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Abstract	(200	words)	8	

Sea-ice	 loss	 is	 a	 key	 indicator	 of	 anthropogenic	 climate	 change;	 however,	 internal	9	

variability	may	both	obscure	this	mean-state	signal	and	itself	respond	to	human-induced	10	

global	warming.	Here	we	examine	 the	changes	 in	Arctic	and	Antarctic	sea-ice	 internal	11	

variability	over	the	period	1850-2050	using	large-ensemble	simulations.	The	magnitude	12	

of	internal	fluctuations	in	Arctic	sea-ice	area	increases	by	1.51x10-3	million	km2∙year-1	in	13	

contrast	to	the	Antarctic	where	it	decreases	by	1.13x10-3	million	km2∙year-1	over	1970-14	

2050	 period.	 The	 opposite	 trends	 closely	 link	 to	 the	 level	 of	 sea-ice	 mean	 state,	15	

particularly	when	sea-ice	extent	is	lowest,	together	with	the	peak	values	shifting	toward	16	

later	 seasons.	 Snapshot	 empirical	 orthogonal	 function	 analysis	 reveals	 the	17	

spatiotemporal	 association	 of	 large-scale	 atmospheric	 and	 oceanic	 conditions	18	

accompanying	the	changes	in	sea-ice	internal	variability.	As	global	warming	intensifies,	19	

the	weakening	of	 tropical	 and	North-Pacific	 sea-surface	 temperatures	 and	 the	 altered	20	

atmospheric	 circulation	 are	 accompanied	 with	 the	 increase	 of	 Arctic	 sea-ice	 internal	21	



variability.	In	the	Antarctic,	an	enhanced	wave-train	pattern	from	tropical	Indian	Ocean	22	

to	 Antarctic	 Peninsula	 relates	 to	 the	 decrease	 of	 its	 sea-ice	 internal	 variability.	 Our	23	

findings	 highlight	 the	 importance	 of	 changes	 in	 sea-ice	 internal	 variability	 under	24	

continued	 global	 warming,	 which	 carries	 significant	 implications	 for	 an	 accurate	25	

prediction	of	future	sea-ice	evolution.	26	
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Introduction	41	

Recent	 loss	of	sea	ice	in	the	polar	regions	is	among	the	most	striking	consequences	of	42	

anthropogenic	global	warming1.		Within	the	northern	and	southern	polar	circles,	the	loss	43	

of	 Arctic	 and	 Antarctic	 sea	 ice	 is	 consequential	 for	 nearby	 terrestrial	 and	 marine	44	

ecosystems2-6,	coastal	protection7,8	and	socio-economic	impacts9-11.	The	sea-ice	declines	45	

in	the	two	polar	regions	may	also	have	far-reaching	effects	on	the	large-scale	atmospheric	46	

circulation12-16,	climate	variability17-25,	and	the	global	energy	budget13,26-30.		47	

Since	routine	satellite	observations	began	in	1978,	Arctic	sea-ice	area	(SIA)	and	volume	48	

have	declined	in	all	seasons31.	While	the	largest	Arctic	SIA	loss	has	occurred	in	September	49	

at	a	rate	of	0.45	million	km2∙year-1	during	the	1979-2024	period32,	the	sea-ice	declining	50	

rate	has	been	slowdown	in	the	past	two	decades33.	The	evolution	of	Arctic	SIA	decline,	51	

thus,	underwent	a	complex	trajectory	rather	than	monotonical	decrease.	Antarctic	SIA	52	

has	also	undergone	a	complex	temporal	evolution.	Annual-mean	Antarctic	SIA	increased	53	

slightly	 (0.02	 million	 km2 ∙ year-1)	 during	 1979-2015,	 opposing	 the	 secular	 global	54	

warming34,	35.	However,	since	2016,	Antarctic	SIA	has	declined	precipitously,	with	a	loss	55	

rate	of	0.12	million	km2∙year-1	 (during	2015-2023),	and	reached	a	record	minimum	in	56	

202335.	This	abrupt	transition	after	2015	has	prompted	speculation	that	Antarctic	sea	ice	57	

is	entering	a	new	climate	regime36-38.				58	

The	 stark	 interhemispheric	 contrast	 in	 Arctic	 and	 Antarctic	 sea-ice	 evolutions	 has	59	

prompted	growing	interests	in	the	causes	and	underlying	mechanisms.	Previous	studies	60	

have	 revealed	 the	 important	 role	of	 internal	 variability	 –	 emerging	 from	 the	 coupling	61	

between	the	atmosphere,	ocean,	cryosphere,	land	components	in	the	Earth	system39		-	in	62	

modulating	sea-ice	change40,41.	For	example,	in	the	Arctic,	by	comparing	large-ensemble	63	

climate	 model	 simulations	 with	 observations	 indicated	 that	 the	 recent	 observed	64	



slowdown	in	September	Arctic	sea-ice	decline	is	consistent	with	internal	variability33.	In	65	

the	Antarctic,	studies	have	attributed	the	abrupt	decline	of	sea-ice	extent	to	shifts	in	low-66	

frequency	modes	of	climate	internal	variability	such	as	Pacific	Decadal	Variability	(PDV)	67	

and	Atlantic	Multi-decadal	Variability	 (AMV)34,42.	 Indeed,	 such	 intrinsic	variability	 can	68	

mute	 or	 amplify	 the	 forced	 response	 to	 global	 warming43-47,	 adding	 considerable	69	

uncertainty	 to	 future	 projections48,49.	 The	 unpredictable	 nature	 of	 internal	 variability	70	

further	complicates	the	accurate	seasonal	sea-ice	prediction50,	robust	assessment	of	sea-71	

ice	evolution33,51-53	and	hinders	the	development	of	effective	climate	adaptation	and	risk	72	

mitigation	strategies	for	sea-ice	loss54,55.	While	efforts	have	been	paid	on	characterizing	73	

and	 quantifying	 the	 mean	 state	 sea-ice	 response	 to	 anthropogenic	 forcing,	 the	74	

understanding	of	the	changes	in	sea-ice	internal	variability,	its	spatial	pattern,	seasonal	75	

evolution,	and	associated	large-scale	circulation	changes	under	a	warming	climate	can	be	76	

revisited	and	advanced	using	new	generation	of	climate	models.		77	

The	Community	Earth	 System	Model	 version	2	 (CESM2)	Large	Ensemble	 (CESM2-LE)	78	

under	historical	and	future	(SSP3-7.0)	radiative	forcing56	provides	a	valuable	simulation	79	

set	with	large-ensemble	members	to	assess	the	changes	in	SIA	internal	variability	during	80	

the	historical	and	future	periods	(see	Methods).	Each	of	the	50	members	of	the	CESM2-81	

LE	is	subject	to	the	same	radiative	forcing,	but	begins	from	a	different	initial	condition,	82	

leading	 to	 ensemble	 spread	 to	 represent	 internal	 variability43,57-59.	 To	 isolate	 forced	83	

changes	 in	 internal	variability	 from	forced	changes	 in	 the	mean	state,	we	subtract	 the	84	

ensemble-mean	from	each	member	and	then	calculate	the	standard	deviation	(s)	of	the	85	

residuals	across	the	members	at	each	time	step.	In	this	way,	we	leverage	the	large	number	86	

of	samples	(50)	of	internal	variability	that	exists	at	any	given	time	in	the	CESM2-LE	to	87	

identify	any	evolving	forced	changes	in	the	amplitude	of	internal	variability	(given	by	s	88	



(t))	from	1850-2050.	We	start	by	highlighting	the	contrasting	seasonal	evolution	of	SIA	s	89	

