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Abstract	
Through	the	study	on	the	audit	opinion	prediction	of	listed	enterprises,	we	can	optimize	
the	allocation	of	resources	 in	the	securities	market	and	maintain	the	order	of	market	
economy.	 This	 paper	 analyzed	 the	 influencing	 factors	 of	 audit	 results	 from	 four	
directions:	 financial	 indicators,	 non‐financial	 indicators,	 market	 environment	 and	
market	 relative	 value.	 Data	 related	 to	 all	 A‐share	 listed	 companies,	 except	 for	 the	
financial	sector,	for	each	year	from	2017	to	2019	were	selected	as	the	study	sample.	We	
established	an	audit	opinion	prediction	variable	system,	adopted	SMOTE	oversampling	
technology	 to	 solve	 the	 problem	 of	 sample	 imbalance	 and	 combined	 deep	 residual	
learning	with	convolutional	neural	network	to	predict	the	audit	opinion.	The	average	
accuracy	rate	of	the	1D‐DRCNN	model	reaches	99%,	showing	a	satisfactory	result	that	
identifying	and	predicting	Multi‐category	audit	opinions	of	 listed	 companies	 through	
multi‐source	information	data.	
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1. Introduction	

The	 types	 of	 audit	 opinions	 can	 transmit	 a	 lot	 of	 useful	 information	 about	 an	 enterprise.	
Accurate	 disclosure	 of	 audit	 opinions	 can	 give	 important	 support	 to	 the	 evaluation	 of	 the	
enterprise	 performance	 and	 the	 prediction	 of	 the	 future	 development	 of	 the	 enterprise.	 To	
explore	the	relevant	 factors	affecting	audit	opinion	and	to	build	a	model	that	can	accurately	
predict	 audit	 opinion	 is	 of	 great	 help	 to	 optimize	 the	 allocation	 of	 market	 resources	 and	
maintain	the	stability	of	the	economic	order	of	the	securities	market.	
For	 example,	 Zhang	 Xiaolan	 et	 al.	 (2007)	 [1]	 used	 logistic	 regression	model	 to	 analyze	 the	
uncertain	audit	opinions	of	going	concern,	Guo	Lei	(2008)	[2]	used	logistic	regression	to	predict	
audit	opinions,	the	results	showed	that	the	introduction	of	non‐financial	indicators	can	improve	
the	 accuracy	 of	 prediction.	With	 the	 rapid	development	of	 artificial	 intelligence	 technology,	
scholars	began	to	apply	data	mining	technology	to	the	prediction	of	audit	opinions,	such	as	Tian	
Jinyu	(2010)	[3]	used	BP	neural	network	to	build	the	prediction	model	of	audit	opinion.	Li	Dan	
(2017)	[4]	built	 the	prediction	model	of	audit	opinion	based	on	grey	neural	network.	Zhang	
Zhiheng	et	al.	 (2017)	 [5]	used	 the	domain	rough	set	neural	network	 to	build	 the	prediction	
model.	Sun	Jie	(2018)	[6]	studied	the	prediction	model	of	multi	category	audit	opinion	based	
on	ECOC‐SVM;	 Zhang	Qinglong	 et	 al.	 (2019)	 [7]	 built	 the	 prediction	model	 based	 on	 smote	
algorithm	BP	neural	network,	with	an	accuracy	of	90.7%.	
To	 sum	 up,	 the	 research	 direction	 of	 using	 deep	 learning	 technology	 to	 solve	 audit	 risk	
identification	is	still	in	the	initial	stage	of	exploration.	In	this	paper,	we	build	a	One‐Dimensional	
Deep	Residual	 Convolutional	Neural	Network	 to	 identify	 financial	 risk	 and	 prediction	 audit	
opinions,	which	based	on	 the	 financial	data	of	 listed	 companies,	non‐financial	data	of	 listed	
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companies	 and	 market	 index	 data.	 This	 study	 further	 expands	 the	 scope	 of	 audit	 opinion	
prediction	indicators	and	applies	deep	learning	model	to	the	field	of	audit	opinion	prediction,	
which	 can	well	 solve	 the	 problems	 of	 financial	 risk	 and	 audit	 prediction.	 It	 is	 a	 successful	
attempt	of	deep	learning	in	the	field	of	audit	opinion	prediction.	

