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INSTABILITY-DRIVEN PATTERN FORMATION IN A NETWORK SIR
MODEL WITH INDIRECT TRANSMISSION AND
QUASI-LAPLACIAN DIFFUSION*

Wenjie Gu'?, Qianqian Zheng®' and Jianwei Shen®'

Abstract This study investigates how indirect transmission and diffusion asymmetry shape
epidemic dynamics in a network-organized SIR model. Using linear stability analysis and
eigenmode decomposition, we derive explicit conditions for Hopf bifurcation, Turing insta-
bility, and their interaction. The results show that indirect transmission significantly shifts
epidemic thresholds, while asymmetric diffusion across network nodes promotes the activa-
tion of additional eigenmodes and the emergence of spatially heterogeneous infection pat-
terns. Numerical simulations on random and quasi-Laplacian networks reveal transitions
among stable equilibria, periodic outbreaks, and mixed Hopf-Turing regimes, with the spe-
cific pattern determined jointly by biological parameters and network topology. To validate
the theory, the model was calibrated using real influenza surveillance data from 44 countries.
The observed periodicity and spatial clustering closely match the model predictions, demon-
strating that instability-driven mechanisms can explain real-world influenza oscillations and
heterogeneity. These findings provide a unified theoretical and data-supported framework for
understanding epidemic pattern formation and designing interventions that target indirect
transmission and mobility-induced spatial instabilities.

Keywords SIR epidemic model, pattern formation, Hopf bifurcation, turing instability,
indirect transmission.
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1. Introduction

Real-world populations interact within structured social or spatial networks, where epidemic
transmission is shaped not only by direct contacts but also by indirect pathways, such as im-
ported cases, environmental contamination, and anomalous diffusion. These factors lead to
dynamics that significantly deviate from classical well-mixed compartmental models [1]. Early
COVID-19 forecasting studies further highlighted that even under strong interventions, epidemic
trajectories may exhibit identifiable turning points and plateau phases that require mechanism-
informed fitting and prediction beyond simple well-mixed assumptions [9]. To address these com-
plexities, a variety of mathematical frameworks have been developed. For instance, fractional-
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order models incorporating nonlinear incidence and quarantine effects reveal memory-dependent
influences on epidemic persistence [5], while infection-age-structured SIS systems exhibit rich
oscillatory behaviors through Hopf bifurcation analysis [15]. Spatial diffusion further induces
Turing instabilities, generating heterogeneous epidemic hotspots [20]. Network structures and
time delays introduce additional layers of complexity, with SIS and SIR models demonstrating
thresholds, periodic waves, and spatiotemporal patterns, often analyzed via Lyapunov methods
and delay differential equation theory [21,24], non-autonomous delayed epidemic models have
also been used to produce long-term predictions of confirmed and deceased cases in China, illus-
trating the practical forecasting relevance of delay-structured dynamics [10]. Moreover, Turing
instabilities driven by delays and connectivity can explain recurrent epidemic oscillations and
inform control strategies [22]. Recently, higher-order network topology and temporal network
structures have been shown to substantially reshape epidemic propagation and control out-
comes, enabling richer spatiotemporal pattern dynamics beyond pairwise static contacts [25,27].
In addition, data-driven propagation modeling coupled with intelligent algorithms has gained
attention for capturing complex spreading processes under heterogeneous environments [23], re-
lated data-driven diagnosis studies using spectral analysis of cough recordings demonstrate how
signal-based learning can complement mechanistic epidemic modeling in real-world surveillance
pipelines [7]. While, studies also explore the interplay between disease and information dynamics
in multiplex networks, showing that preventive information raises epidemic thresholds, whereas
misinformation lowers them [12]. Control-oriented approaches, such as stochastic SEIR mod-
els with distributed delays, enable outbreak suppression through Lyapunov-based sliding mode
controllers and stochastic bifurcation analysis [17]. Extensions of SIR models further investigate
recurrence, optimal control, and cluster synchronization on coupled networks, illustrating how
viral states influence synchronization and transmission dynamics [13,26].

Building on these foundations, reaction-diffusion and network-based studies have advanced
our understanding of how mobility, cross-diffusion, degree heterogeneity, and modularity shape
epidemic thresholds and persistence. These works clarify the extension of Hopf and Turing
mechanisms to network Laplacians via eigenmode selection [11,16]. For example, Turing insta-
bility in large random networks can lead to spontaneous node differentiation into activator-rich
and activator-poor groups, resulting in multi-stationary states and hysteresis that differ from
classical continuous-media patterns [8]. Normal form theory applied to Hopf bifurcations in
network-organized reaction-diffusion systems reveals that network topology critically influences
the emergence of spatially nonhomogeneous periodic patterns, as seen in predator-prey mod-
els [4]. Extensions to directed networks uncover topology-driven instabilities that generate
traveling waves or quasi-stationary structures absent in undirected systems [2]. In discrete-time
systems, transitions and coexistence among spiral waves, Turing patterns, and Turing-like states
can occur, with strong impulse noise exciting novel patterning through competition among stable
equilibria [14]. Within epidemic contexts, network-organized SIR models demonstrate that the
maximum eigenvalue of the network matrix, governed by connectivity and infection rates, con-
trols outbreak thresholds and Turing instabilities, with validations using COVID-19 data [18].
Related analyses of enzyme-catalyzed reactions and delayed epidemic systems highlight how
equilibrium classification, Laplacian spectra, and memory effects drive complex spatiotempo-
ral instabilities and chaotic outbreaks [3,19]. Despite these advances, which demonstrate how
network topology, diffusion asymmetry, and delays enrich Hopf-Turing instabilities to produce
oscillations, multi-stationary states, and complex patterns beyond continuous-media models,
significant gaps remain. Most existing studies examine temporal oscillations or spatial hetero-
geneity in isolation, often overlooking the combined role of indirect transmission pathways and
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quasi-Laplacian coupling in triggering and sustaining bifurcations. This is particularly relevant
given their central importance in biological and epidemiological systems, where indirect effects
and asymmetric diffusion interact with network heterogeneity to shape epidemic dynamics.