(t)	 between	 the	Arctic	 and	Antarctic,	 and	 relating	 these	 to	 the	mean-state	 changes	 in	90	

CESM2-LE.	We	 also	 apply	 the	 same	 analysis	 to	 other	 large-ensemble	 simulation	 sets	91	

conducted	 by	 different	 climate	 models	 to	 investigate	 the	 robustness	 of	 the	 results	92	

simulated	by	CESM2.	We	finally	examine	the	global	atmospheric	and	oceanic	conditions	93	

associated	with	 forced	 changes	 in	 SIA	 internal	 variability	 to	 gain	 further	 insight	 and	94	

understanding.		95	

	96	

Results	97	

The	evolution	of	Arctic	 and	Antarctic	 sea-ice	 internal	 variability	under	external	98	

forcing	99	

We	begin	by	examining	the	internal	variability	of	annual	sea-ice	area	(SIA;	see	Methods)	100	

for	the	two	polar	regions	as	simulated	by	the	CESM2-LE	over	the	1850–2050	period	(blue	101	

lines	 in	 Figs.	 1a	 and	 1b).	 The	 Arctic	 and	 Antarctic	 show	 striking	 differences	 in	 their	102	

evolution	of	SIA	internal	variability	(SIA	s(t):	blue	lines	in	Figs.	1a	and	1b),	estimated	as	103	

the	standard	deviation	across	50	ensemble	members	for	each	year	(i.e.,	grey	shading	in	104	

Figs.	1a	and	1b).	Prior	to	the	1970s,	Arctic	and	Antarctic	SIA	internal	variability	fluctuated	105	

around	0.3	million	km²	with	small	long-term	(1850-1969)	trends	of	−3.56 ± 1.86 × 10!"	106	

and	−1.39 ± 1.78 × 10!" 	million	 km² ∙year-1,	 respectively.	 However,	 thereafter,	 Arctic	107	

SIA	s(t)	 increases	steadily	while	Antarctic	SIA	s(t)	decreases	gradually.	Consequently,	108	

there	 is	 an	 increasing	 long-term	 trend	 in	Arctic	 SIA	s(t)	 of	1.56 ± 0.38 × 10!# 	million	109	

km²∙year-1,	 and	a	decreasing	 trend	 in	Antarctic	SIA	s	 (t)	of	1.13 ± 0.33 × 10!# 	million	110	

km²∙year-1	over	the	period	1970-2050.	These	contrasting	trajectories	of	sea-ice	internal	111	



variability	are	somewhat	counterintuitive	under	ongoing	global	warming,	in	particular	112	

when	their	ensemble-means	show	accelerated	decreasing	trends	after	1970	(grey	lines	113	

in	Figs.	1a	and	1b,	1850-1969	trends	for	Arctic	and	Antarctic	SIA	are	2.84 ± 0.67 × 10!#	114	

and	−4.47 ± 0.43 × 10!# 	million	km²∙year-1	they;	whereas	 their	 trends	become	4.05 ±115	

0.14 × 10!$ 	and	−3.55 ± 0.07 × 10!$ 	million	km²∙year-1	 during	1970-2050),	 reflecting	116	

the	forced	response	to	anthropogenic	and	natural	radiative	forcings.	The	above	analysis	117	

indicates	 that	 early	 1970s	 is	 the	 key	 timing	 to	 separate	 the	 trajectory	 of	 Arctic	 and	118	

Antarctic	SIA	internal	variability	and	mean	state	and	the	1970-2050	period	will	be	the	119	

focus	of	the	following	analysis.	A	fundamental	question	then	arises:	why	does	SIA	internal	120	

variability	evolve	so	differently	in	the	Arctic	and	Antarctic	despite	similar	modeled	mean	121	

state	SIA	declines	after	1970s?	122	

To	answer	this	question,	we	examine	the	monthly	evolution	of	SIA	 internal	variability	123	

(color	 shadings	 in	 Figs.	 1c	 and	 1d).	 Sea-ice	 internal	 variability	 in	 both	 polar	 regions	124	

exhibits	 distinctive	 seasonal	 characteristics.	Over	 the	19th	 and	20th	 centuries,	 internal	125	

variability	in	the	Arctic	peaks	during	August-October	when	the	climatological	mean	SIA	126	

is	at	its	seasonal	minimum,	and	is	lowest	during	February-April	when	mean	SIA	is	at	its	127	

seasonal	maximum.	After	2020,	peak	Arctic	SIA	s(t)	intensifies	and	shifts	to	earlier	(July)	128	

and	 later	 (October-November)	 months,	 following	 the	 evolution	 of	 mean	 SIA	 (black	129	

contour	lines),	and	resulting	in	the	largest	trends	in	variability	during	July	and	October-130	

December	 (right	 panel).	 However,	 as	 the	 mean	 Arctic	 SIA	 in	 August	 and	 September	131	

declines	to	near	ice-free	conditions	by	around	2030	(defined	here	as	SIA<1	million	km²,	132	

indicated	by	magenta	contour	lines),	internal	variability	sharply	decreases,	leading	to	a	133	

near-zero	 and	 negative	 long-term	 trends	 respectively.	 In	 contrast,	 Antarctic	 SIA	 s(t)	134	

peaks	during	March-May	when	mean	SIA	is	growing	rapidly	from	its	seasonal	minimum	135	



in	February.		Like	the	Arctic,	peak	SIA	s(t)	in	the	Antarctic	exhibits	a	migration	toward	136	

earlier	 and	 later	 months	 over	 time	 after	 the	 1970s.	 However,	 unlike	 the	 Arctic,	 the	137	

Antarctic	experiences	a	general	weakening	of	internal	variability	across	all	months,	with	138	

the	most	pronounced	decreases	occurring	in	February	and	March,	coinciding	with	near	139	

ice-free	conditions	after	around	2030.	These	contrasting	trends	suggest	that	Arctic	and	140	

Antarctic	 sea-ice	 variability	 respond	 differently	 to	 ongoing	 global	 warming,	 likely	141	

reflecting	distinct	underlying	processes	and	interactions	with	regional	and	global	climate	142	

systems.	143	

The	seasonal	coherence	between	the	evolution	of	internal	variability	and	mean-state	SIA	144	

suggests	that	internal	variability	may	be	fundamentally	linked	to	the	concurrent	sea-ice	145	

mean	state,	as	previous	studies	revealed41,49.	To	investigate	this	relationship,	we	examine	146	

the	strength	of	 internal	variability	as	a	 function	of	 the	mean	SIA	during	the	months	of	147	

minimum	 SIA	 in	 each	 hemisphere	 (Fig.	 2).	 In	 the	 Arctic,	 internal	 variability	 initially	148	

increases	as	SIA	declines,	plateaus	when	SIA	ranges	between	approximately	2.5	and	4.5	149	

million	 km²,	 and	 subsequently	 decreases	 as	 SIA	 continues	 to	 recede	 across	 August,	150	

September,	 and	 October	 (Figs.	 2a–c).	 This	 behavior	 yields	 a	 parabolic	 relationship	151	

between	 SIA	 internal	 variability	 and	 SIA.	 Spatial	 patterns	 of	 internal	 variability	 offer	152	

further	 insights	 into	 this	 nonlinearity:	 regions	 of	 maximum	 internal	 variability	 (blue	153	

shading	in	Fig.	3)	consistently	align	with	the	mean	sea-ice	edge	(red	contours	in	Fig.	3),	154	

highlighting	 that	 internal	 variability	 is	maximized	 in	 the	 zones	with	 partial	 ice	 cover,	155	

rather	 than	areas	of	near-total	absence	 (i.e.,	0%	SIC)	or	 full	 coverage	 (i.e.,	100%	SIC).	156	