2. Methods	

2.1. CNN	
Convolutional	Neural	Network	(CNN),	a	multi‐layer	Neural	Network,	is	an	algorithm	model	of	
distributed	and	parallel	information	processing	by	imitating	the	behavioral	characteristics	of	
mammalian	 visual	 Neural	 Network.	 Convolutional	 Neural	 Network	 achieves	 the	 purpose	 of	
learning	features	and	processing	information	by	adjusting	the	internal	hidden	layer,	activation	
function	 and	 information	 transfer	 path.	 One‐dimensional	 convolutional	 neural	 network	 can	
mine	 the	 relevant	 features	of	enterprise	operation	risk	evaluation	 from	a	series	of	 financial	
characteristic	index	data	or	non‐financial	characteristic	index	data.	The	basic	structure	of	one‐
dimensional	convolutional	neural	network	is	roughly	shown	in	Figure	1.	
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Figure	1.	Structure	diagram	of	convolutional	neural	network	

	

Input	layer:	In	experimental	data	D,	the	characteristic	index	vector	corresponding	to	operating	
condition	 	of	each	enterprise	is	 ∈ .	 	is	the	dimension	of	characteristic	index.	
Convolution	layer:	Each	convolution	operation	has	its	corresponding	convolution	kernel	 ∈

.	Each	convolution	nuclear	energy	contains	 	sliding	Windows	of	operating	conditions	for	
convolution	calculation,	and	the	eigenvalues	obtained	are	as	follows:	
	

: 																																																												(1)	
	

: ∈ 	represents	 the	matrix	 stitched	by	 the	vectors	of	 	enterprises	adjacent	 to	 the	
operating	conditions	of	the	input	the	 	enterprise.	 ∈ 	represents	offset.	F	represents	the	non‐
linear	 activation	 function	 ReLU	 (Rectified	 Linear	 Unit).	 C	 represents	 the	 eigenvalue	 of	 the	
convolution	kernel	at	the	i	position	of	the	input.	
The	 characteristics	 obtained	 by	 the	 convolution	 kernel in	 each	 window	 { : , : ,
⋯⋯ , : }	are	as	follows:	
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, , ⋯⋯ , ∈ 																																												(2)	
	
Pooling	layer:	The	pooling	layer	is	generally	in	the	middle	of	the	continuous	convolution	layer,	
which	is	used	to	compress	the	quantity	of	data	and	parameters	and	obtain	the	most	important	
feature	 max c 	in	 the	 feature	 figure.	 Then	 all	 the	maximum	 eigenvalues	 are	 spliced	 to	
generate	the	eigenvector	 , , , ⋯⋯ , .	 	is	the	number	of	convolution	kernels.	

	layer:	Inputting	feature	vector	V,	then	use	 	classifier	to	calculate	and	output	
the	probability	of	each	enterprise	operating	risk	in	each	category:	
	

																																																							(3)	
	
∈ ,	 		represents	 the	weight	of	 the	parameter.	 	represents	 the	offset.	 	represents	 the	

number	of	categories.	After	the	probability	is	predicted,	the	cross‐entropy	loss	function	is	used	
for	 back	 propagation	 to	 update	 the	 weight.	 After	 several	 iterations,	 the	 optimal	 model	
parameters	are	selected.	

2.2. Residual	Learning	
He	Kaiming	(2016)	[8]	proposed	the	Residual	convolutional	Neural	Network	(ResNet)	to	solve	
the	problems	such	as	gradient	loss	and	gradient	explosion	that	may	occur	due	to	the	deepening	
of	Network	 layer.	 This	model	won	 the	best	 ImageNet	 competition	of	 the	 year.	 The	 residual	
module	is	defined	as:	

, 																																																																(4)	
	

	stands	for	input	module,	 	stands	for	output	module.	 	represents	the	residual	mapping.	 	
represents	the	module	parameters.	