In this work, we extend the classical SIR paradigm by incorporating indirect transmission
effects and quasi-Laplacian coupling into a generalized network framework. Leveraging bifurca-
tion theory and normal form reduction, we systematically analyze the emergence and interaction
of Hopf and Turing instabilities under heterogeneous network structures. Our theoretical results,
corroborated by numerical simulations on random networks, delineate the conditions for transi-
tions between disease-free states, endemic equilibria, and oscillatory or spatially heterogeneous
epidemic patterns. By elucidating the interplay among indirect transmission pathways, network
heterogeneity, and diffusion asymmetry, this study deepens the theoretical understanding of epi-
demic pattern formation and offers practical insights into intervention strategies for managing
outbreaks in structured populations.

2. The generalized network-organized SIR systems with the in-
direct effect

In this paper, we study the following network-organized SIR model with the indirect effect

dsét(t) = f(Si, I;) +ds > Lij(S; — u),
a8 g=1 (2.1)
- = g(Si, I) +deZ:;Lz‘j(Ij —v),

where the model is defined as f(S,1) = a — 8S5% — v SI?, g(S,I) = BS? + v SI? — 6 I with S;
and I; (i =1,2,...,n) denoting the densities of susceptible and infected individuals at the i-th
node. The parameters characterize biological and diffusive processes: « represents susceptibility,
B corresponds to indirect transmission, for example, during the COVID-19 pandemic, the virus
spreads indirectly through intermediate carriers such as objects and environmental surfaces,
reflects infection driven by external factors, § accounts for recovery or removal, and di,ds are
the diffusion rates of susceptibles and infectives, respectively. L = A — ediag{ki, ks, ..., kn},
ki(i = 1,2,3,...,n) is the degree of node, € can be treated as the disturbance intensity. A
denotes the adjacency matrix of the network, where A;; = 1 if nodes i and j are connected,
and A;; = 0 otherwise. The coupling matrix L = A — ediag{k1, k2, ..., kn} is a real symmetric
matrix (a quasi-Laplacian), and thus its eigenvalues A; are all real and can be ordered as {A,, :

—va2+y/ a2 +da B ol e
A > Apy > Ay > > Ay bou = 22 * QO;gQJr ab ,v = § are the equilibrium, where

flu,v) = g(u,v) = 0. Although the equations primarily track the densities of susceptible S
and infected I individuals, the model retains the structure of an SIR process where recovery is
modeled via the term —d/. Hence, we maintain the SIR nomenclature to align with the classical
epidemiological paradigm.

Linearizing system (2.1) at the equilibrium (u,v), we obtain

dS;(t)
dt

= (—yv? = 2B8u)S; + (—=2yuv)l; +dg ZLiij’
j=1
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dl;(t)
dt

= (yv24+28u)S; + (2yuw — 0)I; +dIZLijIj,
j=1

and the linearizing system can be written as

% — (B, ® A(B))C + (L ® D)C,

where E,, is unit matrix, L is the Laplacian matrix, A(3) is the Jacobian matrix without network,
D is the coupling strength matrix, C = (Sy, I1, ..., Sp, In)7,

2
—yv® =28 u—2vuv ds 0
A(B) = D = ;
vy 4+2Bu 2yuv — 6 0 dy

J(B) = E,® A(B) + L ® D,
Ji(B) = A(B) + AiD,

and \;, A; are the eigenvalue of J;(3), L, respectively; C; = (Ci1, Ci2)7, o) = (qﬁgl), (;Sgl), e @(11))
are the corresponding eigenvector, satisfying

Ji(B)Ci = NiCy,
LoM = Ao,

Then, we know ); and ¢() @ C; are the eigenvalue and eigenvector of .J (8), respectively,
because

Therefore, we just consider the stability of system (2.1) through ith node, and the corre-
sponding characteristic equation can be written as

A2 — Ei(B)N+ Fi(8) = 0, (2.2)
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Ei(B) = —yv* = 2Bu+2yuv — § + Ai(ds + dy),
Fy(B) = A*d;ds + (—dryv2+2dsfyuv—25d1u—5ds)A+5’y1}2+255u,

and the eigenvalues A(f) are given by

Ei(8) + \/F2(6) — 4F:(9)
AB) = v ; -

Based on the Hopf bifurcation criterion, system (2.1) undergoes a Hopf bifurcation at 8 = .
provided that

Ez(ﬁc) = 0, Fz(ﬁc) > 0’ Ez/(/Bc) 7é Ov (2'3>

and E;(B.) # 0, Fj(B.) # 0 for ¢ # j, which make only one Hopf bifurcation occur.
The unique pair of complex eigenvalues can be expressed as a(8) + ib(3), a(f) =

@7 b(B) = w In the following, we consider the sign of a'(8.) = @M*Bw

and obtain
a (G — Go)
26283 \/a (7203 + 4 367)

where Gy = 3 +2ya §48+26°82, G2 = v2\/a (12a3 + 4 35%)a?. We know the sign of E}(j3)
is determined by G1 — Go, and G? — G% = 4~3a1p%5° + 472042ﬂ258 +8vap38? + 45410 > 0.
And these roots of E}(3) = 0 are 1 = %5 (v/—=dvya — 6%), Bo = -3¢ (\/—5 Yo+ 62), and B, B2
are complex roots, namely, no real roots of E/(3) = 0 exist. Therefore, El(B) < 0(d'(Be) < 0)
always holds, namely, a(f) is monotonic decreasing with 3.

Based on these above analysis, we have

Ei(B) = - (2.4)

Theorem 2.1. (Hopf bifurcation) For system (2.1) without network, Hopf bifurcation occurs
at Be; system is stable when > B. and unstable(periodic) when § < f.

