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The	Constraint	Moves:
A	Critical	Look	at	AI-Enabled
Product	Workflows

AI	tools	now	sit	inside	every	stage	of	building	a	product	—
research,	spec,	design,	code,	test,	release.	The	pitch	is	an	end-to-
end	multiplier.	The	evidence	says	something	narrower:	real,
measurable	speed-ups	in	a	few	stages,	thin	evidence	in	most	of
the	rest,	and	a	bottleneck	that	doesn’t	disappear	so	much	as
move	to	wherever	nobody	sped	up.
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Executive	Summary

Open	 almost	 any	 product	 or	 engineering	 tool	 category	 today	 and	 there	 is	 an	 AI	 layer	 pitched	 at	 it.	 Research	 and	 discovery	 tools	 now
summarise	interviews	and	synthesise	survey	data	automatically.	Spec	and	requirements	tools	draft	user	stories	from	a	prompt.	Design	tools
generate	first-pass	screens	from	a	sentence.	Coding	assistants	autocomplete,	and	increasingly	write,	entire	functions	and	files.	Code	review
tools	 flag	 issues	before	a	human	 looks.	Testing	 tools	generate	 test	 cases	 from	a	diff.	 The	pitch,	 explicit	 in	 almost	 all	 of	 this	 category’s
marketing,	is	that	a	product	team	wired	end	to	end	with	these	tools	becomes	a	fundamentally	faster	kind	of	organisation.

The	evidence	for	that	pitch	is	real	in	places	and	strikingly	thin	in	others,	and	the	gap	between	the	two	is	the	subject	of	this	report.	At	one
end,	code	generation	and	completion	is	genuinely,	repeatedly	measured	to	be	faster	with	AI	assistance	for	well-scoped,	boilerplate-heavy
work.	At	the	other	end,	a	rigorous	2025	randomized	controlled	trial	found	that	experienced	open-source	developers	working	in	their	own
large,	familiar	codebases	were	measurably	slower	with	AI	assistance	on	real	tasks,	despite	confidently	believing,	both	before	and	after,	that
the	tools	had	sped	them	up.

Figure	1.	The	Evidence	at	a	Glance
What	this	report	found	when	it	audited	the	productivity	claims	behind	AI-enabled	product	workflows.
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Structural	pattern	explaining	the	gap:	the
constraint	doesn’t	disappear,	it	relocates

Accelerating	one	stage	of	a	multi-stage	workflow	without	addressing	the	stages	around	it	does	not	accelerate	the	workflow.	It
relocates	the	constraint.

This	 report's	 central	 argument	 is	 not	 that	 AI-enabled	workflows	 don't	work.	 It	 is	 that	 they	work	 unevenly,	 and	 that	 unevenness	 has	 a



specific,	predictable	shape.	A	team	that	ships	code	four	times	faster	but	reviews,	tests,	and	integrates	it	at	the	same	pace	as	before	has	not
built	a	faster	product	organisation.	It	has	built	a	queue	in	front	of	review.	The	report	introduces	a	simple	diagnostic,	the	Constraint	Map,
for	locating	that	bottleneck	deliberately,	and	closes	with	recommendations	aimed	less	at	which	tools	to	buy	and	more	at	how	to	sequence
their	adoption	so	a	gain	at	one	stage	survives	contact	with	the	stages	downstream	of	it.

The	Context

The	idea	of	AI	assistance	inside	product	work	is	not	new	—	autocomplete	and	grammar-checking	tools	have	existed	for	years	—	but	the	last
two	to	three	years	changed	 its	scope	substantially.	Generative	coding	assistants	moved	from	single-line	completion	to	multi-file,	agentic
changes	capable	of	implementing	a	described	feature	with	limited	supervision.	Design	tools	moved	from	templated	layout	suggestions	to
generating	original	screens	from	natural-language	prompts.	A	new	category,	agentic	development	tools	that	plan,	write,	test,	and	iterate	on
code	with	progressively	less	human	intervention	between	steps,	emerged	specifically	to	compress	the	distance	between	a	product	idea	and
working	software.

The	commercial	 incentive	behind	this	 is	straightforward:	every	vendor	 in	 this	space	 is	selling	a	claim	about	time,	and	time	saved	 is	 the
easiest	benefit	to	put	a	number	on	in	a	sales	deck.	A	meaningful	share	of	the	most	widely	circulated	productivity	statistics	in	this	space
come	 from	 studies	 commissioned	 or	 run	by	 the	 vendors	 selling	 the	 tool	 being	measured.	 That	 is	 not	 automatically	 disqualifying,	 but	 it
means	the	studies	most	likely	to	reach	a	product	leader’s	inbox	are	also	the	studies	with	the	least	reason	to	report	a	null	or	negative	result.