As	shown	in	Figure	2,	residual	blocks	are	connected	by	bypassing	some	convolutional	network	
layers	 [9].	 This	 type	 of	 connection	 can	 better	 propagate	 the	 gradient	 to	 improve	 network	
performance.	
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Figure	2.	Residual	Learning	

2.3. 1D‐DRCNN	Audit	Opinions	Prediction	Model	
This	 paper	 proposes	 a	 financial	 risk	 identification	 and	 prediction	 model	 based	 on	 One‐
Dimensional	Deep	Residual	Convolutional	Neural	Network.	As	shown	in	Figure	3,	the	input	data	
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is	 firstly	 extracted	 by	 convolution	 layer	 and	 pool	 layer,	 and	 then	 into	 residual	 convolution	
neural	 network	 for	 deep	 feature	 extraction.	 The	 residual	 convolutional	 neural	 network	 is	
mainly	 divided	 into	 two	 parts,	 Conv	 Block	 and	 Identity	 Block.	 Because	 of	 the	 existence	 of	
residual	edge,	the	input	and	output	dimensions	are	different,	Conv	Block	cannot	be	connected	
in	series	continuously.	But	Conv	Block	can	be	used	to	change	the	dimension	of	the	network.	
Identity	Block	can	be	connected	in	series	and	can	be	used	to	deepen	the	network	due	to	the	
input	and	output	dimensions	are	the	same.	
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Figure	3.	1D‐DRCNN	structure	diagram	

	
Different	 from	 traditional	 convolutional	 neural	 network,	 the	 data	 is	 flattened	 after	 the	
maximum	pool	layer,	and	then	sent	to	two	or	more	full	connection	layers.	The	probability	of	
each	category	 is	calculated	by	 	layer.	After	 the	residual	network,	1D‐DRCNN	model	
uses	global	average	pooling	layer	to	connect	 	layer	to	classify	and	predict.	
Multiple	 fully	 connected	 layers	 can	 lead	 to	 too	 many	 parameters,	 which	 can	 slow	 down	
computation	and	complex	parameter	updates.	However,	using	global	average	pooling	makes	
the	size	of	the	pool	sliding	window	equal	to	the	size	of	feature	graph.	One	feature	map	output	
one	value	means	that	only	the	average	value	or	maximum	value	of	the	whole	feature	graph	is	
retained.	This	 operation	 can	 greatly	 shorten	 the	 training	 time	 and	 avoid	over‐fitting.	 In	 the	
calculation	process,	space	transformation	is	carried	out	to	make	the	model	more	robust.	

3. RESEARCH	DESIGN	

3.1. Data	
Most	previous	studies	have	focused	on	one	or	a	few	industries.	This	paper	hopes	to	expand	the	
research	scope	and	select	the	data	of	all	industries	in	recent	three	years	as	samples,	except	the	
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financial	industry,	which	is	quite	different	from	other	industries,	to	make	the	prediction	model	
more	widely	applicable.	
According	to	the	industry	classification	guidelines	for	listed	companies	(2012)	issued	by	China	
Securities	Regulatory	Commission,	this	paper	selects	all	A‐share	listed	companies	(excluding	
the	 financial	 industry)	 from	 2017	 to	 2019	 as	 research	 samples,	 and	 after	 excluding	 the	
companies	with	undisclosed	annual	reports	or	missing	index	data,	10302	research	samples	are	
obtained.	The	financial	data	of	the	samples	are	from	CSMAR	database.	
In	 the	 sample	 data,	 the	 number	 of	 unqualified	 opinions	 is	 9,733,	 the	 number	 of	 qualified	
opinions	 is	 251,	 the	 number	 of	 adverse	 opinions	 is	 226,	 and	 the	 number	 of	 disclaimer	 of	
opinions	is	92.	The	sample	data	has	serious	category	imbalance.	Therefore,	SMOTE	algorithm	
is	adopted	in	this	paper	to	carry	out	over‐sampling	processing	on	the	data,	and	the	processed	
data	is	carried	out	one‐hot	Code.	