Proof. The process can be found in the above analysis. O

Finally, we consider the Turing instability by F;(8) < 0 when 8 > S.. F;(B) is a quadratic
—v2y—2But+(2yuv—98)o
2dg

equation with an opening upwards. Let o = fl—f >0, at A, = — , we obtain

Finin = Fin(8,Ac)o = ro? 4+ ro0 + 13, (2.5)

where r; = —y2u?v +57uv—5— Ty = 72uv3—|—25’yu2v+w+ﬁ5u,r3 = —ﬂ—ﬁfyuvz—ﬁqu.

Suppose g = —2- V2T V:F_W)’ and o9 = _Tﬁ—lélm are the roots of Fyin(8,0) = 0. If
r1 > 0, Fuin(B,Ac)o < 0 when o € (01,09); If r1 < 0, Fiin(8,Ac)o < 0 when o € (—o0,01) U
(02, +00).
Theorem 2.2. (Turing bifurcation) For system (2.1), Turing bifurcation occurs at oo (Fmin(S,
oc) = 0); Turing instability region of o is (01,02) when r1 > 0 and (—o00,01) U (02, +00) when
ry < 0.

Proof. The process can be found in the above analysis. O
Assume 71, 79(71 < T2) are the roots of F;(5) = 0 on basis of Theorem 2.2.
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Theorem 2.3. (Turing instability) For system (2.1), Turing instability occurs when (11,72) N
An, #0.

Proof. When A; € (11, 7), F;(8,A;) = Adrds + (—dryv? +2dsyuv — 2 Bdyu — §ds)A; +
dyv? 4+2B8u < 0 holds and at least one eigenvalue with positive real part exists in system
(2.2), namely, Turing instability occurs in system (2.1). O

3. Normal form analysis in network-organized system

To investigate the stability and bifurcation direction, we consider system (2.1) at the critical
value 8 = ., which takes the form

aC

%:J(ﬁC)CJrN(C), (3.1)
where
1
Si
C - 7C’i = )
I;
Ch
N(C) = B, @ fos(u,v)S? 4+ fsr(u,v)ST + frr(u,v)I? + fsrr(u,v)SI?
gss(u,v)S% + gs1(u,v)ST + grr(u, v)I* + gsir(u,v)SI?
and fes(u,v) = =28, for(u,v) = —2vv, frr(u,v) = —2vyu, fsrr(u,v) = —2v, gss(u,v) =

28, gsr(u,v) = 2yv, grr(u,v) = 2vu, gsrr(u,v) = 27, and fssr = fsss = frir = gssr = gsss =
grrr = 0.
By calculating

16 |7 ) =) [ 7)) @ ) = s |

q1 q1 q2 q2

and (p*,p) = 1, we obtain

1
b1
p=0¢M e =0 @ | 24 dgA—28u—ibB, |-
q1 9
v uv
P21 A? + paoA + pog
p2 p24A? + pasA + pag”’

¢ g1\ + g22

q23A% + g\ + qo5

where (p*,p) =0, #(1) is the eigenvector of the eigenvalue A; who induces the Hopf bifurcation,
also, the specific values of the detailed expressions are presented in the appendix Al.
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Theorem 3.1. System (3.1) is equivalent to

dz

dt (BC)Z + < N >7
dw

o= J(Be)w+ H(z,Z,w).

Proof. We decompose R*" = T¢@T*" with T¢ = {2p+2p|z € C} and T** = {C € R*|(p*,C) =
0}. For any C = (S1, 11, ..., Sn, In) T, there is 2 € C and w = (w§5)7w§1)? ...,wﬁbs),w,(f))T such that
z=(p",C),

C=zp+zp+w, (3.2)

by differentiating both sides of the equation (3.2), we obtain
dC  dz dz_  dw

@ P T aP
dC

S = J(BIC+N(C),

applying the inner product to both sides of equation (3.3) with respect to p*, we have

L dC _dz dz dw dz
<p,5>—dt<p ,p) + dt<p p>+<p,dt> o
(p* d0> (p*, J(B.)C + N(C))

(Be)
= (p*, J(Be)(2p + 2P + w)) + (p*, Ne(O))
= (p*, J(Be)zp) + (p*, J(Be)ZD) + (p*, J (Be)w) + (p*, Ne(C))
ib(Be
ib(Be

)2(p*, p) — 1b(Be)Z(p", p) + (™, Ne(C))
)z + (p*, Ne),
namely,

= ib()e + N,

Substituting system (3.2) into (3.3), we obtain

A EHD) _ 5, (ep+ 2+ w) + Nap + 79 + )

dt
d dz d
=gt P = 20 (Bp + 2T (BIP + T (B + N(zp+ 7P+ )

S ib(8.) 2+ Dl Ne) — (8. + B N + % = ib(8)p + =(—ib(B)P

+ J(Be)w + N(zp + Zp + w)
dw

== J(Be)w + N(zp+7zp + w) — (p*, Ne)p — (p*, Ne)P,

and we have
dw

E = J(ﬁc)w + H(Z,E,UJ),
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where H(z,%Z,w) = N, — (p*, N.)p — (p*, No)p and N. = N.(zp + zp + w).
According to the above analysis, system (3.1) is equivalent to
dz
= ib(B)z + (0, Vo),
J (3.4)
0 J(Be)w + H(z,Z,w).
dat
O

In the following, we consider the high order term (p*, N.), H(z,Z,w). And the general form

of N, can be expressed as

1 1
Where K(X,Y) and M(X,Y,Z) are multilinear functions Kxy = K; (X Y)

Z @gja&k) \gzoﬂﬁjym and Mxyz = Mi(X7 Y, Z) Z 3§J5€k355 |§ 0L YKL=, 1=1,2,.
]? 7
To consider K(X,Y) and M (X,Y, Z), we rewrite system (3.2) as