Independent	research	exists	too,	and	some	of	it	is	very	recent	and	unusually	rigorous	by	the	standards	of	workplace	productivity	research
generally.	The	most	consequential	example,	discussed	in	the	Evidence	and	Patterns	section	below,	is	a	2025	randomized	controlled	trial
that	measured,	rather	than	surveyed,	the	actual	task	completion	time	of	experienced	developers	using	current	AI	coding	tools	on	real	work
in	codebases	they	already	knew	well.

Figure	2.	Where	AI	Adoption	Has	Actually	Concentrated
Seven	links	in	a	typical	product	workflow.	Tooling	maturity	and	adoption	have	moved	fastest	into	exactly	one	of	them.
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This	matters	for	how	a	leadership	team	should	read	almost	anything	published	about	“AI	and	product	development”	right	now:	a	great	deal
of	it	is	really	about	one	link	in	that	chain,	generalised,	implicitly	or	explicitly,	to	the	whole.	Reading	past	that	generalisation,	back	to	which
specific	link	of	the	chain	a	given	claim	was	actually	measured	on,	is	most	of	the	work	this	report	is	trying	to	do.

The	Core	Problem

The	 core	 problem	 this	 report	 addresses	 is	 that	 a	 local	 productivity	 gain	 is	 being	marketed,	 and	 frequently	 purchased,	 as	 if	 it	 were	 a
systemic	one.	Speeding	up	code	generation	is	a	real,	measurable	thing.	Speeding	up	the	delivery	of	a	working,	tested,	reviewed,	released
product	feature	is	a	different	and	much	larger	claim,	because	that	outcome	depends	on	every	stage	in	the	chain,	not	just	the	fastest	one.

This	 is	not	a	new	 insight	 in	operations	management;	 it	 is	 the	central	 finding	of	queueing	 theory	and,	more	 informally,	of	 the	Theory	of
Constraints:	 the	throughput	of	a	multi-stage	system	is	set	by	 its	slowest	stage,	not	 its	average	stage,	and	speeding	up	a	stage	that	was
never	the	bottleneck	does	nothing	for	total	throughput	except	build	inventory	in	front	of	whichever	stage	is.	In	a	product	workflow,	that
inventory	 takes	 the	 form	of	a	growing	backlog	of	AI-generated	code	awaiting	human	review,	 feature	branches	piling	up	ahead	of	a	QA
process	that	never	got	faster,	or	specifications	multiplying	faster	than	design	capacity	can	absorb	them.

Figure	3.	The	Queue	Nobody	Budgeted	For
A	conceptual	view	of	what	happens	when	generation	speeds	up	and	review	capacity	doesn't.
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Illustrative,	not	measured	data:	the	pattern	this	report	sees	repeatedly,	generation	volume	climbing	sharply	while	review	throughput	barely	moves.

The	practical	consequence	is	a	familiar	and	expensive	pattern:	a	team	adopts	a	coding	assistant,	 individual	developers	report,	and	often
genuinely	feel,	that	they	are	writing	code	faster,	and	the	organisation	reasonably	expects	that	feeling	to	show	up	in	faster	feature	delivery.
Instead,	 cycle	 time	 barely	 moves,	 because	 the	 constraint	 was	 never	 code-writing	 speed	 in	 the	 first	 place.	 Nothing	 about	 this	 pattern
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requires	bad	tools	or	bad	intentions.	It	requires	only	the	ordinary,	human	tendency	to	buy	the	tool	that	addresses	the	most	visible	part	of
the	problem,	rather	than	the	part	that	is	actually	constraining	the	system.

What	Leaders	Often	Get	Wrong

Buying	for	the	 loudest	stage,	not	the	slowest	one.	Coding	assistants	have	 the	 largest	market,	 the	most	case	studies,	and	 the	most
executive	attention,	which	makes	them	the	default	first	purchase	regardless	of	whether	code-writing	speed	is	actually	where	a	given	team’s
workflow	is	constrained.

Treating	self-reported	productivity	gains	as	measured	ones.	The	gap	between	how	fast	a	developer	believes	AI	assistance	has	made
them	and	how	fast	 independent,	controlled	measurement	shows	 they	actually	are	 is	 large	enough,	and	consistent	enough	across	recent
research,	that	self-report	alone	should	not	be	treated	as	evidence	of	a	systemic	speed-up.