3.2. Index	System	of	Audit	Opinion	Forecast	Variables	
Considering	the	comprehensiveness	of	variable	index	selection,	the	operability	of	variable	data	
and	the	pertinence	of	variable	selection.	Refer	to	the	research	results	of	Zhang	Zhiheng	(2017)	
and	Zhang	Qinglong	(2019).	This	paper	establishes	a	variable	 index	system	of	audit	opinion	
prediction	which	covers	the	financial,	non‐financial,	market	environment	and	market	relative	
value	of	listed	enterprises.	As	shown	in	Table	3.	

3.3. Model	Training	
The	main	parameters	involved	in	convolutional	neural	network	include	structural	parameters	
and	training	parameters.	The	number	of	convolution	kernel,	the	size	of	convolution	kernel	and	
the	size	of	step	in	the	structure	parameters	directly	determine	the	effect	of	feature	extraction	
of	1D‐DRCNN	layer	groups.	The	training	parameters	of	the	model	include:		

 Batch‐size,	which	is	used	to	calculate	the	training	data	into	modules.	

 Epoch,	the	more	epochs,	the	more	sufficient	training	and	the	better	training	effect,	but	the	
recognition	accuracy	of	convolutional	neural	network	has	an	upper	limit.		

 Learning	rate,	which	is	used	to	control	gradient	descent	speed.	Generally,	the	higher	the	
learning	rate,	the	shorter	the	training	time.	

After	 several	 experiments	 and	 parameter	 adjustments,	 the	 model	 batch	 size	 is	 finally	
determined	to	be	500,	the	number	of	iterations	is	50,	and	the	initial	value	of	learning	rate	is	
0.001.	The	 cross‐entropy	Loss	 function	 is	used,	 and	 the	 training	Loss	 curve	of	 the	model	 is	
shown	in	Figure	4.	
	

	
Figure	4.	1D‐DRCNN	model	training	error	
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3.4. Research	Results	
In	order	to	test	the	reliability	and	prediction	effect	of	the	1D‐DRCNN	training	model,	the	test	
group	samples	were	taken	as	the	input	values	of	the	neural	network	to	obtain	the	output	values,	
namely	 the	 prediction	 results	 of	 audit	 opinions.	 The	 prediction	 accuracy	 of	 the	model	was	
obtained	based	on	 the	 comparison	between	 the	audit	opinions	of	 real	 test	 samples	and	 the	
prediction	results	of	audit	opinions.	
	

Table	1.	Confusion	Matrix	and	Various	Evaluation	Indexes	

Classification	
UNQUALIFIED	
OPINION	

QUALIFIED	
OPINION	

ADVERSE	
OPINION

DISCLAIMER	
OF	OPINION

PREC	
(%)	

RECALL	
(%)	

F1	
(%)	

UNQUALIFIED	
OPINION	

2796	 11	 8	 1	 95.75	 99.29	 97.49

QUALIFIED	
OPINION	

77	 2903	 5	 0	 99.42	 97.25	 98.32

ADVERSE	
OPINION	

45	 6	 2905	 3	 99.49	 98.18	 98.83

DISCLAIMER	
OF	OPINION	

2	 0	 2	 2916	 99.86	 99.86	 99.86

	
The	confusion	matrix	obtained	after	verification	is	listed	in	Table	1	with	30%	samples	as	test	
data.	The	number	with	the	correct	number	of	model	classification	is	shown	in	bold.	The	last	
three	columns	of	the	table	represent	the	accuracy,	recall	rate	and	F1	performance	indicators	of	
each	class.	From	the	results,	the	classification	results	of	the	four	categories	are	all	good,	and	the	
value	of	F1	is	all	greater	than	97%.	The	diagonals	of	the	confusion	matrix	are	almost	symmetric,	
indicating	that	the	misclassification	is	unlikely	to	be	due	to	an	imbalance	of	sample	categories.	
The	prediction	accuracy	of	 the	 reserved	opinion	and	 the	unexpressed	opinion	 type	 that	 the	
auditors	 focused	 on	 reached	 99.49%	 and	 99.86%,	 respectively,	 and	 the	 recall	 rate	 reached	
98.18%	 and	 99.86%.	 This	 indicates	 that	 the	 one‐dimensional	 deep	 residuals	 convolutional	
network	has	a	 relatively	 ideal	 testing	effect	and	 is	very	 suitable	 for	 the	prediction	of	Multi‐
category	audit	opinions.	