Indeed,	the	number	of	ocean	grid	cells	with	intermediate	SIC	(10–90%)	peaks	when	total	157	

SIA	falls	within	the	2.5–4.5	million	km²	range	and	declines	when	SIA	becomes	either	too	158	

low	or	too	high.	Geographical	constraints	likely	modulate	this	relationship;	in	the	Arctic,	159	



the	southern	land	boundary	encircling	the	ocean	limits	sea-ice	expansion	under	colder	160	

conditions,	thereby	suppressing	variability.		161	

In	 contrast,	 the	 Antarctic	 displays	 a	 strikingly	 linear	 relationship	 across	 all	 selected	162	

months	(Figs.	2d–f),	with	internal	variability	scaling	proportionally	to	mean	SIA.	Unlike	163	

the	Arctic,	Antarctic	sea	ice	can	expand	northward	without	terrestrial	barriers	(Fig.	3),	164	

allowing	internal	variability	to	increase	continuously	under	colder	climates.	The	number	165	

of	 ocean	 grid	 cells	with	 intermediate	 SIC	 (10–90%)	 in	 the	 Southern	 Ocean	 gradually	166	

decreases	as	the	mean	SIA	declines	with	time.	This	hemispheric	contrast	underscores	the	167	

role	of	 geographic	 ice-edge	 configurations	 in	 shaping	 the	evolution	of	 sea-ice	 internal	168	

variability	 under	 climate	 change,	 consistent	 with	 previous	 studies	 using	 simpler	 or	169	

previous	generation	of	climate	models41,60	.	170	

While	the	findings	presented	above	are	based	on	simulations	by	CESM2,	we	recognize	171	

that	sea-ice	biases	in	CESM2	have	been	reported,	including	thinner	sea-ice	thickness	and		172	

resultant	less	sea-ice	extent	with	respect	to	observations61,62.	Therefore,	it	is	crucial	to	173	

assess	 their	 robustness	 across	 different	 climate	models	 and	 evaluate	 potential	model	174	

dependencies.	To	this	end,	we	examine	the	long-term	trends	of	sea-ice	internal	variability	175	

simulated	by	eight	additional	CMIP5/6	models	over	the	1850–2050	period	(see	Methods	176	

and	 Supplementary	 Fig.	 1).	 Overall,	 these	 models	 broadly	 reproduce	 the	 contrasting	177	

trends	 observed	 in	 CESM2-LE,	 with	 increasing	 Arctic	 sea-ice	 internal	 variability	 and	178	

decreasing	Antarctic	 variability.	However,	models	 suffering	 from	substantial	 biases	 in	179	

mean	SIA	show	weaker	or	inconsistent	trends.	For	example,	CSIRO-Mk3.6,	characterized	180	

by	unrealistically	extensive	Arctic	SIA	and	muted	sea-ice	decline	over	the	analysis	period	181	

(Supplementary	Fig.	1),	shows	minimal	trends	in	Arctic	SIA	internal	variability.	We	also	182	

include	the	high-resolution	version	of	CESM1-LE	simulation63,	which	also	shows	similar	183	



results	to	the	CESM2-LE for the Arctic SIA internal variability trend, but opposite for the 184	

Antarctic one.	Looking	into	its	seasonal	evolution	indicates	that	the	months	with	large	SIA	185	

internal	variability	are	during	June-November	and	the	trends	during	these	months	are	186	

opposite	from	models	with	lower	resolutions	(Supplementary	Fig.	2).	This	is	interesting	187	

as	the	spatial	resolution	seems	more	critical	for	the	Antarctic	sea-ice	internal	variability	188	

than	the	Arctic	counterpart.	Further	analyses	are	needed	to	investigate	the	cause.		189	

To	 further	 disentangle	 the	 contributions	 from	 different	 climate	 forcings,	 we	 analyze	190	

CESM2	single-forcing	large	ensembles	(see	Methods	and	Supplementary	Fig.	3).	Results	191	

reveal	 that	GHG	forcing	 is	 the	dominant	driver	of	 the	decreasing	Antarctic	SIA	 trends,	192	

while	the	Arctic	has	minimal	sea	ice	due	to	strong	warming	effect	and	the	resultant	trend	193	

is	 negative.	 The	 anthropogenic	 aerosols	 induce	 small	 negative	 trends	 in	 Arctic	 SIA	194	

internal	 variability,	 likely	 reflecting	 the	 aerosol	 reduction	 in	 the	North	 American	 and	195	

Europe	 after	 1970s.	 Interestingly,	 forcings	 other	 than	 the	 above	 combined	 (volcanic	196	

forcings,	solar	irradiance,	ozone,	land-use	change,	etc.)	contribute	to	increasing	sea-ice	197	

variability	trends	in	both	polar	regions,	a	result	that,	while	beyond	the	immediate	scope	198	

of	this	study,	warrants	further	investigation.	199	

To	 elucidate	 the	 processes	 underlying	 the	 seasonal	 evolution	 of	 sea-ice	 internal	200	

variability	 in	 the	 Arctic	 and	 Antarctic,	 we	 analyze	 the	 contributions	 of	 radiative	 and	201	

turbulent	 surface	 heat	 fluxes.	 Notably,	 interannual	 variability	 in	 shortwave	 radiation	202	

exhibits	 similar	 long-term	 trends	 to	 that	 of	 SIA	 in	 both	 polar	 regions	 (not	 shown),	203	

suggesting	 a	 potential	 causal	 relationship.	 Seasonally,	 the	 Arctic	 displays	 enhanced	204	

shortwave	 variability	 from	April	 to	 September,	while	 the	 Antarctic	 shows	 reductions	205	

from	 January	 to	March	 (Supplementary	Figs.	4a	and	b).	These	 timing	patterns	 largely	206	

mirror	 seasonal	 changes	 in	 albedo	 internal	 variability	 (Supplementary	 Fig.	 5)	 and	207	



precede	the	corresponding	SIA	internal	variability	by	one	to	two	months,	implicating	the	208	

sea-ice	albedo	feedback	as	a	driver	of	enhanced	or	reduced	sea-ice	internal	variability.	By	209	

contrast,	 variability	 in	 longwave	 radiation	 and	 latent	 heat	 fluxes	 lags	 behind	 SIA	210	

variability,	 suggesting	 these	 are	 likely	 responses	 to,	 rather	 than	 drivers	 of,	 sea-ice	211	

internal	variability	changes	(Supplementary	Figs.	6	and	7).	 Interestingly,	sensible	heat	212	

fluxes	appear	to	partially	offset	the	latent	heat	flux	contributions	(Supplementary	Fig.	8).	213	

This	compensation	may	arise	from	a	reduced	thermal	contrast	between	the	ocean	surface	214	

and	 the	 atmosphere	under	 amplified	Arctic	warming	during	 the	 cold	 season.	Another	215	

important	 factor	 is	 sea-ice	 thickness.	The	sea-ice-thickness	 internal	variability	 in	both	216	

polar	regions	exhibits	negative	trends	in	most	months	except	summer	(Supplementary	217	