Assuming	benefits	observed	on	small,	greenfield	tasks	generalise	to	large,	familiar	codebases.	Much	of	the	strongest	evidence	for
AI	 coding	 assistance	 comes	 from	 short,	 well-scoped,	 boilerplate-heavy	 tasks	 or	 new	 projects	 with	 little	 existing	 context	 to	 reconcile.
Evidence	from	complex,	mature,	highly-familiar	codebases,	precisely	the	environment	most	product	engineering	actually	happens	in,	points
in	a	considerably	more	mixed	direction.

Skipping	the	downstream	capacity	conversation	entirely.	Adopting	a	 tool	 that	 increases	 the	 rate	of	 code,	 specifications,	or	design
variants	produced	without	a	parallel	 conversation	about	 review,	QA,	and	decision-making	capacity	 is,	 structurally,	 a	decision	 to	grow	a
queue	rather	than	shorten	a	cycle.

Conflating	 benchmark	 progress	with	 production	 readiness.	 Agentic	 coding	 tools	 have	made	 real,	 rapid	 progress	 on	 standardised
coding	benchmarks	over	the	past	two	years.	That	progress	is	genuine	and	worth	taking	seriously.	It	is	also	measured	on	a	curated	set	of
tasks	that	do	not	include	the	ambiguity,	stakeholder	negotiation,	and	organisational	context	that	make	most	real	product	work	difficult	in
the	first	place.

Underinvesting	in	the	stages	with	the	thinnest	evidence.	Discovery	and	design	are	the	stages	where	AI’s	actual	measured	impact	on
product	outcomes,	as	opposed	to	activity	volume,	is	least	studied,	and	yet	they	are	frequently	adopted	on	faith	because	the	demos	are	the
most	visually	persuasive.

Measuring	adoption	instead	of	outcome.	Dashboards	that	track	how	many	engineers	used	an	AI	tool	this	week	are	easy	to	build	and
satisfying	to	report	upward,	but	they	measure	engagement	with	a	tool,	not	whether	a	feature	reached	a	customer	faster.	An	organisation
can	hit	100%	adoption	on	every	tool	in	its	stack	and	still	not	move	its	actual	delivery	cycle	time	by	a	day.

Figure	4.	Six	Mismatches	at	a	Glance
The	recurring	pattern:	a	real,	narrow	finding	applied	as	if	it	were	a	general	one.

Mismatch Why	it	happens

Buying	for	the	loudest	stage,	not	the	slowest	one Coding	assistants	have	the	largest	market	and	the	most	case	studies,	regardless	of	where	the	actual
constraint	sits

Treating	self-reported	gains	as	measured	ones The	gap	between	believed	and	measured	speed-up	is	large	enough	in	recent	research	to	be	a	real
risk	on	its	own

Assuming	small-task	results	generalise	to	large
codebases

The	strongest	evidence	comes	from	short,	well-scoped	tasks;	complex,	familiar-codebase	evidence
points	the	other	way

Skipping	the	downstream-capacity	conversation Faster	generation	without	more	review/QA	capacity	grows	a	queue,	not	a	shorter	cycle

Conflating	benchmark	progress	with	production
readiness

Rapid	benchmark	gains	are	real,	but	measured	on	curated	tasks,	not	ambiguous	real-world	product
work

Underinvesting	in	the	stages	with	the	thinnest
evidence

Discovery	and	design	get	adopted	on	faith	because	the	demos	persuade,	not	because	the	outcomes
are	measured

The	Evidence	and	Patterns

What	 is	 genuinely	 well-evidenced.	 Code	 completion	 and	 generation	 for	 well-scoped,	 boilerplate-heavy	 tasks	 is	 one	 of	 the	 more
consistently	replicated	productivity	findings	in	this	 literature.	Controlled	studies,	 including	vendor-run	research	from	GitHub	on	Copilot,
have	found	substantial	task-completion	speed-ups	for	implementing	a	well-defined,	self-contained	function	against	a	clear	specification.

What	 complicates	 it.	 A	 2025	 randomized	 controlled	 trial	 from	 METR,	 a	 research	 organisation	 focused	 on	 rigorously	 evaluating	 AI
capabilities,	measured	experienced	open-source	developers	completing	real	 issues	 in	codebases	they	already	maintained	and	knew	well,
with	and	without	current	AI	coding	tools,	and	timed	the	actual	outcome	rather	than	relying	on	self-report.	The	result	ran	directly	counter	to
developers’	own	expectations:	the	group	using	AI	assistance	was	measurably	slower	at	completing	these	particular	real-world	tasks,	even



though	the	same	developers,	surveyed	both	before	and	after,	believed	the	tools	had	made	them	meaningfully	faster.