3.5. Comparative	Analysis	of	Prediction	Models		
In	order	to	prove	the	effectiveness	of	the	proposed	model,	this	paper	compares	the	results	of	
the	 1D‐DRCNN	 model	 with	 the	 results	 of	 advanced	 research	 models	 in	 recent	 years.	
Respectively	 selected	 Logistic	 Regression	 (LR)	 type	 models	 representing	 classic	 statistics;	
Support	Vector	Machine	(SVM)	model	performs	well	in	Machine	learning;	BP	(Back	Propagation)	
neural	 network	model	with	 high	 self‐adaptability	 and	 self‐learning	 ability.	 In	 Table	 2,	MF1	
represents	 the	mean	value	of	 F1	 indicator,	 and	MACC	 represents	 the	mean	value	of	 overall	
accuracy.	
	

Table	2.	Comparison	with	Other	Advanced	Model	Results	

Prediction	
model	

MACC	
(%)	

MF1	
(%)	

F1%	

UNQUALIFIED	
OPINION	

QUALIFIED	
OPINION	

ADVERSE	
OPINION	

DISCLAIMER	OF	
OPINION	

LR	 86.01	 71.36	 84.73	 67.05	 55.93	 77.71	

SVM	 93.86	 87.67	 89.55	 83.51	 82.87	 94.76	

BP	 96.9	 93.76	 91.74	 90.74	 93.38	 99.20	

DRCNN	 99.31	 98.63	 97.49	 98.32	 98.83	 99.86	
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The	 1D‐DRCNN	 prediction	 model	 has	 a	 better	 classification	 effect	 than	 other	 models.	 The	
overall	mean	accuracy	of	logistic	regression	model	was	only	86.01%,	and	MF1	was	only	71.36%.	
The	F1	value	of	the	adverse	opinion	only	reached	55.93%,	indicating	a	significant	gap	between	
the	 overall	 effect	 of	 the	model	 and	 other	models.	 This	 is	mainly	 because	 there	 are	 a	 lot	 of	
nonlinearities	in	the	index	system,	and	the	Logistic	regression	cannot	effectively	deal	with	the	
problem	of	nonlinearities.	The	support	vector	machine	model	realizes	classification	prediction	
by	constructing	decision	hyperplane.	When	dealing	with	the	multi‐classification	problem	with	
massive	 complex	 index	 data,	 the	 decision	 boundary	 with	 larger	 margin	 has	 smaller	
classification	generalization	error,	while	the	smaller	decision	boundary	performs	well	 in	the	
training	set	but	not	well	in	the	test	set.	This	indicates	the	existence	of	"overfitting"	phenomenon.	
Compared	with	BP	neural	network,	which	is	easy	to	fall	into	local	optimal	solution	and	cannot	
obtain	 global	 optimal	 solution	 during	 training.	 The	 1D‐DRCNN	model	 adds	 the	 convolution	
layer	and	residual	 learning,	which	makes	the	model	have	stronger	feature	extraction	ability,	
speeds	up	the	convergence	of	the	model,	and	improves	the	generalization	and	robustness	of	the	
model.	The	1D‐DRCNN	model	showed	a	2.4%	improvement	in	MACC.	The	improvement	in	the	
MF1	index	was	even	greater,	reaching	4.87%.	
In	audit	work,	it	is	more	expensive	to	identify	a	poorly	operated	company	as	a	well	operated	
company	 than	 to	 identify	a	well	operated	company	as	a	poorly	operated	company.	Adverse	
opinion	 and	 disclaimer	 of	 opinion	 represent	 enterprises	with	 greater	 operating	 risk.	When	
identifying	 these	 two	 types	of	enterprises,	 the	F1	values	of	 the	models	are	above	98%.	The	
results	show	that	the	1D‐DRCNN	model	can	better	meet	the	application	requirements	of	audit	
evaluation	and	audit	back‐testing.	