Fig.	 9),	 suggesting	 that	 its	 variability	 may	 be	 stabilized	 by	 the	 negative	 feedback	 of	218	

conductive	heat	fluxes64,65	and	may	also	be	influenced	by	strong	albedo	variability	when	219	

sea	ice	becomes	thinner	and	less	extensive	during	summer.	220	

Taken	together,	these	additional	analyses	suggest	that	a	chain	of	processes	during	spring	221	

and	 summer	 associated	with	 reductions	 in	mean	 sea-ice	 coverage	 amplify	 shortwave	222	

absorption,	 enhancing	 internal	 variability	 during	 the	 melt	 season.	 This	 enhanced	223	

variability	then	persists	into	the	cold	season	via	delayed	longwave	radiative	and	latent	224	

heat	 fluxes,	 thereby	sustaining	 the	enhanced	sea-ice	variability. In	addition,	 increased	225	

variability	 in	 sea-ice	 thickness	may	 develop	 later,	when	 thinner	 sea	 ice	 allows	 larger	226	

internal	variability	to	develop.	227	

	228	

The	large-scale	atmospheric	and	oceanic	variability	associated	with	the	changes	in	229	

sea-ice	internal	variability	230	



In	addition	to	local	thermodynamic	and	dynamic	processes,	sea-ice	variability	can	be	also	231	

influenced	 by	 large-scale	 atmospheric	 and	 oceanic	 variability	 modes14,27,42,66-73.	232	

Conversely,	 growing	 evidence	 suggests	 that	 sea-ice	 variability	 itself	 can	 exert	 remote	233	

impacts	on	midlatitude	and	tropical	climate	via	both	atmospheric	 teleconnections	and	234	

oceanic	 pathways12-20.	 To	 investigate	 these	 bidirectional	 interactions,	 we	 apply	 a	235	

snapshot	empirical	orthogonal	 function	 (SEOF)	analysis	 (see	Methods)	 to	 the	 internal	236	

component	 of	 SIC	 anomalies	 in	 the	 Arctic	 and	 Antarctic.	 This	 approach	 captures	 the	237	

leading	spatial	patterns	of	internal	sea-ice	variability	across	the	ensemble	members	at	238	

each	 time	 step,	 and,	 critically,	 enables	 a	 statistically	 coherent	 assessment	 of	 their	 co-239	

variability	with	large-scale	atmospheric	and	oceanic	anomalies	outside	the	polar	regions.	240	

We	focus	on	the	leading	mode	(Supplementary	Fig.	10)	of	SIC	anomalies	during	the	sea	241	

ice	minimum	 season	 -	 August	 to	October	 for	 the	Arctic	 and	 January	 to	March	 for	 the	242	

Antarctic	 -	 when	 the	 change	 in	 internal	 variability	 is	 most	 pronounced.	 To	 ensure	243	

temporal	 robustness,	 SEOF	 is	 applied	 within	 a	 moving	 5-year	 window	 across	 the	244	

ensembles	 following	 O’Brien	 and	 Deser	 (2023)74	 We	 then	 regress	 sea-level	 pressure	245	

(SLP)	and	sea-surface	temperature	(SST)	anomalies	onto	the	principal	component	of	the	246	

leading	SEOF	mode	(hereafter	SPC)	during	three	distinct	time	periods	to	examine	how	247	

large-scale	 circulation	 and	 ocean	 patterns	 co-evolve	 with	 sea-ice	 internal	 variability	248	

under	external	forcings.	249	

In	the	early	historical	period	of	the	1850s,	the	leading	SEOF	mode	of	SIA	reveals	a	dipole	250	

structure	 in	 the	Arctic,	with	negative	anomalies	concentrated	 in	 the	East	Siberian	and	251	

Laptev	 Seas	 and	 positive	 anomalies	 spanning	 the	 northern	 Barents	 Sea,	 Svalbardian	252	

archipelago,	and	eastern	Greenland	(Fig.	4a).	These	anomalies	are	tightly	aligned	with	the	253	

mean	 sea-ice	 edge	 (green	 contour	 line	 in	 Fig.	 4a),	 highlighting	 the	 correspondence	 of	254	



marginal	 ice	 zones	 and	 sea-ice	 internal	 variability.	 The	 regression	 pattern	 of	 SLP	255	

anomalies	 shows	 a	 localized	 reduction	 over	 the	 East	 Siberian–Chukchi	 Seas	 (Fig.	 4d),	256	

consistent	 with	 a	 thermally	 forced	 heat-low	 response	 to	 regional	 sea-ice	 loss66,75,76.	257	

Beyond	the	Arctic,	a	coherent	SLP	anomaly	appears	over	the	North	Pacific,	coupled	with	258	

an	 arc-shaped	 SST	 pattern	 that	 resembles,	 respectively,	 known	 features	 of	 the	 North	259	

Pacific	 Oscillation	 (NPO)77	 and	 North	 Pacific	 Gyre	 Oscillation	 (NPGO)78	 (Fig.	 4g).	260	

Additionally,	a	weak	El	Niño–like	SST	anomaly	emerges	in	the	tropical	Pacific,	suggesting	261	

an	Arctic-tropical	Pacific	teleconnection79-81.	262	

By	 the	 early	 21st	 century,	 as	 the	 climate	 warms,	 the	 negative	 SIA	 anomalies	 shift	263	

poleward	and	become	more	 centralized	 in	 the	Arctic	Ocean,	while	positive	 anomalies	264	

contract	toward	the	eastern	coast	of	Greenland	(Fig.	4b).	The	corresponding	regressed	265	

SLP	and	SST	anomaly	patterns	intensify	(Figs.	4e	and	4h),	indicating	a	strengthening	of	266	

the	sea-ice	coupling	with	extratropical	and	tropical	ocean–atmosphere	variability	under	267	

anthropogenic	warming.	However,	by	the	2040s,	this	connection	begins	to	break	down.	268	

The	center	of	SIA	anomalies	migrates	further	toward	the	central	Arctic	and	weakens	(Fig.	269	

4c),	while	 the	El	Niño–like	SST	signal	 in	 the	tropical	Pacific	nearly	disappears	and	the	270	

NPGO-like	signal	in	the	North	Pacific	weakens	(Fig.	4i).	Together,	these	results	suggest	271	

that	Arctic	sea-ice	internal	variability	is	linked	to	both	North	Pacific	and	tropical	Pacific	272	

variability,	but	that	the	strength	of	this	linkage	depends	on	the	spatial	distribution	and	273	

amplitude	 of	 sea-ice	 anomalies.	 When	 variability	 is	 concentrated	 along	 the	 Siberian	274	

marginal	 ice	 zone,	 the	 Arctic–Pacific	 connection	 strengthens;	 as	 sea-ice	 variability	275	

contracts	toward	the	central	Arctic,	this	Arctic-Pacific	teleconnection	is	diminished.	276	

In	the	Antarctic,	the	leading	SEOF	mode	of	sea-ice	internal	variability	during	the	mid-19th	277	

century	reveals	widespread	positive	SIC	anomalies	encircling	the	continent,	except	for	a	278	



pronounced	 negative	 anomaly	 in	 the	Bellingshausen	 Sea	 (Fig.	 5a).	 The	 regressed	 SLP	279	

anomalies	show	elevated	pressure	over	the	Antarctic	interior	(Fig.	5d),	consistent	with	280	

enhanced	easterly	wind	anomalies	that	promote	near-coastal	sea-ice	accumulation	via	281	

Ekman	 transport.	 Notably,	 a	 southeastward-propagating	 atmospheric	 wave	 train	282	

originating	 from	 the	 Maritime	 Continent	 and	 eastern	 Indian	 Ocean	 intersects	 with	 a	283	

wavenumber-3	pattern	encircling	the	Southern	Ocean.	These	features	likely	converge	to	284	

produce	 positive	 SLP	 anomalies	 over	 the	 Amundsen	 and	 Bellingshausen	 Seas,	 and	285	

potentially	contribute	to	the	SIC	dipole	anomalies.	286	

By	the	early	21st	century,	 the	 influence	of	 tropical	variability	strengthens:	a	robust	El	287	