Figure	6.	Believed	Faster,	Measured	Slower
The	core	finding	from	the	2025	METR	randomized	controlled	trial	on	experienced	developers	working	in	familiar	codebases.	Precise	figures	circulated	widely	in	secondary
coverage	and	should	be	checked	against	METR’s	own	published	report.

↑	“faster”
What	developers	believed,	before	and	after	—	a	meaningful	perceived	speed-

up	using	AI	assistance

↓	slower
What	was	actually	measured	—	a	real	slowdown	completing	tasks	in

codebases	they	already	knew	well

Source	/	basis:	Directional	finding	from	METR’s	2025	randomized	controlled	trial;	exact	percentages	should	be	verified	against	the	primary	report	before	external	use.

Figure	5.	Two	Studies,	Two	Kinds	of	Task
Both	well-designed.	Both	credible.	They	measured	different	work,	which	is	why	they	reach	different	conclusions.

GitHub	Copilot	study METR	2025	RCT

Task	type Short,	well-scoped,	standardised	coding	task Real	issues	in	developers’	own	large,	familiar	codebases

Method Controlled	study,	vendor-run Randomized	controlled	trial,	independent

Measured	outcome Faster	task	completion	with	AI	assistance Slower	task	completion	with	AI	assistance

Self-belief	vs.
measurement

Broadly	aligned Developers	believed	they	were	faster;	measurement	showed	the
opposite

Best-fit	takeaway Strong	evidence	for	low-context,	well-defined
work

Strong	caution	for	complex,	high-context,	familiar-codebase	work

What	 the	 review-and-integration	 data	 suggests.	 Independent	 analysis	 of	 code-quality	 trends	 since	 the	 widespread	 adoption	 of	 AI
coding	assistants,	 including	research	 from	the	code-analytics	 firm	GitClear,	has	reported	 increases	 in	code	churn	and	copy-pasted	code
alongside	a	relative	decline	in	refactored,	consolidated	code	—	a	pattern	consistent	with	AI	tools	increasing	the	volume	of	code	produced
without	a	matching	increase	in	the	care	taken	to	integrate	it	cleanly.

What	 benchmark	 progress	 on	 agentic	 coding	 tools	 actually	 shows.	 Standardised	 coding-agent	 benchmarks	 such	 as	 SWE-bench,
which	 test	 whether	 an	 AI	 agent	 can	 autonomously	 resolve	 real,	 historical	 software	 issues	 from	 open-source	 repositories,	 have	 shown
genuinely	rapid	improvement	over	the	past	two	years.

Figure	8.	Agentic	Coding	Benchmarks:	Real	Progress,	Bounded	Scope
Illustrative	resolve-rate	trend	on	standardised	coding-agent	benchmarks	(e.g.	the	SWE-bench	family).	Current	figures	move	quickly	and	should	be	pulled	fresh	before
external	use.

2023 2024 2025
Source	/	basis:	Directional	trend	consistent	with	publicly	reported	SWE-bench-style	leaderboard	progress;	exact	current	figures	should	be	verified	before	quoting	externally.	Benchmark	tasks
are	curated,	verifiable	bug-fixes	—	not	representative	of	ambiguous,	stakeholder-negotiated	product	work.

What	 the	 discovery	 and	 design	 stages	 show,	 by	 contrast.	 The	 evidence	 here	 is	 the	 thinnest	 in	 this	 report,	 largely	 anecdotal	 and
vendor-published	rather	than	independently	measured,	reflecting	how	much	harder	it	is	to	define	and	score	“good	product	discovery”	or
“good	design”	than	“correctly	resolved	coding	task.”
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Figure	7.	Evidence	Strength	by	Workflow	Stage
Where	the	productivity	claims	currently	in	circulation	actually	rest	on	independent	measurement,	versus	vendor	case	studies	and	anecdote.

Stage Evidence	strength Basis

Build	—	short,	well-scoped	tasks STRONG Multiple	controlled	studies,	including	independent	replication

Build	—	complex,	familiar	codebases MIXED	/	CAUTION 2025	RCT	found	a	measured	slowdown	despite	believed	speed-up

Verify	(review,	QA) THIN Indirect	evidence	via	code-churn	and	duplication	trend	research

Discovery ANECDOTAL Vendor	case	studies	and	user	sentiment;	little	independent	measurement

Definition	/	spec ANECDOTAL Vendor	case	studies;	little	independent	measurement

Design ANECDOTAL Vendor	case	studies	and	user	sentiment;	little	independent	measurement

Release	&	Learn ANECDOTAL Emerging	tooling;	evidence	base	not	yet	established

What	broader	workplace	AI-adoption	research	adds.	Surveys	of	general	AI	adoption	in	knowledge	work,	including	large-scale	efforts
from	 McKinsey	 and	 others,	 consistently	 report	 high	 and	 rising	 individual	 usage	 alongside	 far	 more	 modest,	 and	 far	 more	 contested,
evidence	of	organisation-level	output	gains	—	the	same	pattern	this	report	describes	specifically	for	product	workflows.