S; = zpmb( ) 4 = ¢ (S),

szmi+ﬁm§+¢%

and K (zp + zp, 2p + zp) = 2°K(p,p) + 222K (p.p) + 2K (. p),

where

c1 = fsspi+2fsipiqr + frqi = annA® + appA + ays,

di = gsspi + 29s1p1q1 + 91165 = anA? + agA + ass,

e1 = fsspipt + fsi(pi@ +Pig1) + frr(qa@r) = asiA? + asaA + ass,

f1 = gssp1P1 + 9s1(p1@1 + Piar) + grr(@iqr) = asA? + aso + ags,
= [ssspipip1 + fssi(2pibiay + pi@) + fsrr(201@ip1 + 4iP1) + frna@ian
= a51 A% + asoA + as3,

hi = gsssp1Pip1 + gss1(2p1Piar + pidn) + gsir (2a1@ip1 + 4iP1) + grra@ian

= ag1A? + ag2 A + ags,

and the detailed values of the expressions are presented in the appendix A2.
In order to obtain the expression of H(z,%Z,w), we expand H(z,Z,w) as

H Hpo
H(z,Zw) = 22+ Huzz + =22 4 ol|3f?) + o(|2] - ),
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and according to the definition of H(z,Z,w), one has

H(Z,Z,OJ) =N, — <p*ch>p - <F7 Nc>p

1 . — _
= 522(Kpp —(p aKpp>p - (p, Kpp>P)

_ 1L . _ B
+22( K5 — (0", kyp)p — (0, Kpp)P) + 522(1%— (v*, Kzp)p — (0, Kpp)D) +

Comparing these coefficients of H(z,Z,w), we obatin

H20 = Kpp — <P*,Kpp>p - <F7 KPP>T7>

Hy = Kpp — <P*7 Kpﬁ>p - (p*a Kp70>pa
where biob
(0%, Kpp) = (P2c1 + Q2d1)s3 = 1;111353,
—  bagbas
(p*, Kpp) = (p2c1 + qady)s3 = A
21
N _ _  b3abss
(p*, Kpp) = (P2e1 + @2.f1)s3 L
31
— _ bagbys
(p*, Kpp) = (p2e1 + q2.f1)s3 = S
11
. bs2b53b54
(p*, Mppp) = (D291 + G2h1)s4 % 4,

and the values of the specific expressions can be found in the appendix A3.

Theorem 3.2. Assume the form of w is

v A . .
w = %z + w1122 + 7,2 +o(|z| ), <P*,wi,j> =0,4,7=0,1,2,i4+5=2 (3.5)

we can obtain
wog = [En ® (2ib(B.)Es) — J(B.)] " Hop,

wi1 = —[J(Be)] " Ha,

and

0 Klpwn)) =~ K I K o) + 07 K ) 25 P
7K, p)
b(Be)
<p*7 K(ﬁ? UJ20)> = <p*> K(Tja (2Zb(ﬁc)E2 - J(ﬁc))_lK(p,p)»
ok e W0 Ep) 0 K(3,D))
Proof. Differentiating both sides of the equation (3.5), we obtain
d d dz  dz d
R Ry s A
=1b (BC)Z w20 + ib(ﬁc)zz(wu —wiy) — zb(/@c)z wo2 + O(’Z’B) (3.6)

= ib(B.) 2 wa0 — ib(Be)Z°wo2 + o(|2]*)
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also, we know

d
dotJ J(Be)w + H(z,Z,w)
Hy Hy
= J(ﬁc)(%z +w11zz—|—70 )+7Z +H11zz+72 z2 (3.7)
J c — c H _
= ( (ﬁZ)wm + %)32 + (J(Be)wi1 + Hi1)zZ + ( (52)0102 + 202)232.

Comparing the coefficients between system (3.6) and (3.7), we have

J(Be)

ib(Be)wan = 5 w2t % = wyg = [Ep @ (2ib(8c) E2) — J(Be)]~ Hao,

J(Be)wir + Hip =0 = wyy = —[J(Be)] " Hyy.

Namely,

w20 = [En & (Q'Lb(ﬁc)E2) - J(ﬂc)}_lHQOa

(3.8)
win = —[J(B)] " Hx.

On basis of the relationship between the eigenvalue and the eigenvector

6= P TP = P
(2ib(Be) B2 — J(Be)) ' = mpa (2ib(Bc) By — J(6e))~'P = 3ibzﬁc)p ’
we have
J(Be) "t Hyy = J(Be) (K (p, D) — (0", K (p, TJ))p — (p*, K(p.P))P)
= (6 K () = 0 K (0.7) g5+ 0 K ) 35
and

=(2ib(Be) B2 — J(Be)) " (K (p,p) — (p*, K(p, p))p — (0", K(p,p))D)

=(2ib(B)E2 — J(B:)) " K (p, p) — (p* ,K(p,p)>z.b(pﬁc) - (K (p’p»gz'b](gﬁc)'

Furthermore, we obtain

<p*7 K(pv ’UJ11)>
= _<p*7 K(pa J(ﬁc)_lHll»

= k= (" K0, T (00 K (0,) = 07 K0 D) i + 07 K0 9) )

* = 2
K, T K ) + 7 K ) ) [T PIE
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and
<p*7 K(ﬁ? w20)>
= (p*, K (ﬁa (2ib(ﬁc)E2 - J(Bc))_lHQO» 7
= (0 K (B, (2B F2 = T (50) " K po) = (0 K 0,0)) 5 = 05 K 0,) 33555))

= K (7. (0030 B2 — T(8) K ) — 0 Ko (2 [

Substituting system (3.5) into system (3.4), we have
dz . 1 1 51
— =ib(Be)z + 59207° + 9112Z + 59027 + =gz02"
dt 2 2 6 (3.9)

1 1 1
+ 592122? + 5912252 + 690353 + 0(12\4)

where the specific derivation process of the formula in A4,

Theorem 3.3. For the form of z, system (3.9) can be transformed into
dw . 2 4
i ib(Be)w + crw @ + O(|w]”).
Proof. The process will be given through Lemma 3.1 and Lemma 3.2.
Lemma 3.1. For 8 = 3.,

iy,

= = ib(Bo)z + 222+ guz+ B3+ O(1=f)