Niño–like	SST	signature	emerges	in	the	tropical	Pacific,	accompanied	by	enhanced	SST	288	

anomalies	in	the	Indian	Ocean	and	tropical	Atlantic	(Figs.	5e	and	5h).	These	atmospheric	289	

and	oceanic	changes	signal	intensified	inter-basin	teleconnections	and	a	strengthening	of	290	

the	 atmospheric	 teleconnection	 bridge	 linking	 the	 tropics	 to	 the	 Southern	 Ocean.	 As	291	

global	 warming	 progresses	 into	 the	 2040s,	 these	 teleconnections	 become	 more	292	

pronounced.	The	El	Niño–like	SST	pattern	dominates	the	tropical	Pacific	and	reinforces	293	

inter-basin	 coupling,	 which	 reorganizes	 the	 atmospheric	 circulation.	 The	 center	 of	294	

positive	SLP	anomalies	shifts	eastward	toward	the	Antarctic	Peninsula	(Fig.	5f),	altering	295	

the	regional	wind	patterns	and	enhancing	sea-ice	loss	to	the	east	of	the	peninsula	(Fig.	296	

5c).	 This	 atmospheric	 reconfiguration	 also	 affects	 the	 extratropical	 patterns	 in	 the	297	

Northern	Hemisphere,	with	a	Pacific	North	America–like	response	over	the	North	Pacific	298	

and	 a	 negative	 North	 Atlantic	 Oscillation–like	 signal	 over	 the	 North	 Atlantic	 sector,	299	

implying	a	stronger	 inter-basin	 interaction.	We	also	analyze	 the	500-hPa	geopotential	300	

height	regressions	and	obtain	consistent	large-scale	circulation	patterns	(Supplementary	301	

Fig.	11).		302	



Taken	together,	the	results	underscore	a	decaying	connection	between	tropical	Pacific	303	

variability	 and	 Arctic	 sea-ice	 internal	 variability	 and	 increasing	 one	 between	 tropical	304	

Indian	 and	 Pacific	 Ocean	 variability	 and	 Antarctic	 sea-ice	 internal	 variability	 under	 a	305	

warming	 climate.	 They	 further	 suggest	 that,	 in	 addition	 to	 local	 atmospheric–oceanic	306	

feedbacks,	 evolving	 large-scale	 teleconnections	 could	 play	 a	 non-negligible	 role	 in	307	

shaping	polar	sea-ice	internal	variability.	308	

	309	

Discussion	310	

Our	 findings	 highlight	 the	 importance	 of	 evolving	 changes	 in	 the	 characteristics	 of	311	

internal	sea-ice	variability	under	historical	and	future	radiative	 forcing,	with	the	most	312	

pronounced	signals	emerging	during	the	months	of	minimum	SIA	in	both	hemispheres.	313	

As	sea-ice	area	or	extent	 in	 the	warm	season	has	been	widely	recognized	as	a	critical	314	

factor	 in	determining	the	annual	sea-ice	state11,82,83,	 influencing	 local	oceanic	heat	and	315	

carbon	uptake11,	and	modulating	the	occurrence	of	marine	heatwaves22,	understanding	316	

its	 evolution	and	 the	mechanisms	underlying	 changes	 in	 sea-ice	 internal	 variability	 is	317	

essential	 for	 robust	 and	 accurate	 projections	 of	 sea-ice	 evolution	 and	 its	 subsequent	318	

climate	impacts	at	seasonal	or	longer	timescales.	Interestingly,	sea-ice	internal	variability	319	

in	the	Arctic	and	Antarctic	exhibit	opposite	long-term	trends,	raising	the	question:	what	320	

gives	rise	to	this	asymmetry	of	internal	variability	under	global	warming?		321	

Exploiting	 the	50-member	CESM2	Large	Ensemble	over	 the	period	1850-2050,	which	322	

provides	robust	sampling	of	 internal	variability	and	an	accurate	estimate	of	 the	mean	323	

state	at	any	given	time,	we	demonstrate	that	The	Arctic	SIA	internal	variability	shows	a	324	

quadratic	 relation	 with	 its	 mean	 value,	 while	 a	 linear	 relationship	 emerges	 in	 the	325	



Antarctic.	This	 is	due	 to	 the	seasonal	 shifting	of	marginal	 ice	zone	 in	shaping	 internal	326	

variability	in	both	polar	regions.	 	This	provides	a	physically	consistent	explanation	for	327	

the	contrasting	trends,	arising	from	differences	in	geographical	constraints	between	the	328	

Arctic	 and	 Antarctic.	 Indeed,	 while	 previous	 study	 proposed	 interhemispheric	329	

differences	 in	 the	 model	 projections	 can	 be	 attributed	 to	 differences	 in	 coastline	330	

geometry60,84	 other	 studies	 also	 emphasized	 the	 importance	 of	 the	marginal	 ice	 zone	331	

fraction85.	 Additionally,	 integrating	 the	 perspectives	 with	 our	 findings	 -	 that	332	

overestimated	 or	 underestimated	 SIA	 in	 models	 relates	 to	 the	 degree	 of	 its	 internal	333	

variability	-	provides	new	insights	into	the	model	biases	and	future	model	development	334	

in	simulating	polar	sea-ice	mean	state	and	variability86.	335	

From an energy‐budget perspective, the internal variability of shortwave radiation 336	

(Supplementary Fig. 4), together with that of albedo (Supplementary Fig. 5), closely follows 337	

the variability of sea ice, consistent with previous studies showing a strong correspondence 338	

between absorbed shortwave radiation, ice melt, and the position of the ice edge87.	As	 the	339	

distribution	of	sea	ice	can	affect	the	Earth’s	energy	budget30,	the	shifting	of	the	sea-ice	340	

spatial	pattern	associated	with	internal	variability	changes	may	have	wider	implications	341	

for	 global	 energy	 budget	 variations.	 Other	 than	 the	 radiative	 component,	 the	342	

contributions	of	the	convergence	of	heat	transported	by	ocean	currents	and	atmospheric	343	

circulation87,88	are	not	examined	here	and	warrants	further	investigation.	Interestingly,	344	

oceanic	heat	transport	also	exhibits	an	asymmetrical	relationship	with	sea	ice	between	345	

the	 Arctic	 and	 Antarctic89,	 revealing	 its	 relevance	 to	 the	 contrasting	 sea-ice	 internal	346	

variability	changes	in	the	two	polar	regions.	347	

In	 this	 study,	 we	 also	 examine	 the	 large-scale	 atmospheric	 and	 oceanic	 patterns	348	

associated	with	the	changes	in	sea-ice	internal	variability	using	SEOF	analysis.	We	find	349	



that	 the	 NPO-like	 pattern	 in	 the	 atmosphere	 and	NPGO-like	 pattern	 in	 the	 ocean	 are	350	

associated	with	Arctic	sea-ice	internal	variability,	which	may	influence	or	be	influenced	351	

by	 the	 tropical	 Pacific	 via	 atmospheric	 pathways20,90-92.	 However,	 this	 Arctic-tropical	352	

teleconnection	greatly	weakens	after	2040s	when	global	warming	becomes	stronger,	as	353	

the	center	of	action	of	sea-ice	internal	variability	moves	toward	the	central	Arctic	Ocean.	354	

In	 contrast,	 the	 association	between	Antarctic	 sea-ice	 internal	 variability	 and	 tropical	355	

ocean	variability	grows	stronger	as	global	warming	continues.	It	seems	to	involve	a	wide	356	

range	of	tropical	variability	modes,	including	the	Indian	Ocean	Dipole	(IOD),	Pacific	sub-357	

decadal	SST	variability,	the	Interdecadal	Pacific	Oscillation	(IPO),	ENSO,	the	Atlantic	Niño,	358	

and	combinations	or	 inter-basin	 interactions	thereof93-97.	 Indeed,	when	applying	SEOF	359	

analysis	to	tropical	Pacific	SST	to	examine	whether	the	leading	SPCs	(Supplementary	Figs.	360	

