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High	resolution	reproductions	of	QEMScan	results	
	
	
	
	
	

Reduced	Mineral	Class	Maps	
Below	we	present	 full	 page	 reproductions	of	 the	QEMScan	datasets	 presented	 in	 Fig	 3.	 Figures	 S2-S4	
show	detailed	renderings	of	first	column	of	Fig	3,	which	details	the	minerology	key	to	understanding	the	
in-situ	weathering	 process.	 Figure	 S5	 presents	 a	 summary	 bar	 chart	 of	 the	 phase	 abundance	 for	 this	
mineral	set	based	on	the	mineral	classifications	shown	in	Table	S1.				

	



	

	
S1	Reduced	QEMScan	Mineral	Phase	map	QV1.17.	
	



	
	

S2	Reduced	QEMScan	Mineral	Phase	map	of		QV1.20.	
	



	

	
S3	reduced	QEMScan	Mineral	Phase	map	of		QV1.23.	
	



	
S4	Reduced	QEMScan	Mineral	Phase	map	of		QV1.37.	
	



	

	
	
	
	
	
	
	

	
	

	
S5	Comparative	chart	of	Reduced	QEMScan	Mineral	modal	abundances	based	on	pixel	count	per	
class.		Pixels	of	the	Background,	Unclassified	and	Other	categories	are	not	presented	in	the	chart	but	
are	summarized	in	Table	S1.	
	
	



Comprehensive	Mineral	Maps	
Below	 we	 present	 full	 page	 reproductions	 of	 the	 Comprehensive	 QEMScan	 Mineral	 classifications	
datasets.	 (Figures	 S6-S9)	 We	 present	 the	 Reduced	 Mineralogy	 in	 the	 manuscript	 as	 it	 is	 easier	 to	
understand	the	relationships	between	the	phases	principally	involved	in	the	transport	of	Fe.	Figure	S10	
presents	a	summary	bar	chart	of	the	phase	abundance	for	the	mineral	classes	presented	in	these	maps	
based	on	the	values	summarized	in	Table	S2.				

	



	
S6	Comprehensive	QEMScan	Mineral	Phase	map	of		QV1.17.	

	



	



	 	
S7	Comprehensive	QEMScan	Mineral	Phase	map	of		QV1.20.	

	



	
S8	Comprehensive	QEMScan	Mineral	Phase	map	of		QV1.23.	

	



	



	
S9	Comprehensive	QEMScan	Mineral	Phase	map	of		QV1.37.	

	



	



	

	
S10	Comparative	chart	of	Comprehensive	QEMScan	Mineral	modal	abundances	based	on	pixel	count	per	class.		
Pixels	of	the	Background,	Unclassified	and	Other	categories	are	not	presented	in	the	chart	but	are	summarized	in	
Table	S2.	

	



Iron	Weight	Percent	Maps	
Figures	S	



	
S11	QEMScan	Fe	wt%	map	of		QV1.17.	
	



	



	

	
S12	QEMScan	Fe	wt%	map	of		QV1.20.	



	

	
S13	QEMScan	Fe	wt%	map	of		QV1.23.	



	
S14	QEMScan	Fe	wt%	map	of		QV1.37.	



	
	
	
	
	
	

Data-driven	 Microanalysis	 –	 Energy	 Dispersive	 Spectroscopy	 and	
Microstructural	Verification	
Top	down	EDS	and	BSE	analysis	
	
	
	
	 The	energy	dispersive	spectroscopic	(EDS)	map	acquired	to	produce	the	phase	map	in	Figure	4b,	
is	statistically	dense	collection	of	correlated	chemical	composition	measurements.	The	map	consists	of	
154	 by	 152	 pixels	 (17	 	 by	 21	 nm	 in	 size)	 	 where	 each	 pixel	 records	 a	 characteristic	 x-ray	 spectrum	
generated	 by	 the	 sample’s	 interaction	 with	 the	 20	 kV	 electron	 beam	 from	 the	 scanning	 electron	
microscope	 (SEM).	 	 Each	 of	 these	 spectra	 are	 discretized	 by	 the	 spectrometer	 into	 a	 1024	 energy	
channels,	resulting	in	a	data	set	which	can	now	be	considered	to	consist	of	23,712	trials	each	containing	
1024	 recorded	 variables.	 	 A	 dataset	 of	 this	 many	 measurements	 does	 not	 lend	 itself	 to	 traditional	
methods	developed	around	detailed	analysis	of	a	small	number	of	desecrate	spectra.	 Instead	we	have	
developed	 a	 workflow	 which	 leverages	 the	 high	 dimensionality	 of	 the	 collected	 data,	 allowing	 us	 to	
apply	a	set	of	machine	learning	algorithms	to	recover	the	four	mineral	phases	we	report.	
	

