarius included genes
D2: Araneidae family 135 8610 Quantitative expression: log(sum(tpm)) L.sclopetarius included genes

D3: MaG Read Counts 135 173 Quantitative expression: log(sum(tpm)) L.sclopetarius included genes
D3: MaG Gene Counts 135 173 Gene counts: sum(Genes) L.sclopetarius included genes
D3: MaG Boolean 135 173 Boolean: 1: OG present, 0:OG absent L.sclopetarius included genes

D4: Spidroin dataset 135 15 Quantitative expression: log(sum(tpm)) Arakawa et al spidroins

Table 1 comprises a list of all data frame versions created. D(0-4) withhold datasets
of various inclusion criteria and value sets with denoted dimensions. All datasets
are explained in the sections below.

Apart from dataset formations, orthogroup identifications were based on
L.sclopetarius annotations. Dimensional reduction techniques like PCA and t-
SNE are used for visualisation and more detailed analyses. The predictive power
of the different datasets is evaluated by R2 values using Elastic Net regression
and 5-fold cross-validation. The R2 values measure the proportion of the vari-
ance in the dependent variable that is predictable from the independent variables,
meaning a goodness of fit would yield high R2 values. Additionally, Random For-
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est regression is employed for prediction and feature selection on the quantitative
gland-specific dataset (D3: read counts).

2.1 Data Collection

Data was collected from the spider silkome database created by Arakawa et al’s
extensive study presenting RNA seq data of over 1000 spider individuals and me-
chanical data from about 400. The datasets used, however, consisted of 291 indi-
viduals which withheld both mechanical and linked RNA seq data (Arakawa et al.
2022). 

The transcriptomic profiles of various spider species were analysed by alignment
of bulk-RNA sequences against a comprehensive collection of transcripts derived
from spiders characterised with distinct spidroin types. This compilation, curated
by the Arakawa research group, encompassed a range of spidroin classifications in-
cluding AcSp, AgSp1/ AgSp2, CrSp, CySp, Flag, MaSp1 to MaSp3, MiSp, Pflag,
PySp, ampullate spidroin (MaSp or MiSp), spidroin, and putative spidroin (ex-
hibiting spidroin-like structural features but lacking homologous sequences). After
the alignment process, spidroin types were delineated as attributes within a Pan-
das data frame. Read counts were mapped toward the spidroin transcripts of
all spiders. In the event of counts being assigned to multiple species transcripts
belonging to the same type, the count values were summed. The read count val-
ues were then subjected to normalization, with gene expression levels quantified
as transcripts per million (tpm), facilitating comparative analysis across species-
creating dataset D4.

Concurrently, Dataset D0 were constructed. RNA-seq data obtained from the
abdominal tissues of the spiders were mapped to their respective species-specific
complete transcriptomes, encompassing not only the expression profiles of known
spidroin genes but also other transcripts. However, this approach presented a chal-
lenge in terms of inter-species comparisons. To address this issue, OrthoFinder
software was employed to identify orthologous genes within the spider dataset.
This facilitated a clustering of orthologous genes, which were subsequently inte-
grated as attributes into a larger dataset comprising 165,910 gene groups across
291 individual spiders. Through the assignment of individual spider genes to or-
thogroups, the cumulative read counts for each gene group could be assigned as
values within the data frame, thereby enabling comparative analysis across species.

Next, the mechanical property data were added to both datasets (D0 and D4) as
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dependent values. This allows correlation analysis of the mechanical properties of
the silk fibres with both the expression patterns across all gene groups of the spider
abdomen and the spidroin dataset based on the Arakawa paper classification.

2.2 Orthogroup Annotations

Unlike the smaller spidroin dataset (D4), the larger datasets (D0-D3) lacked anno-
tations linking gene groups to function. To address this, annotation data available
for genes from L.sclopetarius was utilised (Sonavane et al. 2024). This data al-
lowed the association of orthogroups within the larger datasets to the respective
gene annotations of L.sclopetarius genes falling under that specific group.

2.3 Filtering and Preprocessing

Throughout the analysis the Panda’s package (version 2.1.4 ) in Python (version
3.11.5) was used apart from some heatmap construction steps performed using
complexHeatmap (version 1.10.2) in R (version 2023.09.1) and all code can be
found on the linked GitHub page, in section Data Availability.

To prepare the large dataset (D0) for subsequent analysis, several filtering steps
were implemented to refine the dataset and focus on the most relevant orthogroups.
and datasets D1 and D2 were created. Initially, only individuals possessing com-
plete data for four primary mechanical properties – tensile strength, young’s mod-
ulus, strain at break, and toughness – were included in the filtered dataset. This
step guaranteed the inclusion of samples with comprehensive mechanical property
information, essential for subsequent analyses.

Furthermore, orthogroups lacking sufficient representation across retained indi-
viduals were systematically removed from the dataset. This curation ensured that
only orthogroups with robust representation were considered further. Orthogroups
demonstrating less than 50% coverage across individuals were excluded.

To standardize data distribution and ensure comparability, a logarithmic transfor-
mation was applied to all predictive values within the dataset. Orthogroups with a
total log2(tpm) below 180 across spiders were eliminated from consideration leav-
ing a dataset of significantly reduced dimensions holding 8 418 orthogroup features
(D1). This stringent filtering criterion aimed to prioritise orthogroups with sub-
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stantial expression levels across the dataset, thereby enhancing the focus on the
most abundant features for subsequent analyses. Supporting this rigorous filtra-
tion is the observation that proteins found in the silk fibre of L.sclopetarius are
highly expressed. (Sonavane et al. 2024) Additionally, a check was conducted to
verify whether the gene groups containing silk-related proteins from L.sclopetarius
remained in the pruned set. This was a precautionary measure aimed at retaining
valuable information while reducing the number of features of the dataset as much
as possible.

As a means of limiting the variation of the dataset, a subset consisting of only
Araneidae family spiders was constructed as well, leaving 135 samples in the
dataset instead of the initial 291 (D2). The orthogroup coverage and expression
level-based filtration steps were conducted after sample selection, leaving more
orthogroups in D2 than in D1, Table 1.

2.4 Domain Based Filtering

In the next stage, dataset D2 underwent refinement to specifically include gene
groups with particular connections to L.sclopetarius annotations, and dataset D3
was constructed. Data available from (Sonavane et al. 2024) consisted of informa-
tion on genes specifically expressed in the major ampullate gland of L.sclopetarius.
Looking into this data, additional filtering of genes left only genes with an expres-
sion value of log(tpm) > 5 in either the sac or the tail of the MaG in L.sclopetarius.
The threshold was set by a dual distribution of expression, keeping the subset of
genes found to have higher expressions. Subsequentially these genes were matched
towards the Araneidae family dataset (D2) and only groups containing the pin-
pointed genes of L.sclopetarius were kept (D3). This focused dataset captured a
narrower range of orthogroups, significantly reducing the dimensions. The refined
dataset consisted of 173 orthogroups across 135 samples, each displaying distinct
expression patterns within the specified anatomical structures of L.sclopetarius.

2.5 Gland-Specific Datasets Variants

To further investigate which information best predicts silk properties, two addi-
tional versions of dataset, D3:Read Count, were created. First, to examine the
number of duplicate genes the spiders had in each gene group, a dataset was
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formed with values representing the number of genes in each orthogroup across
the gland-specific set. This dataset is called D3: Gene Count.

