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ABSTRACT	

	

Background		

Patients	 with	 persistent	 medically	 unexplained	 physical	 symptoms	 (MUPS)	 often	 experience	

limitations	due	to	their	symptoms,	have	an	impaired	quality	of	life	and	incur	substantial	health	

care	costs.	 	Early	identification	of	patients	with	MUPS	who	have	a	high	risk	of	persistent	MUPS	

could	 lead	 to	 early	 intervention	 by	 general	 practitioners	 (GPs),	 which	 could	 prevent	 the	

transition	to	persistent	MUPS.	However,	 there	are	no	effective	and	efficient	screening	methods	

to	 identify	patients	with	a	high	risk	of	persistent	MUPS.	Therefore,	 to	enhance	identification	of	

these	risk	patients	and	thus	support	GPs,	we	aimed	to	develop	a	risk	assessment	model	using	a	

large	dataset	extracted	from	primary	care	electronic	medical	records	(EMRs).		

Methods	

We	used	anonymised	EMRs	from	22	Dutch	general	practices	(n=156.176)	over	a	five-year	period	

(2007-2011).	We	operationalized	persistent	MUPS	by	 combining	 international	 classification	of	

primary	care	(ICPC)	codes	for	irritable	bowel	syndrome,	fibromyalgia,	chronic	fatigue	syndrome	

and	 low	back	pain	without	 radiation	as	 an	endpoint.	We	balanced	 the	dataset	by	 including	all	

patients	with	 persistent	MUPS	 (n=7840)	 and	 a	 randomly	 selected	 sample	 of	 patients	without	

persistent	MUPS	(n=7988).	We	applied	logistic	regression	analysis	and	decision	tree	analysis	to	

assess	 the	persistent	MUPS	 risk	on	80%	of	 the	dataset.	The	performances	of	 the	models	were	

evaluated	with	the	area	under	the	curve	(AUC)	on	the	remaining	20%	of	the	data,	the	validation	

set.			

Results		

The	 variable	 best	 discriminating	 for	 persistent	 MUPS	 in	 both	 models	 was	 the	 number	 of	

episodes.	Risk	assessment	of	persistent	MUPS	was	performed	good	with	the	decision	tree	(AUC	

=	 0.81)	 and	 moderate	 to	 good	 with	 logistic	 regression	 (AUC	 =	 0.70).	 The	 validation	 showed	

acceptable	stability		(0.78	and	0.70,	respectively).	

Conclusion		

We	 explored	 the	 possibilities	 of	 assessment	 of	 patients’	 individual	 risks	 for	 persistent	 MUPS	

based	 on	 routine	 EMRs.	 We	 developed	 two	 moderate	 to	 good	 performing	 risk	 assessment	

models,	 partly	 by	 using	 relatively	 new	 data	mining	 techniques.	While	 our	 algorithms	 require	

further	 validation	 and	 fine-tuning,	 they	 provide	 a	 starting	 point	 from	which	GPs	 could	 evolve	

towards	a	more	proactive,	structured	MUPS	management	together	with	their	patients.		
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BACKGROUND		

	

Twenty	 to	 thirty	per	 cent	of	 all	 physical	 symptoms	presented	 to	 the	general	practitioner	 (GP)	

remains	 unsatisfactorily	 explained	 after	 adequate	 evaluation	 (1,2).	 Most	 of	 the	 so	 called	

medically	unexplained	physical	symptoms	(MUPS)	resolve	spontaneously.	However,	a	minority	

of	 patients	 in	 whom	 MUPS	 become	 persistent	 suffer	 from	 major	 impairments	 in	 daily	

functioning	 and	a	 reduced	quality	of	 life.	Also,	 persistent	MUPS	 lead	 to	high	 costs	due	 to	high	

health	care	utilization	and	decreased	work	functioning	(3,4).		

Early	 assessment	 of	 the	 risk	 of	 patients	 developing	 persistent	 MUPS	 by	 the	 GP	 could	 create	

possibilities	 for	 offering	 structured,	 proactive	 care	 and	 the	 prevention	 from	 the	 transition	 of	

MUPS	 to	 persistent	MUPS	 in	 subgroups	 of	 patients	with	 a	 high	 risk.	 This	 combination	 of	 risk	

assessment	 followed	 by	 structured,	 specified	 proactive	 care	 interventions	 is	 called	 panel	

management	 (5).	 Depending	 on	 the	 nature	 of	 the	 symptoms,	 functional	 limitations	 and	 the	

preferences	 of	 the	 patient,	 different	 treatment	 options,	 for	 example	 cognitive	 behavioural	

therapy	or	physical	therapy,	can	be	discussed	and	offered	at	an	early	stage	(6,7).		