Strategic	Implications

Locate	your	actual	constraint	before	buying	a	tool	for	the	loudest	stage.	The	single	highest-leverage	strategic	step	available	to	most
product	organisations	is	unglamorous:	map	the	current	cycle	time	of	each	stage	in	the	workflow	and	identify	which	one	is	actually	setting
the	pace,	before	deciding	which	AI	tool	to	introduce	next.

Treat	 coding-assistant	gains	as	 task-dependent,	not	universal.	 Budget	 for	meaningfully	 different	 outcomes	 on	 short,	well-scoped,
low-context	work	versus	complex	changes	 inside	 large,	 familiar	codebases,	and	measure	both	separately	rather	 than	extrapolating	 from
one	to	the	other.

Fund	downstream	capacity	in	the	same	decision	as	upstream	tooling.	A	decision	to	adopt	a	tool	that	increases	the	volume	of	code,
specs,	 or	design	variants	produced	 should	be	paired,	 in	 the	 same	budget	 conversation,	with	a	decision	about	whether	 review,	QA,	 and
integration	capacity	can	absorb	the	increase.

Distinguish	 benchmark	 capability	 from	 workflow	 readiness	 when	 evaluating	 agentic	 tools.	 Rising	 benchmark	 scores	 are	 a
legitimate	signal	to	keep	evaluating	agentic	coding	and	product	tools	on	a	recurring	cadence;	they	are	not,	on	their	own,	a	signal	to	hand
these	tools	ownership	of	ambiguous,	high-stakes	product	decisions.

Resource	discovery	and	design	experimentation	as	experimentation,	not	adoption.	Given	how	much	thinner	the	evidence	base	is
for	these	stages,	treat	early	AI	tool	use	there	as	a	measured	pilot	with	a	defined	evaluation	criterion.

Sequence	tool	adoption	to	the	chain,	not	to	vendor	availability.	The	market	has	produced	far	more	mature	tooling	for	the	build	stage
than	for	discovery,	design,	review,	or	release,	making	it	easy	to	adopt	in	exactly	that	order	regardless	of	where	the	constraint	actually	sits.

Technical	Implications

Instrument	cycle	time	at	each	workflow	stage,	not	just	at	the	tool.	Track	time	from	ticket	creation	to	first	draft,	first	draft	to	review-
ready,	review-ready	to	merged,	merged	to	released,	and	released	to	validated	in	production,	so	that	a	bottleneck	shift	is	visible	in	the	data
rather	than	discovered	anecdotally	three	quarters	later.

Figure	9.	The	Widening	Gap:	Generation	vs.	Review	Capacity
A	conceptual	illustration	of	the	pattern	this	report	sees	repeatedly	across	engagements	—	not	measured	data	from	any	single	client.

Q1 Q2 Q3 Q4

Code	generated	(index) 100 145 190 240

Reviewed	&	merged	(index) 100 108 112 118

Size	 review	and	QA	capacity	 to	 the	new	generation	 rate,	deliberately.	 If	 a	 coding	assistant	materially	 increases	 the	 rate	 of	 code
produced,	calculate	the	corresponding	increase	in	review	load	explicitly,	and	decide	whether	to	add	review	capacity,	tighten	what	qualifies



for	AI-assisted	generation,	or	accept	a	longer	review	queue.

Apply	extra	scrutiny	 to	AI-assisted	changes	 in	complex,	high-context	codebases	specifically.	Given	 the	METR	 finding’s	 specific
applicability	to	exactly	this	kind	of	work,	treat	AI-assisted	changes	to	mature,	deeply-interdependent	systems	as	a	category	warranting	a
higher	review	bar	than	AI-assisted	changes	to	new,	low-context	code.

Watch	code-quality	trend	lines,	not	just	throughput.	Track	churn	rate,	duplication,	and	the	ratio	of	new	code	to	refactored	code	over
time,	so	a	volume	increase	is	checked	against	whether	it	comes	with	a	corresponding	decline	in	code	health.

Pilot	agentic	tools	against	a	bounded,	well-defined	task	set	before	extending	their	autonomy.	Match	the	scope	given	to	an	agentic
coding	or	product	tool	to	the	kind	of	task	the	current	benchmark	evidence	actually	supports.