Next, to determine whether simply the presence or absence of gene expression is a
good predictor of silk qualities, a boolean version of the D3: Read Count dataset
was constructed. In this version, gene groups with expression log(tpm) > 2 were
set to 1, while those with lower expression were set to 0. This dataset is called
D3:Boolean.

2.6 Data Exploration and Linear Correlations

A correlation matrix was constructed for the spidroin dataset, D4, using Python
building corr function and heatmap visualisation using the Seabourn package. The
spidroin expressions were compared with the four mechanical properties: tensile
strength, Young’s modulus, strain at break, and toughness using Pearson correla-
tions.

Principal Component Analysis (PCA) was performed on all datasets mentioned,
using scikit-learn 1.4.2’s built-in package: decomposition.PCA. Before fitting the
PCA, all data were scaled and centred using the StandardScaler both centring and
scaling the data using z-score standardisation, allowing all features to contribute
equally to the model by converting them to a common scale with a mean of zero
and a standard deviation of one.

As a complementary approach, t-distributed Stochastic Neighbour Embedding
(t-SNE) was applied to the 10 first principal components to find non-linear re-
lationships between gene group values and visualize them in a lower-dimensional
space. The tSNE module from scikit-learn was utilised, with settings projecting to
two dimensions, early exaggeration = 20.0, perplexity = 10, and a random state
set to 123 for reproducibility. Before applying the t-SNE embedding method, the
data were once again scaled and centred using StandardScaler.

The creation of heatmaps was performed using Bioconductors ComplexHeatmap
module (version 2.20.0) in R (version 2023.09.1 + 494), which enabled hierarchical
clustering on the dataset of all spider individuals with lowly expressed orthogroups
removed. Orthogroups with low coverage were also excluded from the analysis, as
detailed in Section 2.3, D1. This analysis was crucial for ensuring the integrity
of the analysis. Especially important given the novelty of the approach used;
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creating a dataset using orthogroups with summarized read counts concatenated
into expression-level values.

Hierarchical clustering was employed to reveal underlying patterns and relation-
ships within the dataset, aiding in the visualisation of similarities and differences in
expression profiles across spider individuals as well as identifying outlier samples.

2.7 Regularised Regression and Feature Selection

Elastic net regression was employed for all datasets (D1-D4) as an initial predictive
model and feature selection approach. The L1- ratio was set to 0.5 while the alpha
(α) value was selected by the ElasticNetCV function, a variant of the ElasticNet
regression model, implemented in the scikit-learn library. By initial automatic
generation of a sequence of α-values the function trains the ElasticNet regression
model using 5-fold cross-validation. During each fold, undergo partitioning into
training and validation subsets. The model was trained on the training subset and
subsequently evaluated on the validation subset.

Evaluation of the model was done using a performance metric, set to mean squared
error, for each 5-fold and each α-value. Sequentially these metrics across all folds
were aggregated to calculate the average performance for each α-value. Thereafter,
the algorithm identified the α-value, deciding the strength of regularisation, that
yielded the best average performance across all folds. This α-value was chosen as
the optimal regularisation parameter minus ten percent of this optimum for each
mechanical property individually, Appendix A.1: Table A.1-A.6. The fractional
subtraction was done in order to maintain at least one coefficient of the model.
Particularly important in cases where the best predictive result was obtained re-
ducing all coefficients to zero. All three gland datasets (D3) underwent the same
Elastic net regression pipelines.

Read count version gland datasets (D3:RC) underwent Random Forest regression
pipelines for each mechanical property respectively. Initially, optimal parameters
for a Random Forest (RF) model were determined using grid search. To achieve
this, the dataset was partitioned into distinct training and testing sets. Through
iterative experimentation, the most effective parameters were identified and sub-
sequently utilised in the analysis of the corresponding dataset.

Once the optimal parameters were established (Appendix A.2: Figure A.1-A.3,
Table A.7), RF models were trained using the optimal settings. A 5-fold cross-
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validation approach was employed to assess the stability and generalizability of the
model across different data subsets. Throughout each fold of the cross-validation
process, feature importance was recorded. Subsequently, the mean importance,
along with variance, for all features was calculated after completing all cross-
validation folds. Additionally, the mean predictive performance over the folds was
documented through R2 values. This analysis provided insights into the relative
contribution of each feature to the model’s predictive performance, facilitating
comparison with alternative feature selections during model training.

2.8 Principal Component Analysis

Principal Component Analysis (PCA) was performed on the gland-specific dataset,
D3, using the PCA package from scikit-learn. The data were centred and scaled
before conducting the PCA to ensure consistency and comparability again using
scikit-learns StandarsScalar.

To maintain manageable dimensions while capturing a substantial portion of the
dataset’s variance, five components were selected. This choice aimed to strike a
balance between dimensionality reduction and retaining meaningful information,
accounting for approximately 25% of the total variance in the dataset. A scree
plot of variance explanatory values can be found in Appendix A.3; Figure A.5.

Next, the components were examined for correlations to the four mechanical prop-
erties: tensile strength, Young’s modulus, strain at break, and toughness. Subse-
quently, the loadings of the first principal component (PC1) were analysed. This
helped identify the key variables driving the variation observed in the dataset,
thereby providing insights into the underlying structure and relationships within
the gland-specific dataset.
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3 Results

The following section presents the findings from data exploration, predictive per-
formance outcomes, and PCA results across datasets D1 through D4. Each step’s
results guiding subsequent analysis decisions, including dataset selection and fil-
tering criteria.

3.1 Expression Across Genegroups Support Biological Classifications

Starting with 165,910 orthogroups across 271 spider individuals, an initial distri-
bution of quantitative read counts revealed a significant portion of orthogroups
with low coverage. As depicted in Figure 3, many gene groups showed expression
in few or no spiders within the unfiltered dataset. This observation underscores the
need to filter the dataset to ensure coverage of at least 50 percent of the spiders.
Furthermore, the gland-specific set demonstrated expression across a considerable
fraction of spiders, suggesting consistent mechanisms employed in the glands across
spider species.

After initial filtering steps expression patterns spanning over 8,000 gene groups,
defined using OrthoFinder, were mapped for the 271 spider individuals. The 10
first principal components were kept, retaining components explaining 37% of the
variation in the data (Figure A.5), in order to reduce noise. Hierarchical cluster-
ing methods showed that spiders of the same family mostly clustered together,
particularly within the Araneidae family, Figures 4, 5 A. Simultaneously, t-SNE
projection revealed non-linear relations within the data, highlighting clustering
among families and closely related spiders (see Figure 4).

This relational clustering was expected and validates the approach used. Despite
some discrepancies, the overall taxonomic order agrees with previous classifica-
tions. Internal cluster A, Figure 6, grouped Tetragnathidae family samples into
an otherwise Araneidae-dominated cluster. Species found in section B, Figure
6, are all Tetragnathidae, with many individuals belonging to the Tetragnatha
genus. Species Mengei and Merianade, belonging to the Metellina genus, are found
in section B clustered with individuals from the genuses Thelacantha, Eriovixia,
Cyrtophora, Neoscona, and Araneus of the Araneidae family. Interestingly, these
genera are Araneidae species that also have individual spiders grouped differently
from the main Araneidae family cluster (see Figure 5 B-C).
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Figure 3: Gene groups coverage across spider individuals. The density of expressed genes as the area
under the curve along fractional presence across spiders (X-axis) Blue) Representing the distribution
within the unfiltered set, D0. Red) The filtered dataset, represents only groups being expressed in over
50% of the spiders D1. Green) The domain-based filtered dataset representing only gland-specific
gene groups, D3.