The	identification	of	patients	at	risk	for	persistent	MUPS	that	is	needed	for	panel	management	is	

not	 a	 trivial	 task	 as	 there	 are	 no	 generally	 accepted	 determinants	 to	 guide	 any	 selection	

procedure.	 Other	 challenges	 include	 the	 heterogeneity	 among	MUPS	 patients	 (8),	 the	 varying	

definitions	and	classifications	used	in	literature	(9)	and	the	lack	of	a	generic	MUPS	code	in	the	

international	 classification	 of	 primary	 care	 (ICPC)	 system,	 a	 commonly	 used	 classification	

system	in	primary	care	(10).	Only	a	few	syndromes	closely	related	to	the	concept	of	MUPS	with	a	

persistent	course	have	a	specific	ICPC	code:	irritable	bowel	syndrome,	chronic	fatigue	syndrome,	

fibromyalgia	and	(persistent	or	recurrent)	low	back	pain	without	radiation.		

In	primary	care	research,	routine	electronic	medical	records	(EMRs)	can	be	used	for	identifying	

subgroups	of	patients	at	risk.	There	is	evidence	that	suggests	that	identifying	subgroups	at	risk	

followed	 by	 panel	 management	 can	 improve	 quality	 of	 life,	 for	 example	 in	 the	 frail	 elderly	

population	 (11,12).	 Only	 a	 few	 previous	 studies	 developed	 risk	 assessment	 or	 identification	

models	for	MUPS	using	EMRs,	but	either	the	method	did	not	prove	to	be	effective	or	it	was	not	

directly	suitable	for	usage	for	primary	care	(13,14).		



4	
	

In	 the	 light	 of	 the	 need	 to	 identify	 potentially	 new	 risk	 variables	 for	 MUPS	 in	 large	

heterogeneous	EMR	datasets,	more	 traditional	hypothesis	driven	approaches	might	not	be	 the	

most	suitable	ones.	Nowadays,	relatively	new	data	mining	techniques	are	available	for	analysing	

large	 heterogeneous	 databases,	 such	 as	 EMR	 databases,	 to	 unravel	 relationships	 between	

potential	risk	variables	and	outcomes	and	to	gain	deeper	understanding	of	the	data	(15–17).	In	

the	present	observational	study	we	aimed	to	explore	alternative	approaches	in	developing	risk	

assessment	 models	 based	 on	 the	 analysis	 of	 primary	 care	 EMRs	 to	 enhance	 identification	 of	

patients	at	risk	for	persistent	MUPS	using	two	different	statistical	techniques.	

	

METHODS	

	

Design	and	study	population	

We	 used	 an	 observational	 study	 design.	 We	 were	 able	 to	 use	 a	 database	 consisting	 of	 fully	

anonymised	extracted	routine	EMRs	from	22	general	practice	centers	(156176	patients)	in	the	

area	of	Utrecht,	 The	Netherlands,	 covering	 a	 five-year	period	 (January	2007-December	2011).	

All	 general	 practice	 centers	 represented	 in	 this	 dataset	 participate	 in	 the	 Julius	 General	

Practitioners’	Network	(JGPN)	and	share	their	anonymised	routine	healthcare	data	through	the	

JGPN	database,	connected	with	the	Julius	Center,	University	Medical	Center	Utrecht	(UMCU)	and	

approved	by	the	medical	ethical	committee	of	the	UMCU	(file#99-240).	

