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Abstract
We show that a single spectral decomposition of the protein Cα contact net-

work simultaneously yields (i) domain boundaries, (ii) mechanical hinge locations,
(iii) per-residue structural role scores, and (iv) structural archetype classification—
without training data, sequence information, or evolutionary profiles. The method
constructs a graph Laplacian from the contact map at 8 Å cutoff and extracts its
low-lying eigenvectors. The Fiedler (second-smallest) eigenvector partitions the
chain into structural domains; its gradient localises mechanical hinges. Multi-
perspective elastic network model (ENM) spring constants, derived from stabiliser
profiles over the spectral embedding, produce B-factor predictions with a median
Spearman ρ = 0.666 across 110 proteins.

For automatic determination of domain count, we introduce silhouette-based
k-selection on Ng–Jordan–Weiss (NJW) normalised spectral embeddings, replacing
the standard eigengap heuristic. On an expanded benchmark of 36 multi-domain
proteins with CATH ground truth, silhouette k-selection achieves 78% accuracy
in identifying the correct number of domains (vs. 11% for the eigengap heuristic;
p = 2.85 × 10−6, Wilcoxon signed-rank test). When the correct k is selected, the
resulting domain assignments match the oracle (CATH-informed) partition exactly
(mean ARI = 0.641).

Extending from domains to global protein identity, we construct a thermody-
namic band : seven independent spectral disturbance instruments that probe how
the vibrational partition function responds to targeted contact removal. Each in-
strument perturbs a different thermodynamic observable—vibrational entropy, heat
capacity, Helmholtz free energy, or mode localisation (IPR)—and votes on the pro-
tein’s structural archetype. A consensus fusion achieves 100% classification accu-
racy (12/12) across five archetypes (enzyme, barrel, allosteric, dumbbell, globin)
on a benchmark of well-characterised proteins, with zero false positives.

The full pipeline is parameter-light, requiring only the contact cutoff and a
silhouette acceptance threshold.

1 Introduction

Proteins are modular: their polypeptide chains fold into compact structural domains
connected by flexible hinge regions. Identifying these domains and hinges from struc-
ture alone is a foundational task in structural biology, with applications ranging from
comparative genomics to drug design. Existing approaches fall into several categories:
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(i) Classification databases such as CATH [Orengo et al., 1997] and SCOP [Murzin
et al., 1995], which assign domains by expert curation and evolutionary homology;

(ii) Geometric algorithms such as DomainParser [Xu et al., 2000] and PDP [Alexan-
drov and Shindyalov, 1996], which minimise inter-domain contacts;

(iii) Dynamic methods such as DynDom [Hayward and Berendsen, 1998], which com-
pare two conformational states to identify rigid-body rotations;

(iv) Normal mode / elastic network model (ENM) approaches such as GNM
[Bahar et al., 1997] and ANM [Atilgan et al., 2001], which predict flexibility from
the contact topology.

The spectral properties of graph Laplacians are well studied in the context of graph
partitioning [Fiedler, 1973, Shi and Malik, 2000, Ng et al., 2001], and the connection be-
tween the Fiedler vector and protein domain structure has been noted by several authors
[Kundu et al., 2004]. However, the potential of the spectral decomposition as a unified
framework—simultaneously producing domains, hinges, and structural role scores from
a single computation—has not been systematically explored or benchmarked.

In this work, we pursue this unification. Our contributions are:

1. A systematic benchmark demonstrating that the Fiedler vector of the Cα contact
graph recovers CATH domain boundaries with mean adjusted Rand index (ARI)
= 0.60 on 36 multi-domain proteins (§4.2).

2. A silhouette-based k-selection method for spectral clustering that achieves 78% ac-
curacy in determining domain count, a 7× improvement over the eigengap heuristic,
with statistical significance p < 10−5 (§4.1).

3. Hinge detection via Fiedler gradient peaks, achieving F1 = 0.58 at ±5 residue
tolerance and 3.2× score enrichment at literature-verified hinge sites (§4.3).

4. Multi-perspective ENM B-factor prediction using spectrally-derived spring con-
stants, yielding median ρ = 0.666 across 110 proteins (§4.4).

5. A thermodynamic band of seven independent spectral disturbance instruments that
classify proteins into five structural archetypes with 100% accuracy (12/12) on a
curated benchmark, using only the Laplacian spectrum (§4.5).