Figure 4: Expression across orthogroups is plotted in two dimensions using t-SNE projection of the 10
principal components explaining the most variance in the data. Web types are denoted by different
majority families based on Bradley 2012. The colours represent the most represented families of
spiders, while grey dots denote spiders belonging to families with lower representation in the dataset.
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Figure 5: Heatmap of principal component values throughout the first ten principal components of
dataset D1, including all family samples. A) Full set of spiders separated into five clusters. B) Cluster
2 visualizing Araneidae individuals separated from Cluster A 1. C) Cluster 3 visualizing Araneidae
individuals separated from Cluster A 1.
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Figure 6: Heatmap of principal component values throughout the first ten principal components of
dataset D1, including all family samples. A) Cluster 1 from Figure 5 A. B) Cluster B containing
non-Araneidae samples. C) Cluster C containing non-Araneidae samples.
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The clustering of Araneidae family members significantly differs from other fami-
lies with a few exceptions. For example, species such as Brevispina and Poonaensis
(Figure 5, cluster B) stand out. In cluster C, three additional outliers were found:
one Unicolor species spider and two others of unknown species belonging to the
geniuses Neoscona and Araneus, respectively. As mentioned, spiders from these
genera in the large Araneidae cluster also share expression patterns with Tetrag-
nathidae family samples of the Metellina genus.

In Figure 5 A and t-SNE Figure 4, Salticidae, Pisauridae, and Thomisidae family
spiders demonstrate similar expression patterns. These three families are known
for not using webs to catch prey (Bradley 2012). Shared expression patterns be-
tween Araneidae and Tetragnathidae, both planar orb-weavers, indicate common
mechanisms for prey-catching web formations.

3.2 Challenges Introduced by Wide Inclusion in Formed Orthogroups

In contrast to the large fraction of species-specific gene groups observed across
spiders (Figure 3), some orthogroups present challenges due to their wide inclusion
criteria. For instance, Orthogroup OG0000050 encompasses a significant portion of
MaSp variants (Figure 7), which complicates the expressional distinction between
included variants.

Figure 7: Orthogroup OG0000050 and the annotation of the L.sclopetarius genes falling into this
orthogroup, capturing MaSp variants 1-4 as well as some MiSp variant spidroins.

22



As the MaSp proteins are the major components in dragline silk (Garb, Ayoub, and
Hayashi 2010; Sonavane et al. 2024) this clustering presents a big information loss,
moving forward connecting expression pattern profiles to the mechanical properties
of dragline silk. The same broad inclusion is problematic for OG0000264 which
withholds L.sclopetarius genes annotated as SpiCE variants 1 to 16.

3.3 Low R² Values and Correlation Insights from Elastic Net Regression

The predictive power of silk properties was evaluated using Elastic Net across
datasets D1, D2, D3, and D4. Additionally, three variants of dataset D3 (Gene
Count, Read Count, and Boolean) were analysed. The performance of each model
was assessed using R2 values and showed poor predictive power across the datasets.

3.3.1 All-Species Datasets Yield Best Predictive Performance, While
Domain-Based Filtering Enhances Interpretability

Results from elastic net regression, where the α-parameter was optimized for each
dataset-property combination, are presented in this section. The optimization
process and specific α-parameters used, are detailed in Appendix A.1.

Upon analysing the results, it is obvious that the R2 values were generally low
across all dataset-property combinations, Table 2. Showing that no, or very little,
of the variance in the dependent variable, can be explained by the independent
variables. A higher R² value signifies a better fit of the model, reflecting stronger
predictive accuracy. This is depicted in table 2, which illustrates the R2 values of
all Read count valued datasets D(1-4).

Table 2: R2 of predictive results from Elastic Net Regression model across four datasets with the
predictive attributes: stain at break, toughness, tensile strength, and Young’s modulus respectively.
All datasets D(1-4) have quantitative read count values and details about the datasets can be found
in Table 1.

D1: All families D2: Araneidae family D3 Gland Specific D4: Arakawa annotation
Property

strain at break 0.068680 -0.009997 0.008530 -0.072397
toughness 0.141722 -0.019571 -0.050787 -0.118221
tensile strength 0.044246 -0.041603 -0.039115 -0.072452
young’s modulus 0.013212 0.070112 -0.001995 -0.091833

The best results are found in the full dataset D1: including all orthogroups remain-
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ing after the initial filtering (Section 3.3) and keeping all spider samples regardless
of taxonomic classification. Checking the nonzero coefficients, of the highest pre-
dictive results, namely between the full dataset and toughness none of the groups
left in the model have been highly expressed in the sac or tail of the major ampul-
late gland of L.sclopetarius, Appendix A.4; Figure A.6, according to the criterion
set- as described in section 3.5.

To assess whether the annotations of spidroin transcripts in the Arakawa dataset
could compensate for the information loss due to the clustering of spidroins into
the same orthogroup, a subset of major ampullate spidroins, as denoted by the
Arakawa group, D4, was created. No predictive power of this dataset could be
found using Elastic Net regression, Table 2. In addition, singular correlations
within this subset and towards the mechanical properties of the dragline silk were
examined.

Figure 8: Correlation matrices showing Pearson correlation between the features in dataset D4 (in-
cluding MaSp1-3, sp., and Spidroin-annotated groups) and the mechanical properties: strain at break,
toughness, tensile strength, and Young’s modulus.

The correlation matrices (Figure 8) revealed some weak, yet significant, correla-
tions. Specifically, it was observed that both MaSp1 expression and unidentified
spidroin-type expression exhibited a correlation with the strain at break. Interest-
ingly, high MaSp1 expression was negatively correlated with the strain at break,
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whereas spidroin expression, when classified as such, exhibited a positive correla-
tion with the strain at break of the fibre.

3.3.2 Neither Boolean Nor Gene Count Data Yields Better Predictive Per-
formance

To examine the quantitative relevance of gene expression in determining silk fibre
properties the gland dataset was compared to both a boolean version and a gene
count version of the dataset. The boolean version examines the absence or presence
of genes and their correlation with mechanical properties. Meanwhile, the gene
count dataset provides insights into whether gene copy number or the presence
of homologous genes significantly influences the mechanical properties of dragline
silk.

Table 3: The table shows the mean R2 values of predictive results from the Elastic Net Regression
model across three datasets with the predictive attributes: strain at break, toughness, tensile strength,
and Young’s modulus, respectively. All datasets (D3) are filtered by domain and include gene groups
connected to major ampullate gland expression. The datasets vary in the type of values, ranging from
boolean to gene count to read count. Details about these datasets can be found in Table 1.

D3-1 Gland Specific Read Count D3-2 Gland Specific Gene Count D3-3 Gland Specific Boolean
Property

strain at break 0.008530 -0.003235 -0.006666
toughness -0.050787 -0.087627 -0.021374
tensile strength -0.039115 0.001831 -0.025088
young’s modulus -0.001995 -0.018901 -0.007684

Across all three dataset variants, the predictive power is low. In all except two
cases, even worse than a naive model predicting the average value each time, shown
as negative R2 values in table 3. As an additional measure using the read count
values dataset, a Random Forest regressor does not give better results than Elastic
Net adding to the assumption that the signal in the data is too weak and noisy
and can not be captured by a model known to capture non-linear relations either.

