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How	to	run	a	t	test

Statistical	hypothesis	test	Student's	t-test	is	a	statistical	test	used	to	test	whether	the	difference	between	the	response	of	two	groups	is	statistically	significant	or	not.	It	is	any	statistical	hypothesis	test	in	which	the	test	statistic	follows	a	Student's	t-distribution	under	the	null	hypothesis.	It	is	most	commonly	applied	when	the	test	statistic	would	follow	a
normal	distribution	if	the	value	of	a	scaling	term	in	the	test	statistic	were	known	(typically,	the	scaling	term	is	unknown	and	is	therefore	a	nuisance	parameter).	When	the	scaling	term	is	estimated	based	on	the	data,	the	test	statistic—under	certain	conditions—follows	a	Student's	t	distribution.	The	t-test's	most	common	application	is	to	test	whether
the	means	of	two	populations	are	significantly	different.	In	many	cases,	a	Z-test	will	yield	very	similar	results	to	a	t-test	because	the	latter	converges	to	the	former	as	the	size	of	the	dataset	increases.	William	Sealy	Gosset,	who	developed	the	"t-statistic"	and	published	it	under	the	pseudonym	of	"Student"	The	term	"t-statistic"	is	abbreviated	from
"hypothesis	test	statistic".[1]	In	statistics,	the	t-distribution	was	first	derived	as	a	posterior	distribution	in	1876	by	Helmert[2][3][4]	and	Lüroth.[5][6][7]	The	t-distribution	also	appeared	in	a	more	general	form	as	Pearson	type	IV	distribution	in	Karl	Pearson's	1895	paper.[8]	However,	the	t-distribution,	also	known	as	Student's	t-distribution,	gets	its
name	from	William	Sealy	Gosset,	who	first	published	it	in	English	in	1908	in	the	scientific	journal	Biometrika	using	the	pseudonym	"Student"[9][10]	because	his	employer	preferred	staff	to	use	pen	names	when	publishing	scientific	papers.[11]	Gosset	worked	at	the	Guinness	Brewery	in	Dublin,	Ireland,	and	was	interested	in	the	problems	of	small
samples	–	for	example,	the	chemical	properties	of	barley	with	small	sample	sizes.	Hence	a	second	version	of	the	etymology	of	the	term	Student	is	that	Guinness	did	not	want	their	competitors	to	know	that	they	were	using	the	t-test	to	determine	the	quality	of	raw	material.	Although	it	was	William	Gosset	after	whom	the	term	"Student"	is	penned,	it	was
actually	through	the	work	of	Ronald	Fisher	that	the	distribution	became	well	known	as	"Student's	distribution"[12]	and	"Student's	t-test".	Gosset	devised	the	t-test	as	an	economical	way	to	monitor	the	quality	of	stout.	The	t-test	work	was	submitted	to	and	accepted	in	the	journal	Biometrika	and	published	in	1908.[9]	Guinness	had	a	policy	of	allowing
technical	staff	leave	for	study	(so-called	"study	leave"),	which	Gosset	used	during	the	first	two	terms	of	the	1906–1907	academic	year	in	Professor	Karl	Pearson's	Biometric	Laboratory	at	University	College	London.[13]	Gosset's	identity	was	then	known	to	fellow	statisticians	and	to	editor-in-chief	Karl	Pearson.[14]	A	one-sample	Student's	t-test	is	a
location	test	of	whether	the	mean	of	a	population	has	a	value	specified	in	a	null	hypothesis.	In	testing	the	null	hypothesis	that	the	population	mean	is	equal	to	a	specified	value	μ0,	one	uses	the	statistic	t	=	x	¯	−	μ	0	s	/	n	,	{\displaystyle	t={\frac	{{\bar	{x}}-\mu	_{0}}{s/{\sqrt	{n}}}},}	where	x	¯	{\displaystyle	{\bar	{x}}}	is	the	sample	mean,	s	is	the
sample	standard	deviation	and	n	is	the	sample	size.	The	degrees	of	freedom	used	in	this	test	are	n	−	1.	Although	the	parent	population	does	not	need	to	be	normally	distributed,	the	distribution	of	the	population	of	sample	means	x	¯	{\displaystyle	{\bar	{x}}}	is	assumed	to	be	normal.	By	the	central	limit	theorem,	if	the	observations	are	independent
and	the	second	moment	exists,	then	t	{\displaystyle	t}	will	be	approximately	normal	N	(	0	,	1	)	{\textstyle	{\mathcal	{N}}(0,1)}	.	Type	I	error	of	unpaired	and	paired	two-sample	t-tests	as	a	function	of	the	correlation.	The	simulated	random	numbers	originate	from	a	bivariate	normal	distribution	with	a	variance	of	1.	The	significance	level	is	5%	and	the
number	of	cases	is	60.	Power	of	unpaired	and	paired	two-sample	t-tests	as	a	function	of	the	correlation.	The	simulated	random	numbers	originate	from	a	bivariate	normal	distribution	with	a	variance	of	1	and	a	deviation	of	the	expected	value	of	0.4.	The	significance	level	is	5%	and	the	number	of	cases	is	60.	A	two-sample	location	test	of	the	null
hypothesis	such	that	the	means	of	two	populations	are	equal.	All	such	tests	are	usually	called	Student's	t-tests,	though	strictly	speaking	that	name	should	only	be	used	if	the	variances	of	the	two	populations	are	also	assumed	to	be	equal;	the	form	of	the	test	used	when	this	assumption	is	dropped	is	sometimes	called	Welch's	t-test.	These	tests	are	often
referred	to	as	unpaired	or	independent	samples	t-tests,	as	they	are	typically	applied	when	the	statistical	units	underlying	the	two	samples	being	compared	are	non-overlapping.[15]	Two-sample	t-tests	for	a	difference	in	means	involve	independent	samples	(unpaired	samples)	or	paired	samples.	Paired	t-tests	are	a	form	of	blocking,	and	have	greater
power	(probability	of	avoiding	a	type	II	error,	also	known	as	a	false	negative)	than	unpaired	tests	when	the	paired	units	are	similar	with	respect	to	"noise	factors"	(see	confounder)	that	are	independent	of	membership	in	the	two	groups	being	compared.[16]	In	a	different	context,	paired	t-tests	can	be	used	to	reduce	the	effects	of	confounding	factors	in
an	observational	study.	The	independent	samples	t-test	is	used	when	two	separate	sets	of	independent	and	identically	distributed	samples	are	obtained,	and	one	variable	from	each	of	the	two	populations	is	compared.	For	example,	suppose	we	are	evaluating	the	effect	of	a	medical	treatment,	and	we	enroll	100	subjects	into	our	study,	then	randomly
assign	50	subjects	to	the	treatment	group	and	50	subjects	to	the	control	group.	In	this	case,	we	have	two	independent	samples	and	would	use	the	unpaired	form	of	the	t-test.	Main	article:	Paired	difference	test	Paired	samples	t-tests	typically	consist	of	a	sample	of	matched	pairs	of	similar	units,	or	one	group	of	units	that	has	been	tested	twice	(a
"repeated	measures"	t-test).	A	typical	example	of	the	repeated	measures	t-test	would	be	where	subjects	are	tested	prior	to	a	treatment,	say	for	high	blood	pressure,	and	the	same	subjects	are	tested	again	after	treatment	with	a	blood-pressure-lowering	medication.	By	comparing	the	same	patient's	numbers	before	and	after	treatment,	we	are	effectively
using	each	patient	as	their	own	control.	That	way	the	correct	rejection	of	the	null	hypothesis	(here:	of	no	difference	made	by	the	treatment)	can	become	much	more	likely,	with	statistical	power	increasing	simply	because	the	random	interpatient	variation	has	now	been	eliminated.	However,	an	increase	of	statistical	power	comes	at	a	price:	more	tests
are	required,	each	subject	having	to	be	tested	twice.	Because	half	of	the	sample	now	depends	on	the	other	half,	the	paired	version	of	Student's	t-test	has	only	⁠n/2⁠	−	1	degrees	of	freedom	(with	n	being	the	total	number	of	observations).	Pairs	become	individual	test	units,	and	the	sample	has	to	be	doubled	to	achieve	the	same	number	of	degrees	of
freedom.	Normally,	there	are	n	−	1	degrees	of	freedom	(with	n	being	the	total	number	of	observations).[17]	A	paired	samples	t-test	based	on	a	"matched-pairs	sample"	results	from	an	unpaired	sample	that	is	subsequently	used	to	form	a	paired	sample,	by	using	additional	variables	that	were	measured	along	with	the	variable	of	interest.[18]	The
matching	is	carried	out	by	identifying	pairs	of	values	consisting	of	one	observation	from	each	of	the	two	samples,	where	the	pair	is	similar	in	terms	of	other	measured	variables.	This	approach	is	sometimes	used	in	observational	studies	to	reduce	or	eliminate	the	effects	of	confounding	factors.	Paired	samples	t-tests	are	often	referred	to	as	"dependent