Our	workflow		adapts	the	methods	of	Martineau	et	al.1	and	applies	them	directly	for	use	on	EDS	
data.	 The	 data	 is	 processed	 using	 opensource	 Python	 libraries2–4	 and	 the	 final	 Jupyter	 notebook	 is	
published	 on	 Github	 public	 accessible	 domain	 (see	 the	 below	 Supporting	 Information	 S2).	 The	 raw	
spectrographic	data	from	the	Oxford	Instruments	is	loaded	offline	using	the	Hyperspy	library,	where	the	
energy	and	spatial	dimensions	are	calibrated	and	stored	in	the	resulting	HDF5	file.		We	unwrap	the	x,y-
spatial	 arrangement	 of	 the	 map	 to	 vectorize	 the	 dataset.	 	 As	 each	 energy	 channel	 (of	 2048)	 is	 the	
variable	which	is	being	analyzed	we		preprocess	them	by	centering	and	scaling	to	a	component	wise	unit	
variance.	Singular	value	decomposition	(SVD),	a	form	of	principal	component	analysis	(PCA)	produces	an	
initial	 dimensional	 reduction.	 The	 resulting	 components	 are	 now	 combinations	 of	 the	 2048	 energy	
channels,	which	resemble	denoised	EDS	spectra,	however,	due	to	the	mathematically	pure	nature	of	the	
SVD	 algorithm	 employed,	 these	 spectra	 possess	 unphysical	 artifacts	 such	 as	 negative	 intensities.	 The	
first	three	components	explain	25%	of	the	total	variance	in	the	dataset,	we	select	these	components	as	
a	new	basis	for	exploring	the	data	space.		All	the	higher	order	components	contribute	0.5%	or	less	to	the	
overall	 variance	 and	 upon	 inspection,	 can	 be	 seen	 to	 be	 associated	 with	 background	 noise.	 	 SVD	
performs	a	 linear	decomposition	on	the	original	EDS	data,	 resulting	 in	 loading	weights	 for	each	of	 the	
three	 orthogonal	 components	 which	 describe	 a	 new	 abstract	 dataspace.	 We	 do	 not	 present	 these	
mathematical	 spectra,	as	 they	do	not	help	us	understand	the	nature	of	 the	minerals	being	measured.		
Instead,	we	 focus	on	understanding	 the	 relationships	between	 the	 individual	points	 in	 the	data	set	as	
they	are	transformed	by	reprojection	into	the	dataspace	described	by	these	three	spectral/	component	
axes.		
	

As	noted	above	through	the	process	of	linear	decomposition,	SVD	assigns	weights	to	signify	the	
amount	of	each	of	the	new	components	contribute	to	the	spectra	measured	at	a	single	pixel	in	the	EDS	



map.		These	weights	are	coordinates	of	each	of	the	pixels	in	the	resulting	three-dimensional	dataspace,	
described	by	first	three	components	from	the	SVD	analysis.		By	plotting	out	each	point	in	the	EDS	data	
using	these	coordinates	(Figure	S1a)	it	is	possible	to	see	that	the	points	form	clusters.	The	most	striking	
feature	of	examining	 the	data	points	 in	 the	dataspace,	 is	how	the	 relationship	between	cluster	nodes	
and	intermediary	points	begin	to	take	on	a	topology	that	from	certain	projections	resembles	a	ternary	
phase	diagram	between	minerals.	 	We	use	a	fuzzy	c-means	clustering	algorithm	to	assign	each	point	a	
membership	in	every	cluster	1	which	allows	us	to	accommodate	the	dispersed	and	non-spherical	nature	
of	these	clusters.	Fuzzy	c-means	additionally	has	the	property	that	a	membership	score	of	50%	or	higher	
uniquely	 and	non-arbitrability	 associates	 a	pixel	 principally	with	 a	unique	 cluster.	 Iteratively	 exploring	
the	 number	 of	 clusters	 and	 visual	 inspection	 of	 the	 reprojection	 of	 the	 membership	 criteria	
demonstrated	that	four	clusters	were	the	optimal	to	describe	the	minerals	present	in	the	EDS	data.		
	