3.4 Correlation Found Between High-Variance Principal Components
and Silk Mechanical Properties in All-Species and Gland-Specific
Datasets

Principal Component Analysis (PCA) was utilised to reduce the dimensionality of
the dataset and extract meaningful features capturing the variation in gene expres-
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Table 4: Mean R2 values on D3:Read Count dataset using Elastic Net and Random Forest regression
respectively.

Elastic Net Random Forest

strain at break 0.008530 -0.033492
toughness -0.050787 -0.016349
tensile strength -0.039115 -0.039122
young’s modulus -0.001995 -0.007533

sion profiles across samples. The number of principal components was determined
based on the elbow point observed in the scree plot, as depicted in Appendix A.3:
Figure A.4. This method identifies the point where adding additional components
does not significantly increase the explained variance.

The principal components (PCs) of other datasets with significant correlations to
mechanical properties were indicated in Figure A.8. Notably, correlations were
predominantly observed in the gland-specific dataset, particularly in PC1, which
explained the largest fraction of variance in the data.

Table 5: Principal components significantly correlated (p-value > 0.05) to mechanical property across
datasets. All datasets D(1-4) have quantitative read count values and details about the datasets can
be found in Table 1.

D1: All families D2: Araneidae family D3: Gland Specific OG D3: GC D3: boolean

strain at break PC1 PC5 - - -
toughness PC1, PC3 PC2 PC1 PC3 PC2
tensile strength PC1, PC3 PC2 PC1 PC3 -
young’s modulus PC3 PC2 PC1 - -

The extensive dataset, encompassing all spider samples irrespective of family, re-
vealed correlations between principal components (PC1 and PC3) and mechanical
properties such as strain at break, toughness, and tensile strength. Additionally,
PC3 exhibited a correlation with Young’s modulus and toughness.

Furthermore, when examining PC1 on the entire spider dataset, it was found that
only one out of the top 20 contributing orthogroups was highly expressed in the
major ampullate gland of L.sclopetarius (Appendix A.6.1: Table A.8).

In the quantitative expression dataset (D3), five components collectively explained
about 25% of the variance in gene expression, with individual components explain-
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ing approximately 0.072, 0.051, 0.044, 0.042, and 0.038 of the variances, respec-
tively.

Figure 9: PC1 plotted to each of the four mechanical properties: strain at break, toughness, tensile
strength, and Young’s modulus. Pearson correlation line added with accompanying p-values.

Upon examining these PCs, which represent a linear combination of the original
features, a weak yet significant correlation was found between PC1 and toughness
(Figure 9). The notable positive correlation and p-values below 0.05 indicate a
significant association between high values of PC1 and the mechanical properties
of toughness, Young’s modulus, and tensile strength. This component appears to
encapsulate the variance in the dataset related to dragline silk properties, making
it particularly relevant for further investigations into feature importance.

3.5 Top Principal Component Loadings Reveal Property-Related Or-
thogroups

Across all datasets, regression models aimed at predicting the mechanical proper-
ties of dragline silk, have exhibited poor performance. Consequently, the feature
importance selection derived from these models lacks reliability. Despite the lack
of predictive ability, the linear combination of expression across orthogroups can
be associated with the mechanical properties of toughness, Young’s modulus, and
tensile strength (Figure 9). These findings indicate some underlying signal in the
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data connected to the combinatory component PC1. Which is the one found to
explain the highest fraction of variation in the dataset out of the components.

When examining the top 20 orthologous groups comprising this first principal
component, some interesting discoveries can be made, Figure A.9; Appendix A.6;
Table A.9. Five out of the 20 orthogroups contain genes that have been identified
in the proteomics of the dragline silk of L.sclopetarius, and two of these are also
present in the 18-protein dataset considered as the core components of the dragline
silk due to their high abundance (Sonavane et al. 2024). These proteins include
the Spice protein Lma5 and AmSp-like2, expressed in ZoneB_masp3 cells, along
with MaSp3 proteins constituting the mid-layer of the silk fibre (Sonavane et al.
2024).

Table 6: Orthogroups found in the top 20 loadings onto PC1. The table below presents the PC1
loading value, gene name, the cluster of which cell type the gene has been seen to be expressed in,
and boolean values indicating whether the gene is one of the 18 silk components in L.sclopetarius
dragline silk.

Orthogroup PC1 Gene name Protein name Cluster 18 protein dataset Silk proteomics

OG0000282 -0.480160 LASC013610, cd74_2, ... Duct - - -
OG0008243 -0.398308 sp-1339#prd34368.1_4 - - - -
OG0000264 0.222516 Spice_4, ... SpiCE-LMa5 ... ZoneA_SpiCE-LMa3 Yes Yes
OG0002778 -0.097265 Spidroin3 AmSp-like2 ZoneB_MaSp3 Yes Yes

Additionally, sp-1339#prd34368.1_4 was found to be the second most influen-
tial feature determining PC1. This gene exhibits similarities to spidroin genes.
However, the protein has not been considered a spidroin protein due to lacking
characteristic structures of the spidroin/spidroin-like types (Sonavane et al. 2024).

The original feature, orthogroup OG00000282 is the most PC1-contributing orig-
inal orthogroup and is negatively correlated to the value of PC1 and hence neg-
atively correlated to for example toughness, Figure 6. In Sonavane et. al.’s com-
prehensive study, the gene with lascID LASC012597, expressing a basal lamina,
is expressed 15 times higher in the duct of the gland compared to in cells of other
zones. It is the greatest key determinant of the duct in the MaG of L.sclopetarius
(Sonavane et al. 2024).
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4 Discussion

The following section discusses how clustering by taxonomic order effectively cre-
ates a dataset based on orthogroup clustering and read counts, even identifying
ambiguous species as outliers. It highlights the significant correlations between
the mechanical properties of dragline silk and the first principal component (PC1)
of the quantitative gland-specific dataset. This indicates the value of examining
the quantitative composition of expressed proteins.

Additionally, the section addresses how domain-based filtering helps identify genes
related to silk properties, while the full dataset captures biological diversity among
spiders. It also denotes specific proteins that may enhance or diminish the desired
qualities of dragline silk.

4.1 Consistency of Clustering Results and Taxonomic Classifications Val-
idates Dataset Legitimacy

Despite the novelty of using orthogroup clusters along with the quantitative ex-
pression levels in constructing the dataset, results seem to validate the approach.
The consistency of clustering by family shown by both t-SNE projection and hi-
erarchical clustering is a promising ground for the analysis. Interestingly, this
analysis also highlights previously ambiguous classifications within the Araneae
and Tetragnathidae orders. The nested Mengei and Merianade spiders seen in
Figure 5 are orb-weavers and have been classified differently in the past. In some
analyses, Merianade is sorted into the Araneus genus, which belongs to the Aranei-
dae family (NMBE - World Spider Catalog 2024). In Figure 6 B, other Araneus
spiders can be seen to cluster alongside Metellina individuals. This observation
suggests that outlier families in the clusters are not surprising or reducing the
validity of the read count approach across orthogroups but are instead pinpoint-
ing intricate relationships between spiders and the taxonomical complexity of the
Araneae order.