samples	t-tests".	[dubious	–	discuss]	Most	test	statistics	have	the	form	t	=	Z/s,	where	Z	and	s	are	functions	of	the	data.	Z	may	be	sensitive	to	the	alternative	hypothesis	(i.e.,	its	magnitude	tends	to	be	larger	when	the	alternative	hypothesis	is	true),	whereas	s	is	a	scaling	parameter	that	allows	the	distribution	of	t	to	be	determined.	As	an	example,	in	the
one-sample	t-test	t	=	Z	s	=	X	¯	−	μ	σ	^	/	n	,	{\displaystyle	t={\frac	{Z}{s}}={\frac	{{\bar	{X}}-\mu	}{{\hat	{\sigma	}}/{\sqrt	{n}}}},}	where	X	¯	{\displaystyle	{\bar	{X}}}	is	the	sample	mean	from	a	sample	X1,	X2,	…,	Xn,	of	size	n,	s	is	the	standard	error	of	the	mean,	σ	^	=	1	n	−	1	∑	i	(	X	i	−	X	¯	)	2	{\displaystyle	{\hat	{\sigma	}}={\sqrt	{{\frac	{1}
{n-1}}\sum	_{i}(X_{i}-{\bar	{X}})^{2}}}}	is	the	estimate	of	the	standard	deviation	of	the	population,	and	μ	is	the	population	mean.	The	assumptions	underlying	a	t-test	in	the	simplest	form	above	are	that:	X	follows	a	normal	distribution	with	mean	μ	and	variance	σ2/n.	s2(n	−	1)/σ2	follows	a	χ2	distribution	with	n	−	1	degrees	of	freedom.	This
assumption	is	met	when	the	observations	used	for	estimating	s2	come	from	a	normal	distribution	(and	i.i.d.	for	each	group).	Z	and	s	are	independent.	In	the	t-test	comparing	the	means	of	two	independent	samples,	the	following	assumptions	should	be	met:	The	means	of	the	two	populations	being	compared	should	follow	normal	distributions.	Under
weak	assumptions,	this	follows	in	large	samples	from	the	central	limit	theorem,	even	when	the	distribution	of	observations	in	each	group	is	non-normal.[19]	If	using	Student's	original	definition	of	the	t-test,	the	two	populations	being	compared	should	have	the	same	variance	(testable	using	F-test,	Levene's	test,	Bartlett's	test,	or	the	Brown–Forsythe
test;	or	assessable	graphically	using	a	Q–Q	plot).	If	the	sample	sizes	in	the	two	groups	being	compared	are	equal,	Student's	original	t-test	is	highly	robust	to	the	presence	of	unequal	variances.[20]	Welch's	t-test	is	insensitive	to	equality	of	the	variances	regardless	of	whether	the	sample	sizes	are	similar.	The	data	used	to	carry	out	the	test	should	either
be	sampled	independently	from	the	two	populations	being	compared	or	be	fully	paired.	This	is	in	general	not	testable	from	the	data,	but	if	the	data	are	known	to	be	dependent	(e.g.	paired	by	test	design),	a	dependent	test	has	to	be	applied.	For	partially	paired	data,	the	classical	independent	t-tests	may	give	invalid	results	as	the	test	statistic	might	not
follow	a	t	distribution,	while	the	dependent	t-test	is	sub-optimal	as	it	discards	the	unpaired	data.[21]	Most	two-sample	t-tests	are	robust	to	all	but	large	deviations	from	the	assumptions.[22]	For	exactness,	the	t-test	and	Z-test	require	normality	of	the	sample	means,	and	the	t-test	additionally	requires	that	the	sample	variance	follows	a	scaled	χ2
distribution,	and	that	the	sample	mean	and	sample	variance	be	statistically	independent.	Normality	of	the	individual	data	values	is	not	required	if	these	conditions	are	met.	By	the	central	limit	theorem,	sample	means	of	moderately	large	samples	are	often	well-approximated	by	a	normal	distribution	even	if	the	data	are	not	normally	distributed.
However,	the	sample	size	required	for	the	sample	means	to	converge	to	normality	depends	on	the	skewness	of	the	distribution	of	the	original	data.	The	sample	can	vary	from	30	to	100	or	higher	values	depending	on	the	skewness.[23][24]	For	non-normal	data,	the	distribution	of	the	sample	variance	may	deviate	substantially	from	a	χ2	distribution.
However,	if	the	sample	size	is	large,	Slutsky's	theorem	implies	that	the	distribution	of	the	sample	variance	has	little	effect	on	the	distribution	of	the	test	statistic.	That	is,	as	sample	size	n	{\displaystyle	n}	increases:	n	(	X	¯	−	μ	)	→	d	N	(	0	,	σ	2	)	{\displaystyle	{\sqrt	{n}}({\bar	{X}}-\mu	)\xrightarrow	{d}	N(0,\sigma	^{2})}	as	per	the	Central	limit
theorem,	s	2	→	p	σ	2	{\displaystyle	s^{2}\xrightarrow	{p}	\sigma	^{2}}	as	per	the	law	of	large	numbers,	∴	n	(	X	¯	−	μ	)	s	→	d	N	(	0	,	1	)	{\displaystyle	\therefore	{\frac	{{\sqrt	{n}}({\bar	{X}}-\mu	)}{s}}\xrightarrow	{d}	N(0,1)}	.	Explicit	expressions	that	can	be	used	to	carry	out	various	t-tests	are	given	below.	In	each	case,	the	formula	for	a	test
statistic	that	either	exactly	follows	or	closely	approximates	a	t-distribution	under	the	null	hypothesis	is	given.	Also,	the	appropriate	degrees	of	freedom	are	given	in	each	case.	Each	of	these	statistics	can	be	used	to	carry	out	either	a	one-tailed	or	two-tailed	test.	Once	the	t	value	and	degrees	of	freedom	are	determined,	a	p-value	can	be	found	using	a
table	of	values	from	Student's	t-distribution.	If	the	calculated	p-value	is	below	the	threshold	chosen	for	statistical	significance	(usually	the	0.10,	the	0.05,	or	0.01	level),	then	the	null	hypothesis	is	rejected	in	favor	of	the	alternative	hypothesis.	Suppose	one	is	fitting	the	model	Y	=	α	+	β	x	+	ε	,	{\displaystyle	Y=\alpha	+\beta	x+\varepsilon	,}	where	x	is
known,	α	and	β	are	unknown,	ε	is	a	normally	distributed	random	variable	with	mean	0	and	unknown	variance	σ2,	and	Y	is	the	outcome	of	interest.	We	want	to	test	the	null	hypothesis	that	the	slope	β	is	equal	to	some	specified	value	β0	(often	taken	to	be	0,	in	which	case	the	null	hypothesis	is	that	x	and	y	are	uncorrelated).	Let	α	^	,	β	^	=	least-squares
estimators	,	S	E	α	^	,	S	E	β	^	=	the	standard	errors	of	least-squares	estimators	.	{\displaystyle	{\begin{aligned}{\hat	{\alpha	}},{\hat	{\beta	}}&={\text{least-squares	estimators}},\\SE_{\hat	{\alpha	}},SE_{\hat	{\beta	}}&={\text{the	standard	errors	of	least-squares	estimators}}.\end{aligned}}}	Then	t	score	=	β	^	−	β	0	S	E	β	^	∼	T	n	−	2
{\displaystyle	t_{\text{score}}={\frac	{{\hat	{\beta	}}-\beta	_{0}}{SE_{\hat	{\beta	}}}}\sim	{\mathcal	{T}}_{n-2}}	has	a	t-distribution	with	n	−	2	degrees	of	freedom	if	the	null	hypothesis	is	true.	The	standard	error	of	the	slope	coefficient:	S	E	β	^	=	1	n	−	2	∑	i	=	1	n	(	y	i	−	y	^	i	)	2	∑	i	=	1	n	(	x	i	−	x	¯	)	2	{\displaystyle	SE_{\hat	{\beta	}}={\frac
{\sqrt	{\displaystyle	{\frac	{1}{n-2}}\sum	_{i=1}^{n}(y_{i}-{\hat	{y}}_{i})^{2}}}{\sqrt	{\displaystyle	\sum	_{i=1}^{n}(x_{i}-{\bar	{x}})^{2}}}}}	can	be	written	in	terms	of	the	residuals.	Let	ε	^	i	=	y	i	−	y	^	i	=	y	i	−	(	α	^	+	β	^	x	i	)	=	residuals	=	estimated	errors	,	SSR	=	∑	i	=	1	n	ε	^	i	2	=	sum	of	squares	of	residuals	.	{\displaystyle
{\begin{aligned}{\hat	{\varepsilon	}}_{i}&=y_{i}-{\hat	{y}}_{i}=y_{i}-({\hat	{\alpha	}}+{\hat	{\beta	}}x_{i})={\text{residuals}}={\text{estimated	errors}},\\{\text{SSR}}&=\sum	_{i=1}^{n}{{\hat	{\varepsilon	}}_{i}}^{2}={\text{sum	of	squares	of	residuals}}.\end{aligned}}}	Then	tscore	is	given	by	t	score	=	(	β	^	−	β	0	)	n	−	2	S	S	R	∑	i	=
1	n	(	x	i	−	x	¯	)	2	.	{\displaystyle	t_{\text{score}}={\frac	{({\hat	{\beta	}}-\beta	_{0}){\sqrt	{n-2}}}{\sqrt	{\frac	{SSR}{\sum	_{i=1}^{n}(x_{i}-{\bar	{x}})^{2}}}}}.}	Another	way	to	determine	the	tscore	is	t	score	=	r	n	−	2	1	−	r	2	,	{\displaystyle	t_{\text{score}}={\frac	{r{\sqrt	{n-2}}}{\sqrt	{1-r^{2}}}},}	where	r	is	the	Pearson	correlation
coefficient.	The	tscore,	intercept	can	be	determined	from	the	tscore,	slope:	t	score,intercept	=	α	β	t	score,slope	s	x	2	+	x	¯	2	,	{\displaystyle	t_{\text{score,intercept}}={\frac	{\alpha	}{\beta	}}{\frac	{t_{\text{score,slope}}}{\sqrt	{s_{\text{x}}^{2}+{\bar	{x}}^{2}}}},}	where	sx2	is	the	sample	variance.	Given	two	groups	(1,	2),	this	test	is	only
applicable	when:	the	two	sample	sizes	are	equal,	it	can	be	assumed	that	the	two	distributions	have	the	same	variance.	Violations	of	these	assumptions	are	discussed	below.	The	t	statistic	to	test	whether	the	means	are	different	can	be	calculated	as	follows:	t	=	X	¯	1	−	X	¯	2	s	p	2	n	,	{\displaystyle	t={\frac	{{\bar	{X}}_{1}-{\bar	{X}}_{2}}{s_{p}{\sqrt
{\frac	{2}{n}}}}},}	where	s	p	=	s	X	1	2	+	s	X	2	2	2	.	{\displaystyle	s_{p}={\sqrt	{\frac	{s_{X_{1}}^{2}+s_{X_{2}}^{2}}{2}}}.}	Here	sp	is	the	pooled	standard	deviation	for	n	=	n1	=	n2,	and	s	2X1	and	s	2X2	are	the	unbiased	estimators	of	the	population	variance.	The	denominator	of	t	is	the	standard	error	of	the	difference	between	two	means.