All	data	are	 coded	using	 the	 ICPC	 for	 registration	of	 symptoms	and	diagnoses,	 the	Anatomical	

Therapeutic	 Chemical	 (ATC)	 classification	 system	 for	 drug	 prescription	 and	 various	

measurement	 codes	 for	 biometry,	 interventions	 and	 referrals.	 All	 practice	 centers	 involved	 in	

the	JGPN	routinely	inform	their	enlisted	patients	that	EMRs	are	anonymised	and	shared	through	

the	JGPN	database	and	that	research	is	carried	out	with	this	coded	database.	Individual	patients	

who	do	not	want	their	data	to	be	used	for	this	purpose	are	enabled	to	opt-out.	Since	patient	data	

are	completely	anonymised,	no	further	informed	consent	or	new	approval	of	the	medical	ethics	

committee	was	needed.		
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Definition	of	outcome	

Since	MUPS	is	not	a	clear	homogeneous	condition	or	diagnosis	and	we	aimed	at	discriminating	a	

subgroup	of	patients	at	 risk	 for	persistent	MUPS,	we	operationalized	 the	concept	of	persistent	

MUPS	 by	 choosing	 any	 combination	 of	 ICPC	 codes	 for	 irritable	 bowel	 syndrome	 (D93),	

fibromyalgia	(L18.01),	chronic	fatigue	syndrome	(A04.01)	and	low	back	pain	without	radiation	

(L03)	 as	 the	potential	 outcome.	We	 considered	patients	 registered	with	 any	of	 these	 codes	 to	

closely	 represent	 the	 concept	 of	 persistent	 MUPS,	 since	 all	 four	 tend	 to	 develop	 into	 chronic	

symptomatology	without	straightforward	pathophysiological	explanation.		

The	dataset	

The	database	included	individual	patient	records	each	with	the	following	routine	EMR	variables:	

patient	 characteristics	 (gender,	 age),	 consultation	 characteristics	 (date	 of	 consultation,	 ICPC	

code	 assigned	 per	 consultation,	 to	 which	 episode	 the	 consultation	 belongs),	 medication	

(prescription	 date,	 type	 of	 medication	 using	 ATC	 code),	 referrals	 (date	 of	 referral	 to	 any	

specialty	type)	and	laboratory	results	(dates	of	tests,	type	of	tests,	test	results,	frequency	of	each	

test	 per	 patient).	 The	 first	 occurrence	 of	 any	 of	 the	 four	 mentioned	 MUPS	 ICPC	 codes	 was	

considered	to	be	the	first	registration	of	persistent	MUPS	in	our	definition.	For	each	patient	with	

persistent	MUPS	 in	our	definition,	all	data	registered	during	 the	year	prior	 to	 the	 first	defined	

ICPC	 code	were	 selected.	 For	 the	 patients	 in	 the	 dataset	 without	 one	 of	 the	 persistent	MUPS	

codes,	 a	 one-year	 period	 was	 randomly	 selected.	 As	 the	 number	 of	 patients	 with	 persistent	

MUPS	in	the	dataset	was	small	(n=7840),	we	balanced	the	dataset	by	taking	a	random	sample	of	

patients	 without	 persistent	 MUPS	 (n=7988).	 From	 this	 balanced	 dataset,	 only	 patients	 aged	

between	18	and	65	were	included	in	the	analyses	(6398	patients	with	persistent	MUPS	and	5988	

patients	without	persistent	MUPS).		

	

Constructing	variables	

The	 one-year	 history	 per	 patient	 is	 event-based,	 while	 the	 construction	 of	 a	 risk	 assessment	

model	requires	a	single	record	per	patient	that	summarizes	the	events	over	the	entire	year.	 In	

order	 to	create	such	a	 summarization,	we	derived	variables	 from	the	events	by	counting	 their	

frequency	within	the	given	period.	The	included	variables	are	demographic	data,	summations	of	

ICPC	 codes	 belonging	 to	 a	 chapter	 during	 the	 given	 period	 (both	 the	 number	 of	 unique	 ICPC	

codes	 assigned	 from	 the	 chapter	 and	 the	 total	 number	 of	 consultations	 associated	 with	 each	

chapter),	number	of	episodes,	number	of	prescriptions	of	medications	per	ATC	group,	as	well	as	

variables	 about	 laboratory	 results	 and	 referrals	 which	 are	 represented	 as	 the	 number	 of	

referrals	per	specialism.		
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Modelling	

We	performed	 a	 pre-selection	procedure	 to	 reduce	 the	 number	 of	 variables	 to	 be	 used	 in	 the	

modelling.	 In	 this	pre-selection	 first	 the	variables	with	 less	 than	10	cases	were	excluded.	This	

was	done	in	the	full	dataset.	Second,	because	the	number	of	unique	ICPC	codes	belonging	to	an	