Once	we	 have	 assigned	 a	 cluster	membership	 score	 to	 each	 point	 in	 the	 dataset,	we	 reproject	 these	
scores	back	onto	the	original	arrangement	of	the	pixels.	Using	the	50%	membership	criteria	to	segment	
the	membership	maps	produces	the	phase	map	seen	in	Fig	4b.	We	have	color	coded	the	clusters	in	Fig	
S1a	to	match	the	phase	map	seen	in	Fig	4b.	 	Similarly,	by	using	these	membership	criteria	we	average	
the	 spectra	 from	 the	pixels	which	meet	 the	membership	 criteria	 (Fig	 S1b).	 These	 average	 spectra	 are	
quantified	using	the	Bruker	software	Esprit	2.0,	where	their	 implementations	of	the	PB-ZAF	and	φ(ρ,z)	
methods.	 The	 PB-ZAF	 algorithm	 implemented	 in	 the	 Esprit	 software	 is	 a	 model-based	 method	 for	
standardless	 quantification,	 based	 on	 comparing	 elemental	 peak	 height	 to	 the	 bremsstrahlung	
background	signal.5	Additionally,	Esprit	supports	quantification	using	the	φ(ρ,z)	algorithm,		using	a	first	
principles	 approach	 to	 model	 electron	 and	 x-ray	 interactions	 between	 multiple	 elements.6–9	
Comparisons	of	both	methods	are	discussed	extensively	in	Reed	(2005)	and	Goldstein	et	al	(2018).	The	
atomic	percent	contributions	for	each	element	measured	are	summarized	in	Table	S3.	We	carry	through	
the	conversion	into	mineral	formula	by	computing	the	weight	percent	oxide	(Table	S4)	and	using	that	to	
determine	 the	 cation	 balances	 (Table	 S5).	 The	 quantification	 differences	 between	 the	 two	 models	
demonstrates	how	the	two	methods	account	for	the	ZAF-correction	differently.					These	errors	are	not	
significant	since	they	do	not	affect	our	overall	classification	of	the	phases.		We	do	not	have	evidence	to	
classify	the	Fe-rich	as	a	specific	iron-oxide,	so	we	do	not	carry	forward	any	calculations	of	the	Fe2+/Fe3+	
proportions	currently.			
	
Both	 our	 sphene	 and	 chlorite	 spectra	 quantify	 to	 produce	 mineral	 formula	 which	 do	 not	 differ	
unexpectedly	from	ideal	compositions.	The	 ilmenite	phase	contains	small	amounts	of	Si	and	Ca.	These	
likely	are	coming	from	the	low-density	phases	that	can	be	observed	in	Fig	S2.	Both	Figs	4ai	and	Fig	S16	
demonstrate	that	the	ilmenite	grain	is	overgrown	with	sphene	resulting	from	the	seasonal	weathering.	
We	observe	that	this	results	in	mico-inclusions	of	sphene	inside	the	ilmenite	highlighted	by	the	orange	
arrows	in	Fig	S16.		Due	to	the	beam	interaction	volume	and	overall	probe	size	used	for	the	EDS	mapping,	
these	 low-density	 inclusions	are	only	hinted	at	 in	the	20	kV	BSE	 image	collected	 in	parallel	 to	the	EDS	
map	 (Fig	S17).	 	The	beam	 interaction	volume	has	 several	other	effects	besides	blurring	and	obscuring	
features	 in	a	BSE	 image.	Classical	EDS	analysis	would	suggest	that	 in	an	EDS	map	the	pixel	size	should	
not	 go	below	1	µm	 in	order	 to	avoid	mixing	or	oversampling	of	 signals	between	neighboring	 spectra.		
Here	we	leverage	the	properties	of	machine	 learning	to	use	these	oversampling	artifacts	to	reveal	 the	
weak	 signals	 associated	 with	 Fe-Oxide	 nanophase	 which	 are	 not	 spatially	 resolvable.	 For	 the	 cross-
section	surface,	this	allows	us	to	highlight	the	presence	of	Fe-enrichment	in	the	lower	right	corner	of	the	
surface,	where	 the	 chlorite	possesses	a	higher	density	of	 amorphous	and	porous	weathering	 reaction	
fronts	highlighted	by	 the	blue	arrows	 in	 Fig	 S16.	 	Due	 to	 limitations	of	EDS	and	our	machine	 learning	
tools,	we	do	not	have	enough	information	to	conclude	that	this	Fe-rich	phase	is	magnetite,	but	we	used	
magnetite	as	a	template	for	determining	a	mineral	formula	for	the	phase.		
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S2.	 	 We	 push	 the	 python	 code	 and	 documentation	 via	 Github	 public	 access	 domain:	
https://github.com/MAG-tominaga/GRL_SupportingInfo_S2_ForReviewers