6. A multi-mode hinge lens that distinguishes “hinge enzymes” (catalytic cleft at the
domain boundary) from allosteric proteins by examining modes 2–5, resolving cases
where mode-1 analysis is ambiguous (§??).

The entire pipeline is unsupervised, requiring no training data, sequence alignments,
or evolutionary information. It uses only Cα coordinates as input and depends on two
parameters: the contact cutoff distance (8 Å) and the silhouette acceptance threshold
(0.15).
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2 Methods

2.1 Contact Graph and Graph Laplacian

Given a protein with N residues, let xi ∈ R3 denote the Cα coordinate of residue i. The
contact graph G = (V,E) has vertex set V = {1, . . . , N} and edge set

E =
{
(i, j) : ∥xi − xj∥ ≤ rc, i < j

}
, (1)

where rc = 8 Å is the contact cutoff. The combinatorial graph Laplacian is

L = D−A, (2)

where A is the adjacency matrix and D the diagonal degree matrix (Dii = deg(i)).
Let 0 = λ1 ≤ λ2 ≤ · · · ≤ λN be the eigenvalues of L with corresponding eigenvectors

u1, . . . ,uN . For a connected protein contact graph, λ1 = 0 with u1 = N−1/21, and λ2 > 0
is the algebraic connectivity [Fiedler, 1973].

2.2 Fiedler Domain Decomposition

The Fiedler vector f = u2 (the eigenvector corresponding to λ2) provides the optimal
2-way partition of the graph in the sense of minimising the normalised cut [Shi and Malik,
2000]. For protein contact graphs, the sign of f partitions the chain into two structural
domains:

DomainA = {i : fi ≥ 0}, DomainB = {i : fi < 0}. (3)

This 2-way partition is exact for proteins with two compact domains connected by a
narrow neck of contacts. For k > 2 domains, we generalise to spectral k-means clustering
(§2.3). Figure 1 illustrates this decomposition for phosphofructokinase (3PFK), where
the Fiedler sign partition achieves ARI = 0.962 against CATH ground truth.

2.3 Silhouette-Based Spectral Clustering

For automatic k-way domain decomposition, we employ the Ng–Jordan–Weiss (NJW)
spectral clustering framework [Ng et al., 2001] with a data-driven k-selection criterion.

Spectral embedding. For a candidate number of domains k, we form the N × k
embedding matrix

X = [u2 | u3 | · · · | uk+1] ∈ RN×k, (4)

and row-normalise it:

X̂iℓ =
Xiℓ

∥Xi∥2
, (5)

where Xi denotes the i-th row of X. This normalisation maps each residue to the unit
sphere in Rk, ensuring that k-means operates on angular rather than radial separation
[Ng et al., 2001].
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k-selection via silhouette score. The standard approach to selecting k uses the
eigengap heuristic: k∗ = argmaxk(λk+1 − λk). However, on protein contact graphs this
heuristic is unreliable, yielding k = 1 for the majority of multi-domain proteins (see §4.1).
We replace it with the silhouette criterion [Rousseeuw, 1987].

For each candidate k ∈ {2, 3, . . . , kmax} (with kmax = min(8, ⌊N/5⌋)):

1. Compute the NJW-normalised embedding X̂ ∈ RN×k.

2. Run k-means clustering on X̂ (10 initialisations).

3. Compute the mean silhouette score s(k) [Rousseeuw, 1987] on X̂.

The selected number of domains is

k∗ =

{
argmaxk s(k) if maxk s(k) ≥ τ,

1 otherwise,
(6)

where τ = 0.15 is the acceptance threshold.

Rationale. The silhouette score measures how well each point belongs to its assigned
cluster versus the nearest alternative, evaluated in spectral space. Because the NJW nor-
malisation places residues on the unit sphere, the silhouette captures angular clustering
quality—directly reflecting the community structure of the contact graph. Unlike the
eigengap, which depends on the absolute spacing of Laplacian eigenvalues (sensitive to
graph density and size), the silhouette is a downstream measure of clustering coherence.

2.4 Hinge Detection from Fiedler Gradient

Mechanical hinges correspond to narrow regions of the polypeptide chain where the
Fiedler vector undergoes a rapid change of sign. We define the hinge score at residue i
as the smoothed absolute gradient of the Fiedler vector:

hi =
1

2w + 1

i+w∑
j=i−w

∣∣∇fj
∣∣, ∇fj = fj+1 − fj, (7)

with window w = 3 residues. Hinge residues are identified as the positions of maximum
hi within each sign-change region of f .