ICPC	 chapter	 and	 the	 number	 of	 consultations	 are	 obviously	 correlated,	 we	 only	 used	 the	

number	 of	 consultations	 or	 contacts	 per	 chapter	 in	 the	 modelling	 procedure.	 In	 exploring	

possibilities	 to	 generate	 an	 algorithm,	 we	 used	 two	 statistical	 methods	 to	 generate	 a	 risk	

assessment	model	 for	 persistent	MUPS.	 First	we	 used	 a	 relatively	 classical	 logistic	 regression	

analysis	approach	with	a	forward	selection	procedure.	Second,	we	applied	a	relatively	advanced	

decision	tree	analysis	more	commonly	used	in	data	mining.	The	decision	tree	analysis	 is	based	

on	the	method	of	recursive-partitioning	analysis	(18,19).	In	this	analysis,	the	total	group	is	split	

into	 subgroups	based	on	 the	 variable,	which	distinguishes	 the	persistent	MUPS	 from	 the	non-

MUPS	 patients	 best.	 These	 subgroups	 are	 again	 partitioned,	 until	 no	 further	 significant	

partitioning	is	possible.	In	case	of	continuous	candidate	risk	variables,	groups	were	split	at	the	

cut-off	point(s)	with	the	highest	discriminative	value	for	persistent	MUPS.	The	terminal	nodes	in	

the	decision	 tree	were	used	 to	classify	 the	patient’s	 risk	 for	persistent	MUPS.	For	 the	decision	

tree	analysis,	the	chi-squared	automatic	interaction	detector	(CHAID)	algorithm	was	used	(20),	

with	 a	maximum	 tree	 depth	 of	 10	 splits.	We	developed	 the	model	 in	 80%	 of	 the	 dataset	 and	

validated	the	model	in	the	remaining	20%.	We	assessed	the	performance	of	the	risk	assessment	

models	 by	 computing	 the	 area	 under	 the	 curve	 (AUC)	 of	 the	 receiver	 operating	 characteristic	

curve	 (ROC),	 which	 is	 also	 known	 as	 the	 C-statistic.	 All	 analyses	 were	 performed	 in	 SPSS	

Modeler	Version	16	(IBM).		
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RESULTS	

	

The	dataset	

Table	1	shows	descriptive	information	for	the	variables	in	the	composed	dataset,	which	we	used	

to	develop	our	risk	assessment	models.	In	the	persistent	MUPS	group	62%	were	female	and	the	

mean	age	of	the	group	was	41	years.	Forty	percent	had	one	episode,	26%	had	two	episodes	and	

32%	had	more	than	two	episodes.	Medication	from	ATC	chapter	S	(sensory	organs)	was	

prescribed	most	frequently	followed	by	medication	from	chapter	L	(antineoplastic	and	immune-

modulating	agents),	R	(respiratory	system)	and	A	(alimentary	tract	and	metabolism).	In	the	non-

persistent	MUPS	groups,	57%	were	female	and	the	mean	age	of	the	group	was	40	years.	Fifty-

nine	percent	had	zero	episodes,	24%	had	one	episode	and	17%	had	more	than	one	episode.	

Medication	from	ATC	Chapter	A	(Alimentary	tract	and	metabolism)	was	prescribed	most	

frequently,	followed	by	medication	from	Chapter	S	and	L	and	R.	Both	groups	were	referred	in	

three	percent	for	additional	examination	or	to	secondary	care	specialisms.	Most	referrals	were	

not	included	in	the	prediction	modelling	because	the	number	of	patients	referred	to	secondary	

care	specialisms	was	less	than	10,	too	low	to	allow	meaningful	analyses.		