12	and	13)	co-vary	with	the	SPCs	of	polar	sea	ice,	we	find	that	the	correlation	between	361	

tropical	 Pacific	 SST	 and	Antarctic	 sea-ice	 internal	 variability	 exhibits	 a	 positive	 trend	362	

under	 ongoing	 global	 warming,	 whereas	 no	 such	 trend	 is	 evident	 in	 the	 Arctic	363	

(Supplementary	Fig.	 14).	 This	 is	 consistent	with	previous	 studies	 showing	 that	 extra-364	

polar	influences	on	Antarctic	sea	ice	often	involve	substantial	oceanic	contributions15,70.	365	

Recent	 coupled	 model	 experiments	 further	 suggest	 that,	 as	 anthropogenic	 forcing	366	

intensifies,	the	influence	of	deep	convection	weakens,	while	the	Southern	Annular	Mode	367	

(SAM)	plays	an	 increasingly	prominent	role	 in	Antarctic	sea-ice	variability70.	Although	368	

the	 causality	 and	 linking	mechanisms	across	 timescales	need	 further	 clarification	and	369	

examination,	 our	 results	 suggest	 that	 the	 internally-driven	 Antarctic-tropical	370	

teleconnection	 intensifies	 in	 the	 upcoming	 decades,	 whereas	 the	 Arctic-tropical	371	

connection	recedes.		372	



Lastly,	using	satellite-derived	SIA	to	calculate	a	5-year	running	standard	deviation	as	an	373	

estimate	of	sea-ice	internal	variability	in	observations	(Supplementary	Fig.	15),	we	find	a	374	

significant	increasing	trend	only	in	the	Antarctic,	which	differs	from	the	results	based	on	375	

the	 CESM2-LE	 (Fig.	 1a,	 b).	 This	 discrepancy	 may	 arise	 because	 the	 observed	 record	376	

reflects	 a	 combination	 of	 externally	 forced	 changes	 and	 internal	 variability,	 requiring	377	

additional	methods	to	separate	these	components.	Interestingly,	when	performing	the	5-378	

year	 running	standard	deviation	analysis	 for	each	member	of	CESM2-LE,	 the	 range	of	379	

simulated	 Arctic	 SIA	 internal	 variability	 trends	 encompasses	 the	 observed	 trend	380	

(Supplementary	Fig.	15c),	indicating	the	observation	trend	may	not	occur	by	chance.	In	381	

contrast,	none	of	the	ensemble	members	of	CESM2-LE	can	capture	the	observed	Antarctic	382	

SIA	 internal	 variability	 trend	 (Supplementary	 Fig.	 15d),	 reflecting	 the	 remarkably	383	

unusual	sea-ice	decline	in	Antarctic	after	201637,38.	When	compared	with	satellite-based	384	

studies	employing	low-frequency	component	analysis	over	the	observational	period68,69,	385	

our	results	for	the	early	21st	century	are	consistent	both	in	terms	of	variability	magnitude	386	

and	the	spatial	distribution	of	dominant	variability.	In	the	Arctic,	regions	exhibiting	the	387	

strongest	internally-driven	variability	in	observations	from	1979	to	2021	-	particularly	388	

the	East	Siberian	and	Laptev	seas	-	coincide	with	the	locations	of	maximum	anomalies	389	

along	 the	 retreating	 ice	 edge	 identified	 in	 CESM2	 simulations	 (Fig.	 4).	 Similarly,	390	

observational	studies	 indicate	that	the	western	Antarctic	sector	exhibits	 large	 internal	391	

variability	over	the	1979–2022	period69,	a	feature	that	is	also	evident	in	our	SEOF	results	392	

based	on	CESM2	(Fig.	5).	 	Further	analysis	 is	needed	 to	understand	 the	origins	of	 the	393	

observation-model	consistency	or	discrepancy,	including	whether	it	may	arise	by	chance	394	

due	to	the	limited	sampling	of	internal	variability	in	the	short	observational	record.	395	



Methods.	396	

CESM2	historical,	future	projection,	and	single-forcing	large	ensembles	397	

We	 analyze	 simulations	 from	 the	 Community	 Earth	 System	 Model	 version	 2	 Large	398	

Ensemble	 (CESM2-LE)56,	 conducted	 by	 the	National	 Center	 for	Atmospheric	Research	399	

(NCAR).	 This	 suite	 of	 simulations	 includes	 a	 1400-year	 pre-industrial	 control	 run,	400	

historical	runs	driven	by	CMIP6	forcing	from	1850	to	2014,	and	projection	runs	under	401	

the	Shared	Socioeconomic	Pathway	(SSP)	3-7.0	forcing	scenario	after	2015.	The	spatial	402	

resolution	is	at	a	nominal	1°.	We	analyze	50	ensemble	members	with	smoothed	biomass	403	

burning	(SMBB)	emissions	to	avoid	discontinuities	in	the	biomass	burning	records,	which	404	

have	 been	 shown	 to	 cause	 rapid	 sea-ice	 decline98,99.	 Monthly	 output	 fields	 of	 sea-ice	405	

concentration	(SIC),	sea-level	pressure	(SLP),	and	sea-surface	temperature	(SST)	 from	406	

1850	to	2050	are	used	to	separate	internal	variability	from	the	forced	response.	The	sea-407	

ice	area	(SIA)	is	calculated	by	multiplying	SIC	over	the	ocean	grid	with	the	corresponding	408	

grid-cell	 area	 and	 summing	 over	 the	 Arctic	 (40°N-90°N)	 and	 Antarctic	 (50°S-90°S)	409	

domains	respectively.	A	threshold	of	15%	SIC	is	applied	to	define	the	sea-ice	edge65,92.	410	

We	additionally	use	simulations	from	the	CESM2	Single-Forcing	Large	Ensemble	project	411	

from	NCAR,	which	 employs	 the	 same	model	 configuration	 and	 forcings	 as	 the	CESM2	412	

Large	Ensemble	but	 isolates	 the	 roles	 of	 individual	 external	 forcings	 in	historical	 and	413	

future	changes98.	These	ensemble	members	were	initialized	in	1850	with	the	same	initial	414	

conditions	as	CESM2-LE.	In	each	experiment,	only	one	forcing	evolves	in	time,	following	415	

CMIP6	historical	forcing	prior	to	2015	and	SSP3-7.0	trajectory	thereafter,	while	all	other	416	

forcings	 are	 fixed	 at	 1850	 values.	 The	 single-forcing	 experiments	 include	well-mixed	417	

greenhouse	 gases	 (GHGs)	with	 15	members,	 anthropogenic	 aerosols	 (AAER)	with	 20	418	



members,	biomass	burning	aerosols	(BMB)	with	15	members,	and	“everything	else,”	(EE,	419	

i.e.,	all	other	forcings	including	volcanic	eruptions,	solar	irradiance	changes,	and	land-use	420	

changes)	with	15	members.	421	

	422	

CESM1	large	ensembles	and	CESM1.3	high-resolution	simulations	423	

To	test	the	robustness,	we	also	analyze	simulations	from	the	Community	Earth	System	424	

Model	version	1	Large	Ensemble	(CESM1-LE)	conducted	at	NCAR100.	This	dataset	consists	425	

of	a	40-member	ensemble	of	full-	coupled	CESM1	simulations	spanning	1920–2100	with	426	

a	 nominal	 1°	 spatial	 resolution.	 The	 simulations	 use	 historical	 radiative	 forcing	 up	 to	427	