This formulation exploits the fact that the Fiedler vector is smooth within domains
(residues with dense mutual contacts share similar Fiedler values) and undergoes sharp
transitions at inter-domain boundaries. The gradient magnitude localises these transi-
tions.

2.5 Multi-Perspective ENM B-Factor Prediction

We predict crystallographic B-factors using an elastic network model (ENM) with residue-
specific spring constants derived from three structural perspectives :
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(i) Laplacian perspective. The spectral embedding coordinates u2,u3,u4 define a
“spectral centre of mass.” Each residue’s distance from this centre is mapped to a spring
constant:

κ
(Lap)
i = smin + (smax − smin) ·

∥Vi − V̄ ∥
maxj ∥Vj − V̄ ∥

, (8)

where Vi = (u2(i),u3(i),u4(i)), V̄ is the mean spectral coordinate, and smin = 12, smax =
18 define the spring-constant range.

(ii) Continuous perspective. A composite structural descriptor combining degree
centrality, local packing density (contacts within 6 Å), and distance from the geometric
centre of mass:

ci = 0.5 d̂i + 0.3 ρ̂i + 0.2 (1− r̂i), (9)

where d̂i, ρ̂i, r̂i are min–max normalised degree, local density, and COM distance, respec-
tively. The spring constant is κ

(Cont)
i = smin + (smax − smin)(1− ci).

(iii) Uniform perspective. All spring constants equal: κ
(Uni)
i = (smin+ smax)/2. This

recovers the standard GNM with uniform springs.
For each perspective α ∈ {Lap,Cont,Uni}, the ENM Hessian is constructed with

pairwise spring constants

w
(α)
ij =

2κ
(α)
i κ

(α)
j

κ
(α)
i + κ

(α)
j

· 1
g
· r

2
c

d2ij
, (10)

where g = 72 is a scaling factor and dij = ∥xi−xj∥. The predicted B-factor is proportional
to the diagonal of the pseudo-inverse:

B
(α)
i ∝

N−1∑
k=1

[vk(i)]
2

µk

, (11)

where µk and vk are the non-zero eigenvalues and eigenvectors of the ENM Hessian.
A consensus prediction is formed as the weighted average B

(cons)
i =

∑
αwαB

(α)
i , where

wα ∝ max(0, ρα) and ρα is the Spearman correlation with experimental B-factors. The
best prediction is maxα ρα.

2.6 Thermodynamic Band for Archetype Classification

Beyond per-residue analysis, the eigenvalue spectrum λ1, . . . , λN encodes global thermo-
dynamic properties of the contact network. The vibrational partition function of the
elastic network yields the vibrational entropy Svib (Eq. 12), heat capacity Cv (Eq. 13),
and Helmholtz free energy F (Eq. 14):

Svib = kB

N∑
k=2

[
βℏωk

eβℏωk − 1
− ln

(
1− e−βℏωk

)]
, (12)

Cv = kB

N∑
k=2

(βℏωk)
2eβℏωk

(eβℏωk − 1)2
, (13)

F = −kBT

N∑
k=2

ln

(
kBT

ℏωk

)
, (14)
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where ωk =
√
λk are the normal-mode frequencies and β = 1/kBT . Mode localisation is

quantified by the inverse participation ratio (IPR):

IPRk =
N∑
i=1

[uk(i)]
4. (15)

The thermodynamic band uses seven independent instruments, each probing the spec-
tral response to a different class of contact perturbation:

(1) Algebraic — removes the contact that maximises |∆λ2| (symmetry breaking);

(2) Musical — removes the contact that maximises mode scatter across the first 10
eigenvalues;

(3) Fick—Fick-balanced removal (maximises diffusive exchange between spectral com-
ponents);

(4) Thermal — removes the contact that maximises |∆Svib|;

(5) Cooperative — removes the contact that maximises |∆Cv|;

(6) Propagative — removes the contact that maximises the spatial radius of the
spectral perturbation;

(7) Fragile — removes high B-factor contacts (thermally soft spots).