For	significance	testing,	the	degrees	of	freedom	for	this	test	is	2n	−	2,	where	n	is	sample	size.	This	test	is	used	only	when	it	can	be	assumed	that	the	two	distributions	have	the	same	variance	(when	this	assumption	is	violated,	see	below).	The	previous	formulae	are	a	special	case	of	the	formulae	below,	one	recovers	them	when	both	samples	are	equal
in	size:	n	=	n1	=	n2.	The	t	statistic	to	test	whether	the	means	are	different	can	be	calculated	as	follows:	t	=	X	¯	1	−	X	¯	2	s	p	⋅	1	n	1	+	1	n	2	,	{\displaystyle	t={\frac	{{\bar	{X}}_{1}-{\bar	{X}}_{2}}{s_{p}\cdot	{\sqrt	{{\frac	{1}{n_{1}}}+{\frac	{1}{n_{2}}}}}}},}	where	s	p	=	(	n	1	−	1	)	s	X	1	2	+	(	n	2	−	1	)	s	X	2	2	n	1	+	n	2	−	2	{\displaystyle
s_{p}={\sqrt	{\frac	{(n_{1}-1)s_{X_{1}}^{2}+(n_{2}-1)s_{X_{2}}^{2}}{n_{1}+n_{2}-2}}}}	is	the	pooled	standard	deviation	of	the	two	samples:	it	is	defined	in	this	way	so	that	its	square	is	an	unbiased	estimator	of	the	common	variance,	whether	or	not	the	population	means	are	the	same.	In	these	formulae,	ni	−	1	is	the	number	of	degrees	of
freedom	for	each	group,	and	the	total	sample	size	minus	two	(that	is,	n1	+	n2	−	2)	is	the	total	number	of	degrees	of	freedom,	which	is	used	in	significance	testing.	The	minimum	detectable	effect	(MDE)	is:[25]	δ	≥	2	S	p	2	n	(	t	1	−	α	,	ν	+	t	1	−	β	,	ν	)	{\displaystyle	\delta	\geq	{\sqrt	{\frac	{2S_{p}^{2}}{n}}}(t_{1-\alpha	,u	}+t_{1-\beta	,u	})}	Main
article:	Welch's	t-test	This	test,	also	known	as	Welch's	t-test,	is	used	only	when	the	two	population	variances	are	not	assumed	to	be	equal	(the	two	sample	sizes	may	or	may	not	be	equal)	and	hence	must	be	estimated	separately.	The	t	statistic	to	test	whether	the	population	means	are	different	is	calculated	as	t	=	X	¯	1	−	X	¯	2	s	Δ	¯	,	{\displaystyle	t=
{\frac	{{\bar	{X}}_{1}-{\bar	{X}}_{2}}{s_{\bar	{\Delta	}}}},}	where	s	Δ	¯	=	s	1	2	n	1	+	s	2	2	n	2	.	{\displaystyle	s_{\bar	{\Delta	}}={\sqrt	{{\frac	{s_{1}^{2}}{n_{1}}}+{\frac	{s_{2}^{2}}{n_{2}}}}}.}	Here	si2	is	the	unbiased	estimator	of	the	variance	of	each	of	the	two	samples	with	ni	=	number	of	participants	in	group	i	(i	=	1	or	2).	In	this
case	(	s	Δ	¯	)	2	{\displaystyle	(s_{\bar	{\Delta	}})^{2}}	is	not	a	pooled	variance.	For	use	in	significance	testing,	the	distribution	of	the	test	statistic	is	approximated	as	an	ordinary	Student's	t-distribution	with	the	degrees	of	freedom	calculated	using	d.f.	=	(	s	1	2	n	1	+	s	2	2	n	2	)	2	(	s	1	2	/	n	1	)	2	n	1	−	1	+	(	s	2	2	/	n	2	)	2	n	2	−	1	.	{\displaystyle
{\text{d.f.}}={\frac	{\left({\frac	{s_{1}^{2}}{n_{1}}}+{\frac	{s_{2}^{2}}{n_{2}}}\right)^{2}}{{\frac	{(s_{1}^{2}/n_{1})^{2}}{n_{1}-1}}+{\frac	{(s_{2}^{2}/n_{2})^{2}}{n_{2}-1}}}}.}	This	is	known	as	the	Welch–Satterthwaite	equation.	The	true	distribution	of	the	test	statistic	actually	depends	(slightly)	on	the	two	unknown	population
variances	(see	Behrens–Fisher	problem).	The	test[26]	deals	with	the	famous	Behrens–Fisher	problem,	i.e.,	comparing	the	difference	between	the	means	of	two	normally	distributed	populations	when	the	variances	of	the	two	populations	are	not	assumed	to	be	equal,	based	on	two	independent	samples.	The	test	is	developed	as	an	exact	test	that	allows
for	unequal	sample	sizes	and	unequal	variances	of	two	populations.	The	exact	property	still	holds	even	with	extremely	small	and	unbalanced	sample	sizes	(e.g.			m	≡	n	X	=	50			{\displaystyle	\	m\equiv	n_{\mathsf	{X}}=50\	}	vs.			n	≡	n	Y	=	5			{\displaystyle	\	n\equiv	n_{\mathsf	{Y}}=5\	}	).	The	statistic	to	test	whether	the	means	are	different	can	be
calculated	as	follows:	Let			X	=	[			X	1	,	X	2	,	…	,	X	m			]	⊤			{\displaystyle	\	X=\left[\	X_{1},X_{2},\ldots	,X_{m}\	\right]^{\top	}\	}	and			Y	=	[			Y	1	,	Y	2	,	…	,	Y	n			]	⊤			{\displaystyle	\	Y=\left[\	Y_{1},Y_{2},\ldots	,Y_{n}\	\right]^{\top	}\	}	be	the	i.i.d.	sample	vectors	(for			m	≥	n			{\displaystyle	\	m\geq	n\	}	)	from			N	o	r	m	(			μ	X	,			σ	X	2			)		
{\displaystyle	\	{\mathsf	{Norm}}\left(\	\mu	_{\mathsf	{X}},\	\sigma	_{\mathsf	{X}}^{2}\	\right)\	}	and			N	o	r	m	(			μ	Y	,			σ	Y	2			)			{\displaystyle	\	{\mathsf	{Norm}}\left(\	\mu	_{\mathsf	{Y}},\	\sigma	_{\mathsf	{Y}}^{2}\	\right)\	}	separately.	Let			(	P	⊤	)	n	×	n			{\displaystyle	\	(P^{\top	})_{n\times	n}\	}	be	an	n	×	n	{\displaystyle	n\times	n}
orthogonal	matrix	whose	elements	of	the	first	row	are	all			1	n					,	{\displaystyle	\	{\tfrac	{1}{\sqrt	{n\	}}}\	,}	similarly,	let			(	Q	⊤	)	n	×	m			{\displaystyle	\	(Q^{\top	})_{n\times	m}\	}	be	the	first			n			{\displaystyle	\	n\	}	rows	of	an			m	×	m			{\displaystyle	\	m\times	m\	}	orthogonal	matrix	(whose	elements	of	the	first	row	are	all			1	m					{\displaystyle	\
{\tfrac	{1}{\sqrt	{m\	}}}\	}	).	Then			Z	≡			(	Q	⊤	)	n	×	m			X			m					−					(	P	⊤	)	n	×	n			Y			n					{\displaystyle	\	Z\equiv	{\frac	{\	\left(Q^{\top	}\right)_{n\times	m}\	X\	}{\sqrt	{m\	}}}\	-\	{\frac	{\	\left(P^{\top	}\right)_{n\times	n}\	Y\	}{\sqrt	{n\	}}}\	}	is	an	n-dimensional	normal	random	vector:	Z			∼			N	o	r	m	(			[			μ	X	−	μ	Y	,			0	,			0	,			…	,			0			]	⊤			,			(		
σ	X	2			m	+			σ	Y	2			n	)			I	n			)			.	{\displaystyle	Z~\sim	~{\mathsf	{Norm}}\left(\	\left[\	\mu	_{\mathsf	{X}}-\mu	_{\mathsf	{Y}},\	0,\	0,\	\ldots	,\	0\	\right]^{\top	}\	,\	\left({\frac	{\	\sigma	_{\mathsf	{X}}^{2}\	}{m}}+{\frac	{\	\sigma	_{\mathsf	{Y}}^{2}\	}{n}}\right)\	I_{n}\	\right)~.}	From	the	above	distribution	we	see	that	the	first	element	of	the
vector	Z	is	Z	1	=	X	¯	−	Y	¯	=	1			m			∑	i	=	1	m			X	i	−	1			n			∑	j	=	1	n			Y	j			,	{\displaystyle	Z_{1}={\bar	{X}}-{\bar	{Y}}={\frac	{1}{\	m\	}}\sum	_{i=1}^{m}\	X_{i}-{\frac	{1}{\	n\	}}\sum	_{j=1}^{n}\	Y_{j}\	,}	hence	the	first	element	is	distributed	as	Z	1	−	(	μ	X	−	μ	Y	)			∼			N	o	r	m	(			0	,					σ	X	2			m	+			σ	Y	2			n			)			,	{\displaystyle	Z_{1}-\left(\mu
_{\mathsf	{X}}-\mu	_{\mathsf	{Y}}\right)~\sim	~{\mathsf	{Norm}}\left(\	0,\	{\frac	{\	\sigma	_{\mathsf	{X}}^{2}\	}{m}}+{\frac	{\	\sigma	_{\mathsf	{Y}}^{2}\	}{n}}\	\right)\	,}	and	the	squares	of	the	remaining	elements	of	Z	are	chi-squared	distributed			∑	i	=	2	n	Z	i	2					n	−	1					∼					χ	n	−	1	2					n	−	1			×	(			σ	X	2			m	+			σ	Y	2			n	)	{\displaystyle
{\frac	{\	\sum	_{i=2}^{n}Z_{i}^{2}\	}{\	n-1\	}}~\sim	~{\frac	{\	\chi	_{n-1}^{2}\	}{\	n-1\	}}\times	\left({\frac	{\	\sigma	_{\mathsf	{X}}^{2}\	}{m}}+{\frac	{\	\sigma	_{\mathsf	{Y}}^{2}\	}{n}}\right)}	and	by	construction	of	the	orthogonal	matricies	P	and	Q	we	have	Z	1	−	(	μ	X	−	μ	Y	)	⊥	∑	i	=	2	n	Z	i	2			,	{\displaystyle	Z_{1}-\left(\mu	_{\mathsf
{X}}-\mu	_{\mathsf	{Y}}\right)\quad	\perp	\quad	\sum	_{i=2}^{n}Z_{i}^{2}\	,}	so	Z1,	the	first	element	of	Z,	is	statistically	independent	of	the	remaining	elements	by	orthogonality.	Finally,	take	for	the	test	statistic	T	e			≡					Z	1	−	(	μ	X	−	μ	Y	)					(	∑	i	=	2	n	Z	i	2	)	/	(	n	−	1	)							∼			t	n	−	1			.	{\displaystyle	T_{\mathsf	{e}}~\equiv	~{\frac	{\	Z_{1}-
\left(\mu	_{\mathsf	{X}}-\mu	_{\mathsf	{Y}}\right)\	}{\	{\sqrt	{\left(\sum	_{i=2}^{n}Z_{i}^{2}\right)/\left(n-1\right)\	}}\	}}~\sim	~t_{n-1}~.}	This	test	is	used	when	the	samples	are	dependent;	that	is,	when	there	is	only	one	sample	that	has	been	tested	twice	(repeated	measures)	or	when	there	are	two	samples	that	have	been	matched	or	"paired".