2005,	 followed	 by	 the	 Representative	 Concentration	 Pathway	 (RCP)	 8.5	 scenario	428	

thereafter.	We	also	analyze	simulations	from	the	high-resolution	configuration	of	CESM	429	

version	 1.3	 (CESM1.3-HR),	 developed	 through	 the	 International	 Laboratory	 for	 High-430	

Resolution	Earth	System	Prediction	(iHESP),	a	collaboration	among	the	Qingdao	National	431	

Laboratory	for	Marine	Science	and	Technology	(QNLM),	Texas	A&M	University	(TAMU),	432	

and	NCAR63.	The	CESM1.3-HR	ensemble	 includes	10	members,	 initialized	 from	a	500-433	

year	 pre-industrial	 control	 run	 and	 integrated	 under	 1850–2005	 historical	 forcing	434	

followed	 by	 the	 2006–2100	 RCP8.5	 scenario.	 The	 simulations	 employ	 a	 nominal	435	

horizontal	resolution	of	0.25°	for	the	atmosphere	and	land	components,	together	with	a	436	

0.1°	 resolution	 for	 the	 ocean	 and	 sea-ice	 components.	 This	 dataset	 has	 been	 used	 in	437	

studying	the	amplified	Arctic	warming101	and	projecting	the	last	ice	area102.		438	

	439	

Single-model	initial-condition	large	ensembles	(SMILEs)	440	



We	 use	 four	 models	 from	 the	 suite	 of	 seven	 single-model	 initial-condition	 large	441	

ensembles	 (SMILEs)	 in	 consideration	 of	 the	 size	 of	 the	 ensemble	 to	 generate	 the	442	

ensemble	 spread	 that	 estimate	 the	 effect	 of	 internal	 variability:	 CSIRO-Mk3-6-0	 (30	443	

members)103,	GFDL-CM3	(20	members)104,	GFDL-ESM2M	(30	members)105,	and	MPI-ESM	444	

(100	members)106.	All	the	SMILE	simulations	are	forced	with	CMIP5	historical	forcing	up	445	

to	2005	and	the	RCP8.5	scenario	from	2006	to	2100.	SMILEs	have	been	utilized	to	study	446	

the	 seasonality	 and	 uncertainty	 of	 the	 Arctic	 amplification	 under	 GHG	 and	 aerosol	447	

forcings107	 and	 been	 shown	 to	 have	 good	 agreement	 with	 observations	 in	 terms	 of	448	

interannual	sea-ice	variability108.	449	

	450	

Detection	and	Attribution	Model	Intercomparison	Project	(DAMIP)		451	

The	Detection	and	Attribution	Model	Intercomparison	Project	(DAMIP)109	is	one	of	the	452	

project	under	CMIP6110.	We	use	two	datasets	contained	in	the	DAMIP	repository	as	they	453	

provide	 large-ensemble	members:	The	sixth	version	of	 the	Model	 for	 Interdisciplinary	454	

Research	on	Climate	(MIROC6;	50	members)	was	cooperatively	developed	by	a	Japanese	455	

modeling	community111	and	the	Canadian	Earth	System	Model	version	5	(CanESM5;	25	456	

members)	 is	 developed	 at	 the	 Canadian	 Centre	 for	 Climate	 Modelling	 and	 Analysis	457	

(CCCma)	 at	 Environment	 and	 Climate	 Change	 Canada	 (ECCC)112.	 Both	 of	 them	 are	458	

simulated	 with	 the	 CMIP6	 historical	 forcing	 before	 2014	 and	 the	 SSP	 2-4.5	 scenario	459	

thereafter	 till	 2100.	DAMIP	has	 been	used	 to	 quantify	 and	project	 the	 effect	 of	 single	460	

forcings	including	GHGs	and	anthropogenic	aerosols	on	Arctic	temperature113	and	Arctic	461	

sea-ice	loss114.	462	

	463	



Observational	data	464	

For	additional	comparison	analysis,	we	use	sea-ice	observations	from	the	National	Snow	465	

and	Ice	Data	Center	(NSIDC)	Sea	Ice	Index	Version	435	for	the	period	of	1979–2025.	The	466	

gridded	sea-ice	concentration	fields	are	derived	from	passive	microwave	imagery.	467	

	468	

Snapshot	empirical	orthogonal	function	analysis		469	

To	investigate	the	spatial	structure	of	internal	variability	and	its	evolution	under	global	470	

warming,	we	apply	 the	snapshot	empirical	orthogonal	 function	(SEOF)	analysis	 to	 the	471	

ensemble	simulations.	Unlike	traditional	EOF	analysis,	which	requires	a	subjective	choice	472	

of	a	temporal	window	and	may	be	sensitive	to	data	non-stationarity115,	SEOF	analysis	is	473	

performed	across	the	ensemble	dimension	at	each	individual	time	step.	Specifically,	the	474	

original	data	are	structured	as	a	four-dimensional	array	consisting	of	ensemble	members,	475	

time,	latitude,	and	longitude.	At	each	time	step,	the	instantaneous	ensemble	mean	(i.e.,	476	

the	 externally	 forced	 response)	 is	 removed	 and	 leaves	 only	 the	 internal	 variability	477	

component	of	the	field,	which	characterizes	the	set	of	potential	climate	states	permitted	478	

by	 the	 climate	 system	 at	 the	 given	 time	 instant74.	 To	 account	 for	 the	 convergence	 of	479	

meridians	and	the	varying	grid	areas	near	the	poles,	the	data	are	weighted	by	the	square	480	

root	of	the	cosine	of	latitude,	following	standard	EOF	analysis.		481	

For	 robustness	 and	 less	 influence	 of	 short-term	 fluctuations	 in	 individual	 ensemble	482	

members,	 we	 apply	 a	 5-year	 running	 time	window	 in	 the	 SEOF	 analysis	 similar	 to	 a	483	

previous	study74.	This	approach	increases	the	sample	size	at	each	time	step	from	50	to	484	

250	(i.e.,	5	years	×	50	ensemble	members),	the	resulting	spatial	patterns	are	assigned	to	485	

the	 central	 year	 of	 each	window.	 Consequently,	 although	 the	 original	 data	 span	 from	486	



1850	to	2050,	the	5-year	window	SEOF	results	cover	the	period	from	1852	to	2048.	We	487	

also	verify	the	possibility	of	mode	mixture	and	confirm	that	higher-order	modes	are	well	488	

separated	from	leading	modes	based	on	the	North	test116.	489	

The	 SEOF	 analysis	 is	 applied	 to	 SIC	 anomalies	 in	 the	 Arctic	 and	 Antarctic.	 For	 this	490	

purpose,	we	define	the	analysis	domains	as	40°N–90°N	for	the	Arctic	and	50°S–90°S	for	491	

the	Antarctic,	covering	the	full	latitudinal	range	of	sea	ice	presence.	Similar	to	traditional	492	

space-time	 EOF	 analysis,	 which	 produces	 mutually	 orthogonal	 spatial	 patterns	 and	493	

associated	temporal	principal	components	(PCs),	space-ensemble	SEOF	analysis	yields	494	

mutually	orthogonal	snapshot	EOF	patterns	(SEOFs)	and	their	corresponding	snapshot	495	