4.2 All-Species Dataset Might Capture Correlations Without Causality

Despite a generally low predictive performance observed across all datasets D(1-4)
and the absence of significant outperformance, Table 2, the decision to proceed
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with the gland set is justified by several factors. Firstly, the gland set offers a
dimensionality reduction, facilitating improved interoperability. Secondly, by lim-
iting the dataset to include orthogroups associated with genes known to exhibit
high expression in the Major Ampullate Gland (MAG) (Sonavane et al. 2024),
interpretations of selected features become more straightforward. Moreover, this
approach helps mitigate the risk of inferring causation from correlation, thereby en-
hancing the reliability of the analysis. The full dataset seems to withhold the most
predictive power. However, it captures genes of non-fibre spinning properties and
has loadings on PC1 that are not highly expressed in the MaG of L.sclopetarius.
This implies that correlations to mechanical properties lack causality in D1 anal-
ysis.

4.3 Combinatory Effects Influence Resulting Silk Properties

Although the RF and Elastic Net regression model approaches failed to single
out orthogroups with high predictive abilities, signal-connecting properties and a
linear combination of features were detected in PCA. It’s interesting that the first
component in PCA, which captures the most variance in expression profiles, also is
the one component in the gland-specific dataset that shows a weak but significant
correlation with toughness. This suggests that combinatory differences in gene
expression across genes contribute to variations in the mechanical properties of
the dragline silk.

Given the known variation in silk fibre mechanics across species and families,
(Blackledge et al. 2012; Swanson et al. 2006) correlations found between PC1 and
mechanical properties in the full dataset D1, were not unexpected. However, it’s
important to note that while the dataset exhibits a signal, it may not specifically
isolate genes directly linked to silk properties. Instead, the observed correlations
could reflect broader biological differences between species and families. Therefore,
even though the correlation is evident, it’s essential to interpret it cautiously, as
it may not imply causation but rather capture variance associated with biological
diversity among spiders.

Additionally, none of the top-loading original orthogroup can be found to be highly
expressed in the MaG of L.sclopetarius sac or tail. This suggests that the compo-
nent probably isn’t associated with mechanisms closely involved in major ampul-
late gland activities but as mentioned, captures variance associated with biological
diversity. Hence, the gland set, D3, remains under consideration.
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However, in datasets like D2 (non-gland-specific) and the gene count dataset for
gland-specific orthogroups, the component associated with toughness isn’t the
most distinctive difference between samples. This indicates that the quantity
of gene expression, rather than gene copy numbers, might be more important in
predicting silk properties. Additionally, the filtration process for gland-specific
orthogroups seems to have successfully removed many non-mechanical property-
related orthogroups.

Furthermore, the observation that all families ended up having the first component
correlated with mechanical properties could be due to evolutionary differences.
This suggests that evolutionary distance, linked to the type of web spiders spin,
plays a significant role. As a result, comparing expression differences might be less
relevant in this context.

4.4 Great Impact of Extensive Orthogroups on Silk Properties Analysis

The presence of extensive orthogroups containing a wide range of gene variants
leads to significant information loss. Both SpiCE proteins and MaSps are crucial
components in dragline silk and have previously been linked to its mechanical
properties (Arakawa et al. 2022; Yoon et al. 2023). This limitation hampers the
ability to distinguish between different types of proteins whose transcripts fall
under the same orthogroups.

As MaSp1, MaSp2, MaSp3a, and MaSp4 represent 52%, 19%, 24%, and 1.6%,
respectively, of the protein content of the silk fibre in L.sclopetarius (Sonavane
et al. 2024) it is clear that the indistinguishability of othogroup50 including all of
these MaSp variants limits the model significantly.

It is expected that the relationship between these clustered genes would strongly
influence silk mechanics and the low separation between them could be a major
factor in preventing predictive performance and excessively weak correlations.

As a means of capturing the different MaSp variants’ expression levels, the spidroin
annotation presented by the Arakawa group was used and a separate dataset D4
was composed. As this dataset provides a distinction between different MaSp-
type genes the use of this additional dataset was thought to give greater predictive
results although did not live up to this in the elastic net model used Table 2.
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4.5 Quantification of AmSp-like and SpiCE Proteins as Determinants of
Silk Properties

Despite low correlations and limitations caused by MaSp variant clustering, ex-
ploring the top features identified in PC1 of dataset D3 provides valuable insights
into the complex process of silk fibre formation within spider glands. PC1 repre-
sents the most significant source of variance in our dataset and offers a glimpse
into the underlying mechanisms shaping silk fibre properties. Interestingly, two
orthogroups containing AmSp-like proteins, lacking the C-terminal domain, were
detected among the top loadings of PC1. Both negatively contributed to PC1,
suggesting a negative correlation with the mechanical properties.

MaSps contain both N and C termini, known to link multiple MaSps into fibrils
(Hagn et al. 2011). The high abundance of AmSp-like proteins might weaken
the structure. These proteins may not link effectively to the next protein. As
a result, they increase the fibre’s mass. However, they don’t contribute much to
protein connections and toughness. Since AmSp-like-2 has been found within the
same layer as MaSp3, it would have been interesting to see whether there is a
correlation between property and a MaSp3 and AmSp-like-2 trade-off. However,
once again, MaSp3 is indistinguishable from the other MaSps and even some MiSp
gene expressions. This lack of distinction poses challenges in determining whether
an increase in MaSp3 and a decrease in AmSp-like proteins are closely related.
This underscores the complexity of deciphering the relationships between different
Spidroin proteins and their impact on mechanical properties.

In contrast to the AmSp-like proteins, the SpiCE protein found within the top 20
loadings on PC1 was positively contributing to PC1 and hence more likely to be
positively correlated with enhanced mechanical properties.

However, since ”SpiCE” is a general term for non-spidroin proteins found in spider
silk, their diversity can vary significantly. Connections between one such SpiCE
protein have been found to enhance mechanical properties by forming hydrogen
bonds and salt bridges with MaSp2 (Yoon et al. 2023). Although the sequence
data of this particular SpiCE protein has not been published, it would’ve been
valuable to investigate within which orthogroup it would have clustered. In Son-
avane et al. submitted, SpiCE-LMa3–6 proteins, show high cysteine content, also
thought to increase fibre toughness by cysteine slip knots formations (Shanafelt
et al. 2020; Sonavane et al. 2024). This suggests the same as our findings, where
high expression of LMa5 appears to be positively correlated to toughness as well.
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These observations highlight the potential importance of understanding the spe-
cific roles of individual SpiCE proteins in contributing to the mechanical properties
of spider silk. Identifying their orthogroups and elucidating their interactions with
other silk proteins would bring deeper insights into the complex mechanisms un-
derlying silk fibre formation and strength and could be worth looking into further
after this initial indication of importance.

4.6 Complex Expression Patterns of PC1 Features Across Gland Zones

The top features identified in PC1 are expressed across various regions within the
gland, indicating a complex system of fibre spinning. This widespread distribution
suggests that the genes associated with PC1 play crucial roles in multiple stages
of silk production, from synthesis to fibre formation.

Surprisingly, genes predominantly expressed in the duct are among the top fea-
tures in PC1. Since cell types in the duct have not expressed proteins found in
the silk itself (Sonavane et al. 2024), this finding suggests that not only proteins
ending up in the fibre itself are important in determining silk fibre mechanical
properties. Instead, the presence of duct-expressed genes in PC1 implies their
potential involvement in advantageous environments possibly influencing dragline
silk mechanical properties.