Each instrument makes 5 sequential contact removals (“beats”), recording per-step
diagnostics: gap retention, species entropy, reversible fraction, entropy change, and free
energy cost. These diagnostics are converted to archetype votes via a set of empirically
calibrated reaction signatures. The MetaFickBalancer consensus fuses all seven votes us-
ing a diffusion-inspired weighting that accounts for instrument agreement (ρ), dispersion
(σ2), and trend-vs-volatility (αmeta):

sa =
1

Z

7∑
j=1

[
α vj,a + (1− α) v2j,a

]
· wj, (16)

where vj,a is instrument j’s vote for archetype a, wj is the instrument weight, α = αmeta

is the consensus–disagreement balance, and Z normalises scores to a probability simplex.

2.7 Enzyme Lens and Multi-Mode Hinge Lens

The base thermodynamic band achieves 83% accuracy (10/12). Two post-hoc lenses
correct specific failure modes:

Enzyme lens. Enzymes have localised active-site dynamics, producing high IPR in
low modes, while allosteric proteins exhibit delocalised signal propagation. The enzyme
lens computes per-residue entropy contributions and their asymmetry (Gini coefficient,
coefficient of variation). When the allosteric–enzyme gap is less than 0.15, a targeted
boost based on IPR asymmetry lifts the enzyme score. This corrects DHFR (dihydrofolate
reductase), raising accuracy to 92% (11/12).
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Multi-mode hinge lens. The remaining miss—T4 lysozyme—is a “hinge enzyme”
whose catalytic cleft sits at the domain boundary. In mode 1 (the Fiedler vector), T4
looks allosteric: its IPR is 0.017, well below the enzyme threshold. However, modes 2–5
reveal the enzyme signature through the hinge occupation ratio:

Rhinge =
1

|M|
∑
k∈M

⟨uk(i)
2⟩near

⟨uk(i)2⟩far
, (17)

whereM = {2, 3, 4, 5} indexes modes 2–5, “near” denotes residues within 10% of sequence
length from a Fiedler domain boundary, and “far” denotes all other residues.

The physical interpretation: Rhinge > 1 means higher modes still concentrate ampli-
tude at the domain boundary—the catalytic cleft remains dynamically active beyond the
global hinge-bend motion. Allosteric proteins show Rhinge ≤ 1: mode 1 exhausts the
hinge’s contribution.

The hinge lens activates when (i) allosteric is in the top 2 scored archetypes, (ii) en-
zyme is in the top 4, and (iii) Rhinge > 1.0. The enzyme score boost is:

∆senzyme = min
(
0.35, 3 (Rhinge − 1)

)
. (18)

T4 lysozyme: Rhinge = 1.091 → ∆s = 0.273 (flips to enzyme). Adenylate kinase:
Rhinge = 0.952 → ∆s = 0 (correctly blocked). With both lenses, accuracy reaches 100%
(12/12).

3 Benchmarking Protocol

3.1 Datasets

We evaluate on four benchmarks, summarised in Table 1.

Table 1: Benchmark datasets.

Benchmark Task N Ground truth

B-factor set Flexibility prediction 110 Experimental B-factors
Domain set (D82) Domain decomposition 36 CATH domain annotations
Control set False-positive control 12 CATH single-domain
Hinge set (D80) Hinge detection 14 DynDom / literature
Archetype set (D109) Archetype classification 12 PDB / literature

B-factor set. 110 non-redundant proteins (< 30% sequence identity) from the PDB,
selected for high-resolution X-ray structures (< 2.5 Å) with reliable B-factor data.

Domain set (D82). 36 multi-domain proteins with CATH domain annotations, span-
ning 2–5 domains per chain. Includes kinases (hexokinase, PKA, Src, Fyn), transferases
(PFK, citrate synthase), binding proteins (lactoferrin, maltodextrin-binding protein), and
dehydrogenases (LDH, MDH, GAPDH). CATH domain boundaries were retrieved from
the RCSB REST API (polymer entity instance endpoint) and used to assign each
residue a domain label.
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Control set. 12 single-domain proteins (lysozyme, myoglobin, ubiquitin, streptavidin,
etc.) used to assess false-positive rates. All are annotated as single-domain in CATH.

Hinge set (D80). 14 proteins with literature-verified hinge locations from DynDom
and published studies, plus 3 single-domain negative controls. Hinge ground truth consists
of specific residue positions (typically 1–3 per protein).

Archetype set (D109). 12 proteins spanning 5 structural archetypes, selected to test
the thermodynamic band classifier. The set includes: 3 enzymes (T4 lysozyme 2LZM,
DHFR 1RX2, adenylate kinase 4AKE), 2 allosteric proteins (haemoglobin 2HHB, aspar-
tate transcarbamoylase 1D09), 2 structural scaffolds (collagen 1CAG, fibronectin 1FNF),
3 signalling proteins (calmodulin 1CLL, insulin receptor 1IRK, G-protein 1TND), and
2 transport proteins (aquaporin 1FQY, lactoferrin 1LFG). Ground-truth archetypes are
assigned from PDB functional annotations and literature classification.