	

Table	1.	Descriptive	information	regarding	the	variables	used	to	build	prediction	models	

for	persistent	MUPS	

Variable	description	 Persistent	MUPS	

(n=6398)	
Non-persistent	

MUPS	(n=5988)	
Patient	 	 	

			Female,	%	 62	 57	
			Age,	mean	(SD)	 41	(13)	 40	(13)	

Consultations	 	 	

			Total	number	of	episodes,	%	 	 	

			0	 42	 59	
			1	 26	 24	

			>1	 32	 17	
ICPC	Chapters,	one	or	more	contacts	in	%	 	 	

			A	(General	and	Unspecified)	 14	 23	
			B	(Blood	and	Blood	forming	organs)	 1	 2	
			D	(Digestive)	 9	 10	

			F	(Eye)	 3	 5	
			H	(Ear)	 4	 6	
			K	(Circulatory)	 5	 5	
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			L	(Musculoskeletal)	 15	 21	

			N	(Neurological)	 4	 4	
			P	(Psychological)	 10	 8	
			R	(Respiratory)	 14	 18	

			S	(Skin)	 17	 21	
			T	(Endocrine,	metabolic	and	nutritional)		 4	 4	
			U	(Urology)	 4	 4	

			W	(Pregnancy,	child	birth,	family	planning)	 6	 8	
			X	(Female	genital	system	and	breasts)	 8	 10	
			Y	(Male	genital	system)	 2	 3	

			Z	(Social	problems)	 3	 3	
Referrals,	one	or	more	in	%	 	 	

Total		 3	 3	
Imaging	diagnostics	 1	 1	

Physiotherapy	 1	 0	
Laboratory		 2	 0	
ATC	Medication	prescriptions,	one	or	more	in	%	 	 	

A	(Alimentary	tract	and	metabolism)	 24	 15	
B	(Blood	and	blood	forming	organs)	 4	 4	

C	(Cardiovascular	system)	 11	 11	
D	(Dermatologicals)	 14	 15	

G	(Genito-urinary	system	and	sex-hormones)		 11	 13	

J	(Anti-infectives	for	systemic	use)	 11	 12	
H	(Systemic	hormonal	preparations)	 3	 3	
L	(Anti-neoplastic	and	immune-modulating)	 1	 1	

M	(Musculoskeletal	system)	 24	 10	
N	(Nervous	system)	 21	 16	

P	(Anti-parasitic	products)	 1	 1	
R	(Respiratory	system)	 16	 16	
S	(Sensory	organs)	 6	 6	

Product	pp	(number	of	prescription	products	with	

regards	to	medication)	
58	 57	

Product	tp	(number	of	trade	products	with	regards	to	

medication)	
15	 15	

Product	mp	(number	of	medical	products	freely	

available)	
16	 9	

Product	cpp	(number	of	products	custom	prepared	by	

pharmacist)	
2	 2	
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Total	medication	 66	 64	

Laboratory,	one	or	more	in	%	 	 	

Question	D	(diagnostic	questions)		 3	 2	

Question	Y	(yes/no	questions)	 2	 2	
Question	MC	(multiple	choice	questions)	 1	 1	
Question	M	(measurements)	 30	 29	

Question	type	FT	(free	text	questions)	 27	 26	
Total	lab	results	 44	 42	

ICPC	international	classification	of	primary	care;	ATC	anatomical	therapeutic	classification	

	

Modelling		

Table	2	shows	the	final	risk	assessment	model	based	on	the	logistic	regression	analysis.	Based	

on	the	Wald	statistic	it	can	be	seen	that	the	total	number	of	episodes	was	the	most	

discriminative	variable	of	the	logistic	model,	followed	by	medication	for	ATC	chapter	M	

(musculoskeletal	system).	The	odds	ratio	for	the	number	of	episodes	(i.e.	1.486)	indicates	that	

when	a	patient	has	one	more	episode,	the	odds	of	having	persistent	MUPS	becomes	1.486	higher.	

The	odds	ratio	for	medication	for	ATC	chapter	M	indicates	that	one	more	medication	in	ATC	

chapter	M	is	associated	with	a	1.935	times	higher	odds	of	having	persistent	MUPS.	Figure	1	(A	

till	D)	shows	the	most	optimal	decision	tree	based	on	the	CHAID	algorithm.	The	first	split	in	the	

decision	tree	was	also	based	the	total	number	of	episodes.	The	highest	probability	of	having	

persistent	MUPS		(figure	1D),	with	a	probability	of	persistent	MUPS	of	96%	was	obtained	via	

number	of	episodes	more	than	3,	number	of	contacts	in	ICPC	Chapter	A	=	zero,	number	of	

contacts	in	ICPC	Chapter	L	=	zero	and	number	of	prescription	products	w.r.t.	medication	=	zero.	