4.7 Challenges and Limitations in Modeling Spider Silk Properties

As the R2 value reflects how much of the dependent variables variation a model
can explain, negative scores imply no such relation exists between the regression
models and the variables. Instead, the presence of negative R2 values in the results
indicates that models are performing worse than a simple average or mean-based
predictor. Negative R2 values suggest that the chosen models fail to capture the
underlying relationships in the data, potentially due to a combination of factors
such as noisy data, inadequate feature selection, complex feature correlations,
uncaptured determinants of silk properties, and inadequate sample size.

First, high levels of noise or irrelevant information in the dataset can obscure the
underlying patterns. Additionally, the chosen models might not be appropriate
for the complexity or nature of the data. For instance, linear models like Elastic
Net might not fully capture non-linear relationships present in the biological data.
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Although Elastic Net combines the properties of Lasso and Ridge regression to
handle multicollinearity and feature selection, it may still fall short in account-
ing for complex interactions between genes. Simultaneously, the low number of
samples does not suffice for more complex models, such as neural networks, which
reduce model options significantly.

While many strategies of feature selection have been applied, the most relevant
features might not have been selected. Important predictors could have been
excluded using the brute force methodology used in composition and filtering.
Given the novelty of using orthogroup clusters and the diverse expression levels
across different spiders, refining the feature selection process to focus on the most
biologically relevant genes is crucial yet has been limited due to limited knowledge
of gland mechanisms and silk composition across very diverse spider species.

The inherent biological complexity and variability in spider silk properties and
gene expression patterns might be difficult to model accurately. Factors such as
genetic diversity, environmental influences, and developmental stages likely intro-
duce variability that is not accounted for in the exclusively expressional dataset
used in the analysis.

4.8 Considerations in Elastic Net regularisation and Gene Expression Fil-
tering

In the context of the dataset, the choice of Elastic Net regularisation, which in-
corporates both Lasso (L1) and Ridge (L2) penalties, is a strategic decision to
manage the collinearity among features effectively. In addition to PCA reducing
noise in data capturing the most variation in the data in fewer components but
without the risk of eliminating correlated features is increased with an elastic net
closer towards lasso penalties. Using principal components as a feature in elastic
net models was also employed but did not improve predictiveness.

In the quest to understand the intricate biology underlying the properties of silk
fibres, a pertinent question arises: should we filter out lowly expressed genes, es-
pecially when considering their combined effects? This dilemma stems from the
possibility that a gene, while minimally expressed in some individuals, could play
a pivotal role in determining specific properties of the silk fibre in others. For
instance, one gene may exhibit significantly high expression levels in certain indi-
viduals but remain low in others. If this variation is precisely what distinguishes
the silk fibres in terms of their properties it will be overlooked by the approach’s
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extensive filtering steps. However, it’s crucial to delve deeper into the underlying
mechanisms. If we assume that the observed differences in silk properties arise
from variations in the proportions of various gene expressions, then filtering out
lowly expressed genes might be justifiable. This assumption rests on the premise
that what is crucial for silk thread production is also the determinant of the nature
of the mechanical property of the silk.

4.9 Future Work

Separating orthogroups into smaller, more distinguishable groups that differen-
tiate between various MaSp and SpiCE proteins would be a crucial first step in
gaining valuable insights, and adding mechanical property-correlated variations to
the dataset. Since gene expression has been high in a protein known to be coex-
pressed in the same cell types as known spidroin it would be especially relevant to
get separation of these spidroins with an emphasis on MaSp3.

This study, in contrast to previous ones (Arakawa et al. 2022; W. Lu, Kaplan,
and Buehler 2024), incorporates quantitative expression data, assuming there is
a combined effect on mechanical properties due to multiple spidroin and SpiCE
proteins interplays. This novel approach highlights some interesting findings. At
the same time motif variants within spidroin groups have been seen to influence the
mechanical properties in different ways (Arakawa et al. 2022). In the quantitative
analysis of this study, many motif variants can be assumed to fall into the same
orthologous groups, possibly reducing the information captured by the model.
Therefore, a combined analysis of both spidroin and SpiCE sequence data along
with quantitative measures might provide the most accurate insights into this
intricate interplay. In addition, a larger dataset would be preferred, with a larger
number of observed spiders and connected silk properties. This would allow for
easier outlier distinctions and usage of more complex models without the risk of
overfitting the models.

4.10 Conclusion

The analysis yielded modest predictive results, highlighting the challenges in accu-
rately modelling complex biological data. However, the clustering analysis and di-
mensionality reduction techniques uncovered promising approaches for untangling
the intricate relationships between spider families. Notably, within the Araneidae
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order, taxonomic insights emerged, shedding light on the difficulties of classifying
spiders on genetic data.

Exploring the gland-specific dataset provided valuable insights into the funda-
mental mechanisms driving spider silk production. Particularly intriguing was the
identification of LMa5, which exhibited a positive correlation with the toughness,
Young’s modulus and tensile strength of dragline silk. Additionally, the pres-
ence of spidroin-like proteins displays negative correlations. This awakes questions
of trade-off with MaSp expression values, and that these, in comparison, would
enhance preferred mechanical properties. However, the inclusive nature of the ap-
plied orthogroup approach left the expression differences between different MaSp
proteins indistinguishable.

By laying the groundwork for further research, the study brings us one step closer
to the goal of designing silk with tailored properties suited for diverse applications.
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5 Ethic Considerations

The ethical analysis of data gathered from spider silk extraction presents a multi-
faceted dilemma, balancing the potential stress and harm inflicted on spiders with
the significant scientific and societal benefits that may result. This discussion ex-
plores the ethical considerations from various theoretical perspectives, including
utilitarianism, to provide a comprehensive understanding of the ethical implica-
tions involved.

Utilitarianism emphasizes maximizing overall happiness and minimizing suffering
and justifies actions based on their consequences. From this perspective (Driver
2022), the extraction of spider silk and subsequent RNA analysis must be weighed
against the potential benefits to society. The utilitarian view supports actions that
produce the greatest good for the greatest number.

The development of spider silk-based materials could significantly reduce reliance
on plastics, thereby alleviating pollution and its effects on ecosystems and human
health. Innovations in medical technology, such as improved implants and sutures,
could enhance patient outcomes and quality of life. The availability of detailed
data on spider silk could spur further research and innovation across multiple fields,
benefiting society at large. However, the process of restraining spiders, extracting
silk, and ultimately dissecting them for RNA analysis likely causes stress and pain
before death, raising significant ethical concerns regarding the treatment of living
organisms. In a utilitarian framework, the significant potential benefits to human
society might justify the harm caused to spiders, if efforts are made to minimize
their suffering and use the data responsibly and effectively.

In contrast to Utilitarianism, deontology focuses on acting according to moral
duties and principles, regardless of the consequences (Alexander and Moore 2021).
From this point of view, one could argue that all living beings must be treated
with respect and dignity. The harm inflicted on spiders through the extraction
process may be seen as a violation of this principle. Deontologically, the stress and
potential pain inflicted on spiders could be viewed as inherently wrong, regardless
of the beneficial outcomes.

From an ethical point of view, while the data analysis itself may not be inherently
problematic, the methods of obtaining the data raise significant ethical concerns.
However, the potential benefits of this research are considerable. Developing ma-
terials from spider silk could lead to environmentally friendly alternatives to plas-
tics, with wide-ranging applications in various fields, including medical technology.