2

can be transferred to

by

h h
r=w %oﬂ + hyww + %w? (3.10)
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Proof. The inverse transformation can be expressed as

h hoo
w=2— 222 hj2z — 272 4 O(|z]%),
2 2
then
do _dz , ode o (di dZ) o dz
dt —dr P%a "\ @t T e 02
= z’b(,Bc)z + (gﬂ — b ,Bc hgo) (gn — ib(,@c)hn — ib(ﬁc)hu) 2z
+ (g% - zb(ﬁc)h()z) 24
. 1 ) 9 - _
= ib(Be)w + 3 (920 — ib(Bc) hoo) w* + (911 - Zb(ﬂc)hn) ww
1 — . _
+ 5 (902 = 20B(50) + (B hoz ) &2 + O(Jwl?).
Let
920 g11 902
hao = hiy = —2L pgy= T2
we have p
o 3
= (e + O
O
Lemma 3.2. For g = f,.,
dz . 930 3 | 921 22 g12 252 go3 _3 4
dt—zb(ﬁc)z+ 6z+ 5 Z+ == > + 6z+0(|z])

can be transferred to

dw . _
E = Zb(/Bc)w +ca (ﬁC)WQW + O(|w‘4)
through
h h h h

Proof. The inverse transformation can be expressed as

h h h h
w=z— 058 - 2l T2 T8 02,

z
6 2 2 6
then
dw . dz hso 2dZ ha1 _dz 2d§ h12 dz 52 dz h0372d§
at  dt 2 - dt 2 <22Zdt+z @) 2 \@” T a) 2 @
b(Be)h b(Be _
— zb(ﬁc)z + @ o Zb(ﬁ ) 30 23 + gﬂ . ib(ﬁc)h21 . Zb(ﬁ )h21 Z2Z
6 2 2 2
ib(Be)h —_— ib(Be)h _
+ <g;2 - R (52) 2 - ib(ﬁc)hn) 2Z° + (ggg A%/ R08 (ﬁ; 03> 2

= ib(Be)e + 5 (g30 — 200(Be)hsn)0* + 5 (g1 — (D(5e) + (BN hon ) @

(912 = 2b(B)hra ) wio? + é (903 + (1b(Be) = 3B(B)hos ) & + O(|uwl*).

DN | =

_|_
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Let

g12 go3
h3o = <, hi2 = —( =~

2ib(Be) —2ib(Be)"" T —4ab(B.)’
we have

S = ib(Be)w + €1 (Be)w’m + O(lwl*).

O
In the following, we try to determine the expression of ¢;(8.). Substituting system (3.10)
into system (3.9), we have

% = zb(ﬁc)w + g% (2]1110.}25) + 911 <h11w2w + h220w2w> + g2£h02w2w + %U.)Zw
iy (2ib(Be) + ib(Be))g20911 g1 ]? |goz? 921\ o
= blfy + ( 2|ib(.)[? ib(Be) " 22ib(B.) — b)) | 2 ) Y
then , ,
_ (2ib(Be) +ib(Be))g20911 | 911l |902] 921
1(fe) = 2[ib(8c) |2 T T 228 — ) (3.11)

i (920911 guf? - !902\2> L9
~b(Be) 2 6 2’

where g99, 911, g%, go2 can be found in Theorem 3.1 and Theorem 3.2.
In a similar way, the normal form for 8 — 5. can be written as

dw
— = MBw + a1 (B)w’m + O(lwl),
where _ , )
204+ A
(2A + A)gaog11 | |91 n |902] Lo

a(B) = S + 3 220 — N 5

O
According to Ref. [6,8], we have the following theorem.

Theorem 3.4. For the network-organized system (2.1), the Hopf bifurcation is subcritical when
Re(c1(B)) > 0 and supercritical when Re(c1(5)) < 0. The bifurcation yields stable periodic orbits
if Re(c1(B)) < 0, while it is unstable when Re(ci(f)) > 0. Moreover, the periodic solutions
are spatially homogeneous provided that |¢)§1)| < 0.1 [8] for all i = 1,2,...,n together with

Re(c1(B)) < 0; in contrast, they become spatially nonhomogeneous if some |¢§1)| > 0.1 and
Re(c1(B)) > 0 hold.

4. Numerical results and discussion

In this section, numerical simulations are carried out to validate the theoretical results and
illustrate the biological mechanisms. The computations use a time step h = 0.01 with the
fourth-order Runge-Kutta method, and the parameters are set as o = 0.35, 5 = 0.05, v = 1.1,
and § = 1. The network topology used is an Erdos-Rényi (ER) random graph with a fixed
number of nodes n = 100. The parameter p denotes the probability of connection between
any two distinct nodes, with p € [0,1]. Each figure and result presented is based on a single
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representative random network realization, chosen because the qualitative dynamical behavior
including bifurcation thresholds and pattern types was consistently observed across different
random instances with the same parameters.

According to Theorem 2.1, system (2.1) without network is periodic [Figure 1(a)] when
B =0.01 < 5. = 0.0449 is less, which means the outbreak of infectious diseases is periodic state.
When 5. < 8 = 0.05, it’s stable [Figure 1(b)], which means the endemic state. Namely, the
indirect effect has become one of the dominating factors of the outbreak behaviors [Figure 1(c)].
With the variation of parameters, different outbreak states of the epidemic can be observed.
When the birth rate of the susceptible is low or zero, system (2.1) remains stable, corresponding
to the epidemic or disease-free state. However, as the birth rate gradually increases, system (2.1)
transitions from a stable state to a periodic state at a. = 0.372, which corresponds to a shift
from an endemic state to periodic outbreaks of the disease [Figure 2(a)]. The direct infection
rate similarly affects the dynamical behaviors of the spread; system (2.1) exhibits a periodic
state [Figure 2(b)] when the direct infection rate reaches certain levels, representing periodic
outbreaks. The recovery rate also plays a critical role in transitions from an endemic state
to periodic outbreaks, the system exhibits periodic oscillations when § < J. = 1.7 and stable
when 0 > §. = 1.7 [Figure 2(c)]. Meanwhile, the number of infected individuals decreases with
its gradual increase, eventually leading to a disease-free state. In biological mechanism, when
transmission is weak, the interplay between susceptible replenishment and infection depletion
produces predator-prey-like oscillations, leading to periodic outbreaks; stronger transmission
stabilizes the endemic equilibrium as indirect effects dominate. Similarly, an increased birth
rate of the susceptible or a higher direct infection rate can drive a Hopf bifurcation, shifting the
system from a stable endemic state to oscillatory outbreaks, while a higher recovery rate enhances
damping, suppresses oscillations, and eventually eliminates infection. These mechanisms explain
how parameter variations govern transitions among periodic, endemic, and disease-free states,
consistent with the epidemiological dynamics.