The	lowest	probability	of	having	persistent	MUPS	(6%)	was	obtained	by	the	following	steps:	

number	of	episodes	=	one,	number	of	contacts	in	ICPC	Chapter	A	=	zero,	number	of	contacts	in	

ICPC	Chapter	L	more	than	zero	and	gender	=	male	(figure	1A).	The	AUC	computed	for	the	final	

logistic	regression	prediction	model	was	0.70	and	for	the	decision	tree,	the	AUC	was	0.81.	The	

validation	procedure	of	both	models	provided	AUC	values	of	0.70	for	the	logistic	regression	

model	and	0.78	for	the	decision	tree.	Figure	2	shows	the	ROC	curves	for	the	two	risk	assessment	

models	in	the	validation	set.	
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Table	2.	Final	prediction	model	for	persistent	MUPS	based	on	a	logistic	regression	

analysis	with	a	forward	selection	procedure	

Variable	description	 Odds	ratio	 Wald	 P-value	

Female	 1.253	 21.649	 <0.001	

Age	 1.014	 51.334	 <0.001	

Number	of	episodes	 1.486	 311.645	 <0.001	

Number	of	contacts	per	chapter	 	

	 	D	(Digestive)	 0.974	 6.228	 0.013	

F	(Eye)	 0.898	 8.473	 0.004	

H	(Ear)	 0.957	 3.202	 0.074	

L(Musculoskeletal)	 0.912	 63.265	 <0.001	

R	(Respiratory)	 0.981	 4.516	 0.034	

S	(Skin)	 0.952	 15.871	 <0.001	

W	(Pregnancy,	childbirth,	family	planning)	 0.942	 11.119	 0.001	

X	(Female	genital	system	and	breasts)	 0.912	 23.169	 <0.001	

										Y	(Male	genital	system)	 0.952	 3.582	 0.058	

Z	(Social	problems)	 0.889	 7.833	 0.005	

Physiotherapy	 9.747	 24.085	 <0.001	

Number	of	referrals	 0.754	 5.667	 0.017	

Medication	 	

	 	A	(Alimentary	tract	and	metabolism)	 1.243	 51.479	 <0.001	

J	(Anti-infectives	for	systemic	use)	 0.859	 8.238	 0.004	

L	(Anti-neoplastic	and		

				Immune-modulating	agents)	 0.578	 8.438	 0.004	

M	(Musculoskeletal	system)	 1.935	 173.626	 <0.001	

N	(Nervous	system)	 1.056	 9.862	 0.002	

									R	(Respiratory	system)	 1.069	 6.756	 0.009	

Product	pp	(number	of	prescription	products	with	

regards	to	medication)	 0.934	 29.336	 <0.001	

Product	tp	(number	of	trade	products	with	

regards	to	medication)	 0.912	 21.054	 <0.001	

Question	type	FT	(free	text	questions)	 1.037	 11.905	 0.001	

Number	of	laboratory	results	 0.988	 48.002	 <0.001	

ICPC	international	classification	of	primary	care;	ATC	anatomical	therapeutic	classification	

Figure	1.	(A	to	D)	Most	optimal	risk	assessment	decision	tree	for	persistent	MUPS			
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1A		

	

	

1B	
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1C		

	

	

1D		
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MUPS	medically	unexplained	physical	symptoms;	ICPC	international	classification	of	primary	

care;	ATC	anatomical	therapeutic	classification;	#episodes	=	number	of	episodes;	*_contacts	=	

number	of	contacts	in	ICPC	chapter	*;	ATC_*;	number	of	medications	in	ATC	chapter	*;	Product	

pp	=	number	of	prescription	products	with	regards	to	medication;	#labresults	=	number	of	

laboratory	results	

	

Figure	2.	Receiver	operating	characteristics	for	the	logistic	regression	model	and	decision	

tree	on	validation	set	

	
	