This	is	an	example	of	a	paired	difference	test.	The	t	statistic	is	calculated	as	t	=	X	¯	D	−	μ	0	s	D	/	n	,	{\displaystyle	t={\frac	{{\bar	{X}}_{D}-\mu	_{0}}{s_{D}/{\sqrt	{n}}}},}	where	X	¯	D	{\displaystyle	{\bar	{X}}_{D}}	and	s	D	{\displaystyle	s_{D}}	are	the	average	and	standard	deviation	of	the	differences	between	all	pairs.	The	pairs	are	e.g.	either
one	person's	pre-test	and	post-test	scores	or	between-pairs	of	persons	matched	into	meaningful	groups	(for	instance,	drawn	from	the	same	family	or	age	group:	see	table).	The	constant	μ0	is	zero	if	we	want	to	test	whether	the	average	of	the	difference	is	significantly	different.	The	degree	of	freedom	used	is	n	−	1,	where	n	represents	the	number	of
pairs.	Example	of	matched	pairs	Pair	Name	Age	Test	1	John	35	250	1	Jane	36	340	2	Jimmy	22	460	2	Jessy	21	200	Example	of	repeated	measures	Number	Name	Test	1	Test	2	1	Mike	35%	67%	2	Melanie	50%	46%	3	Melissa	90%	86%	4	Mitchell	78%	91%	This	article	may	need	to	summarize	its	corresponding	main	article	in	better	quality.	Please	help	out
to	edit	this	article	and	make	improvements	to	the	summary.	(Learn	how	and	when	to	remove	this	message)	Let	A1	denote	a	set	obtained	by	drawing	a	random	sample	of	six	measurements:	A	1	=	{	30.02	,			29.99	,			30.11	,			29.97	,			30.01	,			29.99	}	{\displaystyle	A_{1}=\{30.02,\	29.99,\	30.11,\	29.97,\	30.01,\	29.99\}}	and	let	A2	denote	a	second	set
obtained	similarly:	A	2	=	{	29.89	,			29.93	,			29.72	,			29.98	,			30.02	,			29.98	}	{\displaystyle	A_{2}=\{29.89,\	29.93,\	29.72,\	29.98,\	30.02,\	29.98\}}	These	could	be,	for	example,	the	weights	of	screws	that	were	manufactured	by	two	different	machines.	We	will	carry	out	tests	of	the	null	hypothesis	that	the	means	of	the	populations	from	which	the	two
samples	were	taken	are	equal.	The	difference	between	the	two	sample	means,	each	denoted	by	Xi,	which	appears	in	the	numerator	for	all	the	two-sample	testing	approaches	discussed	above,	is	X	¯	1	−	X	¯	2	=	0.095.	{\displaystyle	{\bar	{X}}_{1}-{\bar	{X}}_{2}=0.095.}	The	sample	standard	deviations	for	the	two	samples	are	approximately	0.05	and
0.11,	respectively.	For	such	small	samples,	a	test	of	equality	between	the	two	population	variances	would	not	be	very	powerful.	Since	the	sample	sizes	are	equal,	the	two	forms	of	the	two-sample	t-test	will	perform	similarly	in	this	example.	If	the	approach	for	unequal	variances	(discussed	above)	is	followed,	the	results	are	s	1	2	n	1	+	s	2	2	n	2	≈
0.04849	{\displaystyle	{\sqrt	{{\frac	{s_{1}^{2}}{n_{1}}}+{\frac	{s_{2}^{2}}{n_{2}}}}}\approx	0.04849}	and	the	degrees	of	freedom	d.f.	≈	7.031.	{\displaystyle	{\text{d.f.}}\approx	7.031.}	The	test	statistic	is	approximately	1.959,	which	gives	a	two-tailed	test	p-value	of	0.09077.	If	the	approach	for	equal	variances	(discussed	above)	is
followed,	the	results	are	s	p	≈	0.08399	{\displaystyle	s_{p}\approx	0.08399}	and	the	degrees	of	freedom	d.f.	=	10.	{\displaystyle	{\text{d.f.}}=10.}	The	test	statistic	is	approximately	equal	to	1.959,	which	gives	a	two-tailed	p-value	of	0.07857.	The	t-test	provides	an	exact	test	for	the	equality	of	the	means	of	two	i.i.d.	normal	populations	with	unknown,
but	equal,	variances.	(Welch's	t-test	is	a	nearly	exact	test	for	the	case	where	the	data	are	normal	but	the	variances	may	differ.)	For	moderately	large	samples	and	a	one	tailed	test,	the	t-test	is	relatively	robust	to	moderate	violations	of	the	normality	assumption.[27]	In	large	enough	samples,	the	t-test	asymptotically	approaches	the	z-test,	and	becomes
robust	even	to	large	deviations	from	normality.[19]	If	the	data	are	substantially	non-normal	and	the	sample	size	is	small,	the	t-test	can	give	misleading	results.	See	Location	test	for	Gaussian	scale	mixture	distributions	for	some	theory	related	to	one	particular	family	of	non-normal	distributions.	When	the	normality	assumption	does	not	hold,	a	non-
parametric	alternative	to	the	t-test	may	have	better	statistical	power.	However,	when	data	are	non-normal	with	differing	variances	between	groups,	a	t-test	may	have	better	type-1	error	control	than	some	non-parametric	alternatives.[28]	Furthermore,	non-parametric	methods,	such	as	the	Mann-Whitney	U	test	discussed	below,	typically	do	not	test	for
a	difference	of	means,	so	should	be	used	carefully	if	a	difference	of	means	is	of	primary	scientific	interest.[19]	For	example,	Mann-Whitney	U	test	will	keep	the	type	1	error	at	the	desired	level	alpha	if	both	groups	have	the	same	distribution.	It	will	also	have	power	in	detecting	an	alternative	by	which	group	B	has	the	same	distribution	as	A	but	after
some	shift	by	a	constant	(in	which	case	there	would	indeed	be	a	difference	in	the	means	of	the	two	groups).	However,	there	could	be	cases	where	group	A	and	B	will	have	different	distributions	but	with	the	same	means	(such	as	two	distributions,	one	with	positive	skewness	and	the	other	with	a	negative	one,	but	shifted	so	to	have	the	same	means).	In
such	cases,	MW	could	have	more	than	alpha	level	power	in	rejecting	the	Null	hypothesis	but	attributing	the	interpretation	of	difference	in	means	to	such	a	result	would	be	incorrect.	In	the	presence	of	an	outlier,	the	t-test	is	not	robust.	For	example,	for	two	independent	samples	when	the	data	distributions	are	asymmetric	(that	is,	the	distributions	are
skewed)	or	the	distributions	have	large	tails,	then	the	Wilcoxon	rank-sum	test	(also	known	as	the	Mann–Whitney	U	test)	can	have	three	to	four	times	higher	power	than	the	t-test.[27][29][30]	The	nonparametric	counterpart	to	the	paired	samples	t-test	is	the	Wilcoxon	signed-rank	test	for	paired	samples.	For	a	discussion	on	choosing	between	the	t-test
and	nonparametric	alternatives,	see	Lumley,	et	al.	(2002).[19]	One-way	analysis	of	variance	(ANOVA)	generalizes	the	two-sample	t-test	when	the	data	belong	to	more	than	two	groups.	When	both	paired	observations	and	independent	observations	are	present	in	the	two	sample	design,	assuming	data	are	missing	completely	at	random	(MCAR),	the
paired	observations	or	independent	observations	may	be	discarded	in	order	to	proceed	with	the	standard	tests	above.	Alternatively	making	use	of	all	of	the	available	data,	assuming	normality	and	MCAR,	the	generalized	partially	overlapping	samples	t-test	could	be	used.[31]	Main	article:	Hotelling's	T-squared	distribution	A	generalization	of	Student's	t
statistic,	called	Hotelling's	t-squared	statistic,	allows	for	the	testing	of	hypotheses	on	multiple	(often	correlated)	measures	within	the	same	sample.	For	instance,	a	researcher	might	submit	a	number	of	subjects	to	a	personality	test	consisting	of	multiple	personality	scales	(e.g.	the	Minnesota	Multiphasic	Personality	Inventory).	Because	measures	of	this
type	are	usually	positively	correlated,	it	is	not	advisable	to	conduct	separate	univariate	t-tests	to	test	hypotheses,	as	these	would	neglect	the	covariance	among	measures	and	inflate	the	chance	of	falsely	rejecting	at	least	one	hypothesis	(Type	I	error).	In	this	case	a	single	multivariate	test	is	preferable	for	hypothesis	testing.	Fisher's	Method	for
combining	multiple	tests	with	alpha	reduced	for	positive	correlation	among	tests	is	one.	Another	is	Hotelling's	T2	statistic	follows	a	T2	distribution.	However,	in	practice	the	distribution	is	rarely	used,	since	tabulated	values	for	T2	are	hard	to	find.	Usually,	T2	is	converted	instead	to	an	F	statistic.	For	a	one-sample	multivariate	test,	the	hypothesis	is
that	the	mean	vector	(μ)	is	equal	to	a	given	vector	(μ0).	The	test	statistic	is	Hotelling's	t2:	t	2	=	n	(	x	¯	−	μ	0	)	′	S	−	1	(	x	¯	−	μ	0	)	{\displaystyle	t^{2}=n({\bar	{\mathbf	{x}	}}-{{\boldsymbol	{\mu	}}_{0}})'{\mathbf	{S}	}^{-1}({\bar	{\mathbf	{x}	}}-{{\boldsymbol	{\mu	}}_{0}})}	where	n	is	the	sample	size,	x	is	the	vector	of	column	means	and	S	is
an	m	×	m	sample	covariance	matrix.	For	a	two-sample	multivariate	test,	the	hypothesis	is	that	the	mean	vectors	(μ1,	μ2)	of	two	samples	are	equal.	The	test	statistic	is	Hotelling's	two-sample	t2:	t	2	=	n	1	n	2	n	1	+	n	2	(	x	¯	1	−	x	¯	2	)	′	S	pooled	−	1	(	x	¯	1	−	x	¯	2	)	.	{\displaystyle	t^{2}={\frac	{n_{1}n_{2}}{n_{1}+n_{2}}}\left({\bar	{\mathbf	{x}