25 1 25
2 0.8 2
15 0.6 15
- 1 _0.4 - 1
0.5 0.2 0.5
0 0 0

0 200 400 600 0 200 400 600 0.01 0.02 0.03 0.04 0.05

t t 8

(a) (b) (c)

Figure 1. The stability of system (2.1) without network. (a) Hopf bifurcation occurs and system is periodic
when 8 = 0.01. (b) The system is stable when 8 = 0.05. (c¢) The bifurcation about 3.

According to Theorem 2.2 and Theorem 2.3, we consider Turing bifurcation and Turing insta-
bility when Fi, < 0. It was calculated that o; = 0.066,02 = 21.53 and A, = —w
In this paper, we mainly investigate the effect of network on Turing instability by the Laplacian
matrix. Therefore, A, should be non-positive and Turing instability occurs when o > o9 [Figure
3(a)]. When dg = 3,d; = 0.1, 0 = 30 > o2 and Turing instability may occur [Figure 3(b)]. When
ds = 2,d; = 0.1, 0 = 20 < o2 and Turing instability never occur [Figure 3(c)]. Next, we show
the condition of Turing instability for some special network. Figure 4(a) shows (71, 72) N Ay, # 0
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Figure 2. The bifurcation of system (2.1) without network. (a) The bifurcation about «. (b) The bifurcation
about ~. (¢) The bifurcation about §.

and the pattern shows coexistence of periodic, endemic, and disease-free states [Figure 4(b)].
When (71, 72) N A, = 0 [Figure 4(c)], the pattern is homogeneous [Figure 4(d)]. In Figure 4, it’s
found that instability mode (the eigenvalues A make F;(3) < 0) could induce Turing instability
and reorganize the distribution of infectious diseases again. According to Theorem 2.1 and The-
orem 2.3, only Hopf bifurcation occurs [Figure 5(a)] when 5 = 0.02,dg = 2,d; = 0.1,p = 0.2, the
corresponding pattern is periodic [Figure 5(b)]. Both Hopf bifurcation and Turing bifurcation
occur when 8 = 0.02,dg = 2,d; = 0.1,p = 0.02, the corresponding pattern is periodic in time
and is not synchronous in space. Namely, Turing-Hopf bifurcation could induce more complex
phenomena.

The number of instability mode varies with p [Figure 6(a)] and more instability modes will
be obtained when € < 1 [Figure 6(b)]. It is found that S.(A) is proportional to A [Figure 6(c)]
at Hopf bifurcation point, which mean € < 1 could extend the periodic region of infectious
disease and make the periodic outbreak easier. Epidemiologically, Turing instability arises when
the susceptible moves much faster than the infective, continuously feeding local outbreaks while
infections remain localized, thereby generating spatially heterogeneous epidemic hot-spots in-
stead of homogeneous prevalence. The underlying network structure plays a decisive role: If
Laplacian eigenvalues lie within the instability interval, specific structural modes are amplified,
producing non-uniform epidemic distributions, while the absence of such eigenvalues preserves
homogeneity. As network parameters such as connectivity or heterogeneity increase, the number
of instability modes grows, giving rise to more diverse and complex spatial epidemic patterns,
including coexistence of periodic outbreaks, endemic states, and disease-free regions. From a
control perspective, limiting rapid susceptible movement, isolating or transferring the infective,
and restructuring contact networks (e.g., reducing cross-community links or balancing connec-
tivity) can effectively suppress instability modes and mitigate spatial epidemic clustering.

On the basis of Theorem 2.1 and Theorem 3.4, we further examined the periodic behaviors of
infectious diseases with respect to the indirect infection rate 3. For € = 1, the pattern formation
is stable periodic [Figure 7(a)] when 8 = 0.0449 and Re(ci1(8)) = —0.0070 < 0; although the
amplitude become larger when § = 0.035; the pattern formation is stable [Figure 7(b)] because
Re(c1(B)) = —0.0038 < 0 holds. Meanwhile, the critical eigenvector associated with Ay = 0
at 8. = 0.0449 is spatially uniform [Figure 7(c)], leading to homogeneous periodic solutions
[Figure 7(a,b)], which is consistent with the numerical results [8]. In contrast, Figure 8 shows
that the eigenvector corresponding to the dominant eigenvalue A; = 2.0304 becomes spatially
heterogeneous, giving rise to nonuniform periodic outbreaks when g = 0.035 [Figure 8(a)] or
B = 0.01 [Figure 8(b)]. Namely, for ¢ < 1, the pattern formation becomes nonuniform periodic
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Figure 3. The instability condition of system (2.1). (a) The minimum with ¢ = %5, (b) The distribution of

dr*

F;(B) with A when ds = 3,d; = 0.1. (c) The distribution of F;(3) with A when ds = 2,d; = 0.1.
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Figure 4. Turing instability and pattern formation of system (2.1) when d;y = 0.1. (a) The distribution of A
when ds = 3,p = 0.01. (b) The pattern formation when ds = 3,p = 0.01. (c¢) The distribution of A when
ds =2,p=0.2. (d) The pattern formation when ds = 2,p = 0.2.

when 5 = 0.035 and Re(c1(f)
B = 0.01 and Re(c1(5)) = 0.0

= 0.0017 > 0, and the periodic amplitude will be larger when

)
137 > 0. Also, the stability of pattern formation is in line with
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Figure 5. The instability and pattern formation of system (2.1) when 8 = 0.02,ds = 2,d;r = 0.1. (a) The

distribution of A when p = 0.2.