4. Conclusion	

The	 overall	 accuracy	 of	 the	 prediction	 model	 of	 Multi‐category	 audit	 opinions	 of	 listed	
enterprises	based	on	1D‐DRCNN	reached	99.31%,	the	model	achieved	good	prediction	results,	
indicating	 that	 the	 model	 proposed	 in	 this	 paper	 can	 better	 learn	 data	 characteristics	
independently.	CPAs	can	use	audit	opinion	prediction	models	as	pre‐audit	assessments	or	as	
auxiliary	tools	for	audit	back‐testing.	Managers	can	use	the	audit	opinion	prediction	model	to	
evaluate	 the	 staged	 operating	 status	 of	 the	 enterprise	 quickly	 and	 intuitively.	 And	 judge	
whether	the	audit	opinion	provided	by	the	certified	public	accountant	is	reasonable	and	fair.	
Finally,	other	prospective	users	of	audit	reports	can	use	high‐precision	forecasting	models	to	
assess	 the	 risk	 of	 major	 misstatement	 of	 the	 company	 and	 provide	 reference	 opinions	 for	
investment	decisions	and	business	cooperation.	
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Appendix	

Table	3.	Index	of	Business	Risk	and	Audit	Variable	Prediction	System	
Variable	types	 The	name	of	the	variable	 Symbol Variable	definitions	

Financial	
indicators	of	

Listed	
Enterprises	

Management	
ability	

Accounts	receivable	
turnover	

C1	 Average	occupancy	of	operating	
revenue/Accounts	receivable	

Inventory	turnover	 C2	 Operating	cost/Average	occupancy	
of	inventory	

Cash	and	cash	
equivalents	turnover

C3	
Operating	revenue/	Average	
balance	of	cash	and	cash	

equivalents	
Current	assets	to	
income	ratio	

C4	 Current	assets/Operating	income	

Current	asset	
turnover	

C5	 Average	occupancy	of	operating	
income	/Current	assets	

Fixed	assets	to	
income	ratio	

C6	 Fixed	assets/Revenue	

Fixed	asset	turnover C7	 Average	net	operating	income/	
Fixed	assets	

Non‐current	assets	
turnover	

C8	 Average	balance	of	operating	
income/non‐current	assets	

Total	asset	turnover C9	 Operating	revenue/Average	total	
assets	

Shareholder's	equity	
turnover	

C10	 Operating	Income/Average	
Shareholders'	Equity	

Debt	paying	
ability	

Current	ratio	 C11	 Current	assets/Current	liabilities	

Quick	ratio	 C12	
(Current	assets	‐	inventory)/	

Current	liabilities	
Net	cash	flow	from	
operations/current	

liabilities	
C13	 Net	cash	flow	from	

operations/Total	current	liabilities

Ratio	of	equity	to	
debt	

C14	
Total	owners'	equity/Total	

liabilities	

Long‐term	debt	to	
capital	ratio	

C15	
Total	non‐current	liabilities	/	

(Total	owners'	equity	+	Total	non‐
current	liabilities)	

Long‐term	debt	to	
working	capital	ratio

C16	
Total	non‐current	liabilities	/	

(Total	current	assets	‐	total	current	
liabilities)	

Profitability	
Return	on	assets	 C17	

(Total	profit	+	finance	expense)/	
Average	total	assets	

Net	Profit	on	Total	
Assets	(ROA)	

C18	 Net	profit/Average	total	assets	
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Net	profit	margin	on	
current	assets	