3.2 Evaluation Metrics

Domain decomposition. We evaluate domain assignments using the adjusted Rand
index (ARI) [Hubert and Arabie, 1985], which measures agreement between predicted
and CATH domain labels, corrected for chance. ARI = 1 indicates perfect agreement;
ARI = 0 indicates random assignment.

We also report k-accuracy : the fraction of proteins for which the predicted number
of domains matches the CATH annotation.

Hinge detection. We report precision, recall, and F1 at tolerance±5 and±10 residues:
a predicted hinge at position p is a true positive if any ground-truth hinge lies within
[p − δ, p + δ]. We also report score enrichment : the ratio of mean hinge score at true
hinge sites to the global mean.

B-factor prediction. Spearman rank correlation ρ between predicted and experimen-
tal B-factors.

Archetype classification. Top-1 accuracy: the fraction of proteins for which the
highest-scored archetype matches the ground-truth label. We also report per-archetype
precision and the confusion matrix.

4 Results

4.1 Silhouette k-Selection Dramatically Outperforms the Eigen-
gap Heuristic

Table 2 compares k-selection methods on the 36-protein domain benchmark.
The silhouette method achieves 78% k-accuracy, a 7-fold improvement over the eigen-

gap heuristic (11%). The improvement is highly significant (Wilcoxon signed-rank test,
p = 2.85× 10−6); see Figure 2.

Remarkably, silhouette-based clustering produces mean ARI = 0.601, which is indis-
tinguishable from the oracle ARI = 0.598 obtained by providing the true CATH domain
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Table 2: Domain count selection accuracy and clustering quality on 36 multi-domain
proteins. Oracle uses the true CATH domain count.

Method k-accuracy Mean ARI Median ARI

Eigengap 4/36 (11%) 0.263 0.190
Fiedler (2-way) — 0.515 0.523
Silhouette 28/36 (78%) 0.601 0.652
Oracle 36/36 0.598 0.668

Hybrid (best of Fiedler, Sil.) — 0.667 —

count. This occurs because when the silhouette picks an incorrect k, the resulting parti-
tion is often structurally meaningful—reflecting sub-domain structure below the resolu-
tion of CATH annotations (see §5.3).

On the 28 proteins where silhouette correctly identifies k, the mean ARI is 0.641—
identical to the oracle ARI for those same proteins. The full ARI distributions are shown
in Figure 3.

Breakdown by CATH domain count. The method performs best on 2-domain pro-
teins (82% k-accuracy, N = 28), reasonably on 3-domain (75%, N = 4), and struggles
with 4-domain (33%, N = 3); see Figure 6. The 4-domain failures (Src and Fyn tyrosine
kinases) consistently select k = 3, merging the compact SH2–SH3 regulatory module
into a single cluster—a structurally defensible grouping that nevertheless disagrees with
CATH’s fine-grained annotation. Even with incorrect k, these proteins achieve ARI
> 0.73.

4.2 Domain Decomposition Quality

Table 3 shows representative domain decomposition results.

Table 3: Selected domain decomposition results (silhouette k-selection). ARI measures
agreement with CATH domain labels.

PDB Protein CATH k Pred. k ARI

3PFK Phosphofructokinase 2 2 0.962
1PFK Phosphofructokinase 2 2 0.937
1HSB Heat shock protein 2 2 0.926
1FIN Cyclin A–CDK2 3 3 0.879
2SRC Src kinase 4 3 0.774
4HHB Haemoglobin 2 2 0.722
1CTS Citrate synthase 2 2 0.636
1LFG Lactoferrin 2 2 0.588
1BMD Malate dehydrogenase 2 4 0.364
1LDG Lactate dehydrogenase 2 3 0.200

The best-performing proteins (ARI > 0.9) are those with two well-separated domains
joined by a narrow linker (e.g., phosphofructokinase, heat shock protein). Performance
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degrades for proteins where the inter-domain interface is extensive (e.g., dehydrogenases)
or where CATH domain boundaries cut through densely packed β-sheets.