}}_{1}-{\bar	{\mathbf	{x}	}}_{2}\right)'{\mathbf	{S}	_{\text{pooled}}}^{-1}\left({\bar	{\mathbf	{x}	}}_{1}-{\bar	{\mathbf	{x}	}}_{2}\right).}	This	section	does	not	cite	any	sources.	Please	help	improve	this	section	by	adding	citations	to	reliable	sources.	Unsourced	material	may	be	challenged	and	removed.	(March	2025)	(Learn	how	and	when	to
remove	this	message)	The	two-sample	t-test	is	a	special	case	of	simple	linear	regression	as	illustrated	by	the	following	example.	A	clinical	trial	examines	6	patients	given	drug	or	placebo.	Three	(3)	patients	get	0	units	of	drug	(the	placebo	group).	Three	(3)	patients	get	1	unit	of	drug	(the	active	treatment	group).	At	the	end	of	treatment,	the	researchers
measure	the	change	from	baseline	in	the	number	of	words	that	each	patient	can	recall	in	a	memory	test.	A	table	of	the	patients'	word	recall	and	drug	dose	values	are	shown	below.	Patient	drug.dose	word.recall	1	0	1	2	0	2	3	0	3	4	1	5	5	1	6	6	1	7	Data	and	code	are	given	for	the	analysis	using	the	R	programming	language	with	the	t.test	and	lmfunctions
for	the	t-test	and	linear	regression.	Here	are	the	same	(fictitious)	data	above	generated	in	R.	>	word.recall.data=data.frame(drug.dose=c(0,0,0,1,1,1),	word.recall=c(1,2,3,5,6,7))	Perform	the	t-test.	Notice	that	the	assumption	of	equal	variance,	var.equal=T,	is	required	to	make	the	analysis	exactly	equivalent	to	simple	linear	regression.	>
with(word.recall.data,	t.test(word.recall~drug.dose,	var.equal=T))	Running	the	R	code	gives	the	following	results.	The	mean	word.recall	in	the	0	drug.dose	group	is	2.	The	mean	word.recall	in	the	1	drug.dose	group	is	6.	The	difference	between	treatment	groups	in	the	mean	word.recall	is	6	–	2	=	4.	The	difference	in	word.recall	between	drug	doses	is
significant	(p=0.00805).	Perform	a	linear	regression	of	the	same	data.	Calculations	may	be	performed	using	the	R	function	lm()	for	a	linear	model.	>	word.recall.data.lm	=	lm(word.recall~drug.dose,	data=word.recall.data)	>	summary(word.recall.data.lm)	The	linear	regression	provides	a	table	of	coefficients	and	p-values.	Coefficient	Estimate	Std.
Error	t	value	P-value	Intercept	2	0.5774	3.464	0.02572	drug.dose	4	0.8165	4.899	0.000805	The	table	of	coefficients	gives	the	following	results.	The	estimate	value	of	2	for	the	intercept	is	the	mean	value	of	the	word	recall	when	the	drug	dose	is	0.	The	estimate	value	of	4	for	the	drug	dose	indicates	that	for	a	1-unit	change	in	drug	dose	(from	0	to	1)
there	is	a	4-unit	change	in	mean	word	recall	(from	2	to	6).	This	is	the	slope	of	the	line	joining	the	two	group	means.	The	p-value	that	the	slope	of	4	is	different	from	0	is	p	=	0.00805.	The	coefficients	for	the	linear	regression	specify	the	slope	and	intercept	of	the	line	that	joins	the	two	group	means,	as	illustrated	in	the	graph.	The	intercept	is	2	and	the
slope	is	4.	Compare	the	result	from	the	linear	regression	to	the	result	from	the	t-test.	From	the	t-test,	the	difference	between	the	group	means	is	6-2=4.	From	the	regression,	the	slope	is	also	4	indicating	that	a	1-unit	change	in	drug	dose	(from	0	to	1)	gives	a	4-unit	change	in	mean	word	recall	(from	2	to	6).	The	t-test	p-value	for	the	difference	in	means,
and	the	regression	p-value	for	the	slope,	are	both	0.00805.	The	methods	give	identical	results.	This	example	shows	that,	for	the	special	case	of	a	simple	linear	regression	where	there	is	a	single	x-variable	that	has	values	0	and	1,	the	t-test	gives	the	same	results	as	the	linear	regression.	The	relationship	can	also	be	shown	algebraically.	Recognizing	this
relationship	between	the	t-test	and	linear	regression	facilitates	the	use	of	multiple	linear	regression	and	multi-way	analysis	of	variance.	These	alternatives	to	t-tests	allow	for	the	inclusion	of	additional	explanatory	variables	that	are	associated	with	the	response.	Including	such	additional	explanatory	variables	using	regression	or	anova	reduces	the
otherwise	unexplained	variance,	and	commonly	yields	greater	power	to	detect	differences	than	do	two-sample	t-tests.	Many	spreadsheet	programs	and	statistics	packages,	such	as	QtiPlot,	LibreOffice	Calc,	Microsoft	Excel,	SAS,	SPSS,	Stata,	DAP,	gretl,	R,	Python,	PSPP,	Wolfram	Mathematica,	MATLAB	and	Minitab,	include	implementations	of
Student's	t-test.	Language/Program	Function	Notes	Microsoft	Excel	pre	2010	TTEST(array1,	array2,	tails,	type)	See	[1]	Microsoft	Excel	2010	and	later	T.TEST(array1,	array2,	tails,	type)	See	[2]	Apple	Numbers	TTEST(sample-1-values,	sample-2-values,	tails,	test-type)	See	[3]	LibreOffice	Calc	TTEST(Data1;	Data2;	Mode;	Type)	See	[4]	Google	Sheets
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Retrieved	from	"	The	t	test	is	one	of	the	simplest	statistical	techniques	that	is	used	to	evaluate	whether	there	is	a	statistical	difference	between	the	means	from	up	to	two	different	samples.	The	t	test	is	especially	useful	when	you	have	a	small	number	of	sample	observations	(under	30	or	so),	and	you	want	to	make	conclusions	about	the	larger
population.The	characteristics	of	the	data	dictate	the	appropriate	type	of	t	test	to	run.	All	t	tests	are	used	as	standalone	analyses	for	very	simple	experiments	and	research	questions	as	well	as	to	perform	individual	tests	within	more	complicated	statistical	models	such	as	linear	regression.In	this	guide,	we’ll	lay	out	everything	you	need	to	know	about	t
tests,	including	providing	a	simple	workflow	to	determine	what	t	test	is	appropriate	for	your	particular	data	or	if	you’d	be	better	suited	using	a	different	model.What	is	a	t	test?A	t	test	is	a	statistical	technique	used	to	quantify	the	difference	between	the	mean	(average	value)	of	a	variable	from	up	to	two	samples	(datasets).	The	variable	must	be
numeric.	Some	examples	are	height,	gross	income,	and	amount	of	weight	lost	on	a	particular	diet.A	t	test	tells	you	if	the	difference	you	observe	is	“surprising”	based	on	the	expected	difference.	They	use	t-distributions	to	evaluate	the	expected	variability.	When	you	have	a	reasonable-sized	sample	(over	30	or	so	observations),	the	t	test	can	still	be	used,
but	other	tests	that	use	the	normal	distribution	(the	z	test)	can	be	used	in	its	place.Sometimes	t	tests	are	called	“Student’s”	t	tests,	which	is	simply	a	reference	to	their	unusual	history.	It	got	its	name	because	a	brewer	from	the	Guinness	Brewery,	William	Gosset,	published	about	the	method	under	the	pseudonym	"Student".	He	wanted	to	get
information	out	of	very	small	sample	sizes	(often	3-5)	because	it	took	so	much	effort	to	brew	each	keg	for	his	samples.When	should	I	use	a	t	test?A	t	test	is	appropriate	to	use	when	you’ve	collected	a	small,	random	sample	from	some	statistical	“population”	and	want	to	compare	the	mean	from	your	sample	to	another	value.	The	value	for	comparison
could	be	a	fixed	value	(e.g.,	10)	or	the	mean	of	a	second	sample.	For	example,	if	your	variable	of	interest	is	the	average	height	of	sixth	graders	in	your	region,	then	you	might	measure	the	height	of	25	or	30	randomly-selected	sixth	graders.	A	t	test	could	be	used	to	answer	questions	such	as,	“Is	the	average	height	greater	than	four	feet?”How	does	a	t
test	work?Based	on	your	experiment,	t	tests	make	enough	assumptions	about	your	experiment	to	calculate	an	expected	variability,	and	then	they	use	that	to	determine	if	the	observed	data	is	statistically	significant.	To	do	this,	t	tests	rely	on	an	assumed	“null	hypothesis.”	With	the	above	example,	the	null	hypothesis	is	that	the	average	height	is	less
than	or	equal	to	four	feet.Say	that	we	measure	the	height	of	5	randomly	selected	sixth	graders	and	the	average	height	is	five	feet.	Does	that	mean	that	the	“true”	average	height	of	all	sixth	graders	is	greater	than	four	feet	or	did	we	randomly	happen	to	measure	taller	than	average	students?To	evaluate	this,	we	need	a	distribution	that	shows	every