C19	 Net	profit/Average	balance	of	
current	assets	

Net	profit	margin	on	
fixed	assets	

C20	 Net	profit/Average	balance	of	fixed	
assets	

Return	on	equity	 C21	 Net	Income/Average	Balance	of	
Shareholders'	Equity	

Long	term	return	on	
capital	

C22	
(Net	profit	+	income	tax	expense	+	
finance	expense)/	Long	term	

capital	

Development	
capacity	

Growth	rate	of	total	
assets	

C23	

(Ending	value	of	total	assets	at	
current	period	‐	initial	value	of	total	
assets	at	current	period)/	Initial	
value	of	total	assets	at	current	

period	

Growth	rate	of	
revenue	

C24	
(Current	operating	income	‐	
previous	operating	income)/	

Previous	net	profit	
Sustainable	growth	

rate	
C25	 (ROE	×	Earnings	Retention)	*	(1‐	

ROE	×	Earnings	Retention)	

Growth	rate	of	
owners'	equity	

C26	

(Value	of	owners'	equity	at	the	end	
of	period	‐	initial	value	of	owners'	
equity	at	the	current	period)/	
Initial	value	of	owners'	equity	at	

the	current	period	

Growth	Rate	of	Net	
Assets	Per	Share	

C27	

(Ending	value	of	net	asset	per	share	
at	current	period	‐	initial	value	of	
net	asset	per	share	at	current	

period)/	Initial	value	of	net	asset	
per	share	at	current	period	

Cash	Flow	
analysis	

Net	cash	content	of	
operating	revenue	

C28	 Cash	from	sales	of	goods	and	
services/Revenue	

Corporate	cash	flow C29	
Net	increase	in	cash	and	cash	
equivalents	‐	Net	cash	flow	

generated	by	financing	activities	

Equity	cash	flow	 C30	

(Net	increase	in	cash	and	cash	
equivalents)‐	(Cash	received	to	

absorb	equity	investments	‐	Cash	to	
distribute	dividends,	profits	or	pay	

interest	payments)	

Non‐financial	
indicators	of	

Listed	
Enterprises	

The	roles	of	chairman	and	general	
manager	were	separated	

F1	
The	separation	value	is	1;	

Otherwise,	0	

Proportion	of	Independent	Directors	 F2	
Number	of	Independent	

Directors/Incumbent	Directors	at	
Year‐end	(Including	Chairman)	

Total	size	of	supervisors	 F3	
Number	of	Supervisors	(Including	

Chairman	of	Supervisors)	

Fourth,	whether	the	establishment	of	
the	Committee	is	comprehensive	

F4	

Whether	the	audit	committee,	
strategy	committee,	nominating	
committee	and	remuneration	and	

assessment	committee	are	
established	comprehensively,	0	
represents	comprehensive	

establishment,	and	1	represents	
incomplete	establishment.	
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Degree	of	ownership	concentration	 F5	 The	shareholding	ratio	of	the	top	
10	shareholders	

Internal	control	problems	 F6	

The	sum	of	the	scores	multiplied	by	
the	quantity	of	the	types	of	internal	

control	defects	in	the	current	
period	

Market	
environment	
indicators	

Certified	public	
accountants	
related	

indicators	

Audit	Opinion	of	the	
previous	year	

Z1	
The	audit	opinion	obtained	by	the	
listed	company	in	the	previous	year

Office	size	 Z2	
Top	10	firms	in	China	are	1:	

Otherwise	0	
Total	audit	expenses Z3	 Total	expenses	related	to	all	audits

Expected	user	
related	metrics	

Analyst	attention	 Y1	
How	many	analysts	(teams)	have	
covered	the	company	in	a	year	

The	attention	of	the	
research	report	

Y2	
How	many	studies	have	tracked	the	
company	over	the	course	of	a	year

Market	
relative	value	
indicators	

Tobin	Q	value	 X1	 Market	capitalization/total	assets	
Book‐to‐market	ratio	 X2	 Total	assets/Market	value	

Interest	rate	earned	on	common	
shares	

X3	 Dividends	paid	per	share	(after	
tax)/	Current	closing	value	

	