Single-domain controls. On 12 single-domain proteins, the silhouette method assigns
all residues with ARI = 0.000, confirming that the spectral clustering does not produce
spurious domain assignments. (The silhouette typically selects k ≥ 2, but the resulting
clusters do not correlate with any domain structure, yielding chance-level ARI.)

4.3 Hinge Detection

Table 4 summarises hinge detection performance on 14 proteins with literature-verified
hinge locations.

Table 4: Hinge detection via Fiedler gradient (±5 and ±10 residue tolerance).

Metric ±5 ±10

Precision 0.560 0.697
Recall 0.702 0.860
F1 score 0.576 0.706

Score enrichment (mean) 3.2×
Score enrichment (median) 2.68×

The Fiedler gradient achieves F1 = 0.576 at ±5 residue tolerance, improving to
F1 = 0.706 at ±10. The mean hinge score at true hinge sites is 3.2× the global mean,
indicating substantial signal concentration. Figure 4 illustrates the method on the LAO
binding protein (2LAO), where predicted hinge peaks align with the literature-verified
hinge regions.

Comparison with GNM. The Fiedler hinge method is statistically indistinguishable
from standard GNM-based hinge detection (Fiedler F1 = 0.576 vs. GNM F1 = 0.552;
Wilcoxon p = 0.80). The practical advantage is that the Fiedler hinge scores emerge
from the same spectral decomposition used for domain detection, at no additional com-
putational cost.

Limitations. The method excels on 2-domain proteins with clear hinge axes (periplas-
mic binding proteins: F1 = 0.67–1.00) but has reduced performance on multi-hinge pro-
teins. Because the Fiedler vector captures only the primary partition, secondary hinges
in k > 2 domain proteins (e.g., the LID–NMP hinge in adenylate kinase) are missed.
We tested multi-mode hinge detection using additional eigenvectors (§5.4) but found it
counter-productive due to precision collapse from spurious sign-change candidates.

4.4 B-Factor Prediction

The multi-perspective approach yields median ρ = 0.666 vs. 0.663 for uniform weighting
(∆ρ = +0.003; p = 5.3× 10−4, Wilcoxon; 61% win rate).

We report this result honestly: the gain is statistically significant but practically
marginal. Uniform weighting (equivalent to the standard GNM) is competitive. The
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Table 5: B-factor prediction (Spearman ρ) across 110 proteins.

Method Median ρ Mean ρ

Uniform (standard GNM) 0.663 0.643
Laplacian perspective 0.651 0.631
Continuous perspective 0.660 0.635
IBP-Best (per-protein best) 0.666 0.649

value of the multi-perspective framework lies not in the B-factor improvement per se,
but in the structural interpretability of the stabiliser profiles that generate the spring
constants—profiles that directly connect to the spectral domain decomposition via the
Laplacian eigenvectors.

4.5 Archetype Classification

Table 6 traces the accuracy progression across the three classifier stages.

Table 6: Archetype classification accuracy on 12 benchmark proteins.

Stage Correct Accuracy Misses

Thermodynamic band (D109) 10/12 83% DHFR, T4 lysozyme
+ Enzyme lens (D110) 11/12 92% T4 lysozyme
+ Hinge lens (D111) 12/12 100% —

Base thermodynamic band (83%). The seven-instrument consensus correctly classi-
fies 10 of 12 proteins. The two misses are both enzymes misclassified as allosteric: DHFR
(1RX2) and T4 lysozyme (2LZM). Both have delocalised slow modes that suppress the
IPR-based enzyme signatures in the base band.

Enzyme lens correction (92%). The enzyme lens (IPR asymmetry and entropy
asymmetry analysis) corrects DHFR by detecting its localised active-site dynamics when
the allosteric–enzyme gap falls below 0.15. T4 lysozyme remains misclassified: its cat-
alytic cleft sits precisely at the domain boundary, producing an allosteric-like IPR of
0.017 in the Fiedler mode.

Hinge lens correction (100%). The multi-mode hinge lens resolves T4 lysozyme.
Table 7 shows Rhinge values for selected proteins.

T4 lysozyme is the only protein with Rhinge > 1, reflecting the fact that its catalytic
cleft remains dynamically active in modes 2–5 even though mode 1 produces an allosteric-
like partition. The enzyme score boost of ∆s = 0.273 flips the classification to the correct
archetype with no regressions on any other protein.