Build	 a	 lightweight	 before/after	 measurement	 into	 every	 new	 AI	 tool	 rollout.	 Given	 how	 large	 the	 gap	 between	 believed	 and
measured	productivity	has	turned	out	to	be,	do	not	rely	on	adoption	rate	or	user	sentiment	alone;	pair	it	with	a	simple,	task-level	timing
comparison	wherever	feasible.

Decision	Framework:	The	Constraint	Map

The	Constraint	Map	is	a	diagnostic,	not	a	scorecard:	it	asks	a	product	organisation	to	lay	out	its	actual	workflow,	stage	by	stage,	and	rate
each	stage	on	three	dimensions	before	deciding	where	to	introduce	or	expand	AI	tooling.

Dimension	1:	Current	 cycle	 time.	How	 long	 does	work	 actually	 spend	 at	 this	 stage	 today,	measured,	 not	 estimated?	 This	 identifies
candidate	bottlenecks	directly,	independent	of	any	AI	question.

Dimension	2:	AI	evidence	strength	 for	 this	stage.	Based	on	 the	pattern	described	 in	 this	 report,	 coding	assistance	 for	well-scoped
tasks	sits	at	the	strong	end	of	the	evidence	spectrum;	complex,	high-context	coding,	review,	QA,	and	discovery	and	design	sit	progressively
further	toward	the	thin,	largely-anecdotal	end.

Dimension	 3:	Downstream	absorption	 capacity.	 If	 this	 stage	 is	 accelerated,	 does	 the	 next	 stage	 in	 the	 chain	 have	 the	 capacity	 to
absorb	 the	 increased	 volume	without	becoming	 the	new	constraint?	This	 is	 the	dimension	most	 commonly	 skipped,	 and	 the	one	whose
omission	produces	the	pattern	described	throughout	this	report.

Figure	10.	The	Constraint	Map
Rate	every	stage	on	three	dimensions	before	deciding	where	to	introduce	or	expand	AI	tooling.	A	stage	is	a	good	near-term	investment	only	where	all	three	line	up.

Stage Cycle	time	today AI	evidence	strength Downstream	capacity

Discovery Varies Thin	/	anecdotal Usually	available

Definition Varies Thin	/	anecdotal Usually	available

Design Varies Thin	/	anecdotal Depends	on	eng.	capacity

Build	(simple) Often	fast	already Strong Frequently	constrained

Build	(complex) Often	slow Mixed	—	caution Frequently	constrained

Verify Frequently	the	real	constraint Thin	/	emerging —

Release Varies Thin	/	emerging Depends	on	ops	maturity

A	stage	with	thin	evidence,	regardless	of	how	slow	it	is	or	how	much	downstream	capacity	exists,	is	a	pilot,	not	a	rollout.	Applied	honestly,
the	Constraint	Map	routinely	produces	an	uncomfortable	finding	for	organisations	that	have	already	invested	heavily	in	coding	assistants:
the	technology	adopted	first	was	rarely	chosen	because	it	mapped	onto	the	actual	constraint,	it	was	chosen	because	it	was	the	most	visible,
most	benchmarked	category	available	at	the	time.	That	is	not	a	reason	to	abandon	it.	It	is	a	reason	to	complete	the	mapping	before	the	next
purchase.

Risks	and	Failure	Modes

Optimising	the	fastest	stage	and	calling	it	done.	The	clearest	failure	mode	in	this	report:	visible,	celebrated	gains	in	code-generation
speed	that	never	translate	into	faster	feature	delivery,	because	the	actual	constraint	sat	somewhere	else	the	whole	time.

Trusting	believed	productivity	over	measured	productivity.	Given	the	size	of	the	gap	documented	in	recent	controlled	research,	an
organisation	that	relies	solely	on	developer	sentiment	or	adoption	metrics	to	judge	whether	a	coding	tool	is	working	is	at	meaningful	risk	of
being	confidently	wrong.

Applying	 benchmark-task	 evidence	 to	 high-context,	 real-world	 work	 uncritically.	 Treating	 strong	 performance	 on	 short,	 well-
defined	tasks	as	license	to	extend	AI-generated	changes	into	complex,	deeply-interdependent	systems	without	additional	scrutiny.



Letting	review	debt	accumulate	silently.	A	rising	backlog	of	AI-generated,	unreviewed	or	lightly-reviewed	code	is	a	form	of	technical
and	organisational	debt	that	behaves	like	any	other:	invisible	until	it	produces	an	incident,	at	which	point	it	is	expensive	and	urgent	rather
than	cheap	and	optional.