0 M
< !” i
kS ! fig:
c 10 3 ”!
o 3
= il
= i
2-20 TEiiE
2 IREEE Y
© *rid
o -30 3
_C
'_
-40
0 005 01 015 02
p
(a)

(b) The pattern formation when p =
p =0.02. (d) The pattern formation when p = 0.02.

The distribution of A

10

-10

-20

-30

* ¥
***********
*

(b)

0.2. (c) The distribution of A when

0.1

0.08

0.06

0.04

0.02

(c)

Figure 6. The distribution of A. (a) The distribution of A for Laplacian matrix e = 1. (b) The distribution of
A for Quasi-Laplacian matrix e = 0.8. (¢) The relationship between A and ..

the distribution of the eigenvector [8] and the stability periodic solutions. These observations
are consistent with Theorem 3.4 and Ref. [8], which shows that the direction and stability of
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Hopf bifurcations are determined by the cubic coefficient ¢1(/3) in the normal form: A super-
critical Hopf bifurcation with Re(c1(8)) < 0 produces stable, sustained oscillations, whereas
a subcritical Hopf bifurcation with Re(ci(f)) > 0 leads to unstable periodic states. From an
epidemiological perspective, the results imply that homogeneous network structures favor syn-
chronous oscillations across all nodes, while heterogeneous networks amplify specific eigenmodes
and generate localized epidemic hotspots. Thus, quasi-Laplacian coupling not only increases the
number of instability modes but also shifts the Hopf bifurcation toward spatially nonhomoge-
neous outbreaks, thereby facilitating the coexistence of periodic epidemics and endemic states
in structured populations. Subsequently, we utilized specific influenza data from 44 countries
across three regions Africa, the Mediterranean, and the Western Pacific over nearly four years
from 11.14.2021 to 10.12.2025 to verify our theoretical results. In data processing, we replaced
certain missing specific values in the influenza data of these countries with 0 and performed
unified standardization to ensure all values fall within a consistent range. The obtained pat-
tern results show that influenza in most nodes (countries) exhibits periodic [Figure 9], which
corresponds to our theoretical findings.

100: 100 07 0.11
80 : 04 80 0.6 0.105
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60 ¢ 60 0.5 -
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40 40 04
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201 03 20 0.095
b 0.2
¢ 0.25 0.09
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t t Ini
(a) (b) (c)

Figure 7. The pattern formation and the distribution of qﬁz(.l). (a) The pattern formation when ¢ = 1, 8 = 0.0449
and Re(c1(B)) = —0.0070 < 0.(b) The pattern formation when € = 1, 8 = 0.035 < . and Re(c1()) = —0.0038 <
0. (c) The distribution of ¢£1> for Laplacian matrix ¢ = 1.
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Figure 8. The pattern formation and the distribution of qb&”. (a) The pattern formation when ¢ = 0.8, 8 = 0.035
and Re(c1(8)) = 0.0017 > 0. (b) The pattern formation when £ = 0.8, 3 = 0.01 and Re(c1(8)) = 0.0137 > 0. (c)
The distribution of gzﬁgl) for Quasi-Laplacian matrix € = 0.8.
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Figure 9. The new confirmed cases about influenza in Africa, Eastern Mediterranean and Western Pacific regions
from 11.14.2021 to 10.12.2025. Data source: FluNet (https://www.who.int/tools/flunet).

5. Conclusion

In this paper, we proposed a network-organized SIR epidemic model that integrates indirect
transmission mechanisms with quasi-Laplacian diffusion to capture the interplay between bio-
logical processes and network-connected mobility. By conducting linear stability analysis, eigen-
mode decomposition, and normal-form reduction, we derived explicit parameter thresholds gov-
erning Hopf bifurcation, Turing instability, and their interaction within heterogeneous networks.
The analytical results reveal that indirect transmission reshapes epidemic thresholds and can
trigger oscillatory outbreaks even when direct transmission remains insufficient to destabilize the
endemic equilibrium. Meanwhile, asymmetric diffusion between susceptible and infected pop-
ulations enlarges Turing-unstable regions and activates additional network eigenmodes, giving
rise to spatially heterogeneous infection patterns.

Numerical simulations further substantiate these theoretical findings. In the absence of net-
work effects, the system exhibits clear transitions among disease-free, endemic, and periodic
states as key biological parameters cross bifurcation thresholds. When embedded in random
or quasi-Laplacian networks, the system displays a rich repertoire of spatiotemporal dynamics,
including spatially synchronized oscillations, nonuniform periodic outbreaks, coexistence of en-
demic and oscillatory nodes, and complex Turing-Hopf interactions. The results also indicate
that network connectivity, node degree heterogeneity, and the strength of diffusion asymmetry
decisively shape the number and type of unstable modes, thereby determining the emergence
and spatial form of epidemic clusters.

To validate the theoretical framework, we calibrated the model using real influenza surveil-
lance data collected from 44 countries in Africa, the Eastern Mediterranean, and the Western
Pacific between 2021 and 2025. The empirical data exhibit pronounced periodicity and spatial
clustering-features accurately reproduced by the model’s Hopf and Turing bifurcation mecha-
nisms. This agreement demonstrates that instability-driven processes, amplified by asymmetric
mobility and indirect transmission pathways, can explain the recurrent cycles and regional het-
erogeneity observed in real-world influenza outbreaks.