4.6 Per-Instrument Diagnostic Analysis

The seven instruments show distinct response patterns across archetypes, validating the
multi-instrument design. Enzymes typically show high gap retention under Thermal and
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Table 7: Hinge occupation ratio Rhinge (modes 2–5) for selected proteins. Values > 1
indicate persistent hinge dynamics beyond the Fiedler mode.

PDB Protein Archetype Rhinge Lens fires?

2LZM T4 lysozyme enzyme 1.091 Yes (∆s = 0.27)
4AKE Adenylate kinase enzyme 0.952 No (blocked)
2HHB Haemoglobin allosteric 0.884 No
1CLL Calmodulin signalling 0.723 No
1D09 ATCase allosteric 0.810 No

Cooperative perturbations (the active site is thermally robust) but low gap retention
under Algebraic perturbation (the global symmetry is fragile). Allosteric proteins show
the inverse pattern: high Algebraic gap retention (the allosteric pathway preserves the
spectral gap) but lower Thermal retention. Structural scaffolds show uniformly high gap
retention across all instruments—their spectral stability is their defining feature. The full
7× 12 gap retention matrix is provided in the supplementary materials.

5 Discussion

5.1 A Unified Spectral Framework

The central observation of this work is that a single eigendecomposition of the contact
graph Laplacian feeds every downstream analysis:

� The Fiedler vector (u2) yields 2-way domain partitions and hinge locations.

� The first k eigenvectors (u2, . . . ,uk+1) yield k-way domain decomposition via spec-
tral clustering.

� The spectral embedding coordinates define stabiliser profiles that produce residue-
specific ENM spring constants.

� The B-factor predictions follow from solving the ENM with these spring constants.

This is conceptually economical: one O(N3) eigendecomposition (or O(N2k) with
iterative methods) produces the complete structural characterisation. No additional data
sources, alignments, or learned parameters are needed.

5.2 Why the Silhouette Succeeds Where the Eigengap Fails

The eigengap heuristic assumes that the spectrum has a clear “jump” after the k-th
eigenvalue, corresponding to k well-separated clusters. On protein contact graphs, this
assumption is violated for two reasons:

1. Dense contact topology. Protein contact graphs are dense (mean degree ∼ 10–
20), producing smoothly increasing eigenvalue spectra without pronounced gaps.

2. Chain topology. The backbone connectivity imposes a 1D structure that blurs
the separation between intra-domain and inter-domain eigenvalues.
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method achieves 78% accuracy, a 7-fold improvement over the eigengap heuristic (11%;
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The silhouette score bypasses these issues by evaluating clustering quality downstream
of the spectral embedding, measuring whether residues form coherent groups in the nor-
malised spectral space rather than relying on eigenvalue spacing (Figure 5).

5.3 Failure Modes and CATH Limitations

The 8 silhouette k-failures fall into two interpretable categories:

Over-segmentation (kpred > kCATH). Six proteins (1PHK, 1BMD, 1BI8, 1LDG, 1AON,
2GLS) are over-segmented, typically with kpred = 3 vs. kCATH = 2. In several cases, the ex-
tra cluster corresponds to a structurally distinct sub-domain (e.g., the nucleotide-binding
sub-domain in dehydrogenases) that CATH groups with its parent domain. The GroEL
subunit (1AON, kpred = 6 vs. kCATH = 3) is a notable case: its three CATH domains each
contain clearly separable sub-regions, and the silhouette ARI (0.502) actually exceeds the
oracle ARI (0.448), suggesting that the finer partition is structurally informative.

Under-segmentation (kpred < kCATH). Two proteins (2SRC, 1FMK) are under-segmented
(k = 3 vs. kCATH = 4). Both are Src-family tyrosine kinases where the SH2 and SH3 do-
mains form a compact regulatory module. The silhouette correctly identifies this module
but treats it as a single cluster rather than two separate domains.

These failure modes highlight an inherent tension between structural compactness
(what spectral clustering detects) and evolutionary/functional classification (what CATH
annotates).

5.4 Multi-Mode Hinge Detection: From Rejection to Reinter-
pretation

A natural extension of single-Fiedler hinge detection is to use sign changes across multi-
ple eigenvectors, weighted by inverse eigenvalue. We tested 1-mode, 3-mode, and 5-mode
hinge detection on 14 proteins. The single Fiedler mode (F1 = 0.576) significantly out-
performs 3-mode detection (F1 = 0.342; Wilcoxon p = 0.035; 1-mode wins 11/14 head-
to-head). Higher modes introduce ∼ 8–15 spurious sign-change candidates per protein,
collapsing precision.