Over-extending	agentic	tool	autonomy	ahead	of	the	evidence.	Rapid,	genuine	benchmark	progress	creates	pressure	to	hand	agentic
tools	broader	scope	and	less	supervision	faster	than	the	evidence	for	their	reliability	on	ambiguous,	real-world	work	actually	supports.

Under-resourcing	discovery	and	design	because	the	evidence	is	thin,	not	because	the	need	is.	The	opposite	failure	mode	is	also
real:	treating	a	lack	of	rigorous	evidence	as	a	reason	to	avoid	experimentation	entirely,	rather	than	as	a	reason	to	experiment	carefully	and
measure	honestly.

Mistaking	a	vendor	case	study	for	an	independent	finding.	A	meaningful	share	of	the	most	quoted	statistics	in	this	space	come	from
research	 the	 tool	 vendor	 itself	 commissioned	 or	 ran,	 which	 changes	 how	 much	 weight	 a	 single	 such	 study	 should	 carry	 against	 an
independent,	adversarially-designed	study	reaching	a	different	conclusion.

Figure	11.	Risk	Register	at	a	Glance
The	recurring	ways	this	report	has	seen	the	moved-bottleneck	pattern	turn	into	an	actual	delivery	problem.

Risk How	it	shows	up

Optimising	the	fastest	stage	and	calling	it	done Celebrated	code-generation	speed	that	never	translates	into	faster	feature	delivery

Trusting	believed	productivity	over	measured	productivity Confident	but	wrong	judgments	about	whether	a	coding	tool	is	actually	working

Applying	benchmark-task	evidence	to	high-context	work
uncritically

AI-generated	changes	extended	into	complex	systems	without	added	scrutiny

Letting	review	debt	accumulate	silently A	growing	backlog	of	lightly-reviewed	code,	invisible	until	it	produces	an	incident

Over-extending	agentic	tool	autonomy	ahead	of	the	evidence Broader	scope	and	less	supervision	granted	faster	than	reliability	evidence	supports

Under-resourcing	discovery	and	design	because	evidence	is	thin Avoiding	experimentation	entirely	rather	than	experimenting	carefully	and
measuring

Recommendations

Figure	12.	The	Six	Recommendations	at	a	Glance
Each	addresses	one	of	the	mismatches	and	risks	documented	above.

1
Map	your	actual	workflow	and	measure	current	cycle
time	at	every	stage	before	the	next	AI	tool	purchase.

2
Separate	coding-assistant	evaluation	by	task
complexity	and	codebase	familiarity.

3
Pair	every	upstream	AI	investment	with	an	explicit
downstream	capacity	decision,	in	the	same	approval.

4

Build	a	standing	before/after	timing	comparison	into
new	AI	tool	rollouts.

5

Scope	agentic	tool	autonomy	to	what	current
benchmark	and	real-world	evidence	actually	supports.

6

Re-run	the	Constraint	Map	on	a	fixed	cadence,	at	least
twice	a	year.

1.	Map	your	actual	workflow	and	measure	current	cycle	time	at	every	stage	before	the	next	AI	tool	purchase.	This	alone	resolves
most	of	the	mismatches	documented	in	this	report.

2.	Separate	coding-assistant	evaluation	by	task	complexity	and	codebase	familiarity.	Track	outcomes	for	short,	well-scoped	tasks
and	complex,	high-context	changes	as	two	distinct	categories,	not	one	blended	number.

3.	Pair	every	upstream	AI	investment	with	an	explicit	downstream	capacity	decision,	in	the	same	approval.	Do	not	 let	review,
QA,	or	design-decision	capacity	become	the	default,	undiscussed	constraint.

4.	Build	a	standing	before/after	 timing	comparison	 into	new	AI	 tool	 rollouts,	 rather	 than	 relying	on	adoption	 rate	or	 sentiment
surveys	as	the	primary	signal	of	success.

5.	Scope	agentic	tool	autonomy	to	what	current	benchmark	and	real-world	evidence	actually	supports,	expanding	it	deliberately
and	on	a	re-verified	basis	rather	than	by	default.

6.	Re-run	the	Constraint	Map	on	a	fixed	cadence,	at	least	twice	a	year.	Both	the	evidence	base	and	your	own	workflow	are	moving
quickly	enough	that	a	mapping	done	a	year	ago	should	be	treated	as	stale.