DISCUSSION	

Main	findings	

The	objective	of	our	study	was	to	develop	risk	assessment	models	that	potentially	could	be	used	

to	identify	patients	at	risk	for	persistent	MUPS	from	routine	primary	care	EMRs.	We	compared	

the	 results	 from	a	 relatively	 classical	 logistic	 regression	procedure	with	 those	 from	a	decision	

tree	 model.	 We	 were	 able	 to	 assess	 the	 risk	 of	 persistent	 MUPS	 by	 using	 the	 final	 logistic	

regression	model	with	a	moderate	AUC,	while	the	decision	tree	analyses	performed	somewhat	

better	with	 a	moderate	 to	 good	AUC.	The	variable	most	 clearly	discriminating	 in	both	models	

was	the	total	number	of	episodes	among	patients	with	persistent	MUPS.		
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Comparison	with	literature	

Only	 few	studies	aimed	 to	develop	a	 risk	assessment	or	 identification	model	 for	patients	with	

MUPS	 from	 EMRs.	 They	 showed	 that	 there	 is	 no	 simple	 or	 straightforward	 method.	 Smith’s	

model,	 containing	 gender,	 total	 number	 of	 consultations	 and	percentage	 of	 consultations	with	

MUPS	 potential,	 initially	 predicted	 MUPS	 with	 an	 AUC	 of	 0.90.	 Upon	 external	 validation,	 the	

value	decreased	to	0.78	(13).	Morriss	aimed	to	estimate	the	prevalence	of	MUPS	from	primary	

care	 EMRs	 (14).	 Their	models,	 related	 to	MUPS	 and	 severe	MUPS,	 had	AUCs	 of	 0.70	 and	 076,	

respectively.	However,	the	models	also	required	further	validation	and	they	concluded	that	the	

models	did	not	yet	prove	 to	be	effective	 for	clinical	 screening	purposes	due	 to	 low	sensitivity.	

Rosmalen	et	al	conducted	a	latent	class	analysis	to	identify	patients	with	somatization,	a	concept	

closely	 related	 to	MUPS,	 and	 found	 that	 a	 simple	 symptom	 count	 could	 support	 the	 diagnosis	

somatization	(21).	Our	study	is	essentially	more	or	less	a	confirmation	of	these	previous	studies	

because	 we	 also	 found	 that	 the	 number	 of	 episodes	 was	 the	 most	 important	 discriminative	

variable	for	persistent	MUPS	in	both	our	methods.		

Although	not	entirely	comparable	with	our	study,	other	studies	identifying	subgroups	of	MUPS	

showed	 varying	 results.	 Tian	developed	 a	 risk	 assessment	model	 for	 chronic	 pain	where	pain	

scores,	pain	medication	and	specific	international	statistical	classification	of	diseases	and	related	

health	 problems	 (ICD-9)	 scores	 were	 combined.	 They	 found	 a	 high	 AUC	 of	 0.98	 (22).	 Viniol	

performed	k-means	cluster	analysis	and	studied	patients	with	chronic	low	back	pain	(23).	They	

found	 three	 clusters	 specifically	 characterized	 by	 age	 and	 psychological	 variables	 such	 as	

distress.	Harkness	 et	 al	 used	READ	 codes,	 standard	 clinical	 terminology	 system	 codes	used	 in	

general	practice	in	the	United	Kingdom,	to	identify	patients	at	risk	for	irritable	bowel	syndrome.	

They	concluded	that	 the	results	were	a	 large	underestimation	of	 the	community	prevalence	of	

irritable	bowel	syndrome	flawing	their	analysis	(24).		

	

Strengths	and	limitations	

The	main	strength	of	our	study	 is	 that	we	used	a	 large	database	with	routine	EMRs,	 reflecting	

what	 is	 registered	 in	daily	clinical	practice.	To	be	 included	 in	 the	registration,	a	patient	has	 to	

consult	the	GP	and	the	GP	has	to	code	the	complaint	as	a	symptom	or	a	diagnosis.	By	using	data	

from	many	practices	and	from	many	patients,	the	risk	of	selection	bias	and	information	bias	is	

reduced	 and	 the	 influence	 of	 loss	 of	 detail	 is	 reduced.	 This	 study	 potentially	 provides	 new	

insights	 in	research	methodology	because	of	applying	advanced	big	data	analysis	on	relatively	

raw	data	that	are	gathered	from	routine	primary	care.			
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Our	results	should	be	interpreted	in	the	light	of	some	limitations.	As	with	all	routinely	collected	

EMRs,	 we	 could	 not	 verify	 the	 correctness	 and	 completeness	 of	 the	 coded	 information	 and	

different	 GPs	 have	 different	 coding	 patterns.	 Also,	 by	 using	 four	 ICPC	 codes	 to	 conceptualize	

persistent	MUPS,	we	might	have	missed	some	potential	other	characteristics	of	MUPS	patients.	