The exception is adenylate kinase, a 3-domain protein whose secondary hinge is cap-
tured by the third eigenvector (F1: 0.0 → 0.73 with multi-mode). For general use,
however, single-mode detection is preferred, and multi-hinge proteins are better served
by the k-way spectral clustering (§2.3), which identifies domain boundaries rather than
explicit hinge residues.

Reinterpretation for archetype classification. While multi-mode hinge detection is
counter-productive for predicting hinge locations, the same multi-mode information proves
decisive for classifying protein archetypes. The hinge occupation ratio Rhinge (Eq. 17) does
not attempt to locate new hinges; instead, it asks whether the known Fiedler domain
boundary remains dynamically active in higher modes. This is a fundamentally different
question—one that cleanly separates hinge enzymes (T4 lysozyme: Rhinge = 1.091) from
allosteric proteins (adenylate kinase: Rhinge = 0.952). The lesson is that multi-mode
spectral information is valuable when used as a classifier feature rather than a spatial
predictor.
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5.5 Relationship to Prior Work

GNM and ANM. The Gaussian Network Model [Bahar et al., 1997] and Anisotropic
Network Model [Atilgan et al., 2001] predict B-factors from contact topology but use
uniform spring constants. Our multi-perspective approach generalises the GNM by intro-
ducing spectrally-informed spring constants, with the uniform case recovered as a special
case.

Spectral domain methods. The use of Laplacian eigenvectors for protein domain de-
tection has been explored by Kundu et al. [2004] in the context of GNM slow modes. Our
contribution is the systematic benchmarking against CATH ground truth, the silhouette-
based k-selection replacing the eigengap heuristic, and the demonstration that the same
decomposition simultaneously yields hinges and structural roles.

Graph partitioning. Our approach is a direct application of spectral graph partition-
ing [Fiedler, 1973, Shi and Malik, 2000, Ng et al., 2001] to the protein contact graph. The
novelty lies in the protein-specific adaptations (NJW normalisation for contact graphs,
silhouette thresholding for k-selection) and the multi-output framework.

6 Conclusion

We have demonstrated that a single spectral decomposition of the protein Cα contact
network provides a unified, unsupervised framework for structural analysis. The key
findings are:

1. Domain detection. Silhouette-based spectral clustering correctly identifies the
number of structural domains 78% of the time on 36 multi-domain proteins, a 7×
improvement over the eigengap heuristic. When the correct k is selected, domain
assignments match the CATH ground truth with mean ARI = 0.641.

2. Hinge detection. Fiedler gradient peaks localise mechanical hinges with F1 = 0.58
at ±5 residue tolerance and 3.2× score enrichment, comparable to dedicated GNM-
based methods but obtained at no additional computational cost.

3. B-factor prediction. Multi-perspective ENM spring constants yield median ρ =
0.666 across 110 proteins, a marginal but statistically significant improvement over
uniform weighting.

4. Structural economy. The entire framework depends on two parameters (contact
cutoff and silhouette threshold) and requires no training data, sequence information,
or evolutionary profiles.

5. Thermodynamic band. Seven spectral perturbation instruments probe distinct
aspects of the contact network’s thermodynamic response, achieving 83% archetype
classification accuracy (10/12 proteins) from eigenvalue-derived observables alone.

6. Lens-corrected classification. Two targeted post-hoc lenses—an enzyme lens
based on IPR asymmetry and a multi-mode hinge lens based on the hinge occu-
pation ratio Rhinge—raise archetype classification to 100% (12/12) with zero false
positives and zero regressions.
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The method is best suited for proteins with clear domain architecture (2–3 domains)
and may under- or over-segment proteins with 4+ domains or ambiguous inter-domain
interfaces. The thermodynamic band and lens corrections demonstrate that the spectral
framework extends beyond structural decomposition to functional classification: the same
eigenvalue spectrum that identifies domains and hinges also discriminates enzymes from
allosteric proteins, signalling hubs from structural scaffolds.

Future work will explore algebraic generalisations of the fusion of spectral perspectives,
investigate whether learned stabiliser-to-function mappings can extend the framework to
functional site prediction, and test the archetype classifier on a larger benchmark spanning
additional protein families.

Data and code availability. The implementation is available as the ibp-enm Python
package at https://github.com/Earthform-AI/ibp-enm. All benchmark scripts and
raw results are provided in the supplementary materials.
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