possible	average	value	resulting	from	a	sample	of	five	individuals	in	a	population	where	the	true	mean	is	four.	That	may	seem	impossible	to	do,	which	is	why	there	are	particular	assumptions	that	need	to	be	made	to	perform	a	t	test.With	those	assumptions,	then	all	that’s	needed	to	determine	the	“sampling	distribution	of	the	mean”	is	the	sample	size
(5	students	in	this	case)	and	standard	deviation	of	the	data	(let’s	say	it’s	1	foot).That’s	enough	to	create	a	graphic	of	the	distribution	of	the	mean,	which	is:Notice	the	vertical	line	at	x	=	5,	which	was	our	sample	mean.	We	(use	software	to)	calculate	the	area	to	the	right	of	the	vertical	line,	which	gives	us	the	P	value	(0.09	in	this	case).	Note	that	because
our	research	question	was	asking	if	the	average	student	is	greater	than	four	feet,	the	distribution	is	centered	at	four.	Since	we’re	only	interested	in	knowing	if	the	average	is	greater	than	four	feet,	we	use	a	one-tailed	test	in	this	case.Using	the	standard	confidence	level	of	0.05	with	this	example,	we	don’t	have	evidence	that	the	true	average	height	of
sixth	graders	is	taller	than	4	feet.What	are	the	assumptions	for	t	tests?One	variable	of	interest:	This	is	not	correlation	or	regression,	where	you	are	interested	in	the	relationship	between	multiple	variables.	With	a	t	test,	you	can	have	different	samples,	but	they	are	all	measuring	the	same	variable	(e.g.,	height).Numeric	data:	You	are	dealing	with	a	list
of	measurements	that	can	be	averaged.	This	means	you	aren’t	just	counting	occurrences	in	various	categories	(e.g.,	eye	color	or	political	affiliation).Two	groups	or	less:	If	you	have	more	than	two	samples	of	data,	a	t	test	is	the	wrong	technique.	You	most	likely	need	to	try	ANOVA.Random	sample:	You	need	a	random	sample	from	your	statistical
“population	of	interest”	in	order	to	draw	valid	conclusions	about	the	larger	population.	If	your	population	is	so	small	that	you	can	measure	everything,	then	you	have	a	“census”	and	don’t	need	statistics.	This	is	because	you	don’t	need	to	estimate	the	truth,	since	you	have	measured	the	truth	without	variability.Normally	Distributed:	The	smaller	your
sample	size,	the	more	important	it	is	that	your	data	come	from	a	normal,	Gaussian	distribution	bell	curve.	If	you	have	reason	to	believe	that	your	data	are	not	normally	distributed,	consider	nonparametric	t	test	alternatives.	This	isn’t	necessary	for	larger	samples	(usually	25	or	30	unless	the	data	is	heavily	skewed).	The	reason	is	that	the	Central	Limit
Theorem	applies	in	this	case,	which	says	that	even	if	the	distribution	of	your	data	is	not	normal,	the	distribution	of	the	mean	of	your	data	is,	so	you	can	use	a	z-test	rather	than	a	t	test.How	do	I	know	which	t	test	to	use?There	are	many	types	of	t	tests	to	choose	from,	but	you	don’t	necessarily	have	to	understand	every	detail	behind	each	option.	You	just
need	to	be	able	to	answer	a	few	questions,	which	will	lead	you	to	pick	the	right	t	test.	To	that	end,	we	put	together	this	workflow	for	you	to	figure	out	which	test	is	appropriate	for	your	data.Do	you	have	one	or	two	samples?Are	you	comparing	the	means	of	two	different	samples,	or	comparing	the	mean	from	one	sample	to	a	fixed	value?	An	example
research	question	is,	“Is	the	average	height	of	my	sample	of	sixth	grade	students	greater	than	four	feet?”	If	you	only	have	one	sample	of	data,	you	can	click	here	to	skip	to	a	one-sample	t	test	example,	otherwise	your	next	step	is	to	ask:	Are	observations	in	the	two	samples	matched	up	or	related	in	some	way?This	could	be	as	before-and-after
measurements	of	the	same	exact	subjects,	or	perhaps	your	study	split	up	“pairs”	of	subjects	(who	are	technically	different	but	share	certain	characteristics	of	interest)	into	the	two	samples.	The	same	variable	is	measured	in	both	cases.If	so,	you	are	looking	at	some	kind	of	paired	samples	t	test.	The	linked	section	will	help	you	dial	in	exactly	which	one
in	that	family	is	best	for	you,	either	difference	(most	common)	or	ratio.	If	you	aren’t	sure	paired	is	right,	ask	yourself	another	question:Are	you	comparing	different	observations	in	each	of	the	two	samples?If	the	answer	is	yes,	then	you	have	an	unpaired	or	independent	samples	t	test.	The	two	samples	should	measure	the	same	variable	(e.g.,	height),
but	are	samples	from	two	distinct	groups	(e.g.,	team	A	and	team	B).	The	goal	is	to	compare	the	means	to	see	if	the	groups	are	significantly	different.	For	example,	“Is	the	average	height	of	team	A	greater	than	team	B?”	Unlike	paired,	the	only	relationship	between	the	groups	in	this	case	is	that	we	measured	the	same	variable	for	both.	There	are	two
versions	of	unpaired	samples	t	tests	(pooled	and	unpooled)	depending	on	whether	you	assume	the	same	variance	for	each	sample.Have	you	run	the	same	experiment	multiple	times	on	the	same	subject/observational	unit?If	so,	then	you	have	a	nested	t	test	(unless	you	have	more	than	two	sample	groups).	This	is	a	trickier	concept	to	understand.	One
example	is	if	you	are	measuring	how	well	Fertilizer	A	works	against	Fertilizer	B.	Let’s	say	you	have	12	pots	to	grow	plants	in	(6	pots	for	each	fertilizer),	and	you	grow	3	plants	in	each	pot.In	this	case	you	have	6	observational	units	for	each	fertilizer,	with	3	subsamples	from	each	pot.	You	would	want	to	analyze	this	with	a	nested	t	test.	The	“nested”
factor	in	this	case	is	the	pots.	It’s	important	to	note	that	we	aren’t	interested	in	estimating	the	variability	within	each	pot,	we	just	want	to	take	it	into	account.You	might	be	tempted	to	run	an	unpaired	samples	t	test	here,	but	that	assumes	you	have	6*3	=	18	replicates	for	each	fertilizer.	However,	the	three	replicates	within	each	pot	are	related,	and	an
unpaired	samples	t	test	wouldn’t	take	that	into	account.What	if	none	of	these	sound	like	my	experiment?If	you’re	not	seeing	your	research	question	above,	note	that	t	tests	are	very	basic	statistical	tools.	Many	experiments	require	more	sophisticated	techniques	to	evaluate	differences.	If	the	variable	of	interest	is	a	proportion	(e.g.,	10	of	100
manufactured	products	were	defective),	then	you’d	use	z-tests.	If	you	take	before	and	after	measurements	and	have	more	than	one	treatment	(e.g.,	control	vs	a	treatment	diet),	then	you	need	ANOVA.How	do	I	perform	a	t	test	using	software?If	you’re	wondering	how	to	do	a	t	test,	the	easiest	way	is	with	statistical	software	such	as	Prism	or	an	online	t
test	calculator.If	you’re	using	software,	then	all	you	need	to	know	is	which	t	test	is	appropriate	(use	the	workflow	here)	and	understand	how	to	interpret	the	output.	To	do	that,	you’ll	also	need	to:Determine	whether	your	test	is	one	or	two-tailedChoose	the	level	of	significanceIs	my	test	one	or	two-tailed?	Whether	or	not	you	have	a	one-	or	two-tailed
test	depends	on	your	research	hypothesis.	Choosing	the	appropriately	tailed	test	is	very	important	and	requires	integrity	from	the	researcher.	This	is	because	you	have	more	“power”	with	one-tailed	tests,	meaning	that	you	can	detect	a	statistically	significant	difference	more	easily.	Unless	you	have	written	out	your	research	hypothesis	as	one
directional	before	you	run	your	experiment,	you	should	use	a	two-tailed	test.Two-tailed	testsTwo-tailed	tests	are	the	most	common,	and	they	are	applicable	when	your	research	question	is	simply	asking,	“is	there	a	difference?”One-tailed	testsContrast	that	with	one-tailed	tests,	where	the	research	questions	are	directional,	meaning	that	either	the
question	is,	“is	it	greater	than”	or	the	question	is,	“is	it	less	than”.	These	tests	can	only	detect	a	difference	in	one	direction.Choosing	the	level	of	significanceAll	t	tests	estimate	whether	a	mean	of	a	population	is	different	than	some	other	value,	and	with	all	estimates	come	some	variability,	or	what	statisticians	call	“error.”	Before	analyzing	your	data,