How	SDTC	Digital	Thinks	About	This



We	are	not	sceptical	of	AI-enabled	product	workflows.	Several	of	our	own	delivery	practices	now	depend	on	exactly	the	kind	of	tooling	this
report	 examines.	What	we	have	 learned	building	product	 for	 clients	 across	 this	 transition	 is	 narrower	 and,	we	 think,	more	useful	 than
either	 the	 enthusiastic	 or	 the	 dismissive	 version	 of	 this	 story:	 the	 technology’s	 value	 is	 real,	 uneven,	 and	 concentrated	 in	 specific,
identifiable	places,	and	the	organisations	getting	the	most	out	of	it	are	the	ones	willing	to	find	those	places	by	measurement	rather	than	by
assuming	the	loudest,	best-marketed	stage	must	be	the	right	one.

Our	 starting	 engagement	with	 any	 client	 evaluating	AI	 tooling	 for	 their	 product	workflow	 is	 close	 to	what	 this	 report	 describes	 as	 the
Constraint	Map:	an	honest	look	at	where	their	own	pipeline	is	actually	slow	today,	not	where	the	industry	says	pipelines	are	usually	slow.
That	often	means	recommending	a	client	hold	off	on	a	coding-assistant	expansion	 they	arrived	wanting,	because	 their	actual	constraint
turns	 out	 to	 be	 a	 design-review	 process	 or	 a	 product-decision	 bottleneck	 no	 tool	 in	 their	 shortlist	 touches	 at	 all.	 It	 is	 a	 less	 exciting
recommendation	than	a	rollout	plan.	It	is	also	the	one	that	changes	their	delivery	speed.

Conclusion

AI-enabled	product	workflows	are	not	a	myth	and	they	are	not	yet	the	systemic	multiplier	the	category’s	marketing	suggests.	Both	things
are	true	because	the	technology’s	demonstrated	strength,	generating	well-scoped	code	quickly,	sits	at	one	specific	point	in	a	much	longer
chain,	and	a	chain	moves	at	the	speed	of	its	slowest	link	regardless	of	how	fast	any	single	link	becomes.

The	organisations	that	will	get	real	value	from	this	wave	are	not	necessarily	the	ones	that	adopt	the	most	tools	first.	They	are	the	ones	that
can	say,	with	actual	measurement	behind	the	claim,	where	their	workflow	is	genuinely	constrained,	which	of	the	available	tools	has	real
evidence	 behind	 it	 for	 that	 specific	 kind	 of	 work,	 and	 whether	 the	 stage	 downstream	 can	 absorb	 what	 the	 upstream	 tool	 is	 about	 to
produce.	Everything	else	is	buying	speed	for	a	stage	that	was	never	actually	slow.

The	constraint	has	not	disappeared	from	product	development.	It	has	just	started	moving	faster	than	most	teams	are	tracking	it.

Sources	Referenced	in	This	Report

GitHub’s	controlled	research	on	Copilot-assisted	task	completion	speed;	METR’s	2025	randomized	controlled	trial	measuring	experienced	open-source	developers’
real-task	completion	time	with	and	without	current	AI	coding	tools;	GitClear’s	independent	analysis	of	code	churn,	duplication,	and	refactoring	trends	since	the
widespread	adoption	of	AI	 coding	assistants;	 the	SWE-bench	 family	 of	 coding-agent	benchmarks	and	publicly	 reported	 resolve-rate	 trends	 for	 leading	agentic
coding	 systems;	 general	 queueing-theory	 and	 Theory	 of	 Constraints	 literature	 (Goldratt)	 as	 the	 conceptual	 basis	 for	 the	 bottleneck-relocation	 argument;	 and
general	industry	reporting,	including	McKinsey’s	AI-adoption	research,	on	AI	adoption	across	product-management,	design,	and	discovery	tooling.

Flagged	for	verification	before	publication

The	exact	percentage	figures	from	GitHub’s	Copilot	study	and	from	METR’s	2025	RCT;	the	specific	churn	and	duplication	figures	reported	by	GitClear;
current	SWE-bench	and	related	benchmark	resolve-rate	figures,	which	move	quickly	and	should	be	pulled	fresh	rather	than	reused	from	an	earlier	point	in
time;	and	all	claims	regarding	discovery-	and	design-stage	AI	tooling,	which	rest	on	a	materially	thinner	evidence	base	than	the	coding-stage	claims	and	are
presented	in	this	report	as	directional	and	anecdotal	rather	than	independently	measured.	This	report	was	compiled	from	general	research	knowledge
without	a	live	source	lookup	in	this	session	(the	source	dossier	for	this	topic	could	not	be	retrieved)	—	every	statistic	above	should	be	checked	against	its
primary	source	before	this	report	is	published	externally.