But	 because	 GPs	 apply	 these	 codes	 only	 after	 medical	 evaluation	 thereby	 ruling	 out	 other	

diseases,	we	 are	 confident	 that	we	 really	 identified	 patients	 resembling	 those	with	 persistent	

MUPS	as	the	reference,	thus	enabling	us	to	assess	the	risk	of	others	to	evolve	to	that	condition.	

Another	limitation	is	that,	by	balancing	the	dataset	in	order	to	organize	our	analysis	statistically	

efficient,	 the	prevalence	of	MUPS	changed	to	more	or	 less	50%,	which	potentially	hampers	the	

generalizability	 of	 the	 results	 in	 a	 way	 that	 we	 look	 at	 relative	 risks	 and	 not	 absolute	 risks.	

Finally,	 in	the	present	study,	we	used	the	AUC	to	quantify	the	quality	of	the	prediction	models.	

The	 AUC	 is	 an	 indicator	 for	 the	 internal	 validity	 of	 the	 model.	 External	 validity	 should	 be	

assessed	by	 testing	 the	algorithms	 in	another	EMR	dataset.	 In	 the	present	study	we	mimicked	

external	 validation	 by	 performing	 a	 cross-validation	 of	 the	 risk	 assessment	 models	 in	 an	

independent	part	of	the	original	dataset.	For	the	logistic	regression	model	the	AUC	remained	the	

same,	 while	 for	 the	 decision	 tree,	 the	 AUC	 became	 slightly	 lower.	 This	 is	 not	 a	 big	 surprise,	

because	the	building	of	the	tree	is	highly	data	driven.	Nevertheless,	the	validation	AUC	remained	

moderate	to	good.	

	

Implications	for	clinical	practice	and	research	

Manuel	et	al	who	stated	that	the	use	of	risk	assessment	models	in	clinical	medicine	has	increased	

over	the	past	20	years	and	that	they	have	the	potential	to	support	the	process	of	decision	making	

and	management	 of	 population	 health	 (16).	 Christensen	 et	 al	 confirmed	 that	 recognition	 and	

management	by	GPs	of	 common	primary	 care	mental	health	disorders	 including	MUPS	can	be	

positively	influenced	by	using	screening	questionnaires	(25).	Risk	assessment	among	subgroups	

of	patients	potentially	developing	persistent	MUPS	could	be	a	useful	first	step	for	implementing	

panel	 management.	 By	 deriving	 a	 software	 algorithm	 from	 the	 risk	 assessment	 model	 to	 be	

applied	 in	 routine	 primary	 care,	 the	 tendency	 to	 move	 towards	 persistent	 MUPS	 could	 be	

increased.	Patients	at	risk	could	be	approached	proactively	by	their	GPs.	And	when	a	patient	at	

risk	 for	 persistent	 MUPS	 presents,	 GPs	 are	 potentially	 enabled	 to	 adjust	 their	 consultation	

strategies	 by	 paying	 attention	 to	 empathic	 communication,	 exploring	 the	 patients’	 functional	

limitations	 and	 providing	 rational	 explanations	 before	 evolving	 targeted	 interventions	 in	

consultation	with	the	patient	(26,27).	In	future	research,	first	the	models	have	to	be	externally	

validated	 and	 a	 sensitivity	 analyses	 should	 be	 performed	where	 the	 ratio	 between	 persistent	

MUPS	and	non-MUPS	is	varied	to	increase	the	generalizability.		

	



16	
	

CONCLUSIONS	

We	 explored	 the	 possibilities	 of	 assessment	 of	 patients’	 individual	 risks	 for	 persistent	 MUPS	

based	 on	 routine	EMRs	 and	we	developed	 two	moderate	 to	 good	performing	 risk	 assessment	

models,	 partly	 by	 using	 relatively	 new	 data	mining	 techniques.	While	 our	 algorithms	 require	

further	 validation	 and	 fine-tuning,	 they	 provide	 a	 starting	 point	 from	which	GPs	 could	 evolve	

towards	a	more	proactive	and	structured	MUPS	management	together	with	their	patients.		
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