PCs	(SPCs)	across	the	ensemble	dimension.	The	SEOFs	represent	the	dominant	spatial	496	

structures	of	 internal	 variability	 at	 a	 given	 time	period,	while	 the	 SPCs	quantify	 their	497	

amplitude	and	sign	across	ensemble	members.	To	explore	large-scale	factors	associated	498	

with	sea-ice	variability,	we	regress	SLP	and	SST	anomaly	 fields	 (defined	as	deviations	499	

from	 their	 ensemble	 means)	 onto	 SPCs	 for	 each	 selected	 time	 period. Statistical	500	

significance	 is	determined	by	where	 regression	 coefficients	 are	 significant	 at	 the	0.05	501	

level	(p	≤	0.05)	based	on	a	two-sided	Student’s	t-test.	These	approaches	are	aiming	to	502	

reveal	large-scale	atmospheric	and	oceanic	linkages	associated	with	the	dominant	modes	503	

of	sea-ice	internal	variability,	and	how	these	patterns	evolve	over	time.	504	

	505	

Statistical	methods	506	

We	 use	 Pearson	 correlation	 analysis	 to	 quantify	 relationships	 between	 variables	 of	507	

interest.	 Correlation	 coefficients	 are	 considered	 statistically	 significant	 when	 the	508	

associated	p-value	is	less	than	0.05.	To	calculate	the	long-term	trend,	we	perform	a	least	509	



square	analysis.	The	trend	is	considered	statistically	significant	when	its	p-value	is	less	510	

0.05	based	on	the	two-sided Student’s t-test.	511	

	512	

Data	availability		513	

The	 simulation	 datasets	 used	 in	 this	 study	 can	 be	 downloaded	 on	 public	 websites.	514	

CESM2-LE:	 https://gdex.ucar.edu/datasets/d651056/.	 CESM2	 single	 forcings:	515	

https://gdex.ucar.edu/datasets/d651055/.	 CESM1-LE:	516	

https://www.cesm.ucar.edu/community-projects/lens/data-sets.	 CESM1.3-HR:	517	

https://ihesp.github.io/archive/products/ds_archive/Sunway_Runs.html.	 SMILEs:	518	

https://www.cesm.ucar.edu/community-projects/mmlea.	 DAMIP:	 	 https://esgf-519	

node.llnl.gov/projects/cmip6.	Sea-ice	observation	data	is	available	from	NSIDC	website:	520	

https://doi.org/10.7265/a98x-0f50.	521	
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Figures	554	

	555	

Fig.	1:	Time	series	and	trends	of	Arctic	and	Antarctic	sea-ice	 internal	variability	556	

from	1850	to	2050	simulated	 in	CESM2	Large	Ensembles.	a	Time	series	of	annual	557	



Arctic	 sea-ice	 area	 (SIA)	 internal	 variability	 (blue	 line),	 estimated	 as	 one	 standard	558	

deviation	across	ensemble	members.	The	grey	line	indicates	the	ensemble-mean	SIA,	and	559	

the	light	grey	shading	represents	the	ensemble	spread	(±1	standard	deviation).	b	Same	560	

as	a,	but	 for	Antarctic	SIA	internal	variability.	c	Monthly	Arctic	SIA	internal	variability	561	

(color	shading),	overlaid	with	ensemble-mean	SIA	values	(black	contours)	and	the	ice-562	

free	condition	(SIA	<	1	million	km²)	is	indicated	by	the	red	contour	(left	panel).	The	right	563	

panel	shows	 the	 linear	 trend	 from	1970	 to	2050	 for	each	month	(bars).	Hatched	bars	564	

indicate	statistically	significant	trends,	and	the	5–95%	confidence	intervals	are	shown	by	565	

horizontal	lines.	d	Same	as	c,	but	for	Antarctic	monthly	SIA	internal	variability.	566	

	567	

	568	

	569	

	570	

	571	

	572	

	573	



	574	

Fig. 2: The relationships between sea-ice internal variability and ensemble-mean sea-ice 575	

area (SIA) in summer seasons from 1850 to 2050. a Arctic SIA in August. b Arctic SIA in 576	

September. c Arctic SIA in October. d Antarctic SIA in January. e Antarctic SIA in February. 577	

f Antarctic SIA in March. Colors indicate the corresponding decade throughout the analysis 578	

period. A second-order polynomial fit is applied to the Arctic cases, whereas a linear fit is 579	

applied to the Antarctic cases. 580	



	581	

Fig.	 3:	 Spatial	 distributions	 of	 sea-ice	 concentration	 (SIC)	 internal	 variability,	582	

categorized	by	different	levels	of	ensemble-mean	sea-ice	area	(SIA)	in	the	Arctic	583	

and	Antarctic.	a	Arctic	ensemble-mean	SIA	>	6	million	km².	b	Arctic	ensemble-mean	SIA	584	

between	 2.5	 and	 4.5	 million	 km².	 c	 Arctic	 ensemble-mean	 SIA	 <	 1.5	 million	 km².	 d	585	

Antarctic	ensemble-mean	SIA	>	2.8	million	km².	e	Antarctic	ensemble-mean	SIA	between	586	

1.9	and	2.1	million	km².	f	Antarctic	ensemble-mean	SIA	<	1.0	million	km².	The	red	contour	587	

line	in	each	panel	indicates	the	sea-ice	edge,	defined	as	the	ensemble-mean	SIC	of	15%.	588	

	589	

	590	



	591	

Fig.	4:	Leading	mode	of	snapshot	empirical	orthogonal	function	(SEOF)	analysis	on	592	

Arctic	 sea-ice	 concentration	 (SIC)	averaged	over	August–October	period,	and	 its	593	

associated	 sea-level	pressure	 (SLP)	and	 sea-surface	 temperature	 (SST)	anomaly	594	

patterns.	a	The	regressed	spatial	pattern	of	the	 leading	SIC	SEOF	mode	during	1860–595	

1870.	The	green	contour	indicates	the	sea-ice	edge,	defined	as	the	ensemble-mean	SIC	of	596	

15%.	d	The	regression	map	of	SLP	onto	the	principal	component	of	the	leading	SIC	SEOF	597	

mode.	 Stippling	 indicates	 regions	 where	 the	 regression	 coefficient	 is	 statistically	598	

significant	(p	value	<	0.05)	in	at	least	7	of	the	10	years.	g	Same	as	d,	but	for	SST.	b,	e,	h	599	

and	 c,	 f,	 i	 are	 the	 same	 as	 a,	 d,	 g,	 but	 for	 the	 2000–2010	 and	 2038–2048	 periods,	600	

respectively.	601	

	602	

	603	

	604	

	605	



 	606	

Fig.	5:	Leading	mode	of	snapshot	empirical	orthogonal	function	(SEOF)	analysis	of	607	

Antarctic	 sea-ice	 concentration	 (SIC)	 averaged	 over	 January-March,	 and	 its	608	

associated	 sea	 level	pressure	 (SLP)	and	 sea-surface	 temperature	 (SST)	anomaly	609	

patterns.	a	The	regressed	spatial	pattern	of	the	 leading	SIC	SEOF	mode	during	1860–610	

1870.	The	green	contour	indicates	the	sea-ice	edge,	defined	as	the	ensemble-mean	SIC	of	611	

15%.	d	The	regression	map	of	SLP	onto	the	principal	component	of	the	leading	SIC	SEOF	612	

mode.	 Stippling	 indicates	 regions	 where	 the	 regression	 coefficient	 is	 statistically	613	

significant	(p	value	<	0.05)	in	at	least	7	of	the	10	years.	g	Same	as	d,	but	for	SST.	b,	e,	h	614	

and	 c,	 f,	 i	 are	 the	 same	 as	 a,	 d,	 g,	 but	 for	 the	 2000–2010	 and	 2038–2048	 periods,	615	

respectively.	616	

	617	
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