Overall, this study establishes a comprehensive theoretical and data-supported foundation
for understanding epidemic pattern formation in structured populations. It highlights that
reducing indirect transmission routes, managing asymmetric mobility, or reshaping network
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connectivity can effectively suppress instability-driven oscillations and spatial clustering. These
insights provide valuable guidance for designing control strategies in modern, mobility-connected
epidemiological environments.
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Appendix A

Appendix Al

The detailed presentation of the expressions pa1, pa2, p23, P24, P25, P26, 421, 422, 423, 24, 425

po1 = dr(dr +dg),
p22 = (2dg + dg)(uvy — 8) — dr(v*y 4 2Bu) — (dr — ds)ib(8e),

P23 = (4u?v? — 2uvd)y? — 2(2u%8 + (1b(Be) + 20)u + w)v’y —28(ib(Be) — 0)u

+ib(Be)d + 0%+ 2(b(Be))?, :
paa = (d + dg)?,
p2s = A(ds + ds)((u — )y — B~ 3).
pao = A= 5077 — 8(Bu+ 5)(u— D)oy + 457 + 455u+ 5 + A(B(5),
21 = 2(dr + ds)uvy,
2 = A+ D)oy + But ib(B) + Suvy,
23 = (d +ds)?,
o = 40y + ds)(u — 3oy~ Bu—2),
q25 = 4(u — %)%%2 — 8(Bu + g)(u - g)m +43%u® + 4B6u + 6% + 4(b(B.))?.

Appendix A2

The detailed presentation of the expressions a;;(i = 1,2,3,4,5,6,5 = 1,2,3)

g A5
11 — 27’&”027
—d 2d dg ib(8,
ap = 298 | sf 5 (§>
yv Y uv
3yv? | ib(B)  2uB®  2Bib(B) | b(B.)’
a1z = + - 2 2 + 2
2u U YU YU 2vuv
dg?
az1

B 2y uv?’
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ds dsib(B.) 2dsp

a2 =

u ~y uv? yv? '’
_ 3y ib(B) | 2up? | 2Bib(B)  b(B)
agsy — — - + ) + 2 - 2
2u U YU YU 2yuv
ds?
Qa, = )
31 2y uv?
—dg 2dgp
az2 = —— 25
Y
3 2up (B
33 2u yv2 o 2yuw?’
ds?
ag = ———
41 271“)2’
ds 2dgp
A42 = — — 2
u Y
3y’ 2uB®  b(B)?
“3= T * v v2 +2’yu7)2’
oo = 3ds®
51 2/yu2027
3d 6d dg b
am = 255 | s§+ s 2(%)7
u y uv v uv
s B3yvt 68 687 b(B)® ib(B) _2Bib(B)
b3 2 u2 u  yvE 2yuZe? u? yuv?
3ds®
(1/ =
61 27’“2”2’
a :_3dg_6dgﬁ_dsib(ﬁc)
62 u? ~y uv? yuZv?
C3y02 68 682 b(B)? | ib(Be)  2Bib(Be)
463 = 92 + u +’yv2+2'yu2v2+ u? + yuv?

Appendix A3
The detailed presentation of the expressions s3,s4,b;;(i = 1,2,3,4,5,5 =1,2,3), bss

n n

s5= > (6% 50 =S (8!")4,

i=1 i=1

b1 =2y uv® (2yuv —yv® + Adg + Adr —2Bu— 6 — 2ib(Be)) ,

biz = =37°0" + 2N dsyv? — 27 0%ib(B.) + A*ds® — 2 Adsib(B.)
—4Afdsu—b(B)* +45ib(Be) u+ 452,

biz = —drA +ib(B.) + 4,

bor = 2ywv? (2yuv — yv? + Adg + Ady — 2 Bu— 8§+ 2ib(5.)) ,

bag = —37v20? +2Adgyv? — 27”215(@:) +A%dg® -2 A dgib(fc)
—4ABdgu—b(B:)* +4Bib(Be) u+ 4 52,
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bag = —drA — ib(B;) + 4,

bg1 = 2 uv? (2'yuv—’yv2 +Adg + Ad; —25u—(5—2ib(ﬁc)),
bsg = =320 + 2 A dgyv? 4+ A%ds® — 4 A Bdgu+ 4 8%u® 4+ b(8.)%,
bsz = —drA +ib(B.) + 4,

by = 2y uv? (2'yuv—'yv2 +Ads+ANdp —2Bu— 6+ 2ib(B.)),
bio = —3720 + 2 A dgyv® + A2ds® — 4 A Bdgu+ 4 5% +b(6.)%,
baz = —drA — ib(B;) + 4,

bs1 = 2 uv? (2'yuv—’yv2 +Adg + Ad; —25u—(5—2ib(50)),
bsa = —yv?: +ds A —ib(Be) — 2 Bu,

bss = —3v0v2 +3dg A +ib(B,) — 6 S u,

bsy = —drA + ib(Be) + 6.

Appendix A4

The specific derivation process of the formula (3.9)

dz

at =ib(B)z + (p*, Ne)

— ib(Ba)z + (0, %K(C, ) + éM(O, C.0))

1
= ib(Be)z + 5 (", K (2p + 2P + w, 2p + 2P + )

+ é(p*,M(zp+@+w,zp+@+w,zp+@+w)>

= ib(B0)= + 522", K (o) + 200", K (0, ) + 570", K (7. D))
20 K (p,w) + 200, K (B, ) + 5207, M(p,,7)
5250, M(p,p.P) + 527, M(p,5,7)

+ 22", M(5,5. ) + O(|2]%)

6
= (807 + 5720 K () + 2207 K (D) + 5700, K (,5)
B K () + 2207, K (prwnn)) + 57207, K(py o)
+ 3P K (Bw)) + 7220, K (Broon) + 570, K (Broa)
+ 2 Mppp) + 3550, M(p,p,P))
+ 3720 M(p,5,B) + 5207, ME.5.9) + Ol

= ()2 + 52T K pop)) + 220" K (D) + 570, K(5,7)
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—_

+ =2° (3(p*, K (p,wa0)) + (p*, M(p,p,p)))

+52°2 (20", K (p,wn)) + (0", K (B, w)) + (0", M (p,p, )

=N =

+ 5252 (2(p", K(p,wn1)) + (p*, K(p,wo2)) + (p", M (p, P, P)))
1

+ 5% B0 KB, we)) + (0", M(,5,)) + O(2l")

. 1 1 1
=ib(B.)z + 592022 + g112Z + 590222 + 693023

1 1 1
+ 5921225 + 5912Z§2 + 6903?3 + O(|Z\4)-
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