you	want	to	choose	a	level	of	significance,	usually	denoted	by	the	Greek	letter	alpha,	.	The	scientific	standard	is	setting	alpha	to	be	0.05.An	alpha	of	0.05	results	in	95%	confidence	intervals,	and	determines	the	cutoff	for	when	P	values	are	considered	statistically	significant.One	sample	t	testIf	you	only	have	one	sample	of	a	list	of	numbers,	you	are
doing	a	one-sample	t	test.	All	you	are	interested	in	doing	is	comparing	the	mean	from	this	group	with	some	known	value	to	test	if	there	is	evidence,	that	it	is	significantly	different	from	that	standard.	Use	our	free	one-sample	t	test	calculator	for	this.A	one	sample	t	test	example	research	question	is,	“Is	the	average	fifth	grader	taller	than	four	feet?”It	is
the	simplest	version	of	a	t	test,	and	has	all	sorts	of	applications	within	hypothesis	testing.	Sometimes	the	“known	value”	is	called	the	“null	value”.	While	the	null	value	in	t	tests	is	often	0,	it	could	be	any	value.	The	name	comes	from	being	the	value	which	exactly	represents	the	null	hypothesis,	where	no	significant	difference	exists.	Any	time	you	know
the	exact	number	you	are	trying	to	compare	your	sample	of	data	against,	this	could	work	well.	And	of	course:	it	can	be	either	one	or	two-tailed.One	sample	t	test	formulaStatistical	software	handles	this	for	you,	but	if	you	want	the	details,	the	formula	for	a	one	sample	t	test	is:M:	Calculated	mean	of	your	sampleμ:	Hypothetical	mean	you	are	testing
againsts:	The	standard	deviation	of	your	samplen:	The	number	of	observations	in	your	sample.In	a	one-sample	t	test,	calculating	degrees	of	freedom	is	simple:	one	less	than	the	number	of	objects	in	your	dataset	(you’ll	see	it	written	as	n-1).Example	of	a	one	sample	t	testFor	our	example	within	Prism,	we	have	a	dataset	of	12	values	from	an	experiment
labeled	“%	of	control”.	Perhaps	these	are	heights	of	a	sample	of	plants	that	have	been	treated	with	a	new	fertilizer.	A	value	of	100	represents	the	industry-standard	control	height.	Likewise,	123	represents	a	plant	with	a	height	123%	that	of	the	control	(that	is,	23%	larger).We’ll	perform	a	two-tailed,	one-sample	t	test	to	see	if	plants	are	shorter	or	taller
on	average	with	the	fertilizer.	We	will	use	a	significance	threshold	of	0.05.	Here	is	the	output:You	can	see	in	the	output	that	the	actual	sample	mean	was	111.	Is	that	different	enough	from	the	industry	standard	(100)	to	conclude	that	there	is	a	statistical	difference?The	quick	answer	is	yes,	there’s	strong	evidence	that	the	height	of	the	plants	with	the
fertilizer	is	greater	than	the	industry	standard	(p=0.015).	The	nice	thing	about	using	software	is	that	it	handles	some	of	the	trickier	steps	for	you.	In	this	case,	it	calculates	your	test	statistic	(t=2.88),	determines	the	appropriate	degrees	of	freedom	(11),	and	outputs	a	P	value.More	informative	than	the	P	value	is	the	confidence	interval	of	the
difference,	which	is	2.49	to	18.7.	The	confidence	interval	tells	us	that,	based	on	our	data,	we	are	confident	that	the	true	difference	between	our	sample	and	the	baseline	value	of	100	is	somewhere	between	2.49	and	18.7.	As	long	as	the	difference	is	statistically	significant,	the	interval	will	not	contain	zero.You	can	follow	these	tips	for	interpreting	your
own	one-sample	test.Graphing	a	one-sample	t	testFor	some	techniques	(like	regression),	graphing	the	data	is	a	very	helpful	part	of	the	analysis.	For	t	tests,	making	a	chart	of	your	data	is	still	useful	to	spot	any	strange	patterns	or	outliers,	but	the	small	sample	size	means	you	may	already	be	familiar	with	any	strange	things	in	your	data.Here	we	have	a
simple	plot	of	the	data	points,	perhaps	with	a	mark	for	the	average.	We’ve	made	this	as	an	example,	but	the	truth	is	that	graphing	is	usually	more	visually	telling	for	two-sample	t	tests	than	for	just	one	sample.Two	sample	t	testsThere	are	several	kinds	of	two	sample	t	tests,	with	the	two	main	categories	being	paired	and	unpaired	(independent)
samples.Paired	samples	t	testIn	a	paired	samples	t	test,	also	called	dependent	samples	t	test,	there	are	two	samples	of	data,	and	each	observation	in	one	sample	is	“paired”	with	an	observation	in	the	second	sample.	The	most	common	example	is	when	measurements	are	taken	on	each	subject	before	and	after	a	treatment.	A	paired	t	test	example
research	question	is,	“Is	there	a	statistical	difference	between	the	average	red	blood	cell	counts	before	and	after	a	treatment?”Having	two	samples	that	are	closely	related	simplifies	the	analysis.	Statistical	software,	such	as	this	paired	t	test	calculator,	will	simply	take	a	difference	between	the	two	values,	and	then	compare	that	difference	to	0.In	some
(rare)	situations,	taking	a	difference	between	the	pairs	violates	the	assumptions	of	a	t	test,	because	the	average	difference	changes	based	on	the	size	of	the	before	value	(e.g.,	there’s	a	larger	difference	between	before	and	after	when	there	were	more	to	start	with).	In	this	case,	instead	of	using	a	difference	test,	use	a	ratio	of	the	before	and	after
values,	which	is	referred	to	as	ratio	t	tests.Paired	t	test	formulaThe	formula	for	paired	samples	t	test	is:Md:	Mean	difference	between	the	samplessd:	The	standard	deviation	of	the	differencesn:	The	number	of	differencesDegrees	of	freedom	are	the	same	as	before.	If	you’re	studying	for	an	exam,	you	can	remember	that	the	degrees	of	freedom	are	still
n-1	(not	n-2)	because	we	are	converting	the	data	into	a	single	column	of	differences	rather	than	considering	the	two	groups	independently.Also	note	that	the	null	value	here	is	simply	0.	There	is	no	real	reason	to	include	“minus	0”	in	an	equation	other	than	to	illustrate	that	we	are	still	doing	a	hypothesis	test.	After	you	take	the	difference	between	the
two	means,	you	are	comparing	that	difference	to	0.ExampleFor	our	example	data,	we	have	five	test	subjects	and	have	taken	two	measurements	from	each:	before	(“control”)	and	after	a	treatment	(“treated”).	If	we	set	alpha	=	0.05	and	perform	a	two-tailed	test,	we	observe	a	statistically	significant	difference	between	the	treated	and	control	group
(p=0.0160,	t=4.01,	df	=	4).	We	are	95%	confident	that	the	true	mean	difference	between	the	treated	and	control	group	is	between	0.449	and	2.47.Graphing	a	paired	t	testThe	significant	result	of	the	P	value	suggests	evidence	that	the	treatment	had	some	effect,	and	we	can	also	look	at	this	graphically.	The	lines	that	connect	the	observations	can	help
us	spot	a	pattern,	if	it	exists.	In	this	case	the	lines	show	that	all	observations	increased	after	treatment.	While	not	all	graphics	are	this	straightforward,	here	it	is	very	consistent	with	the	outcome	of	the	t	test.	Prism’s	estimation	plot	is	even	more	helpful	because	it	shows	both	the	data	(like	above)	and	the	confidence	interval	for	the	difference	between
means.	You	can	easily	see	the	evidence	of	significance	since	the	confidence	interval	on	the	right	does	not	contain	zero.Here	are	some	more	graphing	tips	for	paired	t	tests.Unpaired	samples	t	testUnpaired	samples	t	test,	also	called	independent	samples	t	test,	is	appropriate	when	you	have	two	sample	groups	that	aren’t	correlated	with	one	another.	A
pharma	example	is	testing	a	treatment	group	against	a	control	group	of	different	subjects.	Compare	that	with	a	paired	sample,	which	might	be	recording	the	same	subjects	before	and	after	a	treatment.With	unpaired	t	tests,	in	addition	to	choosing	your	level	of	significance	and	a	one	or	two	tailed	test,	you	need	to	determine	whether	or	not	to	assume
that	the	variances	between	the	groups	are	the	same	or	not.	If	you	assume	equal	variances,	then	you	can	“pool”	the	calculation	of	the	standard	error	between	the	two	samples.	Otherwise,	the	standard	choice	is	Welch’s	t	test	which	corrects	for	unequal	variances.	This	choice	affects	the	calculation	of	the	test	statistic	and	the	power	of	the	test,	which	is
the	test’s	sensitivity	to	detect	statistical	significance.	It’s	best	to	choose	whether	or	not	you’ll	use	a	pooled	or	unpooled	(Welch’s)	standard	error	before	running	your	experiment,	because	the	standard	statistical	test	is	notoriously	problematic.	See	more	details	about	unequal	variances	here.As	long	as	you’re	using	statistical	software,	such	as	this	two-