	

	
S15	(a)	projection	of	the	EDS	data	into	the	three-dimensional	data	space	described	by	three	principal	
components.	Points	are	colored	by	membership	in	one	of	four	clusters.	These	have	been	named	based	on	EDS	
quantification.	(b)	Average	phase	spectra	extracted	from	EDS	map	based	on	membership	criteria.		
	



	

	
S16	3	kV	BSE	image	of	Oxide-Chlorite	interface.	Full	resolution	reproduction	of	Fig	4c.	Dark	blue	arrows	
have	been	added	to	highlight	low	density	reaction	fronts	lacing	through	the	chlorite.		There	is	a	higher	
density	of	these	features	towards	the	bottom	of	the	cross	section	surface	comapred	to	the	top.	Orange	
arrows	highlight	lower	desnity	phases	in	the	Rutile	grain.		Additionally,	the	rutile	grain	posess	a	largre	
volume	of	porosity	which	is	apparent	in	this	BSE	image.	

	



	
	
	
	
	
	
	
	

	
S17	20	kV	BSE	image	of	cross	section	face	(17	nm	pixel	size).	

	



Compositional	Tables	
	
Table	S1.	Reduced	Mineral	list	QEMScan	modal	mineralogy	based	on	individual	pixel	
classifications	or	each	of	the	QV	samples.	Percentages	calculated	on	total	measured	pixels.	
Used	to	generate	categories	in	for	Figs	S1-S5.	

	



	
 
Table	S2.	Comprehensive	QEMScan	modal	mineralogy	based	on	 individual	pixel	classifications	
or	each	of	the	QV	samples.	Percentages	calculated	on	total	measured	pixels.	These	categories	
are	used	to	generate	Figures	S6-S10.	

	



	
	
	 		 	
Table	 S3.	 QEMScan	 Relative	 Fe	weight	 percent	 estimates	 for	 the	QV	well	 samples	 based	 on	
pixel	data.		

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
 
 
 
Tables	 S4	 Normalized	 Elemental	 Atomic	 percentages.	 	 Standardless	 EDS	 quantification	 was	
calculated	 using	 the	 Bruker	 ESPRIT	 2.0	 software,	 and	 applying	 both	 their	 P/B-ZAF-Oxides	
algorithm	and	the	φ(ρ,z)	methods.	
 

	



 
Table	S5	Weight	Percent	Oxides.		Atomic	percentages	were	used	to	determine	oxide	weight	
percentages,	based	on	assumed	mineral	ids.	For	Fe-rich	phase,	this	was	compared	against	
magnetite.		
 

	



Table	 S6	 Mineral	 stoichiometry.	 Weight	 percent	 oxides	 (S4)	 are	 used	 to	 compare	 against	
accepted	 stoichiometries	 for	 assumed	 mineral	 ids.	 	 Fe-rich	 phase	 was	 compared	 against	
magnetite	as	reference	iron	oxide.	
 
 

	