37



These advancements could significantly improve human health and environmental
sustainability.
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A Appendix

A.1 Elastic Net regression D(1-4)

A.1.1 Selected Parameters and Results

Using optimal parameters a CV approach of Elastic Net model was used in training
on the variants of the Read count datasets D(1-4). The R2 values represent the
mean calculated over 5-fold CV sets.

Table A.1: Elastic Net results for dataset D1: All Families.

Dataset Property R2 Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D1: All Families strain at break 0.068680 1.916054 0.500000 87 OG0000194, OG0000309, OG0000500, OG0000509, OG0000597, OG0000734 .. .
D1: All Families toughness 0.141722 0.024504 0.500000 26 OG0000018, OG0000043, OG0000443, OG0000535, OG0001016 ...
D1: All Families tensile strength 0.044246 0.124086 0.500000 64 OG0000043, OG0000221, OG0000572, OG0000822, OG0000925 ...
D1: All Families young’s modulus 0.013212 1.381134 0.500000 64 OG0000272, OG0000447, OG0000468, OG0000572, OG0000635...

Table A.2: Elastic Net results for dataset D2: Araneidae Family.

Dataset Property R2 Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D2: Araneidae Family strain at break -0.009997 4.898546 0.500000 0
D2: Araneidae Family toughness -0.019571 0.047348 0.500000 1 OG0002839
D2: Araneidae Family tensile strength -0.041603 0.311241 0.500000 4 OG0000443, OG0002574, OG0004567, OG0007837
D2: Araneidae Family young’s modulus 0.070112 1.189127 0.500000 96 OG0000151, OG0000326, OG0000468, OG0000513, OG0000635 ...

Table A.3: Elastic Net results for dataset D3: Gland Specific.

Dataset Property R2 Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D3: Gland Specific strain at break 0.008530 2.416411 0.500000 8 OG0000271, OG0000623, OG0003817, OG0005430, OG0005726, OG0006415, OG0006927, OG0009064
D3: Gland Specific toughness -0.050787 0.029847 0.500000 2 OG0001966, OG0008854
D3: Gland Specific tensile strength -0.039115 0.221758 0.500000 4 OG0001845, OG0004145, OG0006013, OG0008854
D3: Gland Specific young’s modulus -0.001995 2.044004 0.500000 2 OG0000478, OG0003830

Using optimal parameters a CV approach of elastic net model was used in training
on the variants of the D3: Gland Specific datasets. The R2 values represent the
mean calculated over 5-fold CV sets.
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Table A.4: Elastic Net results for dataset D4: Arakawa Annotation.

Dataset Property R2 Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D4: Arakawa Annotation strain at break -0.072397 0.079918 0.500000 6 MaSp1, MaSp2B, MaSp3, MaSp3B, Spidroin, sp.
D4: Arakawa Annotation toughness -0.118221 0.013737 0.500000 2 MaSp2B, MaSp3
D4: Arakawa Annotation tensile strength -0.072452 0.131347 0.500000 1 MaSp2B
D4: Arakawa Annotation young’s modulus -0.091833 0.976598 0.500000 3 MaSp1, MaSp2B, MaSp3

Table A.5: Elastic Net results for dataset D3: gene Count.

Dataset Property R2̂ Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D3-2 Gland Specific Gene Count strain at break -0.003235 1.729239 0.500000 20 OG0000122, OG0000271, OG0000447, OG0000518, OG0001064...
D3-2 Gland Specific Gene Count toughness -0.087627 0.011507 0.500000 33 OG0000033, OG0000167, OG0000369, OG0000572, OG0000797...
D3-2 Gland Specific Gene Count tensile strength 0.001831 0.115087 0.500000 22 OG0000013, OG0000271, OG0000282, OG0000518, OG0000534 ...
D3-2 Gland Specific Gene Count young’s modulus -0.018901 1.843197 0.500000 4 OG0002039, OG0002173, OG0006652, OG0007525

A.2 Random Forest Regression, D3:RC

For the D3:read count dataset, Random Forest was also applied as a regression
model. The parameters were tuned by the number of estimators and max depth
of the single decision trees of the model. In the figures below (fig: A.3, A.2, A.1,
A.4) plots of different parametric values to MSE of Random Forest regression is
shown. the MSE is calculated from the mean of 5-fold MSE results.

Figure A.4: Parametric optimisation Random Forest. With dependent variable Youngs Modulus.

Table A.6: Elastic Net results for dataset D3: Bool.

Dataset Property R2 Score Selected Alpha (α) Selected L1 ratio Non-zero Coefficients Non-zero Coefficients Names

D3-3 Gland Specific Boolean strain at break -0.006666 2.271187 0.500000 11 OG0000271, OG0000352, OG0000797, OG0001326, OG0001815...
D3-3 Gland Specific Boolean toughness -0.021374 0.039069 0.500000 0
D3-3 Gland Specific Boolean tensile strength -0.025088 0.269723 0.500000 0
D3-3 Gland Specific Boolean young’s modulus -0.007684 1.754426 0.500000 3 OG0000534, OG0001326, OG0003830
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Figure A.1: Parametric optimisation Random Forest. With dependent variable Tensile Strength.

Figure A.2: Parametric optimisation Random Forest, Toughness
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Figure A.3: Parametric optimisation Random Forest. With dependent variable Strain at break.

Using optimal parameters, a CV approach of the Random Forest model was
trained. The R2 values represent the mean calculated over 5-fold CV sets.

Table A.7: Predictive results and parameters used in Random Forest on D3: RG datset

Property estimators Max depth R2̂ Score

strain at break 300 5 -0.033492
toughness 300 5 -0.016349
tensile strength 400 20 -0.039122
young’s modulus 500 5 -0.007533
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A.3 PC- Scree plot

Below follows two scree plots one for D1 (figure A.5) and one for D3:readcounts
(Figure A.6).

Figure A.5: Scree plot of variance explained by the 30 first components in PCA for dataset D1.
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Figure A.6: Scree plot of variance explained by the 20 first components in PCA for D3:read count.
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A.4 Gland Expression and Filtering

Logarithmic value of expression of the 18 proteins, SpiCE and Spidroin genes,
found to make up the silk in L.sclopetarius (Sonavane et al. 2024).

Figure A.7: Logaritmic value of expression of SpiCE and Spidroin genes in L.sclopetarius.
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A.5 Correlations

Each Principal component is plotted toward mechanical properties for all datasets.
Pearson correlation line added and accompanying p-values.

Figure A.8: D1: all samples, PC- mechanical property correlation values Pearson correlation line
added and accompanying p-value.
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Figure A.9: D3: Read count, samples PC- mechanical property correlation values Pearson correlation
line added and accompanying p-value.
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Figure A.10: D3: Gene count, samples PC- mechanical property correlation values Pearson correlation
line added and accompanying p-value.
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Figure A.11: D3: Boolean, samples PC- mechanical property correlation values Pearson correlation
line added and accompanying p-value.
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A.6 PCA Loadings

A.6.1 Non- Zero Coefficients, D1

Non-zero coefficients of Elasic Net model train on D1 to toughness can be found
here: https://github.com/erikaelisabet/SpiderSilk.git.

Table showing loadings on top 20 original orthogroups contributing to PC1 of D1:
all samples.