sample	t	test	calculator,	it’s	just	as	easy	to	calculate	a	test	statistic	whether	or	not	you	assume	that	the	variances	of	your	two	samples	are	the	same.	If	you’re	doing	it	by	hand,	however,	the	calculations	get	more	complicated	with	unequal	variances.	Unpaired	(independent)	samples	t	test	formulaThe	general	two-sample	t	test	formula	is:M1	and	M2:
Two	means	you	are	comparing,	one	from	each	datasetSE:	The	combined	standard	error	of	the	two	samples	(calculated	using	pooled	or	unpooled	standard	error)The	denominator	(standard	error)	calculation	can	be	complicated,	as	can	the	degrees	of	freedom.	If	the	groups	are	not	balanced	(the	same	number	of	observations	in	each),	you	will	need	to
account	for	both	when	determining	n	for	the	test	as	a	whole.ExampleAs	an	example	for	this	family,	we	conduct	a	paired	samples	t	test	assuming	equal	variances	(pooled).	Based	on	our	research	hypothesis,	we’ll	conduct	a	two-tailed	test,	and	use	alpha=0.05	for	our	level	of	significance.	Our	samples	were	unbalanced,	with	two	samples	of	6	and	5
observations	respectively.	The	P	value	(p=0.261,	t	=	1.20,	df	=	9)	is	higher	than	our	threshold	of	0.05.	We	have	not	found	sufficient	evidence	to	suggest	a	significant	difference.	You	can	see	the	confidence	interval	of	the	difference	of	the	means	is	-9.58	to	31.2.Note	that	the	F-test	result	shows	that	the	variances	of	the	two	groups	are	not	significantly
different	from	each	other.Graphing	an	unpaired	samples	t	testFor	an	unpaired	samples	t	test,	graphing	the	data	can	quickly	help	you	get	a	handle	on	the	two	groups	and	how	similar	or	different	they	are.	Like	the	paired	example,	this	helps	confirm	the	evidence	(or	lack	thereof)	that	is	found	by	doing	the	t	test	itself.Below	you	can	see	that	the	observed
mean	for	females	is	higher	than	that	for	males.	But	because	of	the	variability	in	the	data,	we	can’t	tell	if	the	means	are	actually	different	or	if	the	difference	is	just	by	chance.	Nonparametric	alternatives	for	t	testsIf	your	data	comes	from	a	normal	distribution	(or	something	close	enough	to	a	normal	distribution),	then	a	t	test	is	valid.	If	that	assumption
is	violated,	you	can	use	nonparametric	alternatives.T	tests	evaluate	whether	the	mean	is	different	from	another	value,	whereas	nonparametric	alternatives	compare	either	the	median	or	the	rank.	Medians	are	well-known	to	be	much	more	robust	to	outliers	than	the	mean.The	downside	to	nonparametric	tests	is	that	they	don’t	have	as	much	statistical
power,	meaning	a	larger	difference	is	required	in	order	to	determine	that	it’s	statistically	significant.Wilcoxon	signed-rank	testThe	Wilcoxon	signed-rank	test	is	the	nonparametric	cousin	to	the	one-sample	t	test.	This	compares	a	sample	median	to	a	hypothetical	median	value.	It	is	sometimes	erroneously	even	called	the	Wilcoxon	t	test	(even	though	it
calculates	a	“W”	statistic).And	if	you	have	two	related	samples,	you	should	use	the	Wilcoxon	matched	pairs	test	instead.	The	two	versions	of	Wilcoxon	are	different,	and	the	matched	pairs	version	is	specifically	for	comparing	the	median	difference	for	paired	samples.	Mann-Whitney	and	Kolmogorov-Smirnov	testsFor	unpaired	(independent)	samples,
there	are	multiple	options	for	nonparametric	testing.	Mann-Whitney	is	more	popular	and	compares	the	mean	ranks	(the	ordering	of	values	from	smallest	to	largest)	of	the	two	samples.	Mann-Whitney	is	often	misrepresented	as	a	comparison	of	medians,	but	that’s	not	always	the	case.	Kolmogorov-Smirnov	tests	if	the	overall	distributions	differ	between
the	two	samples.	More	t	test	FAQsWhat	is	the	formula	for	a	t	test?The	exact	formula	depends	on	which	type	of	t	test	you	are	running,	although	there	is	a	basic	structure	that	all	t	tests	have	in	common.	All	t	test	statistics	will	have	the	form:t:	The	t	test	statistic	you	calculate	for	your	testMean1	and	Mean2:	Two	means	you	are	comparing,	at	least	1	from
your	own	datasetStandard	Error	of	the	Mean:	The	standard	error	of	the	mean,	also	called	the	standard	deviation	of	the	mean,	which	takes	into	account	the	variance	and	size	of	your	datasetThe	exact	formula	for	any	t	test	can	be	slightly	different,	particularly	the	calculation	of	the	standard	error.	Not	only	does	it	matter	whether	one	or	two	samples	are
being	compared,	the	relationship	between	the	samples	can	make	a	difference	too.What	is	a	t-distribution?A	t-distribution	is	similar	to	a	normal	distribution.	It’s	a	bell-shaped	curve,	but	compared	to	a	normal	it	has	fatter	tails,	which	means	that	it’s	more	common	to	observe	extremes.	T-distributions	are	identified	by	the	number	of	degrees	of	freedom.
The	higher	the	number,	the	closer	the	t-distribution	gets	to	a	normal	distribution.	After	about	30	degrees	of	freedom,	a	t	and	a	standard	normal	are	practically	the	same.t-distribution	by	degree	of	freedomWhat	are	degrees	of	freedom?Degrees	of	freedom	are	a	measure	of	how	large	your	dataset	is.	They	aren’t	exactly	the	number	of	observations,
because	they	also	take	into	account	the	number	of	parameters	(e.g.,	mean,	variance)	that	you	have	estimated.What	is	the	difference	between	paired	vs	unpaired	t	tests?Both	paired	and	unpaired	t	tests	involve	two	sample	groups	of	data.	With	a	paired	t	test,	the	values	in	each	group	are	related	(usually	they	are	before	and	after	values	measured	on	the
same	test	subject).	In	contrast,	with	unpaired	t	tests,	the	observed	values	aren’t	related	between	groups.	An	unpaired,	or	independent	t	test,	example	is	comparing	the	average	height	of	children	at	school	A	vs	school	B.	When	do	I	use	a	z-test	versus	a	t	test?Z-tests,	which	compare	data	using	a	normal	distribution	rather	than	a	t-distribution,	are
primarily	used	for	two	situations.	The	first	is	when	you’re	evaluating	proportions	(number	of	failures	on	an	assembly	line).	The	second	is	when	your	sample	size	is	large	enough	(usually	around	30)	that	you	can	use	a	normal	approximation	to	evaluate	the	means.When	should	I	use	ANOVA	instead	of	a	t	test?Use	ANOVA	if	you	have	more	than	two	group
means	to	compare.What	are	the	differences	between	t	test	vs	chi	square?Chi	square	tests	are	used	to	evaluate	contingency	tables,	which	record	a	count	of	the	number	of	subjects	that	fall	into	particular	categories	(e.g.,	truck,	SUV,	car).	t	tests	compare	the	mean(s)	of	a	variable	of	interest	(e.g.,	height,	weight).What	are	P	values?P	values	are	the
probability	that	you	would	get	data	as	or	more	extreme	than	the	observed	data	given	that	the	null	hypothesis	is	true.	It’s	a	mouthful,	and	there	are	a	lot	of	issues	to	be	aware	of	with	P	values.What	are	t	test	critical	values?Critical	values	are	a	classical	form	(they	aren’t	used	directly	with	modern	computing)	of	determining	if	a	statistical	test	is
significant	or	not.	Historically	you	could	calculate	your	test	statistic	from	your	data,	and	then	use	a	t-table	to	look	up	the	cutoff	value	(critical	value)	that	represented	a	“significant”	result.	You	would	then	compare	your	observed	statistic	against	the	critical	value.How	do	I	calculate	degrees	of	freedom	for	my	t	test?In	most	practical	usage,	degrees	of
freedom	are	the	number	of	observations	you	have	minus	the	number	of	parameters	you	are	trying	to	estimate.	The	calculation	isn’t	always	straightforward	and	is	approximated	for	some	t	tests.Statistical	software	calculates	degrees	of	freedom	automatically	as	part	of	the	analysis,	so	understanding	them	in	more	detail	isn’t	needed	beyond	assuaging
any	curiosity.Perform	your	own	t	testAre	you	ready	to	calculate	your	own	t	test?	Start	your	30	day	free	trial	of	Prism	and	get	access	to:A	step	by	step	guide	on	how	to	perform	a	t	testSample	data	to	save	you	timeMore	tips	on	how	Prism	can	help	your	researchWith	Prism,	in	a	matter	of	minutes	you	learn	how	to	go	from	entering	data	to	performing



statistical	analyses	and	generating	high-quality	graphs.