Table A.8: Loadings on to PC1 of D1: all sampels.
OG_id PC1 PC2 PC3 PC4 PC5 Group GeneName
Product Lascid cluster MaG expressed

OG0000531 -0.091171 0.052942 0.030780 0.019759 -0.036158 nan LASC020967, LASC020962, LASC020968, LASC020963, LASC022640, LASC020960, LASC022638, LASC004546, LASC022639, LASC020964, LASC020966
hypothetical protein LASC004546,LASC020960,LASC020962,LASC020963,LASC020964,LASC020966,LASC020967,LASC020968,LASC022638,LASC022639,LASC022640 nan -
OG0000519 -0.089495 0.049204 0.034573 -0.007074 -0.037851 nan LASC004548, LASC012205, LASC012210, LASC020957, LASC012206, LASC020971, LASC012207, LASC020958
hypothetical protein LASC004548,LASC012205,LASC012206,LASC012207,LASC012210,LASC020957,LASC020958,LASC020971 nan -
OG0000069 -0.084871 0.064794 0.043192 0.023431 -0.033545 nan LASC014728, LASC015139, LASC015823
hypothetical protein LASC014728,LASC015139,LASC015823 nan -
OG0002544 -0.080565 0.022729 0.039762 -0.011923 -0.041509 nan LASC021494, LASC011766, LASC021493
hypothetical, protein,hypothetical protein LASC011766,LASC021493,LASC021494 nan -
OG0000454 -0.079798 0.021579 0.032669 0.010924 -0.036757 nan LASC012018, LASC007532, LASC007534, LASC007533, LASC007539, LASC007536
hypothetical protein LASC007532,LASC007533,LASC007534,LASC007536,LASC007539,LASC012018 nan -
OG0000096 -0.076839 0.031926 0.006769 -0.021842 0.000969 nan nan
nan nan nan -
OG0000264 -0.074373 0.044195 0.008118 0.032134 -0.030413 SpiCE Spice_6, Spice_10, Spice_5, Spice_1, Spice_13, Spice_14, Spice_3, Spice_12, Spice_16, Spice_4, Spice_11, Spice_9, Spice_8, Spice_7, Spice_2, Spice_15
hypothetical protein LASC001444,LASC001445,LASC001446,LASC001447,LASC006055,LASC006056,LASC006058,LASC007774,LASC007775,LASC007913,LASC007919,LASC007920,LASC007921,LASC007923,LASC014000,LASC014001 nan yes
OG0004826 -0.073587 0.020015 0.020007 0.007871 -0.033638 nan LASC009040, LASC006138
hypothetical protein LASC006138,LASC009040 nan -
OG0008603 -0.072183 0.012800 0.038732 -0.008002 -0.033497 nan LASC016317
hypothetical protein LASC016317 nan -
OG0000970 -0.071773 0.052124 0.005617 0.038461 -0.003334 nan LASC004465, LASC004472, LASC004469
hypothetical protein LASC004465,LASC004469,LASC004472 nan -
OG0008465 -0.071230 0.013951 0.025418 -0.015146 -0.039164 nan LASC003417
hypothetical protein LASC003417 nan -
OG0003807 -0.070972 0.008405 0.013364 0.007573 -0.035292 nan LASC003705
hypothetical protein LASC003705 nan -
OG0000007 0.070127 -0.047476 -0.023454 0.007916 -0.021279 nan nan
nan nan nan -
OG0000040 -0.069658 0.047221 -0.023588 -0.062889 0.053446 nan LASC019852, LASC020517, LASC022459, LASC016651, LASC002888, LASC019853, LASC018977, LASC020518, LASC002886, LASC020637, LASC019854, LASC011000, LASC019850, LASC019851, LASC006929, LASC020516, LASC014403, LASC019849, LASC019855
hypothetical protein LASC002886,LASC002888,LASC006929,LASC011000,LASC014403,LASC016651,LASC018977,LASC019849,LASC019850,LASC019851,LASC019852,LASC019853,LASC019854,LASC019855,LASC020516,LASC020517,LASC020518,LASC020637,LASC022459 nan -
OG0008593 -0.069364 0.013535 0.013682 0.012008 -0.032578 nan nan
nan nan nan -
OG0008201 -0.069035 0.004997 0.027680 -0.008041 -0.027537 nan LASC002500
hypothetical protein LASC002500 nan -
OG0008810 -0.068018 0.025656 -0.003489 0.027870 -0.018042 nan LASC010332
hypothetical protein LASC010332 nan -
OG0004884 -0.067892 0.017082 0.015586 0.009381 -0.036784 nan LASC003954, LASC003955
hypothetical protein LASC003954,LASC003955 nan -
OG0000548 -0.067884 0.034206 -0.009351 -0.001985 -0.024118 nan LASC013733, LASC013734, LASC016429, LASC012528, LASC012530, LASC016433, LASC016431, LASC013735, LASC016423, LASC016437, LASC009721, LASC016436, LASC016428, LASC009723, LASC016440, LASC016416, LASC009722, LASC016971, LASC016434, LASC016430
hypothetical protein LASC009721,LASC009722,LASC009723,LASC012528,LASC012530,LASC013733,LASC013734,LASC013735,LASC016416,LASC016423,LASC016428,LASC016429,LASC016430,LASC016431,LASC016433,LASC016434,LASC016436,LASC016437,LASC016440,LASC016971 ZoneC_SpiCE-LMa1, nan -
OG0000106 -0.067854 0.004083 0.019309 0.004313 -0.028597 nan LASC020995, LASC016098, LASC020996, LASC020993, LASC020999, LASC022144, LASC020997, LASC020992, LASC020998
hypothetical protein LASC016098,LASC020992,LASC020993,LASC020995,LASC020996,LASC020997,LASC020998,LASC020999,LASC022144 nan -
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A.6.2 Top 20 PC1-loadings, D3

Table A.9: top 20 orthogroups with high loading on PC1 (D3:Read Count).

Orthogroup PC1 Gene name Protein name Cluster 18 protein dataset Silk proteomics

OG0000264 0.222516 Spice_4, ... SpiCE-LMa5,nan Yes Yes
OG0000189 -0.136838 pxd_pxt_3, ... nan - Yes
OG0000369 -0.120817 gld_15, ... nan - Yes
OG0002778 -0.097265 Spidroin3 AmSp-like2 ZoneB_MaSp3 Yes Yes
OG0007367 -0.093221 sec61b nan - Yes

OG0000282 -0.480160 LASC013610, cd74_2, ... nan - -
OG0008243 -0.398308 sp-1339#prd34368.1_4 nan - -
OG0008607 0.232044 LASC012976 nan Duct_1, Duct_2 - -
OG0008312 -0.227529 LASC018595 nan ZoneC_SpiCE-LMa1 - -
OG0004717 -0.195772 LASC001730, LASC001732, ... nan Duct_1, nan, Duct_2 - -
OG0007747 0.166421 cpib nan ZoneA_SpiCE-LMa3 - -
OG0007860 0.161310 rpl37a_2 nan - -
OG0004409 0.158578 rpl34 nan - -
OG0005788 -0.133239 rpl27 nan - -
OG0003565 0.131620 LASC016362, LASC019275, ... nan Duct_1, nan, Duct_2 - -
OG0007102 -0.103828 tmem163 nan ZoneB_MaSp3, ZoneC_SpiCE-LMa1 - -
OG0003330 -0.100583 rps24 nan - -
OG0001263 -0.092936 rplp1, rplp1_2 nan - -
OG0000442 0.092170 hpgd_12, hpgd_3, ... nan - -
OG0000048 -0.091822 LASC007766, LASC015501, ... nan - -
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